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Abstract

Previous studies of academic web interlinking have tended to hypothesise that the relationship between the research
of a university and links to or from its web site should follow a linear trend, yet the typical distribution of web data, in
general, seems to be a non-linear power law. This paper assesses whether a linear trend or a power law is the most
appropriate method with which to model the relationship between research and web site size or outlinks. Following
linear regression, analysis of the confidence intervals for the logarithmic graphs, and analysis of the outliers, the results
suggest that a linear trend is more appropriate than a non-linear power law.
© 2005 Elsevier Ltd. All rights reserved.

Keywords: Web links; Academic webs; Linking models; Linear relation; Non-linear power law

1. Introduction

Research involving academic web links is a relatively new area of study, part of webometrics (Almind &
Ingwersen, 1997; Bjérneborn & Ingwersen, 2004), but is one that has already produced many substantial
contributions, primarily through methodological developments and the uncovering of mathematical pat-
terns and relationships hidden within the structure of the hyperlinks.

Hyperlinking is a fundamental element of web use, and links between sites with substantial academic
content, in particular, are often viewed as analogues of citations in scientific journals (Bar-Ilan, 2004; Cro-
nin, 2001; Larson, 1996; Rousseau, 1997). Nevertheless, analogies have to be treated with caution, both in
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terms of data collection and the interpretation of results (Bar-Ilan, 2001; Bjérneborn & Ingwersen, 2001;
Egghe, 2000; Prime, Bassecoulard, & Zitt, 2002; van Raan, 2001). In Bjérneborn’s webometrics terminol-
ogy (Bjorneborn & Ingwersen, 2004), links to a web site are (site) inlinks, links from a site are (site) outlinks,
and links between pages in the same site are (site) self-links. The term interlinking will be used for links be-
tween a pair of web sites or within a set of web sites, excluding site self-links.

Several studies have investigated the relationship between interlinking counts of a selected set of univer-
sities on a national level and the research productivity of those universities. Positive correlations were found
between research measures and inlink counts for universities in the United Kingdom (Thelwall, 2001a,
2002a), Australia (Smith & Thelwall, 2002), Taiwan and Mainland China (Thelwall & Tang, 2003), and
Canada (Vaughan & Thelwall, 2005). More specifically, counts of links to universities seem to be approxi-
mately proportional to the quadruple product of the size in academic staff numbers and research quality of
the source and target institutions (Thelwall, 2002d). This is consistent with the finding that universities with
higher research productivity attract more links because they create more web pages, rather than because
their individual pages are more likely to attract links (Thelwall & Harries, 2004). It is important to bear
in mind that although link counts correlate strongly with research, university web site link targets (from
HTML pages) are very rarely academic papers (Wilkinson, Harries, Thelwall, & Price, 2003), although
many more links to academic papers are present in postscript and PDF documents on the web (Goodrum,
McCain, Lawrence, & Giles, 2001). Approximately 90% of links between national universities are created
for reasons associated with educational and scholarly activity (Wilkinson et al., 2003), but even the most
highly inlinked pages (in UK university web sites) rarely contain high quality scholarly content (Thelwall,
2002e).

Mathematical models of hyperlinking have been used to identify a significant geographical relationship
for university web site interlinking (Thelwall, 2002b): closer universities tend to interlink more than distant
universities, after taking the source and target institution research productivity into account (Thelwall,
2002a). Geographic factors have not been taken into account in subsequent mathematical modelling,
however.

Although most previous research has focused on individual nations, there have also been a few interna-
tional comparative studies of university web sites in the European Union (Thelwall et al., 2002) and in the
Asia—Pacific region (Thelwall & Smith, 2002) but these have not included new mathematical models.

Research has also been carried out on inter-departmental linking within university web sites and found
that counts of links to departments are associated with the research reputation of these individual depart-
ments (Chu, He, & Thelwall, 2002; Li, Thelwall, Musgrove, & Wilkinson, 2003; Tang & Thelwall, 2003),
mirroring previous university-level findings. Other departmental-level research has produced diagrams of
the links between sets of departments (Chen, Newman, Newnam, & Rada, 1998) and sought reasons for
inter-subject linking (Thelwall, Harries, & Wilkinson, 2003), without creating new link models.

