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Latent Semantic Analysis: Five methodological recommendations

Abstract

The recent influx in generation, storage and availability of textual data presents researchers with
the challenge of developing suitable methods for their analysis. Latent Semantic Analysis (LSA),
a member of a family of methodological approaches that offers an opportunity to address this
gap by describing the semantic content in textual data as a set of vectors, was pioneered by
researchers in psychology, information retrieval, and bibliometrics. LSA involves a matrix
operation called singular value decomposition, an extension of principal component analysis.
LSA generates latent semantic dimensions that are either interpreted, if the researcher’s primary
interest lies with the understanding of the thematic structure in the textual data, or used for
purposes of clustering, categorisation and predictive modelling, if the interest lies with the
conversion of raw text into numerical data, as a precursor to subsequent analysis. This paper
reviews five methodological issues that need to be addressed by the researcher who will embark
on LSA. We examine the dilemmas, present the choices, and discuss the considerations under
which good methodological decisions are made. We illustrate these issues with the help of four
small studies, involving the analysis of abstracts for papers published in the European Journal of

Information Systems.

Keywords: text mining, analysis of textual data, singular value decomposition, clustering, factor
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Introduction

Textual data appear in an ever-increasing number of business and research situations, and are
encountered by Information Systems (IS) researchers in a variety of contexts. For example,
researchers in the IS discipline have an interest in examining titles, abstracts, or full-text bodies
of IS publications in order to identify attributes such as research topics, theories, and methods,
related to the nature of the research (Larsen et al. 2008, Sidorova et al. 2008, Willcocks et al.
2008, Dwivedi and Kuljis 2008, Hovorka et al. 2009). While such examination of textual data is
frequently done qualitatively by the researcher who will apply expert judgement, the growing
amount of textual data suggests a value in utilising a quantitative method, especially when the
researcher opts for a more inclusive selection of journal sources (Larsen and Monarchi 2004,
Larsen et al. 2008). Another example involves strategic and organisational 1S researchers who
study IS in their business, political, and societal environments. Such researchers often examine
large volumes of corporate announcements, regulatory body statements, or corporate Web
documents, in order to identify content attributes that can be related to organisational or social
phenomena (Merofio-Cerdan and Soto-Acosta 2007, Spomer 2009). Once again, the amount of
textual data may discourage the researcher from manual qualitative examination. The list of
contexts in which the IS researcher may encounter textual data includes a large number of
additional applications, such as IS development researchers who examine system requirement
documents in order to propose efficient methods for translating them into formal designs, (Bajwa
et al. 2009) as well as E-Commerce researchers who study descriptions of EDI standards in an
effort to identify attributes in the technical language (Damsgaard and Truex 2000) or the implied

points-of-view of the key participants (Barrett 1999) that can be related to EDI adoption. In these
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application domains, IS researchers are potentially interested in research questions that fall under
the following broad categories:
(1) which attributes, in the form of pre-defined categories, naturally emerging inherent
categories, or latent semantic factors, are relevant to structuring the body of textual data?
(2) which attributes of textual data are related to particular outputs of the information system
under study or its social and business environment?
Examples of more specific research questions would include:
(3) how homogeneous are the semantic factors in systems requirements over various
communities involved in requirements gathering?
(4) what factors describe the semantic content in EDI adoption?

Traditionally these questions are addressed by associating textual data units to a priori
proposed attributes through manual or automated content analysis. Content analysis is defined as
a systematic, replicable technique for reducing a large body of text into content categories based
on explicit rules of coding (Weber 1990). Content analysis offers a bridge between textual data
and quantitative analysis and has been employed in IS research extensively, especially in the
analysis of interviews (Dam and Kaufmann 2008), open-ended surveys (Couger and O’Callagher
1994, Panteli et al. 1999) or customer feedback (Ghose 2009). Traditional content analysis is
cited as having the potential to contaminate coded output by the theoretical prejudices of the
researcher who compiles the coding protocol (Franzosi 2004, p. 60). In this article we provide
some methodological guidance on the appropriate use of Latent Semantic Analysis (LSA), a
member of a family of quantitative methods that lie at the intersection of automated content
analysis and information retrieval and provide for more objective approaches to the analysis of

textual data used by researchers in order to answer research questions such as the ones listed
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above. Going beyond simple key word discovery LSA describes the semantic content in textual
data as a set of vectors and provides the opportunity to glean insights from the text that was not
predicated upon a set of a priori assumptions, such as a predefined list of key words, because it
provides a methodological approach to determining the categories. Similar to what is done in
content analysis, LSA is a methodology that provides input into post-LSA procedures which
allow for coding textual data into categories but it can also serve as a methodological aid in
knowledge acquisition and retrieval. The potential benefits from employing LSA include (1)
avoiding human subjectivity when the categories are pre-existing and (2) distilling new, data-
driven categories when there is absence of well-established theories that anticipate the coding
categories. The analytic approaches associated with LSA include numerically comparing
documents to one another, developing new categories from a collection of documents and
classifying documents into pre-existing categories and summarising a collection of documents
with the help of a small number of interpretable dimensions. To better illustrate the
methodological issues we provide four small studies involving the analysis of abstracts for
papers published in the European Journal of Information Systems. The main focus of these
studies is the text summarisation applications of LSA that are little researched and have
application potential in IS research. However, the methodological considerations we address are
also applicable to a broader analytic scope that includes information retrieval, document
comparisons, document categorisation and quantification of textual data as a precursor to
predictive modelling. Our paper is organised as follows. The next section is a brief introduction
to LSA. Subsequent sections discuss some important methodological considerations related to

various analysis stages of LSA that include the type of quantitative analysis, term filtering, term
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weighting, dimensionality reduction and threshold selection. The paper concludes with a

summary of our recommendations.

Latent Semantic Analysis

Latent Semantic Analysis (LSA) originated in the late 1980s (Deerwester et al. 1990) as an
information retrieval technique designed to improve library indexing and search engine query
performance (Dumais 2004, Dumais 2007, Manning et al. 2008 pp 369-384). It was later
proposed by psychology researchers as a theory and method for extracting and representing the
meaning of words by humans, including word sorting and category judgments (Landauer 2007).
The fundamental idea behind LSA is that the meaning of each passage of text (a document) is
related to patterns of presence or absence of individual words, whereas a collection of documents
(a corpus) is modelled as a system of simultaneous equations that can determine the similarity of
meaning of words and documents to each other. A truncated representation of the original
structure was shown to drastically improve query performance in part because it reduces the
adverse effects of synonymy and polysemy.

Research interest on LSA spans the fields of information retrieval, artificial intelligence,
psychology, cognitive science, education, information systems, and many others. Since the early
2000s, as the availability of stored text exploded, LSA experienced an explosion in popularity. A
query for Latent Semantic Analysis or Latent Semantic Indexing on multiple electronic library
databases yielded a total of 259 research journal articles published in the 1989-2009 period as

shown in Figure 1. However, in spite of its application potential, LSA has received little attention
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0. Trends in LSA publications, 1989-2009
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Figure 1 Trends in published research journal articles on LSA.

in the mainstream IS literature outside Information Retrieval. We anticipate that, as LSA
becomes increasingly better-known and implementing software becomes increasingly available,
IS researchers will use LSA to analyse large textual databases such as end-user comments or any

other form of verbal feedback.

