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As the Web is used increasingly to share and dissem-
inate information, business analysts and managers are
challenged to understand stakeholder relationships. Tra-
ditional stakeholder theories and frameworks employ
a manual approach to analysis and do not scale up
to accommodate the rapid growth of the Web. Unfor-
tunately, existing business intelligence (8l) tools lack
analysis capability, and research on Bl systems is sparse.
This research proposes a framework for designing Bl
systems to identify and to classify stakeholders on
the Web, incorporating human knowledge and machine-
learned information from Web pages. Based on the
framework, we have developed a prototype called Busi-
ness Stakeholder Analyzer (BSA) that helps managers
and analysts to identify and to classify their stakehold-
ers on the Web. Results from our experimenti involving
algorithm comparison, feature compatison, and a user
study showed that the system achieved better within-
class accuracies in widespread stakehoider types such
as partner/sponsor/supplier and media/reviewer, and
was more efficient than human classification. The stu-
dent and practiticher subjects in our user study strongly
agreed that such a system would save analysts’ time and
help to identify and classify stakeholders. This research
contributes to a better understanding of how to inte-
grate information technology with stakeholder theory,
and enriches the knowledge base of Bl system design.

Introduction

The current networked business environment has greatly
facilitated information sharing, electronic commerce, and
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partner collaboration {Applegate, 2003). Businesses rely on
the Internet to conduct a wide range of activities, including
buying and selling products, analyzing business relation-
ships, and researching development opportunities (Li & Du,
2003). To stay competitive, companies rely on business
intelligence (BI) to monitor the operating environment, to
identify potential risks, and to devise competitive strategies
(Fleisher & Blenkhorn, 2003; Gilad, 2004; Prescott & Miller,
2001). BI can be obtained by analyzing a company’s (inter-
nal} operational data (such as the financial statements; see
Rasmuassen, Goldy & Solli, 2002; and sales and transac-
tion records; see Hurd & Nyberg, 2004) and by studying
the company’s (external} competitive environment and stake-
holders (e.g., supply market; see Handfield, 2006; and various
stakeholders’ concerns; see Chung, 2008a; Freeman, 1984).
For example, a business analyst can leverage on the BI
gathered from various interested parties to formulate a strate-
gic plan for his company. There exist many standard IT
solutions for analyzing a company’s internal data, includ-
ing statistical software, online analytical processing, data
warehousing, and data mining (Turban, Aronson, & Liang,
2005; Whitehorn & Whitehorn, 1999). In contrast, methods
and technologies for studying a company’s exiernal environ-
ment and various stakeholders are less standardized due to
the relatively unstructured nature of the data. The Web has
provided a major channe! for companies to share informa-
tion about stakeholders. Important clues to knowledge about
stakeholder identities and relationships are often expressed
in textual content or annotated hyperlinks on Web pages.

As the Web is used increasingly to share and disseminate
information, the problems arising from information overload
and the interconnected nature of the Web make it difficult
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to obtain BI and to identify stakeholders. Information over-
load occurs when not all Web pages about stakeholders can
be processed and utilized by a human user, leading to an
inadequate understanding of the competitive environment
(Bowman, Danzig, Manber, & Schwartz, 1994; Rogers &
Agarwaia-Rogers, 1975). The hyperlinked Web environ-
ment supports extensive interconnection among Web pages,
enhancing communication among stakeholders while cre-
ating disorientation among Web users (Nielsen, 1990)
and aggravating the information overload problem. Conse-
quently, important yet complex stakeholder relationships are
buried in voluminous interconnected Web pages. Business
analysts may not be aware of many of a company’s stakehold-
ers, who may have current or future relationships. Knowledge
is often hidden in interconnected Web resources, posing
challenges to identifying and classifying various business
stakeholders on the Web.

Rescarchers have developed theories and approaches
for stakeholder management that help to devise strategies
to understand and manage stakeholder relationships (e.g.,
Clarkson, 1995; Jawahar & McLaughlin, 2001). Although
these theories and frameworks offer rich theoretical founda-
tions for understanding stakeholder relationships, they are
largely manually-driven and not scalable to accommodate
the rapid growth and change of the Web. The proliferation
of electronic commerce in recent years has increased the
connection among business stakeholders on the Web, thus
further complicating their relationships. So there is a need
for better approaches to uncovering knowledge that may
improve understanding of business stakeholder relationships.
Unfortunately, existing BI tools lack the capability to support
stakeholder analysis on the Web (Fuld, Singh, Rothwell, &
Kim, 2003).

To address the aforementioned needs, this research pro-
poses a framework for designing BI systems to identify and
to classify business stakeholders on the Web. Grounded on
stakeholder theory and using techniques in Web mining and
Web-page classification, the framework consists of steps to
collect and extract stakeholder information and to classify
stakeholders automatically into various types, such as cus-
tomer, partner, supplier, media, and government. Based on
the framework, we have designed and developed a business
stakeholder analysis system that helps managers and ana-
lysts to identify and to classify their stakeholders on the Web,
The system incorporates both human knowledge and business
Web site content to support stakeholder analysis effectively
and efficiently. To understand the extent to which the system
accomplished its intended purpose, we conducted an exper-
iment with practitioner business users and student subjects
to compare its performance level with a traditional manual
stakeholder analysis method. We also experimented with dif-
ferent algorithms and Web-page features in the classification
to study the performance using different system configura-
tions. The questions addressed in this research areas follows:

+ How can a framework for designing BI systems to identify
and fo classify stakeholders on the Web be developed?

e How can Web-page features be used in a prototype developed
based on the framework to classify business stakeholders?

» How does the prototype perform in comparison with human
Jjudgment in terms of effectiveness, efficiency, and user
perception in stakeholder classification?

Using the framework, we aimed to facilitate business
stakeholder analysis on the Web by integrating information
technology with stakeholder theory. At the company (i.c.,
microscopic) level, individual business stakeholders can be
identified and classified. Atthe competitive environment (i.e.,
macroscopic) level, groups of business stakeholders can be
formed to conduct further analysis.

Literature Review

The idea that organizations have stakeholders is well con-
ceived in the literature (Freeman, 1984; Mitchell, Agle, &
Wood, 1997). It has been suggested that an organization’s sur-
vival and continuing prosperity depends on its ability to create
sufficient wealth, value, or satisfaction for all primary stake-
holder groups (Clarkson, 1995). Advances in information
technology have enabled managers to serve and to under-
stand its stakeholders better, primarily through more effective
and efficient collection, storage, and analysis of information
from the business environment. In recent years, a new class of
information technology known as business intelligence (BI)
systems emerged to support such tasks (Negash, 2004). In this
section, we review literature related to stakeholder theories
and approaches to define important concepts and to describe
research developments in this field. Then we introduce the
technologies of B systems, focusing on environmental scan-
ning and competitive intelligence analysis. We also review
technologies in Web-page classification, an emerging tech-
nology having potential to support stakeholder classification
and business analysis. '

Stakeholder Theories and Approaches

The term stakeholders is defined as individuals or orga-
nizations who affect or are affected by the accomplishment
of the firm’s objectives (Freeman, 1984). Examples of stake-
holders include customers, suppliers, government agencies,
the general public, financial institutions, and trade associa-
tions. Table I summarizes stakeholder types considered in
recent research. Freeman introduced the concept of stake-
holder management in the strategic-management literature,
arguing that firms should attend to the interests of all their
stakeholders rather than just the shareholders. Researchers
generally assume that managers of a firm are able to iden-
tify all its stakeholders and that an important responsibility
of management is to attend to all stakeholders’ needs (e.g.,
Donaldson & Preston, 1995). While the use of informa-
tion technology has helped managers to collect and store
information about stakeholders, the voluminous nature of
this information challenges managers to understand stake-
holders’ needs and the competitive environment. Clarkson
(1995) considered stakeholder data in the 1980s and does not
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TABLE L. Stakeholder types’ considered in recent research.