In summary, significant relationships and patterns can be extracted from the analysis of web links be-
tween academic institutions. It is now becoming accepted that it is important for researchers, and the aca-
demic community in general, to benefit from mining the linking of scholarly materials on the web in various
ways (e.g., Jepsen, Seiden, Ingwersen, & Bjorneborn, 2004). Nevertheless, the question of how best to ex-
tract patterns from web links remains problematic in some respects. Previous studies of academic web inter-
linking have tended to hypothesise that the relationship between the research of a university and links to its
web site should follow a linear trend, yet the typical distribution of web data, in general, seems to be a non-
linear power law. The aim of this paper is to assess whether a linear trend or a power law is the most appro-
priate method with which to model the relationship between academic web size, interlinking data and re-
search productivity indicators, continuing previous work exploring a range of informetric properties of
academic web data (Payne & Thelwall, 2004). If the academic web were shown to demonstrate power
law behaviour, it would have implications for previous web metric based research, because specially mod-
ified ‘scale-independent’ indicators would then need to be developed (Katz, 2000).
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2. Previous related research
2.1. Web impact factors

Basing research on the concept of informative comparisons and drawing extensively upon the traditions
of bibliometrics, Ingwersen (1998) introduced the web impact factor (WIF), a metric designed to assess the
impact of an area of the web based upon counting the number of pages (or other units, as described below)
providing hyperlinks to it. The WIF has also made a significant contribution to academic hyperlink re-
search by enabling deeper mining of university web link data through the factoring out of the research pro-
ductivity-related component (Li, 2003).

The WIF has since proved to be a popular tool for information scientists analysing web links because
WIF variants, despite measuring Internet phenomena, produce results that are susceptible to a wider inter-
pretation (Thelwall, 2002¢). For example, Smith (1999) found the WIF a “useful measure of the overall
influence of the web space”, when specifically discussing universities and research institutions. Two new
web link count metrics have also been introduced, the web usage factor and the web connectivity factor,
which are based upon site outlinks and the links between pairs of sites, respectively (Thelwall, 2003).

Most research into academic web interlinking using the WIF has tended to assume that web data should
follow a linear trend (Thelwall, 2002a, 2002d; Thelwall & Wilkinson, 2003a). However, if academic web
data is shown to demonstrate power law behaviour, it will affect the design of web metrics such as the
WIF, and calculations based on web metrics would have to be modified to take this into account.

2.2. Power law research

The research of Adamic and Huberman (1999) has found that a power law was at work in the distribu-
tion of web pages so that a diminishingly small proportion of sites had an increasingly large page count. (A
power law occurs when the frequencies n of some variable x, are proportional to 1/x".) Their studies found
that web growth dynamics and topology follow a power law distribution, a type of ‘rich get richer’ phenom-
enon: when new links are added to the web, they tend to connect pages that are already highly connected.
This means that the web does not follow the usual mathematical models of random networks, but instead
exhibits the type of physical order found in magnetic fields, galaxies and plant growth. Subsequent research
showed that many other phenomena related to web links also follow power laws (Broder et al., 2000; Pen-
nock, Flake, Lawrence, Glover, & Giles, 2002). The existence of a power law in the growth of the web not
only implies the lack of any natural scale for the web, but also allows the expected number of sites of any
given size to be determined without exhaustively crawling the web.

There are many other examples of power law distributions to be found within the confines of the Internet,
including the number of intermediate links along link paths between web pages (Albert, Jeong, & Barabasi,
1999). Rousseau (1997) found a power law for distribution of top-level domains and links counts from Alta-
Vista to a topic-based set of pages. Barabasi, Albert, and Jeong (1999) showed that power laws apply to ver-
tex connectivities in many large networks including the web, while Faloutsos (1999) discovered three power
laws that characterised the Internet router topology on an inter-domain level during the year 1998. Power
laws, albeit with anomalies, have also been discovered within the graph structures of the national university
publicly indexable webs from Australia, New Zealand and the UK (Thelwall & Wilkinson, 2003b).