LSA applications relevant to IS research
Kuechler (2007) outlines a number of business and IS applications of analysis of textual data
where LSA is applicable. We identify four areas of LSA application that are of particular interest
to the IS researchers:
(1) quantitative literature reviews (as done in Landauer et al. 2004, Ord et al. 2005, Larsen et
al. 2008, Sidorova et al. 2008, or Hovorka et al. 2009);
(2) analysis of textual data in computer-mediated communication (as done in Abbasi and

Chen 2008, or Spomer 2009);
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(3) analysis of customer feedback, interviews and free text surveys (as initiated by
Coussement and Van den Poel 2008, or Dam and Kaufmann 2008, but more
methodological development work needs to be done in that direction);

(4) management of knowledge repositories (as called for in Wei et al. 2008a, Ghose 2009).

The mathematics of LSA
Martin and Berry (2007) provide an introduction to the mathematics of LSA and a small
numerical example that illustrates how the analysis works. Valle-Lisboa and Mizraji (2007)
provide a rigorous discussion on how LSA detects the underlying topical structure of a document
corpus and why LSA’s capability of discovering hidden topics allows it to successfully model
synonyms, multiple words with similar meaning, and human memory. Similarly, Park and
Ramamohanarao (2009) provide a rigorous study on the effect of LSA on term correlation and
Larsen and Monarchi (2004) provide an in-depth treatment of the mathematics of LSA and its
application in document (“artifact”) clustering.

LSA starts with a text quantification method based on what is known as Vector Space
Model (VSM) (Salton 1975), where a corpus of d documents using a vocabulary of t terms is
used to compile a txd matrix A, containing the number of times each term appears in each
document (term frequencies). Some trivial terms such as “the”, “of”, etc. (the stoplist), are
excluded, and some others are consolidated because they share a common stem (term stemming,
Porter 1980) or some other lexical quality. The frequency counts in A typically undergo some
transformation (term weighting) that penalises common terms and promotes rare ones. After

weighting, the term frequencies are typically also normalised so that the sum of squared
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transformed frequencies of all term occurrences within each document is equal to one (Salton
and Buckley 1988). Subsequently, A is subjected to Singular VValue Decomposition (SVD),

A=UzV', (1)
where U are the term eigenvectors, V are the document eigenvectors, the superscript ' denotes
transposition, X is a diagonal matrix of singular values (i.e., square roots of common eigenvalues
between terms and documents), UZ are the term loadings on the common principal components
of terms and documents and VX are the respective document loadings.

After representing the collection of documents in the space defined by the SVD
dimensions, comparisons between documents i and j can be performed by considering the inner
product of rows i and j of the document loading matrix VZ. Information retrieval queries involve
the computation of this kind of similarities between each existing document in the collection and
new (query) documents, represented as pseudo-documents, i.e., vectors of term frequencies in
the term space, indicating all the terms that appear in each query document (Deerwester et al.

1990). Results of the comparisons among new and existing documents (query results) in a matrix
format can be obtained by computing the document variance-covariance matrix Rq = QTA,

where Q is the query matrix consisting of pseudo-document vectors, A is the truncated term
frequency matrix A after SVD and dimensionality reduction and the superscript T denotes
transposition. The inner products that compute the variance-covariance matrix of query results
Ro can be normalized to get the so-called cosine similarities between the queries and the
documents, which are geometrically interpreted as cosines of angles forming between document
and query vectors represented in the space formed by the SVD dimensions.

For purposes of document categorisation, the researcher may want to perform clustering

of the documents (Larsen and Monarchi 2004). In traditional multivariate cluster analysis,
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observations that are close to each other in space are allowed to form groups (clusters).
Similarly, documents that are similar to each other, based on their cosine similarity, form
document clusters. Two popular algorithms for document clustering, which both preceded the
advent of LSA and have a long history and a broad application domain, are the K-means (Witten
and Frank 2005 pp 254-260, Johnson and Wichern 2007 pp 696-701), an iterative algorithm that
computes cluster centroids, and the expectation maximisation (EM) algorithm (Witten and Frank
2005 pp 265-266), an algorithm for maximum likelihood estimation in much broader contexts
and having an older and venerable pedigree.

For purposes of document summarisation, it is desirable to retain a small number of SVD
dimensions and represent the documents in the space they define. Following an approach that
parallels traditional factor analysis there is the option of rotating term loadings, which allows the
researcher to interpret (label) the latent semantic factors. The rotated term loadings are UXM,
where M is a non-unique rotation matrix having the orthonormality property MM™ = 1,
computed by implementing a procedure such as varimax. Landauer et al. (2004) claim that “LSA
dimensions are fundamentally uninterpretable”, however Hu et al. (2007) show how to find a
new base with meaningful dimensions and transform the entire LSA space to the new base. In
the experience of the authors of the present paper, rotated term loadings obtained through
varimax rotations are easily interpretable (see next section for an illustration). The non-
uniqueness of the term and document loadings can be easily shown if one observes that
UZM(UZM)", as well as VEM(VEM)', can reproduce AA'. Since query results before and after

rotations are identical, rotation of the LSA space has no effect on document comparisons.

11
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Table 1 summarises the three LSA methods (cosine similarity, clustering and factor
analysis) presented above. For each method, the corresponding analytic goal addressed by the

method is also listed on Table 1. Implementing software solutions are presented in the Appendix.

Table 1 Post-LSA methods

Analytic goal Post-LSA method
Document comparisons, document assessment, document Cosine similarity (queries)
classification, coherence among documents

Document categorisation, document summarisation Clustering, factor analysis

Summary of LSA steps and methodological issues

Figure 2 summarises the individual analytic tasks that are performed as part of LSA. For an
informative outline of the various text preparation and analysis steps involved in LSA see also
Coussement and Van den Poel (2008). The preparatory steps of term filtering, term stemming
and term weighting lay the VSM foundation. The dimensionality reduction step is implemented
through an application of SVD. Finally, terms and documents represented in the space defined by
the SVD dimensions are analysed by implementing a specific analytic method such as queries
(document or term comparisons), clustering, or factor analysis, most of which involve the

selection of some type of threshold value. Table 2 summarises five methodological

Pre-LSA textual data : Core LSA : Post-LSA quantitative analysis
quantification 1 1
Term Term I svD& I Threshold —— Queries
filtering, weighting | ~ Dimensionality | selection >, .
stemming, I reduction I \ Clustering
lemmatisation : : Factor analysis
1 1

Figure 2 Analytic tasks performed in the context of LSA, including pre-LSA and post-LSA steps

12
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Table 2 Summary of methodological considerations

Consideration Methodological choices
1 Term filtering Frequency-based stoplist
Stoplist based on explained variance
Manually selected stoplist
Manually selected golist
Implement Porter Stemmer or Lemmatizer

2 Term weighting Mostly TF-IDF or log-entropy

3 Dimensionality reduction For document comparions: reduce to 100-300 dimensions
For document summarisation: reduce to 2-200 dimensions

4 Threshold selection Static or dynamic thresholds for cosine similarity or factor
loadings

5 Post-LSA quantitative analysis Cosine similarities, classification, clustering, factor analysis

considerations related to the aforementioned analytic tasks that constitute the main focus of this
paper. For each consideration, corresponding methodological choices are listed. These

methodological issues are examined in separate sections of this paper.