Research P E C S U G R v 0 T F I N No
Reid (2003) v v v v v e v v v 10
Jawahar & McLaughlin (2601) Ve v v v v v v v v 9
Elias & Cavana (2000) v e v v v s v e N 9
Agle, Mitchell, & Sonnefeld (1999) e v v v v 3
ponaldson & Preston (1995) Ng v v v v v v v 8
Clarkson {1995) v v v v v 5
No. 5 4] 6 6 1 2 6 ] 1 3 2 2 H 4 -

Ip == Partners/suppliers, E = Empioyees/Unions, C = Customers, S = Shareholders/investors, U = Education/Research institutions, M = Media/Portals,
G =Public/Governmeni, R =Recruiters, V =Reviewers, O =Competitors, T =Trade associations, F=Financial institutions, [=Political groups,
N = Special Interest Groups/Communities (Note that the class “Unknown” is not included here). No. = Column or row sum.

consider more complex relationships (such as global busi-
ness networking; see Parkhe, Wasserman, & Ralston, 2006)
in the e-commerce environment. Although it was confirmed
by empirical results (Agle, Mitchell, & Sonnefeld, 1999), the
theory developed by Miichell et al. (1997) does not provide
a practical system for processing volumineus information of
today’s stakeholders,

Advances in electronic commerce have transformed the
landscape of the business environment. Stakeholders who
previously could not affect a firm can now interact with
the firm through the Internet. Existing stakeholder theories
are limited in the way they accommodate new informa-
tion technologies. For example, Jawahar and McLaughlin
(2001} concluded that their descriptive stakeholder theory
might be limited to traditional businesses only. Adapting
stakeholder theory to the e-government domain, Flak and
Rose (2005) noted that the impact of information technoi-
ogy on stakeholder management has not yet been explored,
and recommend identifying and classifying stakehoiders and
improving descriptive stakeholder models io reflect a bet-
ter understanding of the connection between technology
and stakeholder relationships. These directions point to a
need for intagrating IT into traditional stakeholder theories
and frameworks, which assume only a manual approach to
stakeholder analysis (e.g., Elias & Cavana, 2000; Reid, 2003).
These theories and frameworks may need to be augmented
by Web-based, automatic approaches to environmental scan-
ning, information collection, and stakeholder analysis. In
particular, business intelligence, obtained from the business
environment, is likely to help in stakeholder analysis, and
automated tools have been developed to exploit BL.

Business Intelligence Systems

Business intelligence systems enable organizations to
understand their internal and external environments through
systematic acquisition, collation, analysis, interpretation, and
exploitation of information (Cronin, 2000; Nolan, 1999).
Advanced BI systems often rely on Web-mining techniques
to extract information and discover patterns on the Web auto-
matically (Chung, 2008a; Gregg, & Walczak, 2006; Kosala &
Blockeel, 2000). Web content mining helps analysts to iden-
tify key terms used to describe business stakeholders. Web

structure mining facilitates understanding of how the macro-
scopic environment relates to certain Web sites or pages.
Examples of Web-mining techniques include metasearching
{Chen, Chau, & Zeng, 2002}, Google’s PageRank algorithm
(Brin & Page, 1998), and the Hyperlink Induced Topic Search
algorithm (Kleinberg, 1999). The external-link pages can
be seen to mirror social communication phenomena, such
as strategic or tactical referral behavior, and pragmatic or
common semantic interest in particular sites on the Web
(Ingwersen, 1998).

Previous research has developed automarted systems to
exploit Web content and link structure information for dis-
covering business intelligence. Examples include Ong, Tan,
Ng, Pan, and Li (2001) and Tan, Foo, and Hui (2002). Link
analysis and metasearching have been used to support BI
analysis (Chau, Shiu, Chan, & Chen, 2007). Other research
tried to identify a company’s noncustomer Web communi-
ties using a manual analysis of hyperlinks referencing from
stakeholders to a company (Reid, 2003). Information includ-
ing site traffic, in-link, content depth, and usage ranking has
also been used to study stakeholders (Byrne, 2003). But the
analysis provided was shallow because only simple statistics
were studied. From previous research, we find Web content
and structural information to be important for understanding
Bl and stakeholders. However, existing tools lack the anal-
ysis capability to provide such understanding (Fuid, Sawka,
Carmichael, Kim, & Hynes, 2002), calling for a need fo auto-
mate stakeholder identification and classification, a primary
step of stakeholder analysis.

Web-Page Classification

Web-page classification is the process of assigning pages
to predefined categories. Machine learning has been widely
used to automate this process. Major approaches include k-
nearest neighbor, neural network, support vector machines,
and naive Bayesian network (Chen & Chau, 2004). An impor-
tant step in these approaches is to form the set of features to
be used for classification.

Web-page textual content has been considered an impor-
tant feature for classification, Kwon and Lee (2003) used
a k-nearest neighbor approach to classifying selected Web
pages that was extended to classification of Web sites.
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Miadenic (1998) used a natve Bayesian classifier and the
Yahoo! Directory to automatically classify Web pages, each
of which was represented by feature vectors containing
n-gram (up to 5 words) with stop words removed, achieving
low accuracies ranging from 25% to 50%. Sebastiani (2002)
discusses extensively major machine-learning approaches to
textcategorization. Apart from textual features, structural fea-
tures have been used in Web-page classification. Furnkranz
(1999) employed the structure of an HTML representation
and the structure of the Web to represent Web pages that
were classified by a RIPPER learning algorithm, achiev-
ing average recall and precision of 78% and 87%. Glover,
Tsioutsiouliklis, Lawrence, Pennock, and Flake (2002) used
anchor texts and nearby words from pages that linked to the
target page. Their data-driven feature-selection method led
to high descriptive power, but the research did not explore
multicategory classification, a typical requirement in stake-
holder classification. Lee, Hui, Cheuk, and Fong (2002)
applied neural networks 1o filtering pornographic Web con-
tent and compared Kohonen’s SOM and Fuzzy ART neural
networks in binary classification, where KSOM achieved a
slightly higher accuracy than ART (92.8% vs. 87.99%), but
KSOM took significantly more time in the training process.
Other examples of Web-page classification can be found in
Zhu, Yu, Chi, and Gong (2007) and Shemn, et al.(2004). The
WebKB project is an earlier effort in Web-page classifica-
tion (http://www.cs.cmu.edu/~WebKB). With data collected
before 1998, their manually tagged ‘Web-page collection con-
tains mainly university Web pages not suitable for business-
intelligence analysis. A comprehensive review of Web-page
classification algorithms and features can be found in Qtand
Davison (in press).

