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We present a new kind of statistical analysis odérsme and technical information
(STI) in the Web contextWe propose a battery of indicators about Web users,
used bibliographic records and e-commercial trarmas In addition, we
introduce two Web usage factors and we give anwviewr of the co-usage
analysis. For these tasks, we presentomputer-based system, called Miri@d,
which produces descriptive statistical informatiabout Web users’ searching
behaviour, and what is effectively used from a-aeeess digital bibliographical
database.

1. Introduction

There are two traditions about the analysis ofiheb: one developed by people coming from
documentation and the other by computer scienfidts. first was developed in the field of
information science under the appellations of “wabtrics” ((Almid & Ingwersen, 1997), or
“cybermetrics” (cf. http://www.cindoc.csic.es/cybermetr)csvhile seeking to extend the
informetric techniques to the analysis of the WBj®dI(neborn & Ingwersen, 2001; Ingwersen
& Bjorneborn, 2004). The second arose in the figlccomputer science while seeking to
extend the data mining techniques to Web analys@euthe appellation of "Web mining"
(Chakrabarti, 2003) and according to three maiegmies: “Web structure mining”, “Web
content mining”, and “Web usage mining” (Kosala &&keel, 2000). We work at the border
of these two traditions: we consider informetriosni the point of view of computer-based
technologies. The Web represents a new environfoemie quantitative studies of science,
and a new family of computer-based science indisatan be developed. This article deals
with a system able to produce descriptive bibliomedtatistics, and statistical information on
Web users’ behaviour.

In comparison with traditional bibliometric studiaad in addition to statistics on scientific
bibliographical data, we can now analyse the gaerie. what the users wish to obtain, and
how they express their requests, and their resgettip-level domain (TLD, e.g. “.fr” or
“.com”), as well as the economic transactions, imol users become customers ordering
copies of the retrieved documents. Thus, bibliorogtrs encapsulated in the Web usage
analysis.

The article is organized as follows: Section 2 sleaith the presentation of the Miri@d
server, and the statistical information that Miri@dable to produce. Section 3 describes the
co-usage analysis and its application on Web uster cbming from the Miri@d server.

2. A Web statistical tool

The system, called Miri@d, is conceived as a senVetatistical data which are carried out
beforehand, and as an interactive server for odiagstical work. In fact, the Miri@d server



produces descriptive statistical data about botlatwé effectively used from a source of
information, which is available as a free-accegstali bibliographical database, and the
searching behaviour of Web users trying to filliaformation need with a scientific multi-

disciplinary source of information put at theirplisal. The results will be made available to
analysts, who can use this descriptive statistirdarmation as raw data for theirs indicator
design tasks, and as input for multivariate datalyais, clustering analysis, and mapping.
Managers also can exploit the results in ordemjarove management and decision-making.
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Figure 2: The server

Figure 1 represents what we call the model. Theahmdgeneral in the sense that it is not
limited to the particular characteristics repreedntlt is significant to see that the model
implies three families of data which can be explditon the one hand, log-files data and on
the other hand, bibliographic data and commeragh.dFrom the point of view of scientific
information, the bibliographic database can beaegd by any other type of database, at least
theoretically. On the level of its concept, the mlod more general than the one specified by
the data sources it is using at the moment.



Figure 2 represents the server structure, whiclistsof a set of external resources providing
the statistical raw data, and a set of databasenalt to server. The resources from which
Miri@d receives data are the following: A@I is therer Article@INIST that provides the
bibliographic database and log-files, DM is the wWent delivery management system, CM
is the customer management system, and LM is linaryi management system. The Miri@d
server own databases are QUERY:: data related touskis’ queries, DISPLAY: data related
to displayed bibliographical records, ORDER: datkated to ordered documents, BIBLIO:
bibliographical records, STAT: statistical indicaaalculated beforehand on the data stored
in the other Miri@d databases. The statisticscateulated off-line with a periodicity of one
day, one week, one month or one year.

2.1 New Science indicators in the Web context

Table 1 show the set of statistical data that ¢netthe output of the Miri@d statistical
engine, and that analyst can access or interagipreduce through the Miri@d server.