Alternative methods

A probabilistic alternative to least-squares-based LSA, called Latent Dirichlet Allocation (LDA)
(Blei et al. 2003, Teh et al. 2006, Steyvers and Griffiths 2007), has gained recognition for use in
topical analysis. LDA involves estimation of modelling parameters through Markov chain
Monte-Carlo (MCMC) simulations. A number of issues related to MCMC implementation
(Altman et al. 2004, pp. 118-142) and its ability to address practical applications require further
refinement. As a result of its greater mathematical complexity and unresolved issues relevant to
application, LDA is beyond the scope of the present work. Another alternative approach that has
recently gained popularity in the information retrieval community but is again beyond the scope

of this paper is the Nonnegative Matrix Factorisation (NMF) method (Shahnaz et al. 2006, Berry

13
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et al. 2007). In the next section we begin our discussion of the methodological issues in LSA

with an elaboration on the choice between clustering and factor analysis.

Clustering versus factor analysis

The extant literature has associated LSA with a number of specific methodological approaches
that include information retrieval queries, document classification, or feature extraction. Many
quantitative literature overview studies use LSA for document clustering purposes (Landauer et
al. 2004, Ord et al. 2005), while some studies (Sidorova et al. 2008) use factor analysis and
others (Larsen et al. 2008) use both clustering and factor analysis. In this section we discuss

differences and similarities between clustering and factor analysis extensions to LSA.

Document clustering

We start with an illustrative research study, where we quantify abstracts of papers published in
the European Journal of Information Systems (EJIS) using 100 LSA-based dimensions and
performing clustering analysis. Since LSA involves a number of methodological issues that
require the contribution of a domain expert, we chose the EJIS abstracts as our illustrative data in
order to give the reader a chance to look at these issues from the domain expert’s point-of-view,
where the domain is the research published in the EJIS. Our own, custom semantic space was
created from the corpus of EJIS abstracts. The choice of 100 SVD dimensions is arbitrary, but
consistent with common dimensionality choices cited in the literature for document collections
of similar size and degree of coherence. The issue of dimensionality selection is addressed in a
subsequent section. The 30 clusters resulted from the textual analysis of our data and the

examination of a variety of solutions until a unique set of understandable clusters resulted.

14
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Clustering was performed by implementing the Expectation Maximisation (EM) algorithm
(Witten and Frank 2005 pp 265-266), a probabilistic version of the K-means clustering algorithm
that computes cluster means and standard deviations and assigns terms or documents to clusters
by maximising the cluster membership likelihood. Method details are summarised in Study 1
description below.

Study 1: Abstracts of all research papers published in EJIS in the 1991-2008

period, excluding editorials and commentaries, were collected using an electronic

library (EBSCO), for a total of 498 abstracts. An 1873-term by 498-document
frequency matrix was composed using a stoplist of 563 common English language

terms that carry no specific thematic reference. The TF-IDF term weighting

method was applied. Terms were stemmed. Singular Value Decomposition was

performed and 100 dimensions were retained. Implementing the Expectation

Maximisation (EM) algorithm, 30 clusters were formed. Terms and documents

belonging to each cluster were co-examined in order to produce cluster labels.

The results of Study 1 are summarised in Table 3. The clusters are ranked from largest to
smallest. For each cluster, the number of member articles is shown. An effort was made to label
the clusters but as the degree of topical coherence varies significantly, the results were not
always equally clear. Cluster labelling was done through an iterative process of examining the
representative terms and member documents. The authors arrived at the labels as a group, by
discussing each label until a consensus was formed. A more appropriate approach would be to
involve a number of domain experts (here, IS researchers) and follow the Delphi method for
building consensus. Then, in a second round, a number of confederates would match clusters to

labels and measures of inter-rater reliability would be obtained (Moore and Benbasat 1991).

15
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Cluster labelling as was done in our study is subject to the possibility of introducing human bias.
Some applications such as labelling topics in a discussion group might be best done via an
automated approach that would reduce the human bias in representing the groups. For example,
Larsen and Monarchi (2004) and Larsen et al. (2008) used Automatic Node Naming for theme
label generation. Alternatively, an application such as identifying research areas, or even
paradigms, might benefit from an expert researcher’s interpretation (Sidorova et al. 2008).
Clusters for EJIS abstracts labelled with a low degree of confidence are identified in Table 3 by
having their label end with a question mark. A major factor that hinders our efforts to label the
clusters is the fact that member terms and documents gravitate towards the cluster means, which,
in their vector representation, may correspond to linear combinations of more than one semantic
space dimensions. This is not necessarily a problem, as the clustering approach aims at an
optimal grouping of documents, not at understanding the underlying topical structure.

The largest cluster (C1), consisting of 38 articles, is related to IS development and
implementation issues. The second and third clusters are related to knowledge management (C2)
and IS and organisational issues (C3), respectively. In general, the clusters reflect research that
studies the ways in which information systems get developed and ways in which they interact
with organisations, markets and societies, as well as the identity and evolution of the IS
discipline. The thematic makeup of EJIS research as presented in our Table 3 should not surprise
the reader when contrasted with the 9-topic classification of the entire European IS research
presented in Galliers and Whitley (2007), or the 33-topic classification presented in Dwivedi and
Kuljis (2008) specifically for EJIS. However, direct quantitative comparisons cannot be easily
made. For example, Dwivedi and Kuljis (2008) classify 32 articles from the 1997-2007 period as

“Al/expert system/neural nets/KM”, whereas our Table 3 lists 34 articles from the 1991-2008
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period as “Knowledge Management (KM)”. These classifications are not necessarily
incompatible, but in any case they are not directly equivalent. In another example, Dwivedi and
Kuljis (2008) classify 38 articles as “IS research”, whereas our Table 3 lists 15 articles as “IS
publications”, and 10 more as “IS discipline”. IS publications and the IS discipline could be
considered as part of IS research, but IS research might contain additional elements. Further
elaboration of the results shown in Table 3 or a formal, quantitative comparison of the thematic

make-up presented in Table 3 to other classifications present in the literature, are out of the scope