In summary, previous research has used different features
and feature-selection methods in Web-page classification.
The features include (a) page textual content: full text, page
title, headings; (b) link-related textual content: anchor text,
extended anchor text, URL strings; and {(c) page structural
wformation: number of words, number of page out-links,
inbound outlinks (i.., links that point to its own company),
outbound outlinks (i.e., links that point to external Web sites).
The feature selection methods include (a) hurman Jjudgment;
(b) feature ratios and thresholding; and (¢) use of a domain
lexicon. When applied to Web-based business.stakeholder
analysis, Web-page classification helps to discover compa-
nies’ interest groups on the Web and to enable companies to
better understand the competitive environment. Surprisingly,
this area has not been widely explored.

A Framework for Business Stakeholder
Analysis on the Web

Electronic commerce has greatly facilitated transaction
processing in recent years, However, increased sharing of
information on the Web has added complexity to identify-
ing and understanding business stakeholder refationships.
Although previous research in stakeholder analysis pro-
vides rich theoretical background, conclusions drawn from

data collected before the mid-1990s may not reflect rapid
developments in e-commerce. Extant stakeholder theories
and frameworks were mainly developed for analyzing stake-
holders of traditional businesses {Clarkson, 1995; Jawahar &
McLaughlin, 2001). Their approaches are manually driven
and do not scale up to accommodate the rapid growth and
change of the Web. There is a need to integrate information
technology into these theories and frameworks to support
stakeholder analysis and intelligence gathering. Unfortu-
nately, BI systems available nowadays lack stakeholder
analysis capability, and research on Bl is sparse (Negash,
2004). While various Web-page classification techniques
have been developed, they have not been applied to busi-
ness stakeholder classification. Therefore, a framework for
designing BI systems to support identification and classifica-
tion of stakeholders on the Web would be valuable to system
developers, information systems researchers, and business
practitioners. BI systems developed based on such a frame-
work would help automate a significant part of intelligence
gathering and stakeholder analysis.

Steps in the Framework

The rationale for the proposed framework (see Figure 1) is
twofold. First, business stakeholders who have an interest in
a company often have on their Web pages identifiable clues
(e.g., textual descriptions, hyperlinks) that can be used to
distinguish their stakeholder type. Second, Web content and
structural information is important to understandin g clues to
stakeholder classification. Relying on such clues, we tried
to automate stakeholder classification, an important step in
stakeholder analysis.

The framework consists of three steps: intelligence gath-
ering, tagging and feature selection, and automatic classifica-
tion. Input to and output from the framework are, respectively,
Web data and BI discovered afier applying the steps. Each
step allows human knowledge to guide the application of
techniques (e.g., domain knowledge in data collection, man-
ual tagging of Web pages, algorithm selection). The processed
results include features and indexes extracted from Web
pages and categories of stakeholders classified based on the
extracted features. The arrows shown on the right of each
step indicate that output of a step becomes input of the
next step. As we move from bottom to top in these results,
the degree of context and the difficulty of detecting noise
in the results increase. The resulting stakeholder groups clas-
sified by the framework can be used to support business analy-
sis and Bl discovery. We explain the steps of the framework as
follows.

Intelligence gathering. The purpose of this step is to gather
relevant data from the Web to develop a collection of busi-
ness Web pages. From these pages, we obtain several types
of data: textual content (the text that can be seen on a Web
browser), hyperlinks (embedded behind anchor text), and
structural content (textual markup tags that indicate the types
of content on the pages).
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FIG. 1. A framework for business stakeholder analysis on the Web.

To collect these data, metasearching/metaspidering,
domain spidering, and fink searching/spidering are used.
Metasearching/metaspidering uses keywords as inputs to
search multiple Web search engines to collate a set of results
(URL links) ranked among the top-ranked results in each
engine. These keywords can be identified by human experts
or by reviewing related literature. The process follows the
links of the results and downloads appropriate Web pages
for further processing. Domain spidering uses a set of seed
URLs {provided by experts or identified in reputable sources)
as starting pages. A crawler follows links in these pages to
fetch pages automatically. Oftentimes, a breadth-first search
strategy is used by the crawler because this generally pro-
vides good coverage of resources on the topic being studied.
Link searching/spidering uses URL links as inputs to some
search engines that support searching for Web pages con-
taining these links in their content. For example, a user
inputs the link “www.nytimes.com™ to a search engine that
returns other Web pages having hyperlinks referencing the
www.aytimes.com Web site. Google performs such a search
when the input link is preceded by a “link:” directive. Sim-
ilar to metaspidering, the process of link-spidering follows
the links of the results and downloads the Web pages. The
result of this step is a collection of Web pages and documents
that may contain much noisy data.

Tagging and feature extraction. This siep aims to extract
important features from Web pages and to tag a subset of
pages representing different types of business stakeholders.
Manual taggingllexicon creation is a process of identifying

a subset of Web pages and assigning these pages manually to
their respective Lypes, where the types are often predefined
using some taxonomies or classification schemes. Important
keywords that distinguish Weh pages into different types are
identified and stored in a fexicon for assisting in automatic
classification. Automatic parsing iries to obtain the struc-
ture of the content of the Web page from which features are
extracted, For example, an HTML page uses tags to indicate
such different types of Web coutent as headings, tables, and
metadata. Indexing is the process of exiracting terms (words
or phrases) from textual documents and associating these
terms with the documents. A list of stop words is typically
used to remove non-semantic-bearing terms (e.g., of, the, a),
which can be identified in the literature (e.g., van Rijsbergen,
1979). Feature selection extracts important textual, hyper-
link, and structural information from Web pages to support
classification, and can be done manually (with expert guid-
ance) or automatically (using machine-learning algorithms).
An example of a feature is a company name (e.g., Siebel,
ClearForest) appearing on a Web page. The results of this
step are features (e.g., terms and hyperlinks) and indexes {e.g.,
indicating which terms appear on which pages, showing the
stakeholder relationship between a business and its partner).
They provide more contextual information useful for auto-
matic classification. Noise in data is reduced significantly
from the previous step.

Automatic classification. The features and indexes extracted
from the previous step can be further analyzed and pro-
cessed to classify business stakeholders into their respective
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types, thus facilitating understanding of the competitive envi-
ronment. Algorithm selection identifies suitable methods to
perform the classification task, often based on the criteria of
classification accuracy and robustness of the methods. The
building classification model 1s a process for the selected
algorithms to learn automatically the association between
the extracted features and the types to which the pages
belong. The result of such learning is a classification model
that can be used to predict the types of new pages. Exper-
imental evaluation 1s a systematic procedure of assessing
the performance of the automatic classification algorithms,
often through comparison with such ground-truth alterna-
tives as human classification and different algorithms and
features. The measures used to judge the performance include
accuracy, efficiency, and user ratings.

Business Stakeholder Analyzer

To demonstrate the feasibility and usability of the frame-
work, we have developed a prototype called Business Stake-
holder Analyzer (BSA) that supports automatic identification
and classification of business stakeholders on the Web.
The following describes our application of the steps in the
framework to developing BSA.