Although the connectivity distribution over the entire web is close to a pure power law, the distribution
within specific categories is typically unimodal on a log scale, with the location of the mode, and thus the
extent of the ‘rich get richer’ phenomenon, varying across the differing categories (Pennock et al., 2002).
There seems to be a second linking law working in parallel with the power law, one that distributes links
at random rather than predominantly to pages that are already highly linked. A consequence of this is that
among web pages of the same genre (e.g. university home pages), the body of the distribution of inbound
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links deviates strongly from a power law, exhibiting a roughly log-normal shape. The revised model com-
bines a power law with random linking. This made it easier to incorporate the possibility for new sites to
gain high link counts. This model also explained the partial non-linearity of many power graphs, as a
slightly hooked shape is evident, albeit to differing degrees, at the top left of each graph. The hooked shape
in the graph indicates that this latter tendency is present, but is still dominated by preferential attachment.

Power law models have become increasingly sophisticated, incorporating additional variables. For
example, Adamic and Huberman (2002) have shown that site size, like site traffic, is highly skewed: a small
number of sites are responsible for a disproportionately large part of the web’s volume and activity. In their
model, the growth of the web is subject to two dynamics: the fact that the total number of sites is growing
exponentially, and the fact that the fluctuations in the size of a particular site are proportional to the size of
the site, “The more pages a site has, the more likely it is that more pages will be added to it, just like the
growth of a tree.” And, like a tree, they hypothesised that the total size of the web will eventually become
subject to resource limitations, but that at the moment, the current web is still just a sapling, with plenty of
potential for continued exponential growth.

2.3. Link analysis applications

The themes that emerge from link analysis research are valuable in a number of respects. Analysis of the
link structure of the web suggests that the on-going process of page creation and linkage, while very difficult
to understand at a local level, results in structure with a degree of order. Thus, it gives a global understand-
ing of the ways in which independent users build connections to one another in hypermedia that arises in a
distributed fashion, and it provides a basis for predicting the way in which on-line communities will develop
as they become increasingly connected (see Bjérneborn, 2004). Web based data, if sufficiently understood,
have the potential to produce a new generation of science and technology (Aguillo, 1998) or financial
(Uberti & Maggioni, 2004) indicators for the digital era, as well as supporting a range of social science re-
search (e.g., Garrido & Halavais, 2003; Park, Barnett, & Nam, 2002).

Some research has been carried out into the informetric properties of the Internet following claims that
search engine tools are not sufficiently developed to produce accurate results (Gibson, Kleinberg, & Ragh-
avan, 1998). Much of this type of research has been driven by the need to improve the quality and reliability
of the variety of harvesting and ranking tools currently available to access information on the web (e.g.,
Brin & Page, 1998; Henzinger, 2001).

3. Research question

Previous research into academic web interlinking has tended to hypothesise that the relationship between
links to a university and its research productivity should follow a linear trend (Thelwall, 2002a, 2002d;
Thelwall & Wilkinson, 2003a). Yet the distribution of links to individual academic pages follows a power
law (Thelwall & Wilkinson, 2003b). What has not been conclusively demonstrated, however, is that the
relationship between link counts, when aggregated at the university level, and research productivity follows
a linear rather than a non-linear power law. Put another way, should the links that a university creates or
attracts always be proportional to its research productivity, or should larger universities expect to attract or
create more (or less) links than this, by virtue of their size?

If the link count-research productivity relationship does follow a power law, then this has important
implications for the design of web metrics such as the web impact factor (Ingwersen, 1998). For example,
Katz (2000) has shown that specially modified ‘scale-independent’ indicators need to be developed for data
that obeys a power law (see also Leydesdorff & Bensman, 2005). If power law behaviour were to be exhi-
bited, then calculations based on WIFs would have to be modified to take this into account.
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The primary research question is therefore as follows: is the relationship between academic web and re-
search productivity indicators best modelled by a linear trend or a power law? In order to answer this ques-
tion, this paper will concentrate on the following more specific sub-questions: for UK university web sites, is
the relationship between site size and research productivity, and between outlinks and research productivity
best modelled by a linear trend or a non-linear power law?

4. Methods
4.1. Raw data

The raw link data used during this study was derived from the text files of 111 UK universities as of July
2002, the link structure of which was obtained from a publicly available indexable database (Database 9) as
part of the Wolverhampton University Academic Web Link Database Project (Thelwall, 2002/3). The data-
base represents not the entire academic website in each case but only those pages that can be found by fol-
lowing links from the home page, excluding recognised mirror sites and pages from which robots are
banned. In the case of universities with non-HTML links on the home page, the starting point chosen
was a list of departmental home pages instead. The database does not include any identified areas of web-
sites that are mirror copies of documentation produced elsewhere, although this process is error-prone due
to its reliance upon human intervention.