of this paper.
Table 3 Clusters for EJIS abstracts
Cluster  Articles Cluster Label Representative Terms
C1 38 IS developm. & implementation system,failure,perspective,development
C2 34 knowledge management knowledge,integration,task,management,design
C3 33 IS & organisational issues change,medium,process,requirement,decision
C4 33 outsourcing & applications outsourcing,technology,application,relationship
C5 31 IT architecture & performance? firm,network,market,strategy,capability
C6 24 modelling model,language,domain,represent,conceptual
C7 23 ERP plan,resource,ERP,enterprise,strategy
C8 23 IT adoption adoption,influence,indicate,electronic,customer
C9 21 IS methodologies standard,methodology,provide,stage,compare
C10 17 critical success factors success,factor,critical evaluation,literature
C11 17 IT innovation innovation,mobile,technology,activity,influence
C12 16  social aspects of IS use team,gender,skill,share,work
C13 16  software products package,software,developer,determine
C14 15 IS publications citation,outlet,journal,publication,european
C15 14 IT investment investment,company,realize,benefit,firm
C16 13 job characteristics job,user,variable,enterprise,characteristic
C17 12 public sector e-government,public,government,sector
Cci8 12 soft systems methodology soft,SSM,diagram,methodology,debate
C19 11 programming object,rule,procedure,boundary,program
C20 11 frames and references? method,reference,frame,actor,scope
Cc21 11  project management project,estimate,manager,training,tool
C22 10 IS adoption? ISD,respond,framework,adopt,explore
Cc23 10  risk and trust issues risk,trust,purchase,reduce,consumer
C24 10 IS discipline disciplinary,discipline,belief,matrix,paradigm
C25 10  online customers online,customer,intention,service,product
C26 9 idea generation? imagination,idea,challenge,move,lead
Cc27 8 GSS GSS,moderate,leader,play,carry
C28 6 Web web,site,attribute,model-driven,furthermore
C29 6 social issues? ICT telework,meaningful,concept,reflect
C30 4 claims and arguments? screen,claim,argument,academic,activity

17
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Extraction and labelling of topical factors
The same data used in Study 1 were now used to produce 30 SVD dimensions. Aiming at an
understanding of the latent semantic structure itself, we applied varimax rotations on the term
loadings, as done in Sidorova et al. (2008). This is a relatively new and emerging technique that
provides some future research opportunities. Varimax rotations are common in traditional factor
analysis. They simplify the ability to understand the factor loadings, by making as many of them
as possible large in size, and as many as possible small in size. After varimax rotations there is a
clearer association between factors and loading variables and that makes factor labelling more
straightforward. In our case, the rotated term loadings produce factors that are naturally easy to
interpret given that the factor space and the researcher “speak the same language,” i.e., the terms
are a set of variables for the factor space and a language vocabulary for the researcher. In order
to maintain the documents’ relationship with the factor space, documents were also rotated by
applying the same rotation matrix used to rotate the terms. Regarding information retrieval
queries, the rotated factor space maintains its ability to produce identical similarity metrics
(cosine similarities) for terms and documents. Method details are summarised in Study 2
description below.

Study 2: Using the same data as in Study 1 (498 EJIS abstracts) and the same

1873-term by 498-document frequency matrix, Singular Value Decomposition

was performed and 30 dimensions were retained. After performing varimax

rotations on the term loadings matrix and replicating the same rotations on the

document loadings, lists of high-loading terms and high-loading documents were

compiled. High-loading terms and documents were co-examined in order to

produce factor labels.
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The results of Study 2 are summarised in Table 4, where factors are rank-ordered based on the
corresponding principal components. In a manner similar to what is done in traditional factor
analysis, the quality of the solution can be judged according to the proverbial "WOQOW criterion”
(Johnson and Wichern 2007, p. 526): a good solution will always make good sense to the
researcher. In our case the 30-factor solution produces factors with good correspondence to the
33-topic classification in Palvia et al. (2004), which was used to classify EJIS articles by
Dwivedi and Kuljis (2008). An elaborate discussion of the IS research topics listed in Table 4 is
peripheral to the focus of this paper, but one can recognise well-established research topics such
as soft systems methodology (F30.1), enterprise resource planning (F30.7), electronic data
interchange (F30.8), outsourcing (F30.12) and agile software development (F30.21). The factors
were labelled easily and without controversy following a procedure similar to the one described
in the clustering analysis section. Comparing the labels produced by clustering and factor
analysis (Studies 1 and 2), we observe a significant amount of conceptual overlapping. For
example, the clustering approach produced a soft systems methodology cluster (C18 in Table 3)
that contained 12 articles, while the factor analysis approach produced a soft systems
methodology factor (F30.1 in Table 4) with 13 high-loading articles that included all 12 from
cluster C18. Cluster C18 is represented by the highest-likelihood member terms soft, SSM,
diagram, methodology, and debate. Factor F30.1 is described by the top-loading stemmed terms
SSM, soft, methodologi-, rich, picture-, and system. The two sets of terms imply a conceptual
makeup that is similar, even though not identical, in both cases corresponding to the soft systems
methodology research topic. Tables 3 and 4 also present a number of differences. Some of them
may be due to the difference in number of underlying SVD dimensions, 100 in Study 1, versus

30 in study 2. Indeed, when we tried generating 30 clusters based on only 30 underlying SVD
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dimensions, we observed that the clustering results were quite different from the clustering
results obtained by retaining 100 dimensions, shown on Table 3. Furthermore, the clusters based
on 30 dimensions had a larger proximity to the 30 factors shown on Table 4 than the clusters
based on 100 dimensions had to the same 30 factors. The reason might be related to the
complexity introduced by the 100 dimensions to the nature of the clusters shown on Table 3.

While it is clear that more research is needed on the subject of comparing clustering to factor

Table 4 Topical factors for EJIS abstracts

Factor Articles Factor Label High-Loading Terms
F30.1 13 soft systems methodology SSM,soft,methodologi,rich,pictur,system
F30.2 28  firm performance firm,perform,sophist,align,strateg
F30.3 20 IS publications journal,European,quality,publish,citat,rank
F30.4 25 social perspectives materi,action,social,human,view,theori
F30.5 22 innovation Innov,diffusion,perceive,adop,barrier
F30.6 21  software softwar,product,packag
F30.7 15 ERP ERP,enterpr,implement,expect,involv
F30.8 23 EDI inter,network,EDI,coordin,integr,market
F30.9 22 domain and data models method,domain,design,relationship,data
F30.10 20 IS evaluation benefit,realiz,invest,compani,expect,success
F30.11 27  Ebusiness firm,ebusi,custom,competit, SME
F30.12 12 outsourcing outsource,vendor,contract,sector, T
F30.13 12 mobile services mobil,service,user,switch,tempor
F30.14 18  public sector govern,public,sector,
F30.15 15  instrument development valid,measur,construct,dimen,perform
F30.16 17  project failure/success failure,project,success,|ISD,implement
F30.17 17 online consumer trust,consum,onlin,risk,ecommerc
F30.18 17 IS planning plan,strategi,strateg,implement
F30.19 12 team projects team,project,locat,global,collabor,distribut
F30.20 6 DSS DSS,quality,assess,decision
F30.21 13 agile software development  agil,ISD,chang,method
F30.22 10  security securi,risk,conceptu,issue,control
F30.23 19 IT and groups decision,role,influenc,task,GSS
F30.24 14 critical success factors success,critic,factor,taxonomi,CSF
F30.25 18 IS investment evaluation evalu,invest,method,assess
F30.26 8 IT jobs job,comput,USA,personnel
F30.27 15 imagination and knowledge  knowledge,imagin,SME,expert,Weick
F30.28 9 IS discipline discipline,claim,enterpr,polit,academ
F30.29 11  knowledge management knowledge,learn,AR,academ,KM
F30.30 19  Web site development Web,custom,risk,content,internet,implement
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analysis results, our observation is quite interesting, given that most clustering efforts are based
on spaces that retain a much higher dimensionality than the number of clusters they aim to
create. As we compare the results of the two approaches (Tables 3 and 4), it is important to
realise that such a comparison is potentially biased in favour of the factor analysis approach:
cognitive science theory has proposed that our human brain is wired to understand the latent
semantic dimensions because it operates by them (Landauer 2007). LSA identifies a common set
of patterns in textual data and presents them to the researcher in the form of high-loading terms
and documents that make the patterns more easily discernable than from the raw textual data.
Conceptual knowledge is gained when LSA is used to synthesise the text into structured factors

and a relevant meaning is discerned from the textual data and assigned to those factors.