Step 1: Intelligence gathering. We have collected Web
pages of business stakeholders of the top 100 knowledge-
management companies identified by the Knowledge
Management World Web site (McKellar, 2003; hitp:/fwww.
kmworld.com/), a major Web portal providing news, pub-
lications, online resources, and solutions to more than
51,000 subscribers in the knowledge-management-systems
market. To identify such stakeholders, we used the
backlink search function of the Google search engine
{http:/fwww.google.com/) to search for Web pages having
hyperlinks pointing to the companies’ Web sites. This method
has been successfully used to analyze the noncustomer online
communities of a company (Reid, 2003). To illustrate the
method, we can type “linkiwww.siebel.com”™ in Google’s
search box to find the Web pages pointing to Siebel’s Web
site (the host company). A relationship exists between Siebel
and the results because the hyperlinks imply underlying
stakeholder relationships with the company.

For each host company, we considered only the first 100
results returned from Google in order to limit the scope of
analysis. We removed results that came from the same host
company (i.e., self-links) and used only the first result, if more
than one result came from the same Web site (by recognizing
the domain name of the results’ URLs). After filtering, we
obtained 3,713 results in total. On average, we identified 37
stakeholders for each host company.

Among the stakeholders of the 100 host companies,
we selected those of nine companies as training examples
{(see Table 2} for building a domain lexicon and for training
the algorithms (discussed in the following sections). Sampled
randornly from all the host companies, this subset of nine
companies was therefore a representative sample of the 100

TABLE 2. Companies selected as training and testing examptes.

Company URL

Training examples

Autenomy http://www.autonomy.com
ClearForest hitp:/fwww.clearforest.com
Documentum http://www.documentum.com
Fujitsu Software http:/fwww.fsc.fujitsu.com
Information Builders http:/fwww.informaticnbailders.com

Plumtree http:/fwww.plumtree.com
SiteScape http://www.sitescape.com
TheBrain http:/fwww.thebrain.com
West Group http:/fwest.thomson.com

Testing examples

Applied Semantics
Computer Associates

http:/fwww.appliedsemantics.com
http:/fwww.cai.com

Dialog http:/fwww.dialog.com
Factiva http:/fwww.Factiva.com
Intelliseck http:/fwww.intelliseek.com
Kamoon http://www.kameon.com
Siebel http:/fwww.siebel.com
Stratify http:/fwww.stratify.com
Tacit Knowledge Systems http://fwww.tacit.com

WebMethods hitp:/fwww.webmethods.com

companies having close to 4,000 stakeholders. These 361
stakeholder pages of these nine companies were then auto-
matically spidered, parsed, and indexed to extract textual
terms.

Step 2: Tagging and feature extraction. An expert in busi-
ness intelligence helped us to create a domain lexicon to
include one-, two-, and three-word terms that were indica-
tive of business stakeholder types. With over thirty years of
information-systems experience, the expert holds doctoral
and master’s degrees in library science and a postgradu-
ate certificate in management information systems, and was

- president of the Society of Competitive Intelligence Profes-

sionals in a developed Asian country. The lexicon-creation
process involved generation of a list of stakeholder types and
extraction of terms that are indicative of these stakeholder
types, which are shown in Table 3, developed based on our
review surnmarized in Table 1. The expert manually filtered
out Web pages if (a} hyperlinks of host companies did not
exist in the pages, (b) they contained too little text (fewer than
20 words), or (c) they mainly contained non-English content.
This filtering resulted in 331 pages that were then used in
the manual tagging and lexicon creation. The lexicon terms
were extracted manually by the expert who read through
all the Web pages of the nine companies’ business stake-
holders. For example, terms such as news, newsletter, and
news archives are indicative of the media type. Terms such
as partner, alliances, and strategic partnership are indica-
tive of the partmer/supplier/sponsor type. After analyzing all
the pages, the expert extracted a total of 329 terms (67 one-
word terms, 84 two-word terms, and 178 three-word terms)
that would constitute our lexicon, The incorporation of expert
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TABLE 3. Stakeholder types used in manual tagging of Web pages.

Group Description Stakeholder type Number of training pages
Transactional (intérnal Actor that the eaterprise interacts with Partner/supplier/sponsor 88
environment) and nfluences Customer 13
Employee 7
Shareholder 3
Contextisal {external Distance actor that the enterprise has no Govemment i
environment) power or infiuence over Competitor . i
Community {(special interest groups} 52
Education/research institution 23
Media/reviewer 77
Portat creator/owner 59
Other Unknown Unknown 11

judgment into BSA development helped enrich the sources
used for classification, thus addressing the call for better uti-
lizing human knowledge in Web-page classification (Qi &
Davison, in press).

The expert also manually classified each of the stakeholder
pages of the nine companies into one of the 11 stake-
holder types listed in Table 3. Each Web page was reviewed
on the basis of terms and clues indicative of its type. If the
texts or HTML tags on a Web page did not carry prespecified
terms (those already in the domain lexicon) uniquely identi-
fying a stakeholder type, generic terms were assigned by the
expert on the basis of the manifest information of the Web
page. The expert conducted an iterative and labor-intensive
refinement process to ensure the consistency of outcomes,
which were used to guide the process of automatic classifica-
tion that used the manually classified Web pages as training
examples.

Additional filtering of the stakeholder pages was done
using a computer program and the aforementioned rules,
resulting in 283 Web pages used for training and feature
extraction. Two sets of features of business stakeholders’ Web
pages were selected to be input for automatic classification:
structural content features and textual content features. Struc-
tural content features represent occurrences of lexicon terms
indifferent parts of the Web page. Each structural content fea-
ture is a binary variable showing the occurrence (indicated
by a 1) or absence (indicated by a () of a lexicon term in a
part of a Web page. We have considered terms appearing in
three parts of a page: page title, extended anchor text (the
anchor text plus 50 words surrounding it), and page full text,
‘These parts have been successfully used in previous research
(Chung, Chen, & Nunamaker, 20035; Kwon & Lee, 2003;
Lee et al., 2002) because they can reflect the importance of
" the terms. So there are in total 987 (=3 x 329) structural
features. To identify such occurrences, an HTML parser auto-
~‘matically extracted all one-, two-, and three-word terms from
ithe pages’ full-text content. A list of 462 stop words was used
{0 remove non-semantic-bearing words (e.g., the, a, of, and).
Ysing HTML tags, the parser identified positions in which
the terms appeared on the page.

Figure 2 shows an example of the HTML source code and
a screen shot of the Web page of a business stakeholder of
ClearForest, a company that provides confent-management
software. The title is “David Schatsky: Search and Discov-
ery in the Post—Cold War Era.” The extended anchor text
includes “ClearForest™ and terms sarrounding it: “I just saw
ademo by” and “a company that provides tools for analyzing
unstructured textual information.” The parser automatically
checked the presence or absence of lexicon terms in the page
title, extended anchor text, and full text.

Textual content features are the frequencies of occurrences
of important one-, two-, and threg-word terms appearing in
the business stakeholder pages. By constdering terms appear-
ing in multiple categories of stakeholders, we modified the
thresholding method used in Glover et al. (2002) to select
important terms from a large number of extracted terms.
Figure 3 shows the formulae and procedure used in the
method. Terms with high feature ratios were selected as fea-
tures for classification. Through the procedure, we could
retain features that had high discriminating power among
the stakeholder categories. Examples of such selected terms
included portals, companies, knowledge, coalition of the,
portals research, building Web services, onlinetrade links to,
and system design. Features that rarely appeared in different
categories were removed automatically. The rationale behind
the procedure was to provide the algorithms with high-quality
features as input, thereby enhancing the performance of clas-
sification. Because of its statistical nature, we believed that
the selected features could help to differentiate the pages into
stakeholder types. This automated method also reduced the
need for labor-intensive human work.

