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1. INTRODUCTION

The third computing revolution is characterised by the emergence of a new
way of doing business: the dot com company. The objective of acompany inthis
new economy continues to be the same as the objective of atraditional company:
to make profit for its shareholders. Thetraditional inputs that are required in the
production process, the four m’s (men, machines, money and materials), are no
longer sufficient to describe a dot com company. In the dot com company new
inputs in the form of intangible assets assume a fundamental role. Many recent
papers have dealt with this sector of activity: Higson and Briginshaw (2000),
Schwartz and Moon (2000) Trueman et a (2000 and 2001), Demers and Lev
(2001), Damoradan (2001), Davila and Venkatachalam (2001), Hand (2001),
Bartov et al (2002), and Davis (2002).

Intangible assets are particularly important in the dot com world. Theseinclude
such diverse terms as intellectual capital, human capital, internal organisation,
customer loyalty, brand names, etc. It is, therefore, important to acknowledge
and value such intangible assets, both to improve internal decision making, and
to prove its potential to the outside world. Thus, new indicators need to be
developed to complement traditional measures of performance based only on
financial information. Pioneering work in the study of intangible assets and
intellectual capital has been done by Brooking (1996), Sveiby (1997), Edvinsson
and Malone (1997), and Stewart (1998). In parallel with these theoretical studies,
there have been many reports of empirical work on intangible assets. Examples
areAmir and Lev (1996), Aboody and Lev (1998), Barth and Clinch (1998), Lev
(1999), Kristen and Gregory (1999), and Deng et al. (1999).

When anew line of business appears in the market, particularly one with low
barriers of entry, many companies are formed at the early stages but few reach
maturity. Take, for example, the automotive business, which emerged at the end
of the nineteenth century. Out of the hundreds of new firms created at that time
one could name Benz, Panhard, Mors, and Renault. Some of these are till
household names, but most went by the roadside. To have agood product is not
enough to guarantee survival. Who would have predicted the disappearance of a
mythical name such as Hispano-Suiza or Oldsmabile?. Now, one hundred years
later, half a dozen players hold most of the motorcar market. A similar dynamic
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istaking placein the Internet world: many firms have emerged, some havefailed,
many will go, and, probably, only afew will survive.

This paper will attempt to identify and measure intangible assets on the basis
of financial and non-financial information. To do this, we need to identify the
relevant non-financial information in adot com company. Thisis an aspect that
has been recently studied; examples are Amir and Lev (1996) in the wireless
communications industry; Hand (2001) in U.S. Internet Stocks; and Jorion and
Talmor (2001) inemerging industries. Intangible assets, however, may not explain
all irregular behaviour. Lev (2002) argues that Enron’s failure, requires more
than their presence or absence.

Dot com companies are very young, and there has not been enough time to
develop ahistory of useful financial data. Thisiswhere non-financial indicators
become important. Some non-financial performance indicators have been
proposed. Non-financial indicatorsinthedot comworld areusually “web metrics’.
Some empirical studies that have concentrated on the relevance of web metrics
areHand (2001), Damoradan (2001), Alpar et a. (2001), Davilaand Venkatachalam
(2001) and Keating et al. (2003). Examples of web metrics are the number of
“uniquevisitors’, “pagehits’, or “reach”. Theseindicatorswill be defined bel ow.
Some of these indicators are really trying to measure intangible assets such as
brand name, potential customersor loyalty. Isthereaway of measuring intangible
assetsor, at least, of ordering companiesaccordingto thelevel of certain intangible
assets?.

A related set of questions relates to the efficiency with which inputsin a dot
com company are converted into output. This was explored by means of Data
Envelopment Analysis (DEA), a Linear Programming based approach to
comparative efficiency measurement (Norman and Stocker, 1991).

This study will use accounting information, traffic measures, and ratios that
combine both on a sample of 40 dot com companies in order to identify some
intangible assets. Section 2.1 describesthe sample and itscharacteristics. Section
2.2 isdevoted to the variablesincluded and al so containsadiscussion onindicators
of Internet traffic intensity. Section 2.3 givesasummary account of DEA efficiency
modelling. Section 3 reportstheanalysis, which isbased on multivariate statistical
methods; multidimensional scaling (MDS) and property fitting techniques (PF).
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These tools will serve to convert observable variables into measurements of
intangible factors. A conclusion section compl etes the paper.

2. MEASURING DEA EFFICIENCY IN INTERNET
COMPANIES

This section concentrates on the study of efficiency in dot com firms using
Data Envelopment Analysis (DEA). An important decision in DEA modelling is
the selection of inputs and outputs that are included in the specification. In this
paper, financial and business information are used as inputs and web metrics are
used as outputs in the assessment of efficiency.

2.1. Firmsinthesample

To be included in the sample, companies had to satisfy three conditions: (1)
have avail ablerelevant web traffic measurements, (2) belisted on the stock market
as an Internet company, and (3) file a 10-K with the Securities Exchange
Commission (SEC).

It is not always easy to assess if a company belongs to the Internet sector.
This can be established using several criteria such asthe origin of the revenues—
commissions, advertising revenues, on line sales-, the nature of business—which
expands from Internet portals to E-tailers-, or taking into account the nature of
thecommercial partners-some operate from businessto business, or “B2B”; other,
from business to consumer, or “B2C”-. Some firms do not operate at all in the
Internet. These are known as “Brick and Mortar”. Other firms, known as “Pure
Players’ operate solely in the Internet. Many, however, are some way between
these two extremes, “Brick and Click”.

Even within firms devoted to Internet business, it is possible to identify many
e-business models. The Internet Stock List, whose web address is (http://
www.internetstocklist.com), classifies net firms into a series of categories such
as. Search/portals, gatewaysto the Internet, which obtain finance from advertising;
Content/community, which try to cater for individuals with shared interests,
sometimes financed through advertising revenues and sometimes through
membership fees; E-tailers, which engagein retail salesthrough the net; Financial
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services via the Internet; E-commerce enablers, which sell software enabling
electronic commerce; Security, specialising in software for electronic security;
Performance software, which also specialise in software for the net; Internet
services, specialising in services such asweb site hosting; Advertising, specialists
in marketing through the net; Consultants/designers, providing consultancy on
Internet matters; Speed/bandwidth, concerned with improved net performance;
ISP, provide Internet access. These groups can be really further classified into
three kinds of companies: those that provide the basic infrastructure for the net,
those that provide contentsfor websites, and those that try to sell through the net.