Comparing the clustering and factor analysis approaches
Figure 3 illustrates similarities and differences in clustering (Figure 3a) and factor analysis

(Figure 3b) results, based on a hypothetical situation where eight documents (d1-d8) are
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Figure 3 Document grouping in clustering (a) and factor analysis (b) approaches.
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represented in a latent semantic space of two dimensions. The clustering approach produces four
clusters, as shown in Figure 3a. Each document is forced to join exactly one cluster. This was
also the case with our Study 1, where all 498 abstracts were required to participate in exactly one
cluster (the article counts in Table 3 add up to 498.) The factor analysis approach produces a set
of high-loading documents for factor F1, {d1, d2, d3, d4}, and a set of high-loading documents
for factor F2, {d3, d4, d5, d6}. Our Study 2 also produced a number of cross-loading documents:
the article counts in Table 4 still add up to 498, but 99 articles loaded on more than one factor, 25
of which on more than 2 factors. In other words, some of these 99 articles were double-counted,
some triple-counted, etc., leaving a corresponding number of 129 articles failing to load on any
of the 30 factors. Back to Figure 3, moving from a clustering approach to a factor analysis
approach does not necessarily result in a loss of information because set {d3, d4} is detected
based on factor cross-loading status and set {d7, d8} is detected based on non-loading status.
Yet, the factor analysis approach focuses on the topical structure itself, i.e., the extraction and
understanding of factors F1 and F2, while the clustering approach focuses on the identification of
groups of similar documents, i.e., clusters 1-4. Researchers should consider their research
questions and then decide which approach might serve them best. As our Study 1 and Study 2
demonstrated, clustering and factor analysis results are not likely to be identical. We conclude
our comparison between the clustering and factor analysis approaches to LSA, by noting that, if
the purpose of a literature summarisation study is the identification of research groups, or
communities, document clustering as done by Larsen et al (2008) is probably more appropriate.
If, however, the purpose is the identification of research dimensions or themes that underlie and

transcend the research documents, factor labelling as done by Sidorova et al. (2008) is probably
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more appropriate. We summarise our recommendation regarding methodological extensions to
LSA in general, as follows:
Recommendation 1: Researchers should select among classification, clustering
and factor analysis extensions to LSA, whichever is more appropriate for
addressing their research questions:
e if the research goal is to match documents to pre-existing categories they
should perform document classification extensions to LSA;
e if the goal is to generate new, data-driven document groups they should
perform document clustering;
e if the goal is to understand the latent structure of their corpus, they should
perform factor analysis extensions to LSA.
In the rest of the paper we will focus on the factor analysis approach. This choice was not made
because we wish to underplay clustering or document comparison approaches, but rather
because, as we continue illustrating certain methodological details that are common to all these

approaches, we find the factor analysis approach easier for our readers to follow.

A note on threshold selection

Table 4 lists the number of relevant documents (EJIS articles) for each factor, i.e., the number of
documents that load sufficiently high on each topical factor and, at the same time, maintain some
recognisable topical proximity with the factor. How is such proximity determined? One option is
to use 0.40 or some other loading threshold that is commonly used in traditional Factor Analysis.
We caution against such generalisations. In our Study 2, for our illustration purposes we used a

heuristic: each article should relate on average, to one topic, therefore, each document should
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load, on average, on one factor. This resulted in a document loading threshold of 0.179. An
examination of the weakest loadings for each factor revealed that documents with a loading of
0.18 maintained, in the vast majority of the cases, a reasonably strong relationship to their
respective topical factor. Even though our heuristic produced acceptable results, we recommend
that, until a well-established method for loading threshold selection is in place, researchers
manually select a threshold for each factor separately:

Recommendation 2: Researchers taking the factor analysis approach to LSA

should not apply 0.40 or some similarly preset loading threshold, but instead

apply an empirically derived threshold, validated by a domain expert because

thresholds as low as 0.18 were found acceptable.
This recommendation is in line with the recommendation in Penumatsa et al. (2006) not to use
0.65 as a fixed threshold for cosine similarity measures in document comparisons but, instead, to
allow for dynamic adjustment of the threshold, since cosines as low as 0.40 can produce good
results, in terms of information retrieval recall and precision values. It is also in line with
research findings indicating that cosine similarity increases monotonically with document size
(Hu et al. 2007). The issues of loading threshold selection, as well as cosine threshold selection,

underline the need to have a domain expert qualitatively validate the LSA results.

Term filtering

Term selection remains an open issue. The need to reduce the term dimensionality arises because
of the desire to achieve computational efficiency, as well as to avoid overfitting of the semantic
space. To serve such legitimate needs, a common approach is to filter terms that appear only a

few times in the entire collection of documents (frequency filtering). A variety of term frequency
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thresholds have been employed in the literature. Griffiths and Steyvers (2004) retain terms that
appear in at least five documents. Ord et al. (2005) reduce their 24,850 initial terms to just 739
by keeping terms that appeared at least 100 times in their collection of documents. Sidorova et al.
(2008) retain terms that have a high capacity to explain variability (communality filtering). We
encourage the researcher to explore these choices, but we caution against undisclosed term
selection practices, as there is strong potential for manipulation. Term selection can also involve
difficulties when dealing with data sets containing proper names, numbers, abbreviations, SMS-
speak, slang, acronyms etc. as well as with very small text units (twitters, single sentences). In
addition, term stemming can sometimes combine words in a non-meaningful way. For example,
Porter stemmer (Porter 1980) combines community and communication into the single stem
“commun-". Alternative approaches such as lemmatisation, which conflates words after
identifying their corresponding part of speech, are proposed to better discriminate between words
that have different meanings and are sometimes cited as superior to stemming (Lifchitz et al.
2009). For example, it may be desirable to distinguish between the verb address as in
“addressing the issue” versus the noun address as in “E-mail addresses”. Some of these issues
can be addressed via careful preprocessing at the pre-LSA steps. The reader is encouraged to
visit the morphadorner.northwestern.edu site for a collection of related text processing utilities.

In order to illustrate the importance of vocabulary selection and its impact on the final
LSA results, we now adopt an extreme approach where terms are selected manually and a
special-purpose vocabulary is compiled. Analysing again the set of 498 EJIS abstracts used in
our previous studies, we force LSA to ignore terms related to topics and only consider terms
related to research methods. Being aware of the research methodology classification used in

Palvia et al. (2004) and Dwidevi and Kuljis (2008), we first compiled a list of 230 methodology-
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related terms, such as action, analysis, case, data, hermeneutics, instrument, interpretive, study,
survey, theory, etc. We then used these 230 terms as the “golist” (also called startlist), i.e., we
forced our Vector Space Model to use these particular 230 terms to describe the 498 documents
and produced a 12-factor solution. Method details are summarised in Study 3 description below.