The database used was created by a specialist information science web crawler (Thelwall, 2001b, 2004b).
Essentially it crawls all HTML pages on a site that it can find by following links, but discards duplicate
pages and bypasses pages that are identified by the webmaster as off limits to crawlers. This crawler covers
websites accurately in the sense of comprehensively testing for and eliminating duplicates but the results
cannot claim to be complete because of the robots.txt convention denying access to some sites and the craw-
ler only being able to find pages by following HTML format links from other known pages. A web crawler
is preferable to the use of a commercial search engine for the same statistics because of the greater degree of
control by the researcher over the data collection (Thelwall, 2004b).

The UK academic web was surveyed in order to obtain statistics about web pages that were the target of
links from web pages on other UK academic websites. Each university has a website with a home page
accessible through at least one domain of the form www.name.ac.uk, where ‘name’ is an abbreviation of
the university name, for example www.wlv.ac.uk for Wolverhampton university (Thelwall, 2001a).

The resultant link structure database consists of a separate text file for each university, giving a list of the
URLs of all source pages crawled together with all identified target URLs referred to in the page, with
duplicate URLs removed and all URLs truncated at the first ‘#’ character (Thelwall, 2002a). This last point
means that in one page there cannot be links to two or more parts of a common target page.

The university text files were processed by a specially written program which sorted the link data, re-
moved all duplicates and aggregated the resultant data, i.e. source URL counts and target URL (link)
counts from each university crawl, using alternative document models (ADMs). The basic data sets are
therefore for each site (a) the set of all unique URLSs of pages crawled, and (b) the set of all outlinks found
in all pages crawled. Note that site self-links are included in the data set.

4.2. Alternative document models for the web

Although the web page is the typical indivisible unit of information in search engine results, is not nec-
essarily the ideal primary source document for counting purposes (Thelwall, 2002a). When web links are
the object of study, other alternatives, notably alternative document models involving the aggregation of
pages based on domains and directories, have the potential to produce better results.
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The original ADMs exploited simple URL-based heuristics to automatically merge web pages for count-
ing purposes (Thelwall, 2002a). The different levels of aggregation of pages and links were an attempt to
remove the effect of spurious duplication of links which may occur when a website contains identical links
on many pages.

A second approach uses the same ADMs but ignores repeated links from one university to the same tar-
get web document at another university (Thelwall & Wilkinson, 2003a), attempting to approximate the
range of Internet collaboration rather than its intensity. ADM metrics at different levels of aggregation
using this approach effectively assess the range of the connection to each target university, although the
outcomes are similar to the previous metrics.

It has been discovered that the domain and directory models were able to successfully reduce the impact
of anomalous linking behaviour between pairs of websites, with the directory-based URL counting model
being better for analysing interlinking between universities, at least in the UK (Payne & Thelwall, 2004;
Thelwall & Wilkinson, 2003a). However, the domain ADM is also a good choice, for example to compare
links between individual UK, Australian and New Zealand universities (Thelwall, 2004a). Given the lack of
a universal best choice of ADM, the best option seems to be to use several (e.g., Thelwall & Vaughan,
2004).

The ADMs used within this paper aggregate pages at the web page, directory and domain level using the
following definitions:

Page: Each separate HTML file is treated as a document for the purposes of extracting links. Each unique
link URL is treated as pointing to a separate document for the purposes of finding link targets. A web page in
this context is identified with its URL. Any URL starting with http:// is allowed and UR Ls will be truncated
before any internal target designator symbol to avoid multiple links to different parts of the same page.

Directory: Al HTML files in the same directory, for both sources and targets, are treated as a document.
All URLSs are automatically shortened to the position of the last slash, and links from multiple pages in the
same directory are combined and duplicates eliminated.

Domain: As above except all HTML files with the same domain name are treated as a single document.
This clusters together all pages hosted by a single subdomain of a university site. Domains are obtained by
stripping any directory structure, file name, port number and password information from URLs, i.e. trun-
cating each target URL just before its first slash, if present.

4.3. Staff numbers and RAE ratings

Fundamental to the research question is the definition of ‘academic web size’. Previous studies have used
a number of factors in order to describe university site size, including the number of web pages within the
university source domain, the number of university staff and the physical size of the university.