The first condition for inclusion in the sample of companies was that the
company should belong to the Internet sector and that it should have available
web traffic measurements (web metrics). Demersand Lev (2001) argue that web
metrics play animportant economic rolein e-tail, content/communities, financial
news/services, portal and services. In this paper, only three areas of Internet
activitieshave beenincluded: e-tail, content/communities, and search/portals. Web
metrics plays an important economic rolein all three. Can these areas of activity
be treated as being equivalent or are there differences between them on the basis
of the chosen variables?. Such web traffic indicators are collected, processed,
and published by several digital mediaaudiencefirms. Web metricswere obtained
from Pcdataonline.com, which istoday known as NetScore®, an Internet Traffic
Measurement Service from comScore, a leading firm in audience measurement
(http://www.comscore.com) NetScore® uses panel-based methods to obtain the
data, and claimsthat its panelsinclude over 1.5 million people. The datacontains
observations for each company on 31st March. March was chosen in order to
avoid end of year effectsrelating to the holiday period of Christmas and the New
Year. It has the further advantage of linking with financial information, which
tends to be published around these dates.

The second condition for inclusion in the sample is to be listed on the stock
exchange. This was found by checking with the Internet Stock List (http:/
www.internetstocklist.com).

The third condition was that accounting information should be available.
Annual reports and accounts were collected from the Securities and Exchange
Commission, (http://www.sec.gov).
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A total of 40 firms were found to meet all the required conditions. For alist
of the companiesinvolved see Table 1. Table 1 showsthe stock exchange ticker,
the area of activity according to the Standard Industrial Classification (SIC), and

the web address for the company.

Ticker Web address SIC CODE Efficiency
ADBL | http://www.audible.com SIC-7389 Business Services 8%
AHWYQ| http://www.audiohighway.com | SIC-7374 Computer Processing 35%
ALOY | http://www.alloy.com SIC-5961 Catalog & Mail-Order Houses 21%
AMEN | http://www.crosswalk.com SIC-7371 Computer Programming Services 12%
AMZN http://www.amazon.com SIC-5961 Catalog & Mail-Order Houses 8%
ASKJ http://www.ask.com SIC-7389 Business Services 100%
BGST http://www.bigstar.com SIC-5961 Catalog & Mail-Order Houses 31%
BNBN | http://www.barnesandnoble.com | SIC-5735 Retail-Record & Prerecorded Tape Stores 16%
BOUT | http://www.about.com SIC-7370 Services-Computer Programming 99%
BUYX | http://www.buy.com SIC-5734 Computer & Computer Software Stores 18%
CDNW | http:/Avww.cdnow.com SIC-5735 Record & Prerecorded Tape Stores 34%
CNET http:/Avww.cnet.com SIC-7812 Motion Picture and Video Tape Prod. 42%
EBAY http:/Awww.ebay.com SIC-7389 Business Services 100%
EDGR | http://www.edgaronline.com SIC-7389 Business Services 13%
EGGS | http://www.egghead.com SIC-5961 Catalog & Mail-Order Houses 8%
FASH http://www.fashionmall.com SIC-5949 Sewing, Needlework 17%
FATB http://www.fatbrain.com SIC-5990 Retail Stores 3%
GOTO | http://www.goto.com SIC-7389 Business Services 65%
HITS http:/Awww.musicmaker.com SIC-5961 Retail-Catalog & Mail-Order Houses 10%
INSW http://www.insweb.com SIC-7389 Business Services 20%
IVIL http:/Awww.ivillage.com SIC-2721 Periodicals, Paper 17%
KOOP | http://www.drkoop.com SIC-8090 Miscellaneous Health and Allied Services 42%
LFMN | http://www.lifeminders.com SIC-7389 Services-Business Services 100%
LOOK | http://www.looksmart.com SIC-7374 Computer Processing and Data Prep. 39%
MCNS | http://www.mediconsult.com SIC-7310 Services-Advertising 9%
MKTW | http://www.marketwatch.com SIC-7374 Computer Processing and Data Prep. 29%
MQST | http://www.mapquest.com SIC-7374 Computer Processing and Data Prep. 97%
MTHR | http://www.mothernature.com SIC-5412 Retail-Convenience Stores 27%
NBCI http://www.nbci.com SIC-7389 Business Services 9%
ONHN | http:/my.webmd.com SIC-7372 Services-Prepackaged Software 100%
SPLN http://www.sportsline.com SIC-7374 Computer Processing and Data Prep. 34%
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SWBD | http://www.switchboard.com SIC-7389 Services-Business Services 98%
TGLO http://www.theglobe.com SIC-7310 Services-Advertising 47%
TMCS | http://www.ticketmaster.com SIC-7990 Services-Miscellaneous Amusement 17%
TSCM http://www.thestreet.com SIC-2711 Newspapers: Publishing or Publishing 12%
TVLY http://www.travel ocity.com SIC-6770 Blank Checks 100%
UBID http://www.ubid.com SIC-5961 Retail-Catalog & Mail-Order Houses 29%
UPRO | http://www.uproar.com SIC-7374 Computer Processing and Data Prep. 100%
WOMN | http://www.women.com SIC-2741 Miscellaneous Publishing 39%
YHOO | http://www.yahoo.com SIC-7373 Services-Computer Integrated Sys. Design 100%

Table 1. Companies in the sample. DEA efficiency estimates.

2.2. Variablesin the model

From NetScore®, information was obtained on reach, page hits, uniquevisitors,
and time spent. These variables are defined by NetScore® as follows.

“Reach: Measures the proportion of Internet-using machines visiting a given
domain. It is expressed as the total number of machines visiting the specified
domain divided by the number of machinesvisiting any site on the Internet over
the analysis period.

Page Hits: Measures the opportunity for a page to appear in a browser window
asadirect result of avisitor’s interaction with awebsite.

Unique Visitors: Provides an unduplicated count of all individually identified
machines that made a visit to a selected domain during a given analysis period.

Time Spent: Measured in seconds, the el apsed time between the first page request
at adomain and the last page request at the same domain within a given visit.”

Reach was used directly asavariablein the study (V1). Three other variables
were obtained by forming ratios. Their definitions, in the words of NetScore®,
are:

Pages per Visitor (V2), “calculated by dividing the total number of page hits
at a specific domain by the number of unique visitors to that domain during the
analysis period”.