Study 3: Using the same data as in Study 1 (498 EJIS abstracts), a 230-term by

498-document frequency matrix was composed using a golist of 230 methodology-

related terms. TF-IDF term weighting was applied. Singular Value

Decomposition was performed and 12 dimensions were retained. After

performing varimax rotations, factor labelling was attempted based on high-

loading terms and documents.

The methodological choices made in study 3 relevant to the specific 230 terms used as a
golist and the dimensionality choice were the result of several iterations. Labels for the 12 factors
are presented in Table 5. The solution provided, while not necessarily final, is a good start. The
extracted factors compare well to the 16-method classification used for EJIS in Dwidevi and
Kuljis (2008), with 9 out of 12 factors (75%) overlapping. Factors F12.8: methodology and
F12.12: quantitative analysis are probably too generic to be useful, therefore a successive
iteration could try to dissolve them by eliminating their high-loading terms from the effective
vocabulary (golist), split them by increasing the dimensionality to 13 factors, or merge them by
reducing the dimensionality to 11 factors. Another possibility is to apply log-entropy term
weighting (see next section). Since the crafting of the definitive list of methodological factors in
EJIS abstracts is not the intent of the present paper, we do not go any farther in this direction.
Our main purpose was to provide an extreme example that illustrates both the research

opportunity and the potential for manipulation when it comes to term selection. Moreover, such
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potentials are further leveraged by interactions between term selection, term weighting and
dimensionality choices. These interactions will be revisited in subsequent sections.

Table 5 Methods view of the EJIS abstracts: 12-factors, TF-IDF weighting

Factor Articles Methods-factor label Selected high-loading terms
F12.1 42  theoretical model/framework framework,theori,conceptu,model
F12.2 52 case study casestudi
F12.3 52  theory/opinion social,argu,theori
F12.4 29  action research action
F12.5 48 literature review literatur,review
F12.6 34  data collection data,collect,model,compar
F12.7 45  survey survei
F12.8 35  methodology studi,argu,mean,sampl,compar
F12.9 36  instrument development measur,valid,construct,instrum
F12.10 46  secondary data analysis analyz,theori,compar,solution
F12.11 39  qualitative research argu,debat,code,analyz,content
F12.12 40  quantitative analysis analysi,econom,solution,model

The main purpose of Study 3 was to illustrate how LSA produces a dramatically different
set of dimensions when alternative term frequency matrices are compiled from the same corpus
by applying alternative lists of terms. This should not come as a surprise, as conceptual meaning
in human communication is transcribed through words: emphasising alternative sets of words
would result in emphasising alternative sets of concepts. Our recommendation regarding term
selection is summarised below.

Recommendation 3: Researchers should disclose the terms used (golist) or the

terms filtered out (stoplist) because the vocabulary of terms used in LSA is critical

in determining the analysis results: concepts can be added or removed from the

latent semantic space by including or excluding terms related to those concepts.

Term weighting
The problem of finding the optimal weighting method for transforming the term frequencies is

addressed extensively in the information retrieval literature. Two of the most widely used
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transformations are the Inverse Document Frequency transformation, commonly referred to as
TF-IDF, (Salton 1975, Husbands et al. 2001, Han and Kamber 2006 p.619) and the Log-Entropy
transformation (Dumais 1991, Chew et al. 2007), which was found to outperform TF-IDF for
purposes of information retrieval and document classification. For purposes of document
summarisation, however, where the issue of optimal term weighting largely remains exploratory,
it is worthwhile to try more than one transformation to ensure interpretative consistency. In the
IS literature, TF-IDF weighting has been used in Coussement and Van Den Poel (2008), Larsen
et al. (2008), Sidorova et al. (2008) and Wei et al. (2008a, 2008b). Log-Entropy weighting
utilisation in the IS literature has been scarce.

Revisiting our illustration study 2, we re-analysed the 498 EJIS abstracts keeping all 1873
terms after applying log-entropy weighting and we extracted 30 factors. Out of the 30 topics
distilled using TF-IDF weighting, most topics were retained under log-entropy weighting. The
four topics that are identified only under log-entropy weighting are frameworks, implementation,
prototype design and communication networks. Topics such as IS publications and social
perspectives that were identified using TF-IDF, were dissolved when log-entropy was used. In
order to further investigate the effect of term weighting on factor formation, correlations among
TF-IDF term communalities, log-entropy communalities, and term frequencies were calculated.
The results show that term frequencies are more correlated to log-entropy communalities
(Pearson’s correlation coefficient r = 0.66), than to TF-IDF communalities (r = 0.43).

Revisiting our illustration study 3, we re-analyzed the same 498 EJIS abstracts after
applying log-entropy weighting. Once again, we extracted 12 factors. The factor labels shown in
Table 6 were once again produced after co-examination of high loading terms and documents

(abstracts) even though, due to space limitations, Table 6 shows only the top loading terms. One
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noticeable difference between the factors in Tables 5 and 6 is the splitting of the theoretical
model/framework factor into separate factors for model, framework, and theoretical model. The
new factors are built around fewer terms. They typically load on one term with a loading value
around 2.0 or more, followed by weaker loadings around 0.6 or less.

Our findings reveal a potential weakness of the log-entropy transformation: factors are
potentially biased towards high-frequency key terms. Interestingly, when analysing the EJIS
article titles (as opposed to abstracts), we found that the log-entropy transformation worked
better. This finding suggests that log-entropy works better at obtaining a small number of factors
that rely on a few, frequently used terms. Article titles or short text messages may yield better
results when a log-entropy transformation is used, because they stay closer to the "periphery" of
the language structure, i.e., to a few relatively frequent words whose presence versus absence
makes a critical difference. In contrast, TF-IDF appears to be better at discovering patterns in the
"core" of the language, i.e., it identifies larger groups of terms which tend to appear all together
in moderate frequencies. For example, while both weighting methods resulted in the extraction
of a case study (see F12.2 in Table 5 and F12.3 in Table 6) and an action research factor (see
F12.4 in Table 5 and F12.7 in Table 6), only the TF-IDF weighting method resulted in the
extraction of a combined theoretical model/framework factor (F12.1 in Table 5).