Step 3: Awtomatic classification. Two machine-leaming
algorithms, feedforward/backpropagation neural network
and support vector machines (Cristianini & Shawe-Taylor,
2000; Vapnik, 1995), were used to classify business stake-
holder pages automatically into their respective stakeholder
types. Neural network (NN), a computing systern modeled
after the human brain’s meshlike network of interconnected
neurons, has been shown to be robust in classification
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<html><head>

<meta http-equiv="Content-Type"
content="text/html;
charset=isc-8859-1" />

<titlesDavid Schatsky: Search
and Discovery in the Post-Cold
War Era</titles

<p>I just saw a demo by <a href
= "http://www.clearforest . com"=
ClearForest, </a» a company
that provides tools for
analyzing unstructured textual
information. It's truly
amazing, and truly the search
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David Schatsky

1 just saw a demo by ClearForest, a company that provides tools for
analyzing unstructured textual information. 1¢'s truly amazing, and truly
the search tool for the post-Cold War era. Rather than cequiding
iaborious effort 1o constract takontmies by hand (which will incwvitably
be rigid and quickly become stale}, the pradust enables automatic
creation of taxonomies and discovery of relationships. Its semantic
analysis capabilities allow for queries sush as *Who are the peaple who
have some relationship to anyone who is speaking at 3 Jupiter
confsrance?” (ke the upcoming Jupiter Cenent Management
Conference .) The technology is naturally very attractive to
inteligence agencies, who are teday dealing with threats that are
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FIG. 2. A business stakeholder Web page of ClearForest.

Step 1: Suppose we have a classes of stakeholders and m features of Web pages. For each stakeholder class and a specific feature f;, calculate the feature
ratios (Ry, and Ry,} as follows:

where C; =Web pages inclass j[1 ... x]

Cj.s; = Web pages in class j that contain feature f; where i €[ .. . m)
G, ; = Web pages not in class / that contain feature f;

ffj =all the Web pages not belonging to class j

Step 2: Sort Ry, and Ry, For each sorted fist of Ry and Ry, select the top X features that have the highest values of the feature ratio, where X is
approximately the number of structural-content features (En our testbed, K was equal to 1000, which was close to the number of structural-content features
{=13 x 329 =987), because there were 329 terms in our domain lexicon and we considered 3 positions (title, extended anchor text, and full text) where
the terms would appear in Web pages). We try to assign equal importance between structural- and textual-content features because both types of content

Step 3: Remove duplicating features appearing in the two lists.

contribute equally to distinguishing the stakeholder classes. Then, two lists of features are obtained.

FIG.3. Formulae and procedure in the thresholding method.

and has wide applicability in different domains (Lippman,
1987) and Web-page filtering (Lee et al., 2002). Support vec-
tor machines (SVM}, a machine-learning algorithm that tries
to minimize structured risk in classification, has been suc-
cessfully applied to text categorization (Joachims, 1998) and
Web-page classification {Glover et al_, 2002).

Each stakeholder page was represented as a feature vector
containing 987 structural content features (binary variables
indicating whether certain lexicon terms appeared in the page
title, extended anchor text, and full text) and 1,297 texiual
content features (frequencies of occurrences of the selected
features). These features were selected from about 200,000
words and phrases (see above for the selection procedure) that

were extracted from the stakeholder Web pages and from the
many types of Web-page structural features that could be used
in the classification. We used the features of the stakeholder
pages of the nine selected companies to train the NN and
SVM algorithms. The neural network is characterized by an
input layer with 2,284 nodes (987 siructural content features
and 1,297 textual content features), a hidden layer with 1,148
nodes, and an output layer with 11 nodes (the 11 stakeholder
classes}. A single hidden layer was used in NN because it can
model any complex system with desired accuracy (Patuwo,
Hu, & Hung, 1993). To achieve high accuracy while avoid-
ing overfitting, we chose the average of the number of input
nodes and the number of output nodes to be the number of

66  JOURNAL OF THE AMERICAN SOCIETY FOR INFORMATION SCIENCE AND TECHNOLOGY—January 2009

DOI: 10.1002/asi




hidden nodes {Rich & Knight, 1991). Also, the NN algorithm
stopped when it had run for 100 epochs, which was chosen
based on empirical testing. For the SVM implementation,
we used the decomposition method for bound-constrained
SVM formulation proposed in Hsu & Lin (2002b) to per-
form multiclass classification. The capacity constant (C) for
running SVM was chosen to be 1, which was the default
value in the SVM package developed by Hsu and Lin
(2002a).

The model and weights obtained from the training were
used to predict the types of business stakeholder pages of the
10 testing companies that were randomly chosen from the
remaining host companies not used in the training. dataset
and are listed in Table 2. These stakeholder pages were man-
vally classified by the aforementioned Bl expert into their
respective types.

Discussion. Combining domain-expert knowledge and a
variety of information-collection, feature-selection, and clas-
sification techniques, the proposed framework tries to inte-
grate information technology into stakeholder theories and
frameworks to support stakeholder analysis and intelligence
gathering. The contributions and novelty of the frame-
work stem from three areas. First, the framework is to the
best of our knowledge the first attempt to address sys-
tematically the need for stakeholder classification on the
Web, thereby contributing to BI research and BI system
design. The intelligence-gathering process, consisting of
metasearching/metaspidering, domain spidering, and link
searching/spidering, is a nontypical way of collecting data
for stakeholder classification. Second, the feature-selection
technique combines a statistical approach with the use of
structural and textual features, thus capturing important infor-
mation from voluminous Web data and allowing the input
of valuable domain expertise. This new approach suitably
accommodates the specific needs of stakeholder analysis on
the Web. Third, the integration of intelligence collection and
automatic Web-page processing in classifying stakeholder
information is new. Instead of studying only text classifi-
cation, where many techniques have been developed, we
attempted to solve a new problem never addressed in pre-
vious literature. We believe that our collection of stakeholder
Web pages is more current than many existing classification
datasets (e.g., Reuters-21578, a commonly-used dataset for
text classification, was assembled in 1987—over two decades
ago), more relevant to stakeholder analysis, and more spe-
cific to Web analysis (as it contains not only textual but also
structural information).

A Sample Scenario

To illustrate the benefits of using the proposed frame-
work in business stakeholder analysis, we describe betow
a scenario of business-intelligence analysis and compare
the results of using the framework versus using a tradi-
tional manual approach. A business analyst from Siebel
(http:/fwww.siebel.com/) would like to formulate a strategic

plan on gathering business intelligence and managing vari-
ous interested parties of the company. He wants to know who
has an interest in the company and what type of interest it
is. A traditional approach to this stakeholder analysis would
be to gather information manually from many sources, such
as magazines, newspapers, government publications, and
expert advice. Then the analyst manually digests all the
collected information. He may use Web search engines to
help, but he needs to formulate all search queries and choose
search strategies based on his own knowledge. After getting
the information, he has to manually classify the various
parties into different stakeholder types to understand their
interests in the company.