Seconds per Visitor (V3), “calculated by dividing the sum of the elapsed time
between the first page request at a domain and the last page request at the same
domain acrossall visits by the number of unique visitorsto the domain during the

analysis period”.
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Seconds per Page (V4), “calculated by dividing the sum of the elapsed time
between the first page request at a domain and the last page request at the same
domain across al visits by the number of visitsto the domain during the analysis

period”.

Besides these three web metrics, other information was included in the data
set. Variables 5 to 34 combine data obtained from NetScore® with information
from the balance sheet and the profit and loss accounts. The particular accounting
items used are: revenues, selling and marketing expenses, gross profit, cash flow,
number of employees, total assets, total operating expenses, total liabilities, and
R& D expenses. See Table 2 for the completelist of variablesand their definitions
and descriptive statistical information about the variables used in this study.

Average  Median  Minimum Maximum  StdDev  Skewness Kurtosis
V1 Reach 8.18 5.35 0.30 58.60 10.19 3.3 15.08
V2 Page Hits per isitor 46.95 25,51 5.58 531.60 89.83 474 23.66
V3 Avg. time spent per visitor 1159.35  677.00 122.00 9349.00 1865.27  3.80 14.48
V4 Avg. time spent per page 26.43 22.00 14.00 69.00 12.59 155 241
V5 Reach/Number of Employees 2.69 178 0.09 11.56 2.85 185 314
V6 Revenues/Reach 21312 70.87 3.28 1932.89 43317 3.10 9.23
V7 Reach/Sdlling & Marketing Expenses |0.02 0.01 0.00 0.05 0.01 115 0.66
V8 Gross Profit/Reach -137.83  -93.80 -1008.97  429.45 220.33 -1.49 6.17
V9 Reach/Cash Flow 0.03 0.02 0.00 0.11 0.03 173 2.01
V10 Reach/Total Assets 0.01 0.00 0.00 0.05 0.01 248 6.33
V11 Reach/R&D Expenses 011 0.06 0.00 0.57 0.13 2.22 484
V12 Reach/Total Operating Expenses 0.01 0.01 0.00 0.03 0.01 117 021
V13 Reach/Total Liahilities 0.03 0.02 0.00 0.23 0.04 2.82 10.61
V14 Unigue VisitorsNumber of Employees| 18.20 12.05 0.54 78.16 19.22 185 315
V15 Revenues /Unique Misitors 32.06 10.26 0.49 291.29 65.40 3.07 8.97
V16 Unique Vistorg/'Selling & Marketing |0.12 0.10 0.01 0.37 0.09 114 0.64
V17 Gross Profit/Unique Misitors -20.65 -13.68 -161.87  63.68 33.87 -1.78 7.62
V18 Unigue Visitorg/Cash Flow 0.18 0.11 0.01 0.76 0.22 173 2.03
V19 Unique Visitorg/Total Assets 0.05 0.02 0.00 0.36 0.08 2.46 6.17
V20 Unique VisitordR& D Expenses 0.75 0.37 0.03 3.86 0.91 2.23 490
V21 Unigue Visitorg/Total Operating Exp. |0.07 0.05 0.00 021 0.06 116 0.20
V22 Unique Visitorg/Total Liabilities 0.23 0.12 0.00 157 0.29 2.80 10.51
/23 Page HitsNumber of Employees 74722 368.05 9.78 6154.63 130598 340 11.94
V24 Revenues/Page Hits 1.07 0.32 0.03 10.36 2.02 3.36 12.33
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V25 Page Hits/Sdlling & Marketing 6.46 2.50 0.14 7751 14.14 424 18.76
V26 Gross Profit/Page Hits -1.22 -0.51 -8.87 1.76 2.23 -2.48 6.12
/27 Page Hits/Cash Flow 6.83 2.34 0.14 4114 10.07 221 4.39
/28 Page Hits/Total Assets 1.96 0.66 0.02 17.01 3.36 2.92 9.94
V29 Page Hits/R&D Expenses 33.65 12.05 0.45 300.21 62.01 3.16 10.51
V30 Page Hits/Total Operating Expenses | 3.51 123 0.09 43.75 7.79 434 20.10
V31 Page Hits/Total Liabilities 8.54 318 0.08 64.47 14.37 2.99 8.83
V32 Revenues'Hours 15131 42.39 2.39 1126.13 243.27 2.62 7.19
V33 Gross Profit/Hours -184.40  -93.50 -192519  224.36 367.75 -341 13.69
/34 Hourg/Total Operating Expenses 0.02 0.01 0.00 0.21 0.05 340 11.66

Table 2. Descriptive statistical information on the variables used in this study

In this paper, web metrics are treated as the outputs of a dot com company,
since all these firms aim at making an impact on the Internet. In order to make
such an impact, dot coms have liahbilities, employ staff, engagein research, spend
on marketing, etc. Asaresult of such way of operating, they obtain revenues and
profit. Ratios5to 34 are, in away, measuring productivity and efficiency in the
sense that they relate accounting information to web impact. However, what dot
coms aim to achieve depends on the type of activity in which they engage. For
example, an internet portal, whose main source of income is publicity (banners)
is crucialy interested in page hits; while a community services site would be
more interested in obtaining many unique visitors, as its popularity would bring
with it advertising sponsorship or membership fees. Attracting visitorsto itsweb
siteisalso important for an e-tailer, since the higher their number, the higher the
number of potential customers. But attracting visitors is of little relevance if
visitors do not become customers. Thus, these ratios depend on the particular
business niche in which the dot com company operates, and may reflect strategic
differences. Exploring whether such differences exist isanother objective of this
study.

Section 3 will further elaborate on these issues by using variables 1 to 34 in
order to find visualizations of the data set that will reveal intangible asset issues.
Such visualizations will take the form of statistical maps.

A further variable (V35), which attempts to measure DEA efficiency, isalso
used. Therationalefor such variable and theway in whichit was calculated isthe
subject of the next subsection.
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2.3. Efficiency measurement

Productive efficiency can be assumed to measure an internal intangible asset
associated with management. An attempt was made to measure production
efficiency by means of Data Envelopment Analysis(DEA). Afirmisaproduction
unit that uses inputs in order to generate outputs. It is possible to use too many
inputsto produce agiven quantity of output, or to generateless output than possible
for agiven quantity of input. If, given the amounts of inputs used, it cannot be
demonstrated that anincreasein output ispossible, itissaid that thefirmisefficient
and that it is operating on the production efficiency frontier; Fare et al. (1994).