As a general remark, we would like to point out that a direct examination and labelling of
the concepts that correspond to the dimensions of the latent semantic space in the way that is
presented here is not very common in the LSA literature. Therefore, researchers may often not be
fully aware of the semantic space configuration changes that result from term weighting choices
such as the ones presented in this section, or term selection choices such as those presented in the

previous section. We conclude with the following recommendation:
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Table 6 Methods view of the EJIS abstracts: 12 factors, Log-Entropy weighting

Factor Articles Methods-factor label Selected high-loading terms

F12.1 70  model model,data,conceptu,semant,framework
F12.2 56  framework framework,conceptu,literatur,theoret
F12.3 48  case study casestudi

F12.4 44  data collection data,compar,collect,rate,sampl

F12.5 36  theoretical model theori,model,survei,theoret

F12.6 39  instrument development measur,valid,construct,model,instrum
F12.7 31  action research action

F12.8 41  theory, opinion, literature review  social,review,argu,literatur,theori
F12.9 37  analysis analysi,social,econom,studi,

F12.10 38 survey, literature review literatur,survei,variabl

F12.11 32 qualitative & conceptual research  argu,debat,solution,studi,conceptu
F12.12 27  analysis, content analysis analyz,content,review

Recommendation 4: Researchers are encouraged to consider alternative
transformations, such as TF-IDF or Log-Entropy, and select the method that is
most closely aligned with the research question and intent. Based on our
experiments:
e TF-IDF was more appropriate when the intent was to represent
documents in a relatively conceptual and complex semantic space;
e Log-Entropy was more appropriate when the intent was to represent

documents in a semantic space built around a few key terms.

Dimensionality reduction

The problem of selecting an appropriate number of latent semantic dimensions was dealt with
empirically and remains open. Bradford (2008) summarises the optimal factor numbers used in
49 published LSA studies (see Table 1 in Bradford 2008), ranging from 6 to over 1,000. For
collections of about 5,000 terms by 1,000 documents, a choice of about 70 to 100 dimensions is

frequently cited as optimal (Deerwester et al., 1990). Efron (2005) selects the number of
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dimensions based on non-parametric confidence intervals obtained through simulations and
bootstrapping. Interestingly, for collections of similar size, his method selects values in the range
of 80 to 100. On the other hand, Doxas et al. (2010) show with the help of simulations that as
they construct prose, authors traverse a semantic space of approximately eight dimensions
regardless of language or genre, implying that latent semantic dimensionality for most corpora
may be surprisingly low. Zhu and Ghodsi (2006) propose a much simpler approach to
dimensionality selection which applies a log-likelihood test on the eigenvalues, seeking an
“elbow” point on the scree plot, called Profile Likelihood Test (PLT). Traditional factor analysis
approaches such as 85% of total variance explained or the Kaiser-Guttman rule of selecting
components whose eigenvalues are greater than the mean eigenvalue, typically select a larger
number of components. We caution against such blanket approaches because the correct choice
depends on the specific corpus and also the analytic goal. Researchers who pursue a
simplification of the original, redundant textual space for purposes of calculation efficiency and
still wish to explain a large percentage of variance may want to select a higher dimensionality
than researchers who try to distil the semantic core of such space at an abstract, high level that
explains only a small fraction of total variance in the textual data.

Our discussion of dimensionality selection continues with the introduction of an
illustration study, summarised below.

Study 4: Abstracts of three special issues articles of EJIS published in issues

15(1), 15(2), and 16(6) (22 abstracts) were collected. The 261-term by 22-

document frequency matrix was weighted using a TF-IDF transformation. The

Profile Likelihood Test performed on the eigenvalues indicated 7 as the optimal

dimensionality. The factor analysis approach to LSA was implemented and two
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solutions were obtained. In one solution, seven SVD dimensions were retained,

rotated and labelled as in Study 2. In the second solution, only three SVD

dimensions were retained and rotated.
Several studies (for example, Haley et al. 2007, Bradford 2008) show that dimensionality
selection remains an unresolved methodology issue. For the purpose of illustration we provide
details on one of the approaches suggested in the literature. We illustrate how to use a scree plot
to assist in the selection of the appropriate number of dimensions. Figure 4 shows the scree plot
for the obtained 22 principal components. Our implementation of the PLT yielded a highly
significant (p-value = 0.0038) point estimate at principal component k = 7, where the maximum
log-likelihood (Q, = 33.04) was attained (see Zhu and Ghodsi 2006 for details). Table 7 lists the
high-loading articles of each of the seven corresponding LSA factors, together with the absolute
values of their factor loadings.

Table 8 lists the high-loading articles for the corresponding three-factor solution. Based
on high-loading terms, the three factors appear to be related to business agility, healthcare IS,
and action-oriented research, respectively. The high-loading documents as presented in Table 8,

confirm this contention. At first look, this 3-factor solution appears more appealing, since it

A - Scree Plot
Eigenvalues for 22 abstracts from 3 special
251 issues: EJIS 15(1), 15(2), and 16(6)

1 11 Principal
component

Figure 4 Scree plot for the 22 abstracts analysed in study 4.
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Table 7 Seven topical factors for 22 special-issue EJIS abstracts

Author Special Issue EJIS Ref. Factor Loadings
F7.1 F7.2 F1.3 F1.4 F75 F76 F1.7
Overby et al. Business Agility 15(2), 120-131 0.706
Hovorka & Larsen Business Agility 15(2), 159-168 0.585
van Qosterhout et al. Business Agility 15(2), 132-145 0.542
Lyytinen & Rose Business Agility 15(2), 183-199 0.426
Rittgen Action-Oriented Res.  15(1), 70 81 0.700
Agerfalk et al. Action-Oriented Res.  15(1), 4- 0.565
Gasson Action-Oriented Res.  15(1), 26 41 0.477
Andersen Action-Oriented Res. 15(1), 9-25 0.391
Karlsson & Wistrand Action-Oriented Res.  15(1), 82-90 0.783
Yetim Action-Oriented Res.  15(1), 54-69 0.617
Bondarouk Action-Oriented Res. 15(1), 42-53 0.636
Reardon & Davidson Healthcare IS Res. 6(6) 681-694 0.605
Jensen & Aanestad Healthcare ISRes.  16(6), 672-680 0.528
VanAkkeren&Rowlands Healthcare ISRes.  16(6), 695-711 0.507
Borjesson et al. Business Agility 15(2), 169-182 0.594
Fitzgerald et al. Business Agility 15(2), 200-213 0.588
Holmgvist & Pessi Business Agility 15(2), 146-158 0.470
van Oosterhout et al. Business Agility 15(2), 132-145 0.383
Cho & Mathiassen Healthcare ISRes.  16(6), 738-750 0.727
Lee & Shim Healthcare ISRes.  16(6), 712-724 0.671
Krogstie et al. Action-Oriented Res. 15(1), 91-102 0.352
Bhattacherjee & Hikmet Healthcare ISRes.  16(6), 725-737 0.731
Klein Healthcare ISRes.  16(6), 751-760 0.672

produces cleaner factors. A more careful examination, however, will reveal that the 3-factor

solution left out the article authored by Tanya Bondarouk (2006). This omission is offset by a

double-count: Hovorka and Larsen (2006) cross-load on both the business agility and the

healthcare IS factors. This is probably attributed to the fact that Hovorka and Larsen (2006)

study agile adoption practices using a language that talks about “adoption of information

technology (IT)-based innovations”,

in a way that gets associated with the discussion of

“telehealth innovation” in Cho and Mathiassen (2007) and “adoption of healthcare information

systems”
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Tables 7 and 8, we observe that the 3-factor solution, based strictly on the top three underlying
SVD dimensions is better at summarising the underlying three special topics in the form of
extracted latent factors, at the expense of not representing all the articles. We suggest that the
researcher examine solutions based on his or her expert knowledge of the underlying theory
because our comparison illustrates the trade-off between fitting the theory versus explaining all
the variance. Because the researcher cannot directly observe the LSA dimensions, in order to
understand the latent semantic space, the researcher has to rely on post-LSA interpretation.
Clustering and factor analysis are aids in doing so. As a result, these methodologies are

important in providing insight into the LSA dimensions. We summarise our recommendation

regarding dimensionality selection below.