Alternatively, the analyst can use the proposed frame-
work to obtain potential stakeholder Web pages automati-
cally through Web-mining methods; use machine learning
to read through the pages and generate analysis models;
and auntomatically classify the stakeholders into different
types. For example, from a hyperiink obtained by using the
framework (http://www.cic.com/partners/}, the analyst iden-
tifies that Communication Intelligence Corporation (CIC)
partners with Siebel to integrate e-signature technology for
sample delivery of regulated drugs. Based on the auto-
matic classification results, the analyst learns that CRM
Daily is a Web portal that has reported Siebel’s Universal
Application Network (http://www.crm-daily.com/peri/story/
20142.html). Also, the analyst finds that Siebel is one
of the over 400 original equipment manufacturers (OEM)
customers of Hummingbird, a leading enterprise-software
solution provider in the United States. These results
would have been obtained less efficiently and less accu-
rately had the analyst used a traditional manual approach.
Moreover, knowing these relationships would enable ana-
lysts and managers of Siebel to plan better for addressing
stakeholders’ needs and to capitalize on the relationships.
For example, Siebel’s analyst can further evaluate the perfor-
mance of Hummingbird’s software solutions to see whether
they should switch to another vendor or seek outsourcing
from other countries. Also, the analyst can further study
CRM Daily to find other Siebel competitors that may threaten
Siebel’s market-leading position. Similarly, the analyst can
study CIC’s Web site to learn about its other partners who
may compete with or have potential future relationships with
Siebel.

System Evaluation and Experimental Design

This section describes the methodology used to evalu-
ate the performance of the prototype developed based on
the framework. The evaluation objectives were to under-
stand the extent to which the prototype assisted in avtomatic
stakeholder classification and to gauge the performance lev-
els of different classification methods used by different
people {novices and practitioners). We explain below the
experimental design, hypothesis testing, and experimental
procedures.
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Experimental Design

The experiment consisted of comparison of classification
methods and a user evaluation study. In method comparison,
we compared the performance levels of three classifica-
tion methods: neural network (NN}, support vector machine
{SVM), and a baseline method. We created the baseline
method by randomly assigning the stakeholders into differ-
ent stakehoider types. This method served to indicate the
gain in effectiveness from our proposed framework, thereby
demonstrating the benefits of our framework and support-
ing a worst-case analysis deemed appropriate in evaluating
any automatic classification (Chen, Zhou, Hu, & Yoo, 2004).
Other examples of using baseline methods involving random-
ness can be found in Hisamitsu, Niwa, and Tsujii (2000)
and McGuffin, Bryson, and Jones (2001). To compare the
three methods (baseline, NN, SVM), stakeholder ‘pages of
the testing companies listed in Table 2 were classified with
each method independently. Then we compared their per-
formance levels, which were measured by the efficiency
(time used, in minutes), overall accuracy, and within-class
accuracy, defined as

Number of correctly classified
1 i stakeholders in sample i

Overall accuracy = —
i n Number of all classified
stakeholders in sample i

i=l

where n = number of stakeholder samples used for testing

Number of stakeholders correctly
Within-class accuracy _ classified as class x

{class x) Number of all stakeholders
belonging to class x

Because of the many classes involved in the classification,
we measured the accuracy, which can reflect more clearly the
classification performance than precision and recall, which
could provide as many as 242 pumbers (=2 metrics x 11
classes x 11 classes)—difficult to use to evaluate the overall
performance.

In the user evaluation study, we recruited two groups of
human subjects to perform manual stakeholder classifica-
tion (see Table 4 for their profiles). The first group consisted
of 36 undergraduate students, aged about 19 and recruited

TABLE 4. Subjects’ profiles,

from an introductory IS course in a major university in the
U.S. The second group consisted of 22 business practition-
ers from an MBA program in a U.S. university. On average,
participants in this group were about 35 years of age and
had 9.6 years of working experience in such positions as
marketing manager, director of medical organization, school
administrator, and manufacturing engineer. These two groups
of subjects were chosen to study how novices and practi-
tioners performed in stakeholder classification. Each subject
was iniroduced to stakeholder analysis and was asked to use
our prototype, “Business Stakeholder Analyzer (BSA),” 1o
browse companies” stakeholder lists.

For each subject group, we randomly selected three com-
panies (Intelliseek, Siebel, and WebMethods) from the testing
companics (see Table 2) to be the targets of analysis. Each
subject was randoruly assigned one of these three companies’
10 stakeholder pages to perform classification. Because all
the companies in our sample were well established in the KM
market, we assumed no significant difference in the difficulty
of classifying different companies’ stakeholder pages. Using
a small random sample of the testing companies’ stakeholder
pages enabled the subjects to finish classifying all assigned
stakeholder pages within the limited experimental time frame
(less than an hour), while ensuring that the stakeholder pages
assigned to each subject properly represented the popula-
tion of testing companies’ stakeholders and were statistically
comparable to the pages used in machine classification. We
also assumed that subjects in each group were not experts
in stakeholder analysis, thus avoiding any unfair outcomes.
Figure 4 shows screen shots of BSA and of the stakeholders
of Sicbel. The subject could find definitions of the stakehold-
ers from BSA’s front page and was also provided with a paper
copy of the stakeholder [ist. Their task was to classify the 10
stakeholders into their respective stakeholder types. Upon fin-
ishing the task, the subject filled in a poststudy questionnaire
to provide demographic information and to rate their percep-
tion on various aspects of the framework on a seven-point
Likert scale.

To study the extent to which the subjects agreed with
each other in stakeholder classification, we measured the
intersubject agreement ratio. This measure helped us to
understand the reliability of the subjects’ classification per-
formance. Reliability can be considered as the ratio of the
true level of the measure to the entire measure (Trochim,
2001). As our measurement consisted of categories, we calcu-
lated the agreement ratio, a widely used estimate of reliability

Pimension Student subjects

Practitioner subjects

Computer usage 15-20 hours per week on average
Gender 18 males, 18 females

Education 32 undergraduate students, 2 with associate’s
degree, 2 with bachelor’s degree
Age 31 subjects aged between 18 and 25; 3 subjects aged

between 26 and 30; 2 subjects aged between 31 and 35

30 hours per week on average

19 males, 3 females

4 subjects with associate’s degree, 16 with bachelor’s
degree, 1 with master’s degree, [ with doctoral degree

5 subjects aged between 18 and 25; 9 subjects aged between 26 and 30;
4 subjects aged between 31 and 35; 2 subjects aged between 36 and
40; 2 subjects aged between 51 and 60
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FIG. 4. Business Stakeholder Analyzer.

(Perreault & Leigh, 1989), between pairs of subjects to
estimate interrater reliability, as shown in the following
formula:

Number of agreements between
a pair of subjects

Agreement ratio (Py) =
& (Fa) Total number of judgments

compared between the subjects

For each possible pairwise combination of subjects among
those assigned to the same selected company, we calculated
the agreement ratio (P,). The overall reliability was estimated
by averaging the ratios (weighted by the number of all pos-
sible pairwise combinations among subjects assigned to a
company) across the three selected companies in a group of
subjects. For the undergraduate student subjects, 12 subjects
were assigned to each of the three selected companies. For
the practitioner subjects, 6 subjects were assigned to Intel-
liseek, 8 subjects were assigned to Siebel, and 8 subjects
were assigned to WebMethods.