The traditional way of studying efficiency is through production function
analysis but, in recent times, DEA has proven to be invaluable as an approach for
the study of productive efficiency. Introductions to DEA can be found in Land
(1991), and Norman and Stocker (1991).

DEA has proven to be particularly valuable in the assessment of performance
when outputs other than profit areinvolved; thisiswhy it is quickly becoming an
important analysistool in public sector management; Ganley and Cubbin (1992).
Efficiency, as calculated through DEA is often interpreted as a measure of quality
inthe provision of services, or manageria efficiency in not-for-profit organizations.
It isan ideal tool to measure the achievement of intangible objectives.

A dot com company employs staff, takes loans, spends money, and acquires
assets (inputs) in order to have an impact on the web. Thisimpact isreflected in
web metrics (outputs). Of course, thisis a partial view of the complex world of
Internet companies.

For each company, a DEA measure of efficiency is obtained by treating total
operating expenses, total assets, number of employees, and total liabilitiesasinputs
in the DEA model. Reach, unique visitors, page hits, and time spent were treated
as outputs. Thus, efficiency is understood in this paper as the optimal use of
resourcesin order to make an impact in the Internet. Financial variables, such as
revenues or profits, were not treated as outputs in the model. Obvioudly, in the
long run the aim of adot.com firm isto make profits. But most firmsincluded in
thisstudy arevery young and are more concerned about establishing their presence
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than make a profit. In fact, most make losses (35 out of the 40). They might be
sacrificing today”s butter to tomorrow”s jam. We concluded that, on the basis of
the data used, dot.com firms could not be assessed on the grounds of profitability,
but we could examine their relative efficiency in the DEA sense. Our DEA
formulation tries to measure the efficiency in the achievement of the objective of
establishing their presence in the market.

The model asks the question if the inputs used by a particular firm would
have generated more output if made availableto therest of thefirmsin the sample.
If it cannot be demonstrated that something would be gained by closing the firm
and distributing its inputs through the system, the firm is deemed to be efficient.
Firms can be efficient in a variety of ways. They can be role models that other
firms can take as an example of behaviour: comparators. But they can also be
efficient because their behaviour is so extreme that they cannot be compared to
anything else; these are called self comparators. The model proposed by Charnes
et a. (1978), aso known as the CCR model, was estimated. The last column of
Table 1 shows DEA efficiency estimates for each company. The philosophy of
DEA isbased on multiple comparisons.

The efficiency measure takes on values between 0% and 100%. Efficient
firms have an efficiency rating of 100%. The firms that were found to be 100%
efficient are: ASKJ (19), EBAY (6), LFMN (4), ONHN (5), TVLY (2), UPRO
(39) and YHOO (2). The numbersin brackets refer to the number of times this
firm has been taken to be a comparator for an inefficient firm. Thisisameasure
of up to what point they can be treated as benchmarks. The most common
benchmarks are UPRO and ASKJ. ADBL, AMZN, EGGS, FATB, NBCI, and
MCNS show the lowest efficiency values.

A question that may be asked is: up to what point firms that are efficient at
achieving an impact in the net are also profitable firms?. To address this issue,
Pearson’s correlation coefficient between financia profitability and efficiency
was calculated and found to take the value 0.175. This was not significantly
different from zero, indicating that, at least at this stage in the life of dot.com
firms, profitability and efficiency (as measured here) are two independent concepts.

This DEA relative efficiency could be interpreted as the intangible asset:
“efficiency in achieving an impact in the Internet”. Firms could be ranked in
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order of comparative efficiency but, what would explain thisranking?. To attempt
to answer this question, DEA results are put in their context and visualised using
multivariate statisticsin the next section. Visualisationwill reveal other intangible
assets.

3. INTANGIBLE ASSET IDENTIFICATION AND
MEASUREMENT WITH MDSAND PF

The approach followed will be to compare firms in order to see up to what
point they are similar or different on the basis of the first 34 variables described
above. Measures of dissimilarity will be obtained between pairs of companies,
and statistical mapswill be produced from such measures. These statistical maps
will reflect the strategic profiles of behaviour, and will be interpreted using
appropriate statistical tools.

This section will be divided into several subsections. First, a summary
description of scaling modelswill be given. Resultsfrom multidimensional scaling
will form the second subsection. Interpretation will form the next subsection.

3.1. Themodd

We have chosen to use scaling models because they visualise the main
characteristics in the data so that any relationship that may exist in the data is
made explicit and revealed in astatistical map. Scaling modelshavetraditionally
been applied in areaswhererel ationshi ps between entities are based on qualitative
information, or on counts. This happens in Psychology, Sociology, Politics, and
even History. Applicationsinthe analysisof management policy andin Accounting
and Finance are: Green and Maheshwary (1969), Moriarity and Barron (1976),
Belkaoui and Cousineau (1977), Rockness and Nikolai (1977), Frank (1979),
Libby (1979), Belkaoui (1980), Brown (1981), Emery et a. (1982), Bailey et al.
(1983), Mar Molinero and Ezzamel (1991), Mar Molinero et a (1996), Mar
Molinero and Serrano Cinca (2001), and Serrano Cinca et al. (2002 and 2003).
Scaling models have also been applied to strategic group analysis, Day et al.
(1987), and Hodgkinson et al. (1996).

The main technique used in the analysisis Ordinal Multidimensional Scaling
(MDS); see Kruskal (1964) or Kruskal and Wish (1978). A brief explanation of
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the rationale of MDSfollows. Given the position of two pointsin the space, itis
easy to calculate the distance that separates them. MDS works in the opposite
direction. We start from a measure of how distant two entities are: a measure of
dissimilarity. The entities are then positioned in the space in such away that if
the value of the dissimilarity measureis small they are located next to each other,
and if the measure of dissimilarity is high they are located far apart. In general,
and this is the case in the present paper, the measure of dissimilarity is derived
from a data set. There are various tools that measure the quality of the
representation, although the most common measure of fit is a statistic, stress,
very much like R?in regression. Low levels of the stress statistic are associated
with agood description of the model, while high values of the stress are associated
with apoor representation. Stressisnormalised so that it takesthe value zero for
perfect fit or 1 for amodel that has nothing to contribute to the structure of the
data. Another way of calculating the quality of fit of an MDS representation
(configuration) is to run a regression between the dissimilarities (input to the
model) and the distances cal culated from the position of the pointsin the space,
and to report the value of R?in thisregression. Inthislast case, R? equal tooneis
associated with perfect fit.