Table 8 Three topical factors for 22 special-issue EJIS abstracts

Author Special Issue EJIS Reference  Factor Loadings
F3.1 F3.2 F3.3

van Oosterhout et al. Business Agility 15(2), 132-145 0.654

Fitzgerald et al. Business Agility 15(2), 200-213  0.583

Overby et al. Business Agility 15(2), 120-131 0.583

Holmqvist & Pessi Business Agility 15(2), 146-158 0.463

Lyytinen & Rose Business Agility 15(2), 183-199  0.447

Borjesson et al. Business Agility 15(2), 169-182 0.443

Hovorka & Larsen Business Agility 15(2), 159-168 0.427

Reardon & Davidson Healthcare IS Res.  16(6), 681-694 0.663

Lee & Shim Healthcare IS Res. 16(6), 712-724 0.504

Van Akkeren & Rowlands Healthcare ISRes.  16(6), 695-711 0.479

Cho & Mathiassen Healthcare IS Res.  16(6), 738-750 0.413

Klein Healthcare IS Res.  16(6), 751-760 0.388

Jensen & Aanestad Healthcare ISRes.  16(6), 672-680 0.329

Hovorka & Larsen Business Agility 15(2), 159-168 0.314

Bhattacherjee & Hikmet ~ Healthcare ISRes.  16(6), 725-737 0.306

Karlsson & Wistrand Action-Oriented Res.  15(1), 82 90 0.581

Agerfalk et al. Action-Oriented Res. 15(1), 4 0.514

Yetim Action-Oriented Res.  15(1), 54 69 0.498

Gasson Action-Oriented Res.  15(1), 26-41 0.460

Rittgen Action-Oriented Res.  15(1), 70-81 0.455

Krogstie et al. Action-Oriented Res.  15(1), 91-102 0.331

Andersen Action-Oriented Res. 15(1), 9-25 0.253
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Recommendation 5: Researchers are encouraged to explore and report
alternative dimensionalities and perform sensitivity analysis as well as qualitative
assessments that link the results to underlying theory, because the appropriate
number of SVD dimensions, clusters, factors, or predefined categories remains an

open issue.

Conclusion

In this paper we discussed various methodological issues that arise in the context of Latent
Semantic Analysis, an emerging quantitative method for the analysis of textual data. Our main
recommendations are summarised in Table 9.

In conclusion, we believe that while LSA is very broadly applicable, it has numerous
applications that are of potential interest to IS researchers that have not yet materialised because
of lack of familiarity with the methodology. Such applications include the analysis of leadership
vision statements, corporate announcements, regulatory body statements, expert assessment
notes, customer feedback comments, open-ended surveys, text messages, Web content, news
stories, and IS publications. Thus, the application domain for LSA includes textual data
generated in individual, organisational, and societal contexts of developing, using, and studying
Information Systems. As a final remark, we would like to emphasise the importance of
intelligent interpretation of the results of the quantitative analysis on the part of the researcher.
LSA is a quantitative technique and, as such, requires some intelligent selection of important
parameters on the part of the researcher. However, a solution that has been fine-tuned by
addressing effectively the methodological issues discussed in this paper will still need to make

good sense to the researcher, and this is where quantitative analysis and subjective judgement

35



Evangelopoulos, Zhang, and Prybutok (2012)

Latent Semantic Analysis

Table 9 Summary of five methodological recommendations

Issue

Recommendation

LSA extension: a number of post-LSA
quantitative analysis methods have been
used in the literature, including document
comparisons, clustering, classification,
categorisation, and factor analysis

Cosine and loading thresholds: a variety
of thresholds have been used in the
literature, some of themas low as 0.18

Termselection: the vocabulary of terms
used in LSA can be critical in determining
the analysis results

Termweighting: no term-weighting
method is known to be universally best

Dimensionality selection: the estimation
of an appropriate number of SVD
dimensions, clusters, factors, or predefined
categories remains an open issue

R1

R2

R3

R4

R5

Select among classification, clustering and factor analysis
extensions to LSA, whichever is more appropriate for
addressing your research questions:

« if the research goal is to match documents to pre-existing
categories, you should performdocument classification
extensions to LSA;

« if the goal is to generate new, data-driven document groups,
you should perform document clustering;

« if the goal is to understand the latent structure of their corpus,
you should perform factor analysis extensions to LSA

Do not apply preset loading thresholds such as 0.40, but
instead apply an empirically derived threshold, validated by a
domain expert

Disclose the terms used (golist) or the terms filtered out
(stoplist)

Consider alternative transformations, such as TF-IDF or Log-
Entropy, and select the method that is most closely aligned with
the research question and intent. Based on our experiments:

» TF-IDF was more appropriate when the intent was to represent
documents in a relatively conceptual and complexsemantic
space;

« Log-Entropy was more appropriate when the intent was to
represent documents in a semantic space built around a few key
terms

BExplore and report alternative dimensionalities and perform
sensitivity analysis as well as qualitative assessments that link
the results to underlying theory

intercept. Conversely we believe that, while content analytic approaches will largely retain their
traditional qualitative nature for a while, their methodological mix will soon acquire a strong
quantitative component involving methods such as LSA or LDA. We have only seen the
introduction of such methodological approaches in IS research and the application and
development remains a fertile area for future work. The authors hope that the present paper will

encourage research in these methodologies.
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Appendix
Table Al Selected LSA software solutions

2 5

a A o

S o g

g 4 9

g 2 5
Software 2 3 & URL
MC (in C++) http://userweb.cs.utexas.edu/users/dml/software/mc/
TMG (in Matlab) http://scgroup20.ceid.upatras.gr:8000/tmg/
WordNet http://wordnet.princeton.edu/wordnet/download/
JAMA (in Java) X http://math.nist.gov/javanumerics/jama/
SenseClusters X X http://senseclusters.sourceforge.net/
SVDPACK X X http://www.netlib.org/svdpack/
SVDLIBC X X http://tedlab.mit.edu/~dr/SVDLIBC/
Matlab™ X X Commercial product by MathWorks
Mathematica® x x  Commercial product by Wolfram Research
SAS® x x  Commercial product by SAS Institute
CLUTO X x x http://glaros.dtc.umn.edu/gkhome/views/cluto
Infomap X x x http://infomap-nlp.sourceforge.net/
LPU X x x  http://www.cs.uic.edu/~liub/LPU/LPU-download.html
LSA X X X http://lsa.colorado.edu/
LSI BY Telcordia X x x http://lsi.research.telcordia.com/
phplsa X x x http://sourceforge.net/projects/phplsa/
SAS® Text Miner™ x x x Commercial product by SAS Institute

Post-publication additions (updated April 2013):

R/LSA

SAS ® Text Miner 12.1

http://cran.r-project.org/web/packages/Isa/index.html
http://support.sas.com/software/products/txtminer/
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