Hypotheses and Fxperimental Procedures

Table 5 shows the two groups of 10 hypotheses tested in
this study. The first group (H1-H2)} hypothesized that the

JOURNAL OF THE AMERICAN SOCIETY FOR INFORMATION SCIENCE AND TECHNOLOGY—January 2009

two algorithms (NN and SVM) would perform better than
the baseline method because both algorithms incorporated
human knowledge and machine-learning capability into the
classification, thereby adding value to business stakeholder
analysis. To test the hypotheses, we created 30 sets of stake-
holder pages by a random selection of stakeholder pages of
the testing companies. Each set consists of 5 stakeholder
pages on which the classification methods made predic-
tions. The 30 sets of pages served as different classification
scenarios to test the methods’ performances.

The second group (H3-H4) hypothesized that human
Judgment in stakeholder classification would achieve effec-
tiveness similar to that of automatic classification, but that
the former is less efficient. The rationale was that both clas-
sification algorithms and hwman analysts could make use
of the Web page’s textual and structural content in classi-
fying stakeholders. However, humans would require more
time to understand and process the information. In all four
hypotheses, effectiveness was measured by the overall clas-
sification accuracy defined above. Efficiency was measured
by the time used in classification. To maintain a fair compar-
ison, we did not consider the time used in training (because
human subjects took a significantly longer time in acquiring
classification knowledge than machine-learning algorithms,
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TABLE 5. Hypotheses tested in this study.

Method comparison

Hla-c: NN achieves higher affectiveness than the baseline method (a) whea structural content features are used; (b) when textual content features are used:

(c) when both features are used.

H2a—c: SVM achieves higher effectiveness than the baseline method (&) when structural content features are used; (b} when textual content features are used;

{c) when both features are used.

Comparing with kuman judgment

H3a-b: Human judgment in stakeholder classification (a) achieves similar effe
(b) is less efficient than using NN (with both structural and textual content

cliveness to using NN (with both structural and textual content features);
features).

H4a-b: Human judgment in stakeholder classification (a) achieves similar effectiveness to using SVM (with both structural and textual content features);
(b) is less efficient than using SVM (with both structural and textual content features).

TABLE 6. Results of hypothesis testing.

Hypothesis! Mean hY)] Mean hYs) p-value Supported?
NN Baseline
Hla 0.50 0.25 0.08 0.15 0.00 Yes
Hib 0.31 0.21 0.08 0.15 0.00 Yes
Hle 0.19 0.16 0.08 0.15 .01 Yes
SVM Baseline
H2a .25 0.23 0.08 .15 .02 Yes
H2b 0.43 0.24 0.08 0.15 0.00 Yes
H2¢ 0.44 0.24 0.08 0.15 0.00 Yes
Human NN (in H3)/SVM (in H4)
§? p? 5 P
H3a 0.56 0.53 0.20 0.22 0.33 0.10 0.00 No
H3b? 21.68 22.31 7.81 6.91 0.33 0.00 0.00 Yes
Hda 0.56 .53 0.20 022 043 0.10 0.0¢ No
H4b? 21.68 2231 7.81 6.91 0.017 0.00 0.00 Yes

!Effectiveness, ranging from 0 to 1, was measured by the overall accuracy.

2For hypotheses H3b and Hdb, efficiency was measured by the time used (in minutes).

Bugn Iepresents student subjects and “P” represents practitioner subjects.

which spent on average a few seconds to less than a minute
on {raining).

Experimental Results and Discussion

This section reports and discusses the findings of our
study. Table 4 summarizes subjects’ profiles Table 6 pro-
vides the results of hypothesis testing. Table 7 lists the
within-class accuracies achieved by different methods (NN,
SVM, baseline, and human judgment). We also discuss sub-
jects’ comments, feedback, and intersubject classification
reliability.

Effectiveness of BSA

The results of testing hypotheses Hla—c and H2a-c
were all positive, confirming our belief that the use of the
stakeholder classification framework would outperform
the baseline method significantly. The framework has
integrated human knowledge with machine-learned infor-
mation related to stakeholder types. Automatic Web-page

classification of business stakeholder pages could alleviate
information overload and make analysis more effective. The
experimental findings showed that the performance of BSA
was significantly better than the baseline method, We there-
fore conclude that it is promising to apply the framework to
automating business stakeholder analysis on the Web.

To our surprise, we found that different feature sets yielded
different performances of the algorithms. Structural content
features enabled NN to achieve significantly better effective-
ness than textual content features. On the other hand, textual
content features enabled SVM to achieve significantly better
effectiveness than structural content features. Furthermore, a
combination of the two feature sets made NN less effective
than using any one set alone. Future research can explore this
issue further by studying the effect of features and the nature
of algorithms,

Comparing BSA with Human Judgment

Overall accuracy. H3aand H4a were the only two hypothe-
ses {out of 10) not confirmed, indicating that humans were
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TABLE 7. Within-class accuracies achieved by different methods.

NN SVvM
Stakeholder Frequency of Frequency of
type occurrences  Structural  Textual  Combined  Structural  Textual  Combined B2 occurrences 52 p?
Partners/suppliers/ 37 0.62 0.86 0.70 0.97 0.97 0.97 G.08 156 0.65 062
SpONSors
Customers 4 4] 4] 0.25 Q 0 0 0 24 042 021
Employees 3 0 0 0 0 0 o 0 0 - -
Shareholders 2 0 0 0 0 0 0 I 0 - -
Government 1 0 0 0 O 0 [¢] 0 ] - -
Competitors' 0 0 0 0 0 0 0 0 0 - -
Comununities 15 ¢ 0 0 0 0.27 0.27 G.13 0 - —
Education/Research 6 0 0 0.17 0 0 0 0.17 12 17 033
institutions -
Media/Reviewer 51 0.69 0.22 0 0 0.33 0.33 0.04 108 056 0.52
Portal 23 0.52 0 0 0 (.22 0.22 0.13 &0 046 034
Unknown 1 0 0 0 0 4] 0 0 0 - -
Average 13 0.17 0.10 0.10 0.09 0.16 0.16 0.05 327 045 040
Overall accuracy - 0.50 0.31 0.19 0.25 0.43 0.44 0.08 - 0.56¢ 0.53

INo stakeholder belonging to the type “competitor” was found.

28" stands for baseline method, “S™ stands for undergraduate student subjects, and “P" stands for practitioner subjects.

in general more effective in the classification. We found
that humans (students and practitioners) achieved the high-
est overall accuracy (0.56 and 0.53 respectively) among the
sampled stakeholder types, while the best automatic method
achieved a 0.5 overall accuracy. We believe that humans may
rely on more clues in performing classification (e.g., con-
textual factors, graphics and other media on Web pages, and
combinations of these). By using their experience in Internet
browsing and searching and their domain knowledge, humans
also could narrow down the potential types to which a stake-
holder might belong. In contrast, the algorithms lacked such
rich experience to aid classification.