In this particular case, the measure of dissimilarity will reflect how similar or
different are two dot com companies on the basis of the 34 variables used to
describe each one of them. A matrix iscreated which contains companies asrows
and columns, the value in the cell being the dissimilarity measure between the
company at the beginning of the row and the top of the column. This matrix is
symmetric; i.e., the dissimilarity between company i and company j is assumed
to bethe same asthe dissimilarity between company j and company i. MDS plots
companiesasamap in the space (configuration) in such away that if the variables
that describe two companies are similar, the companies are plotted next to each
other in the space.

Implementing scaling models is a process of several stages. In this case,
variables are measured in different units. If the variablesthat enter the algorithm
are measured in their original units, the importance that each has in the final
result depends on the units chosen, something that makes the results data
dependent. To avoid this problem, variables were standardized to zero mean and
unit variance.
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Next, dissimilarities between dot com companies were calculated by taking
the Euclidean distance between standardized variables. If a variable was not
available for a company, the measure of dissimilarity was based only on the
remaining variables. In the common case of two-way data there is a parallel
between Principal Components Analysis (PCA) and Scaling methods based on
the metric of Euclidean distance between standardized data (Chatfield and Callins,
1980).

PCA is a standard technique in multivariate statistical analysis. It is a data
reduction technique. When many variables are associated with aparticular entity,
such as adot com company, it is suspected that some of them will be measuring
the same characteristic of the company. It may be that severa variables may, in
fact, be indicators of a characteristic of the company that cannot be measured.
How many independent characteristics are necessary to describe acompany, what
variables are associated with this characteristic, and up to what point a particular
variable contributes to the explanation of the characteristic, are inferred from the
solution of the PCA exercise. For anintroduction to PCA see Chatfield and Callins
(1980). Thereismuch in common between MDS and PCA, but, in this particular
case, MDS has acrucia advantage over PCA: PCA plots companies only if full
information is available for the company, while MDS is robust to missing data.
Thus, if maps had been created with PCA, they would have contained only 35
points, since the value of at least one variable was missing for 5 firms: ALQY,
AMEN, CNET, EGGS, and TVLY. Three of the 34 ratios could not be cal culated
for thesefivefirms: V11, V20, and V29 in the case of ALOY, AMEN, CNET, and
EGGS,; V9,V18,andV27for TVLY. Thislossof information would haverequired
deleting the firmsfrom the data set if other techniques had been used. In our case
MDS made it possible to keep these firms in the analysis.

A common problem when working with company data is the presence of
outliers, or extreme cases. Itisusual practiceto use some statistical test to identify
them, and then remove them; the issues relating to outlier detection and removal
in management data have been discussed by Ezzamel and Mar Molinero (1990).
Scaling models are robust to the presence of outliers, and there is no need to
remove them, but if these are left in the data, the resulting statistical maps are
more cluttered and less attractiveto view. Nevertheless, outliers can beimportant,
as they may reveal important features, which would not have been observed
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otherwise. The option taken here was to identify discordant companies, leave
them in the data set, estimate the model, observe the position of such companies
in the common map, study their special features and assess if they are related to
some distinctive strategic behaviour, and, finally, explore the bulk of the companies
in order to reveal the main features of the generality of the data.

Ticker Variable

ADBL v26 v33

ALOY v11 v20v29

AMEN v11v20v29

CNET v11v20v29

EBAY v2v3v23v25v29v30v31lv34
EGGS v6 v11 v15v20 v29

FATB v8 V17 v24 v26

LFMN v5v11v14v20

ONHN vbvil4

SPLN v11 v20

TVLY v9v10v18v19v27 v28
UPRO vi3v22v3l

WOMN v3

YHOO v1lv3v23v25v27v34

Table 3. Outliers. Variables involved.

Extreme observation identification was based on Tchebychev’sinequality, as
in Ezzamel and Mar Molinero (1990). For each variable, the companies that
reported a standardized val ue greater than three were identified as extreme cases.
Table 3 shows the companies identified in this way and the ratios involved.

3.2. Multidimensional scaling analysis

We used Principal Components Analysis (PCA) in order to assess the
dimensionality of the data. This was done by treating dissimilarity matrices as
correlation matrices, and observing how many eigenvalues are greater than 1.0,
asit iscommon practice with thistechnique. Six eigenvalueswere found to have
valuesover 1.0, and the analysiswas carried out in asix dimensional space. The
percentage of the variance explained by the six eigenvectors was 90.38%. The
first component was found to explain 42.769% of the variance. The second
component added afurther 22.236% of the variance. Thethird one accounted for
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10.798% of the variance. The remaining components added only about 5%. Itis
clear that the first component is also going to be of crucial importance in the
explanation of the data, with some additional contribution from the second
component. A graphical representation on two dimensions would, therefore,
explain 65% of the variance, and would provide a good picture of the world of
dot com companies.

Anordinal MDS analysiswas carried out in asix dimensional space. A value
of 0.0358 was found for Stress 1. This value is described in the range “good”
(0.05) to“excellent” (0.025) in Kruskal"s (1964) verbal classification, and suggests
that the configurations contain astory worth listening to. Configurationsare aset
of points on asix dimensional space. It haslong been known -see, for example,
Thom (1989)- that even if many variables, or dimensionsin our case, areinvolved
in amodel, only a small number of them may be relevant in a particular study.
Thiswasalsofoundinthiscase. For thisreason, rather than giveall the projections
on to pairs of dimensions, only projection on Dimension 1 and Dimension 2 is
shown here. Thiscan be seenin Figure 1.

Aswasexpected, given the presence of extreme observations, most companies
in Figure 1 appear cluttered in a small area of the map. A few companies are
clearly visible. Normally, meaning is associated with the dimensions, and thisis
a subject that will be pursued below, so that if a company appears far from the
crowd in a particular dimension, it can be interpreted as having a high value of
the characteristic measured by that dimension.