Web User and Usage Scientific Publication E-commerce
Number of queries Number of displayed records Number of ordered
documents

Distribution by: Distribution by: Distribution by:
- users’ TLD - users’ TLD - customers’ country
- users’ country - users’ country - customers’ activity
- query date - publication year - publication year
- title word (in query) - document type - author
- author (in query) - author - journal
- keyword (in query) - journal - publishing country
- number of obtained records - publishing country - language
- number of displayed records- language

Table 1 — Descriptive statistical information

To illustrate the STAT database, we provide sonmengles of statistical information as the
distribution of web users’ searches by users’ coemtduring the year 2002. From 135
countries, those constituting the European Uniom air the origin of 872,510 searches
corresponding to more than 84%, and around 92%hedet searches come from France.
Concerning displayed records, if we consider theesgear, the total number of displayed
journals and records in this period are equal $peetively 16,797 and 391,693. Concerning
ordered documents, the total of ordered docum@at08 for the year 2002, is split by type
of customers’ activity as follows: 54% commerciains, 28% research institutions, 9%
higher education and 9% others. The typology ofdisectivities adopted by Miri@d is the
one used by INIST's Customer Management System.

To illustrate the QUERY database utilization, wkested a set of queries asking for the word
“polymer” in a journal or article title. A set of211 queries is obtained and their distribution



by users’ country permits to observe that they cénm® 28 countries. France is the country
producing the greatest number of queries with 8Z%.illustrate the DISPLAY database
utilization, we use a set of 917 records displalygdisers and linked to the above mentioned
set of queries about polymers. The distributiorthelse records by user countries shows that
users coming from eighteen countries have vieweethrecords. The country with the
greatest number of displayed records is France ¥@#. As for the ORDER database, 4,513
ordered documents coming from 57 journals werdedléo polymers. The distribution of the
4,513 ordered documents by customers’ country sthibatsdocuments have been ordered in
15 countries, with 86% of orders coming from Frandee most represented customer activity
is “Commercial firm” with 46% of orders, but “Reseh institutions” is not far behind with
45%. The only other significant value belongskgher education” which represents 8%.

From these data, we can note that this multi-dis@py database is mostly used in Europe,
especially in France.

2.2 Web usage factors

In addition, we introduce two user indicators deglwith Web users’ information retrieval
and Web customers’ orders. The first is a Web lisabdactor, and the other is a Web
customer order factor. These factors can be corsider evaluating online information
sources by the observation of the information @gpdl by users, and the documents ordered
by user-customers. A situation is the number ofeinan information source is used or
displayed by online users. This is a well knownaion in information retrieval. The other is
the number of times an information source is ordieia this case we are in face of e-
commerce transactions.

TheWeb Usability Factor (WUF) is the proportion of articles of a journal dispgdyby Web
users in a period of time frong to t by the total of articles published in this jourrsaid
stored until 1.

dr (m, n)
WUF,, = _0’1"”_\]1_ With: dr = displayed recordd,T = journal title,n = publication year,
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JT, = number of journal title articles, all publicatigrears, stored until;t For example,

bibliographical records concerning the “Journakpplied polymer science” were displayed
2,858 times in 2002, which gives a WUF of 0.18.

When the WUF index is calculated on a yearly badiecomes possible to study journal titles
obsolescence.
dr(m, n)
i=ty,t, m=JT
WUF(PY) ; = —— With: dr = displayed recordsit,,t,| = period of timeJT =
IT(PY)

journal title, PY = publication year considered;T, (PY)= number of journal title articles in
publication year PY, stored until t

The Customer Order Factor (COF) is the proportion of articles of a journal ordelsdWeb
customers in a period of time fromtb t by the total number of articles published in this
journal and stored untij.t



ord (m n
i=to,tl.|IT1=JT
COF;; = ” T With: ord = ordered documentdT = journal title,N = publication
4
year, JT = number of journal title articles, all publicatigrears, stored untik.t For example,

articles from the “Journal of applied polymer sciehwere ordered 366 times in 2002, which
gives a COF of 0.022.