Within-class accuracy. Taking a closer look at the within-
class accuracies, we found that both NN and SVM outper-
formed humans in classifying some widespread stakeholder
types. The within-class accuracies achieved by different
methods are shown in Table 7, in which we also show the
performance of the two algorithms when different types
of features were used (textual, structural, and combined).
SVM (using textual or combined features) achieved the
best within-class accuracies for the partner/sponsor/supplier
{0.97) and community (0.27) types. NN (structural) achieved
the best within-class accuracies for the mediafreviewer
{0.69) and portal (0.52) types. These stakeholder types
were among the most frequently occurring. In contrast,
humans achieved lower within-class accuracies in all these
types. Nevertheless, humans achieved the best within-class
accuracies for the customer type (0.42, by student sub-
jects) and educational/research institution type (0.33, by

- Professional subjects), probably because humans could rely

.. on their experiences as customers and were familiar with
. educational/research Web sites. Therefore, we conclude
that humans achieved significantly higher overall accy-
facy than the two algorithms, but performed less weil

than the algorithms in classifying stakeholder types that
occur frequently in the dataset. This result indicates
that the proposed framework can yield favorable
within-class accuracies in classes where sufficient stake-
holder instances exist. As a future direction, we plan to
increase the size of the dataset to enhance the within-class
accuracies in all the classes.

Although both the overall accuracies and within-class
accuracies achieved by humans and algorithms were below
100%, these accuracies were significantly higher those
achieved by the baseline method, imdicating the actual gains
from using the framework.

Hypotheses H3b and H3d were supported, demonstrat-
ing the high efficiency of using BSA to facilitate stakeholder
analysis. The subjects took an average of 22 minutes to fin-
ish the task. Their times to completion varied a lot, ranging
from the longest time of 42 minutes to the shortest of 11
minutes. In contrast, the machine-learning algorithms took
from a few seconds to less than a minute to finish the clas-
sification. Such encouraging results led us to conclude that
the framework could si gnificantly augment huran work. We
believe that the framework has the potential to assist human
analysts to automate part of their stakeholder-analysis work,
thus allowing them to focus more on other value-added tasks.

As the neural-network algorithm achieved lower accura-
cies when both textual and structural features were used than
when only one of these two types of features was used, it
would be an interesting future study to identify the optimat
number and types of features to use in the algorithm to achieve
the best performance.

Intersubject Agreement

Subjects agreed with each other in approximately 40%
of their judgments, even though each subject had to
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independently choose from as many as 11 stakeholder types
and to assign only one of these types to each stakeholder
page. This agreement level is high considering their lack of
experience and the multitude of stakeholder pages they had to
classify within a short time. The student and practitioner sub-
jects achieved similar average agreement ratios (40.15% and
40.14% respectively), indicating that their judgments served
as a good benchmark to compare against BSA.

Users’ Subjective Comments

Strong preferences toward an automatic approach to busi-
ness stakeholder analysis were found in the vser study. The
proposed framework was perceived to be necessary to allevi-
ate information overload on the Web (student rating — 2.28,
practitioner rating =2.00, where 1=Strongly agree, and
7 =Strongly disagree) and to help business analysts iden-
tify and classify business relationships (student rating = 2.03,
practitioner rating = 1.91). The subjects showed an over-
whelming agreement on the statement that the frame-
work would save the time of business analysts (student
rating = 1.64, practitioner rating = 1.59). None of the sub-
jects gave a rating of 6 or 7 (Strongly disagree) to any of
the three statements. Many subjects provided favorable com-
ments. The student subjects’ comments include:\ “Tt would
be very helpful?” and “I want to use it.” A practitioner sub-
Jject said, “Automation of this process is definitely beneficial
to business analysts. Time is money and this process would
save a lot of it.” Another practitioner subject agreed that the
framework “uses fewer resources and allows an analyst to
get more details using the Web.” One subject said, “It would
allow for a better perception of a company’s product since
blogs are an important source of public refations (informa-
tion).” From these results, we conclude that the framework
was perceived very favorably as helping business analysts
identify and classify stakeholders. Tt also confirmed our
belief that the framework can support business stakeholder
analysis.

Conclusions and Future Directions

As the Web is used increasingly to share and disseminate
company and industry information, understanding stake-
holder relationships has become an important area of business
analysis. However, the large number of stakeholder classes
and their voluminous information on the Web hinder this
understanding. In this article, we have proposed a framework
for designing BI systems to identify and classify stakeholders
on the Web. Human expert knowledge and machine-learned
information about business stakeholders have been integrated
to enable effective and efficient analysis. Based on the frame-
work, we have developed a business stakeholder analysis
prototype (BSA) that supports stakeholder analysis on the
Web. Results of our experiment involving method com-
parison and user evaluation showed that BSA significantly
outperformed a baseline method and achieved the highest

within-class accuracies in classifying frequently appearing
stakeholder types, while humans achieved the highest over-
all accuracy. Subjects in our user study strongly agreed that
the framework would save business analysts’ time and help
in stakeholder analysis. There is a strong potential to use the
framework to augment traditional stakeholder classification,
as shown in the scenario described above. This research thus
contributes to developing a useful framework for design-
ing BI systems to identify and classify stakeholders on the
Web, providing an example of integrating information tech-
nology with traditional stakeholder theories, and enriching
the knowiedge base of Bl research and system design. The
algorithin for stakeholder feature selection and its application
are new. The use of expert domain knowledge and Web-
page anchor text in BSA development directly addresses
recommendations for future work in Web classification (Qi &
Davison, in press).

This research has several limitations. Because some stake-
holder types do not appear frequently in our training data
{e.g., competitors, government, and shareholders), the clas-
sification algorithms might not have modeled these types
accurately. The results would have been better if more train-
ing data with a wider distribution of stakeholder types were
available. Also, the sizes of training and testing data prevented
us from testing our framework in a more comprehensive man-
ner. The classification accuracy would have been improved
if a larger dataset were used. The use of Google to identify
stakeholder Web pages might have limited our scope of data
collection. On the other hand, despite expert participation in
lexicon creation and Web-page tagging, the knowledge used
for stakeholder classification was still limited and could have
been better acquired had more experts participated in trian-
gulating their views to improve the quality of the lexicon and
tagging.

As classification is a beginning step in business stake-
holder analysis, a promising future direction is to automate
the next steps of such analysis. With more expert participation
and more Web-page data, type-specific stakeholder analy-
sis can be performed. For example, partner relationships are
often important in developing business strategies. Gaining
more specific knowledge about such relationships through
automatic approaches is expected to help. Other potential
sources for intelligence gathering include blogs, Web sites
that support user interaction, and social-networking sites. In
addition, stakeholder relationships form patterns over time,
Tracing such patterns with automatic techniques such as visu-
alization is likely to uncover knowledge about the competitive
environment. Automating part of the lexicon-building pro-
cess can help save the time and effort put into building
it mannally. Another future direction is automating cross-
regional business stakeholder analysis and domain-specific
stakeholderanalysis. Multinational business partnerships and
cooperation in specific domains can be analyzed through
explicit information posted on the Web, whichis used increas-
ingly by non-English speakers around the world (Chung,
2008b). Related stakeholder theories and human-computer
interaction issues can be explored.
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