It is to be noticed that UPRO, ASKJ, EBAY, YHOO, ONHN, LFMN and,
TVLY are associated with large positive values of Dimension 1. DEA associates
them with 100% efficiency. They are all located on the right hand side of Figure
1. The firms that are located on the left hand side of Dimension 1 have lower
DEA efficiency values. Examplesare: ADBL,AMZN, EGGS, FATB, NBCl, and
MCNS. It appearsthat the higher the coordinate of the firm in Dimension 1, the
higher the value of theintangible* efficiency in achieving animpact inthe Internet”.
A simple calculation of Pearson’s correlation coefficient between the coordinate
in Dimension 1 and DEA efficiency returns 0.945, avery high value. It appears
that the position of a company on Dimension 1 is clearly associated with an
efficiency ranking. Thisrankingis clearly revealed by looking at thefigure. An
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interesting aspect of Figure 1isthat e-tailers (ADBL, AMZN, EGGS, and FATB)
are abundant on the left hand side of the figure. It would appear that these firms
are not DEA efficient according to our model. But, why should they be?. The
DEA model measures efficiency in terms of the achievement of an impact in the
Internet while this may not be a priority for them. Perhaps a better model for
them would include other web metrics such as “purchase rate”, or percentage of
uniquevisitorswho makeapurchase. However, thisinformation wasnot available.

o

Dimension 2
o
]

I

-3

4

Dimension 1

Figure 1. Multidimensional scaling and cluster analysis results. Projection on Dimension 1 and Dimension 2
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Companies associated with large positive measurements in Dimension 2 are
EBAY and YHOO. To attach meaning to the second dimension, and indeed to all
the remaining dimensions, it is necessary to use other formal techniques such as
property fitting and hierarchical cluster analysis. This will be done in the next
section.

3.3. Interpretation of resultswith Property Fitting (PF) and
Hierarchical Cluster Analysis (HCA)

In each dimension of the configuration, a number of companies have shown
up as being distinctive. In order to assess what is specia about these companies
meaning has to be attached to the axes. A regression-based approach, property
fitting (PF), was used to interpret the results (Schiffman et al. 1981).

The idea behind PF analysis is as follows. If a characteristic of the datais
associated with its position in the map, it can be conjectured that there is a
relationship between the position on the map, as measured by the coordinates of
the point, and the characteristic under investigation (property). Thus, the value
that the property takes is a function of the coordinates of the point. As afirst
approximation this relationship is assumed to be a linear one, and a regression
model is built in which the dependent variable is the value of the property and
each coordinateis an explanatory variable. The extent to which the property isor
isnot well explained by thelocation of the point is measured by the coefficient of
determination, R2.

In summary, we consider the possibility of arelationship between dimensions
and variables. Informal termswe can write:

Vit = (D1, D2, D3, ., D4, D4, D6 J+el

where Vi L isthe value obtained by company k under variable m; D1, k |sthe
value of the coordinate on thefirst dimension for company k; and soon. © k isan
error term.

In the absence of any other information, we assume function f to be linear.
Vi =B,+B,Dl, +B,D2, +B,D3, + B,D4, + B5D35, + B6D6, + &
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Thisisjust aregression equation wherethe i arethe unknowns. It ispossible
to represent the results of the regression as a directional vector through the map,
in such away that the value of the property grows in the direction of the vector.

Variablesweretaken one at atime and treated as properties. The 34 variables
on which the configuration was estimated (the first four being web metrics and
the remaining 30 being ratios involving web metrics and financial information)
were first treated as properties. This is known as Internal Analysis. Next, the
DEA efficiency measure was treated as a property. This use, at the interpretation
stage, of variablesthat were not involved in model building isknown as External
Analysis.

Statistical results for PF analysis are shown in Table 4. Not all the variables
on which PF analysis was performed have been plotted as directional vectorsin
Figure 2. Only those for which R? was greater than 60% are shown. Directional
vectors i, are proportional to i and are shown in Figure 2. Thistable includes
the 34 variablesinvolved in internal analysis, and the results of DEA. We could
say that Figure 2 containsthe compassthat will help usto navigatethrough Figure 1.

Directional cosines F Adj.
2
Y1 Y2 Y3 Y4 Ys Y6 R
0.64 074 0.12 0.15 0.11 0.00
8.97 0551
Vi (5.486)**  (-4.677)** (0.553) (0.536) (0.369) (-1.489)
v 0.29 093 0.10 0.01 0.06 0.18 9705 0937
2 (9330 (-22.087)**  (1.816) (0.177) (0.768) (1.999) ' '
0.32 092 0.1% 0.4 0.00 019
90.51 0.967
Vs (14154 (304200% (927  (078T) (1549  (2979%
-0.01 0,01 0.01 -0.14 630 -0.86
870 0542
Vi oaen (0.136) (0.147) ¢L159)  (-3.926)%*  (-5.785)**
0.63 0.45 -0.45 0.10 0.00 0.44
2696 0.
Vs (10.367)%%  (5476)%*  (-4.064)%*  (0.696) (-0.030)  (2.561)% 0800
v 035 -0:20 0.69 0.41 0.36 036 04 0949
6 (-12395)%%  (7.522)**  (-18.799)%*  (B.802)**  (7.35T)**  (-6.195)** ‘ ’
0.78 0.31 0.2 0.07 023 050
3133 0.824
V7 (12.851y (3.808)** (-0.172) (0.480) (-1.519)  (-2871)*
0.43 0.13 0.74 023 0.43 -0.13
38.88 0.854
Vs (10.273)** (2.238) (9.621)** (2.380) (4.154)** (-1.086)
v 0.47 0.33 -0.41 -0.50 0.50 0.08 3734 0852
9 (11.950)%*  (6.289)%*  (-5.685)%*  (-4.809)**  (4.519)**  (0.704) ' ‘
0.41 0.25 07 0356 0.44 0.14
59.25  0.900
Vio (nazape (6592 (1747 (294p  (S3ADF (1498)
v, 0.28 017 016 0.80 007 0.48 5503 0.903