When the COF index is calculated on a yearly biagiscomes possible to study journal titles
obsolescence.

ord. (m n)

i=ty,t, m=JT

COF(PY),; = JF:IT = With: ord = ordered document&o,tl] = period of time,JT =

journal title, PY = publication year consideredll, (PY)= number of journal title articles in
publication year PY, stored until t

3 Co-usage analysis

Co-usage analysis belongs to the same family astatbon and co-word analyses. We expose
in this section the formal characteristics of cages analysis, which obeys the co-occurrence
framework for clustering and mapping the Web usage use it for identifying and
visualising usage centres of interest on certagearch foci, or problem areas. Co-usage
analysis will be applied on the Web users’ datadpoed by Miri@d. Actually, co-usage
analysis is not yet included in Miri@d. Another Wasyver called VISA makes it possible for
analysts to reach the co-usage analysis results.

3.1 Co-usage concept

Documentgl; andd; are related by usage coupling, when a ussgfers in his or her query to
documentsd; andd,. If u; ® di and ui® d;, thend; andd; are associated; by u;, withi = 1,
2... m. Conversely, usens anduy; are related as a pair of usaug, when they refer in their
queries to a same documeht If u; ® d; andy; ® d;, thenu, anduy; are associated ly, with

i =1, 2...n. A given document or bibliographic data is repnésd by an usage attribute
vector of the formd; = (ui1, U, ..., Um), Whereu; is an identifier representing tha user
reference of the documentVector similarity operation is performed usingeuseferences
similarities. A given user can be represented logcard (bibliographic data) attribute vector
of the form:u; = (di1, di2, ..., din), whered; is an identifier representing thh document
referred by user and displayed or ordered by the same the uséector similarity can be
performed using displayed documents similaritigsus] each document can be described

by the set of co-usersy ; u = d ; with dijT [0,1]; andm = number of users) =

I i=1m;j=1n
number of documents. In the same way, each usebea®scribed by a set of co-documents

dij, u = d —Lmijein’ with dijT [0,1]; andm = number of users) = number of documents.

An association coefficient is used for normalisthg co-occurrences iD andU matrices.
There are several methods of calculating an adsmtiaoefficient. We use the so called
“equivalence coefficient” largely used in co-womtbdysis and which it is defined as:
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E, = C(i,j)

%
C(i,j) is the total number of co-occurrences of useaadj or documents andj, c(i) is the
total number of occurrences of itdm This association coefficient is analogous to e
known Dice, Jaccard, Ochiai, or Salton coefficieAs results of the application of this
association coefficient on user couples, we obtameal valued matrix, denoted By and
composed of the association coefficients valueg. 8$sociation matrik gives a normalized
measure of the strength of associations betweers Atk and between documem®. We
apply a single linkage hierarchical agglomeratikesiering method to these matrices.

The algorithm we use is an adaptation of the stahattom-up single-link clustering in
accordance with readability criteria on the sizetloé cluster, which is defined as the
minimum and maximum number of items belonging te thuster, and on the maximum
number of associations constructing the clusteraA®nsequence of this clustering process,
two kinds of associations and items forming thestdts are generated: one is said to be
internal or intra-cluster and the other externainter-cluster. If both elements of a given pair
belong to the same cluster, the association betwleentems is considered as an internal
association of that cluster. If they belong to taiferent clusters, the association is
considered as an external association. The itewtdvied in internal associations of a cluster
are called internal items. The number of intermains defines the size of a cluster. Those
items rejected during clustering because they db meet the “maximum cluster size”
criterion are recorded as external items.

3.2 Co-usage analysis application

A detailed interpretation of the results is outgafestion in this article. We limit here to
expose the results that the co-usage analysis g@ewio analysts who would perform the
interpretation task. However, we will underline esjplly the means of analysis provided to
assist the work of interpretation and decision.nFmliri@d’s ORDER database, a set of
documents dealing with polymers was collected. €hgeta consist of scientific articles that
have been ordered by customers after consultafitmeArticle@INIST repository. The size
of the ORDER database is the 202,391 orders througlyears between 2001 and 2003. For
this application, the dataset is equal to 3,914idwnts published by 57 journals and ordered
by 410 customers.

Since each documedtcan be described by the set of customigrand reversely each usgr

can be described by the set of documeptswo co-usage analyses have been done: one on
the ordered documents and the other on the us&mass (or authors of the orders.) In the
next sections, we describe these applicationsedetrels of clusters (see Figures 3 and 4) and
maps (see Figures 5 and 6)

3.2.1 Co-usage analysis of the ordered documents

24 clusters were obtained from the ordered-docuroesticcurrence matrikd(d;) i = 1,...m
andj = 1,...n; m = number of user-costumers = 4107 number of ordered-documents =
3,914. They are constituted by ordered-documenrafirdewith subjects interesting sub-sets
of users. The documents are represented by codpgeR3 shows the graph structure of a
cluster.The map is represented in Figure 5.