1 (10.144)** (4.503)** (-2.842)*%  (11.494)** (-1.014) (6.110)**
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V13 (1021.:;)** (5.(7)501)** (_2-?5';2)* (3'81(;]4) (-8-.(1).880(;** (-1(?'61497) 36.79 0.846
Vi (10%?2)** (5,2;5)** (_4f3§f)** ((f '710(1) (-&?412) (2?5?2)* 2681 0799
Vis (-13_.05'2)** (-8-.(1)-829(;** (-2(;?6?3))** (9.2'1421)** <7.(;§3,65)** (-6-.(’)/;356)** 144.78 - 0.957
Vi (12?7;;)** (3.2'1361)** (.60.'1(30) ((;).;?567) (._352137) (_2-222)* 30.89 0.821
Vi (10%3)** (;élga) (10%:732)** (232320) (4,2;‘14)** (_(0):320) 4114 0.861
Vis aomrr @hor csmor camne e o BB 08
Vi (12%‘;;)** (6.232)** (-7—.(7):17)** (-7..2'3596)** (5.2:64)** (1().;11;7) 60.06 0901
Vao “0232)** <4~(5)6116)** (2%2)* (uggg)** (-fi?(?(» (6.(1);‘98)** 54970902
Va (159622)** (5.(3)3;** (-2().322?,7) (1().51379) (-_10.3;5) (_-3 61877) 47.05  0.876
Vi goatnr et st amh e cues 001 08
Vi (24?(;31 - (_27—?5'2;)** (_—10. '10759) (_;)3"1‘;)* ((?_ '70147) (3 51823) 23127 0.973
Vo e o e B e e o
Vas <189i;;>** (-27-%3?)** (2?633)* (-ﬁfsi) (-&264) (351816) 186450966
Va (9.2'1390)** ((25(3‘8) (6,?);325)** (s.gf(;‘)** (7.(7)5612)** (-4?23426)** 39.13 0856
Va (1492'(5)3)** (_9-.(1)'1459)** (_3—%(2)3)* (-4_.(1);05)** (3.(5):11)** ((g '10210) 50.83  0.887
Vi (9.8;183)** (-3-?3?;)* (-3j(8)é31‘;** (-5-.(6).7623;** (4.(1);(?)** ((3'71307) 27.19 0801
Vo (3,2'6397)** (_11-2—6;45;)** (gﬁ:;;) (4.2?2?)** (-(3'30139) (3232)* 40.11 0.870
Vi (16%;?)** (_23_?1'22)** (10_ f785) (_ﬁﬁé) (-(;).2?2) (f ‘;’3) 13373 0.953
Va (1332(2))** (-1(;?4;3)** (_§5%57) ((S fjé) (_6?66;)** (_'f 61420) 55.85 0.894
Va (-1(;%(3)2)** (—3-.?/:97)** (-1%33)** (4.(3):65)** (4.?5?)** (-ffjs) 49.26 0881
Vi (6.(5)5;')** ((;).;)625) (2?6??)* (4.(9)663())** (5,(3)'76(3** (_6_05'38)** 23.03  0.772
Va (36%2;)** (-43—?2'3;)** (2().5()261) (-2-95(2)2)* (-6-.(3)‘1222)** (_4—_(3)'3187)** 548.49 0.988
V, 094 0.1 .29 11 0.14 005 o
DEA (19.690%*  (0.120)  (:3336)*  (-1012)  (L168)  (0.676)

**Significant at the 0.01 level. *Significant at the 0.05 level.

Table 4. Pro-Fit Analysis. Regression results
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Figure 2. PF Analysis. Vectors for each variable. Dimension 1 and 2.

Most vectors point towards the right hand side of Figure 2. Recalling the
parallel between PCA and MDS, the first dimension captures the first principal
component, which is often taken as ageneral indicator of the main featuresin the
data. The directional vector associated with DEA results follows the positive
direction of Dimension 1 indicating that this dimension is related to productive
efficiency. Alsointhe positivedirection of Dimension 1, but on the negative side
of Dimension 2, one finds a set of vectors related to ratios including the number
of page hitsor time spent (V23,V25,V27,V29, V30, V31 andV34). Other salient
ratios are page hits per visitor (V2) and average time spent per visitor (V3).
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Continuing on the positive side of Dimension 1, but on the positive side of
Dimension 2, one finds vectors corresponding to ratios including unique visitors
or reach (V5,V7,V8,V9,V10,V11,V12,V13,V14,V16,V17,V18,V19, V20,
V21 and V22).

It appears that Dimension 1 can be interpreted as efficiency as calculated by
the DEA algorithm and the way in which this efficiency is obtained. DEA uses
web metricsasoutputs, and various accounting itemsasinputs. Firmsthat achieve
high web metrics with low expenditure or with a cheap infrastructure will be
identified as efficient by the DEA agorithm. Ratios involving a web metric in
the numerator and an accounting item in the denominator can be viewed as partial
performance indicators. DEA combines all aspects of performance into asingle
measure.

Figure 1 shows that there are various ways of achieving efficient use of
resources. A possibility, asin the bottom right hand side quadrant, isto aim for a
high number of page hits, as is the case with YHOO, and EBAY. EBAY isthe
leader in Internet auctions, and its visitors spend long periods of time connected.
YHOQO, the leading Internet portal and directory, is visited in order to conduct
searches or obtain information on the most diverse subjects. These companies
were identified as having 100% efficiency in section 2.3. A second way of
achieving a high level of efficiency is to concentrate on obtaining fidelity from
unique visitors. This happens in the top right-hand side quadrant of Figure 1.
Firms in this quadrant are ONHN and LFMN. LFMN cater for various
communities where visitors can access specialized information and resources.
ONHN offersitsvisitors specialized medical information. These two firmswere
also identified as 100% efficient in Section 2.3. Dimension 1, thus measures an
internal organi zation intangibl e asset that can be labelled “ management efficiency
in achieving an impact on the Internet”. It is to be noticed that this intangible
asset can be measured in two different ways, which appear to be equivalent:
management efficiency rankings can be computed either through DEA, or through
the value of the coordinate in Dimension 1.

The above discussion opens the way to the interpretation of Dimension 2.
Towardsthe bottom of this dimension appear page hitsper visitor (V2), and average
time spent per visitor (V3). Both are pure web metric variables. It can also be
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argued that towards the bottom of Figure 1 we have firms that attempt to attract
customers and keep them operating in their servers. They offer popular general
servicesthat everybody knows and anyone can access. They attract passing birds
that take the opportunity to rest from their journey. Thisis an external structure
intangible asset that could be labelled “audience retention”. Towards the top of
Figure 1 we find highly specialized companies whose aim is customer |oyalty.
This is another external structure intangible asset: “customer loyalty”. Thus,
Dimension 2 isassociated with two different ways of creating an external intangible
asset: image/customer.

It isworth thinking for amoment about a group of companies situated on the
left hand side of Dimension 1. Thisisagroup formed by e-tailers (FATB, EGGS,
BUY X, AMZN, ADBL). Both DEA and the position along Dimension 1 reflect
thefact that, if efficiency is measured by the way in which financial resourcesare
used to produce web metrics, these appear to be very inefficient firms. As
previously argued, these firms areinterested in obtaining unique visitors, asthese
are potential customer, but one must remember that their business is based on
Internet selling and not on advertising. Further insight about them can be obtained
by looking at Figure 2. Vectors that point in the direction of these six firmsin
Figure 2 include revenues in the numerator (V6, V15, V24, and V32). E-talers
should, then, be considered a separate strategic group for which the selected web
metrics, relevant asthey are, arelessimportant. This has been studied by Fuertes
et a. (2002) who found that revenues and visitors are very different objectives,
almost opposed. Had we been satisfied with asimple DEA calculation all that we
would have found is that these firms are inefficient. By setting the DEA results
within the context of the financial ratios by means of a MDS representation, we
have been able to interpret the reasons why they appear to be represented where
they are. Thisisclearly a strength of the present methodol ogy.

Dimension 3 was associated with V8 (gross profit/reach), V17 (gross profit/
unique visitors), V26 (gross profit/page hits), and V33 (gross profit/time spent).
It can be deduced from this that this dimension is relating web metricsto profit.

The position on Dimension 4 appeared to be related to the structure of costs
withinthefirm. Important ratiosareV 20, and V 21. Theseratios have web metrics
inthe numerator, and costsin the denominator (R& D, and total operating expenses).
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Theremaining dimensions (5 and 6) are only of marginal importance, asthey
explain less than 5% of the variance of the data. Dimension 5 was interpreted by
making referenceto cash flow considerations (V9 and VV 18) versusliabilities (V 22,
V13, and V31). Dimension 6 appears to be associated with V4 (average time
spent per visitor), although therelevant RZislow, 0.542; it might be more sensible
not to look for interpretations, which might be spurious, and to threat thisdimension
asresidual variation.

Examining projections on two dimensions can be deceptive, as two points
may be far apart in the space but project next to each other in the configuration.
Thisiswhy it isrecommended to supplement aMDS analysis with the results of
Hierarchical Cluster Analysis(HCA); Arabieet al (1987) and Chatfield and Collins
(1980). The identification of strategic groups with the help of HCA is common
practice; Houthoofd and Heene (1997), Flavian et al. (1998), and Serrano Cinca
(1998). Companies were clustered using the same standardized 34 variables and
the same measure of dissimilarity that had been employed to build the MDS
configuration. Ward's clustering method was employed as it maximizes within-
group homogeneity and between-group heterogeneity. The dendrogram was
calculated, and several distinctive groupswerefound. Ascanbeseenin Figure 3,
which shows the dendogram, there are two main groups of companies. Theseare
associated with efficient and inefficient firms. The two groups divide in three
groups each, making a grand total of six groups.

The results of the dendogram have been superimposed on Figure 1. Group 1
isformed by YHOO and EBAY. Thesefirmsaresalientin Dimension 1 (efficiency
in achieving an impact on the Internet) and Dimension 2 (audience retention).
Group 2 contains ONHN, SWBD, ASKJ, TVLY, and UPRO. These are aso
efficient, and are located on the right hand side of Figure 1. Group 3 contains
seven firms: CNET, SPLN, BOUT, MQST, TGLO, GOTO, and LFMN. Thisisa
mixed group of firms from the point of view of DEA efficiency. Groups 2 and 3
are located towards the top of Dimension 2, salient in “customer loyalty”. Asfar
as the least efficient firms are concerned, they can be found towards the left of
Figure1l. Herewefind thethree e-tailers of group 6 (BUY X, EGGS, and FATB).
They are the least efficient at achieving an impact on the Internet. We also find
ADBL and MCNS (group 5) and a very large cluster which was associated with
the bulk of the companies (group 4).
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Figure 3. Dendrogram. Ward’s method.

4. CONCLUSIONS

This paper has been concerned with dot com companies, intangible assets,
efficiency measurement, and strategic patterns of behaviour. A sample of 40
companies that shared the characteristics of operating on the Internet, publishing
annual accounts, and are listed in the stock exchange was studied.
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The study was based on web traffic measures, and ratios that involved the
relationship between web metrics and accounting items.

Theissue of efficiency was addressed by means of DataEnvelopment Analysis
(DEA). For each company, a DEA measure of efficiency isobtained by treating
total operating expenses, total assets, number of employees, and total liabilities
as inputs in the DEA model. Reach, unique visitors, page hits, and time spent
were treated as outputs.

Comparative efficiency thus calculated was interpreted by making reference
to 34 variables which were a mixture of web metrics and financial information.
Modelling was based on multivariate statistical methods, in particular
Multidimensional Scaling (MDS), which hasthe property of visualizing themain
features of the datathrough statistical maps. Such mapswereinterpreted with the
help of Hierarchical Cluster Analysis (HCA), and Property Fitting (PF), a
regression based approach.

The statistical maps were built in a six dimensional space, but the first two
dimensions were found to be of particular relevance, and could be interpreted as
measurements of intangible assets. The first dimension was found to be related
to an intangible asset of internal structureidentified as management efficiency to
achieve an impact on the Internet. The use of MDS made it possible to visualise
theresultsin the form of amap, something that makes them accessible to the non-
specialist in multivariate analysis. It has also been possibleto rank firmsin order
of efficiency, even when firms are 100% efficient. The second dimension was
found to be associated with an intangible asset of external structure identified as
customer/image. This second dimension had two aspects. On one direction it
identified companies that attracted and kept the passing customer, and on the
other direction it identified companies that provided specialised services for
subscribers. It hasalso been observed that e-tailers should be treated asa separate
strategic group, Sinceweb metricssuch as* page hits’ or “uniquevisitors’, relevant
asthey are, are not as salient asin the rest of the industry.

From the methodological point of view, it has been shown that multivariate
statistical methods makeit possibleto visualise what isbehind an efficiency score.
This use of quantitative tools opens the way to qualitative analysis of intangible
assets and opens new avenues to accounting research.
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