3.2.2 Co-usage analyse of the user-customers

17 clusters were obtained from the user-costunesccurrence matrio(u;) i = 1,...n andj

= 1,...m; m = number of user-customers = 4105 number of ordered-documents = 3914.
These clusters are then constituted by user-custombo are interested by sub-sets of
ordered-documents in which the knowledge intergstirese user-customers is embedding.
Figure 4 shows an example of the graph of a usslemer clusterTo preserve confidentiality
the customers are represented only by their couwaridy activity sector code3he map of the
user-customer clusters is presented in Figure 6.

3.2.3 Analytical tools: clusters and maps.

Clusters and maps constitute analytical tools. Ustelr is composed of items that are called
internal items. The internal item with the maximagight valuewg(a) is automatically
chosen to be the cluster labkkt bea an internal or external item (document or userjhef
clusterCl, then the weight is defined as follows:

_ k@ - .
W, (a) —WWIth. 0<kq (a) £ Ny, + Mo And: O<w () £1
a:l'”bl Clin lex
Symbol sensemy, is the number of its internal and external itemgy, is the number of its
internal associationS)ciex is the number of its external associatioks,(a)is the number of

occurrences of internal or external itenfa =1, m,, )in the internal or external associationsCbf

The clusters are also composed of associationseketihese items which are also called
internal associations, to distinguish them fromeexal associations which link a cluster with
other clusters. The internal and external assotiatare weighted relations accordingBp
association coefficient (see section 3.1). Thermdl associations between the component
items of a cluster are represented by the grapisguares 3 and 4. On the other hand, the
links between clusters are shown on the maps dfitd@es 5 and 6.

In Figures 3 and 4 two classes of internal itenesdmfined: leaving and entering. This allows
us to know by which item this cluster is connedednother cluster, and at the same time
which are the internal items by which the clustteives links starting in another cluster.
According to this angle of analysis, the clusteas be analysed as insulated, receivers or
senders within the network of clusters.

On the maps, clusters are placed in function af 8teuctural properties, that is centrality (X-
axis) and density (Y-axis). The density is equathte average of the valu& of internal
associations of the cluster. The average of theegl; of external associations of a cluster is
called centrality. Each labelled point in the magsresents a cluster. Following the standard
co-word analysis, four types of clusters can béirdjsished: clusters with high density and
centrality (type 1), with low density and high ceity (type 2), with high density and low
centrality (type 3), and clusters with low values lboth axes (type 4). The map (called
strategic diagram) is then analysed in these terms.

On the other hand, clusters appear within a netw@/ke can visualise in the maps the
network of inter-cluster relations. Thus, the cages analysis can be extended as a network
analysis using graph theory, and then we can irdeghusters and their network in this other
analytical framework (Polanco, 2005). What is digant here is to see that we have two
possibilities of analysis, one founded in the tiadi of the representation of the clusters in a
two-dimensional plan, the other according to thisvoek analysis and the theory of graphs.
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Figure 5: Map 1 Ordered document clusters

Figure 6: Map 2 User-customer clusters



4. Conclusion

In this article, we presented a Web statistical, the Miri@d server, for quantitative analysis
of the scientific information. This is conceived pooduce descriptive statistical data about
what is effectively used (in a free access digttatabase storing scientific and technical
information), and the Web users searching behavidve showed that the system is
conceived as a server of statistical data whictcareed out beforehand, and as an interactive
server for personal online statistical work. TwoMWesage factors were also proposed.

At the same time, we proposed the co-usage anahgsia generalisation of the co-word
analysis, and we remark that the same approactbearsed at the level of both the Web
content analysis and the Web structure analysesRsdanco et al., 2001). The application we
presented, illustrates the type of information tlcatusage provides and the way this
information can be analysed. As we said, co-usagéysis belongs to the same family as co-
citation and co-word analyses.

We tried to show how today with the Web new way®rgimg for analysing science through
its publications and their usages. It is the eristeof log-files that provides the technical
opportunity for introducing the analysis of usehéeours and proposing then the co-usage
analysis.
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