Following on from the work of Ingwersen (1998) in creating the external relative WIF (a count of all
pages outside a site that contain a link to it, divided by the number of pages in this target site), a version
of this external relative WIF was created especially for academic web sites (Thelwall, 2001c). This uses the
number of full-time academic members of staff at the university instead of a site page count as the deno-
minator of the calculation.

WIF metrics using this calculation, together with UK Research Assessment Exercise (RAE) derived data
have been previously utilised revealing statistically significant correlations (Li et al., 2003; Smith & Thel-
wall, 2002; Thelwall, 2002¢, 2003). Since the subject of the research question in the present paper has impor-
tant implications for the design of web site metrics, and also as it is the measure used in most of the linear
trend-based papers employing UK link data, like the present one, it seems natural to use the definition of
research productivity as academic staff numbers multiplied by the average RAE score for each individual
university. This is used in preference to web site page counts, as site page counts have proved to provide
unreliable data (Thelwall, 2001a).
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The average RAE rating of the universities was taken from the Times Higher Education Supplement
(Mayfield University Consultants, 2001), which averages the grades awarded to each university by the Gov-
ernment Research Assessment Exercise. This is a peer review, subject-based process that is used to direct
Government research funding. Staff numbers were taken from the Noble Publishing Co. (1999). The com-
bination of data from different years is not ideal, although staff numbers and RAE averages are relatively
stable for most universities and so should not significantly impact upon the results.

4.4. Statistical analysis

The statistical analysis program SPSS 10.0 was used to perform a number of tests on both the raw and
ADM aggregated data, including non-parametric testing, linear regression and correlation analysis.

Linear regression analyses the relationship between two variables, x and y. For each subject, both x and
y are known, and it is required to find the best straight line through the data. In general, the aim of linear
regression is to adjust the values of slope and intercept to find the line that best predicts y from x. More
precisely, the goal of the regression is to minimize the sum of the squares of the vertical distances of the
points from the line. Note that linear regression does not test whether the data is linear. It assumes that
the data is linear, and finds the slope and intercept that make a straight line best fit the data.

The equation of the power type trend line displayed in logarithmic graphs takes the form y = ¢x?. That
is, y is a power law in x with a power or index of ¢ multiplied by a number or normalisation constant c.

Now, if it can be shown that the linear power 1 is in the 95% confidence interval for the power law
parameter for the equation index, this can be used to claim that there is no evidence of a power law. This
is because if y = ¢x?, where a = 1, then y = cx, which is a linear equation, and this would mean that the rela-
tionship between UK university link data and research productivity indicators would be best modelled by a
linear trend, and not a power law.

It is worth noting that there are direct techniques for testing for power laws available, and there is soft-
ware to easily do this (Rousseau & Rousseau, 2000). However, the current paper does not directly test for a
power law, as a power law fit could also be a linear trend fit and so would not answer the primary research
question.

5. Results

The 111 raw data university text files were analysed and aggregated into directories and domains using
the alternative document models, and statistics produced for source and target domains, directories and
pages for each individual university. These were taken as dependent variables and plotted on six scatter
graphs against the ‘staff number * RAE rating’ data as independent variables. All variables were subjected
to the Kolmogorov—Smirnov test, the principal goodness of fit test for normal and uniform data sets, and
the test distribution for each was found to be not significantly non-normal.

Figs. 1-6 show the data on a linear scale and Figs. 7-12 show the same data on a logarithmic scale.

Visual inspection of the graphs suggests that linear trends and power laws both fit the data sets to a rea-
sonable extent, although it is also clear that the data does not exhibit the very marked power law pattern
seen in previous web exercises, in which the power law slope is in the opposite direction to the above graphs
and shows a marked ‘broomstick’ or ‘hooked broomstick’ shape, reflecting a ‘rich get richer’ phenomena.
The graphs above resemble more those of Katz (2000), pointing to the possibility that there are economies
of scale operating. However, to prove whether or not the best fit for these graphs is a linear or logarithmic
line, more rigorous tests need to be applied. Each data set was thus subjected to linear regression techniques
using SPSS, after a logarithmic transformation had been performed on both sets of variables.
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Fig. 1. Source size (number of unique domain names in each site) against research (staff number * RAE rating).
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Fig. 2. Target size (number of unique domains targeted by links from each site) against research (staff number * RAE rating).
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Fig. 3. Source size (number of unique directories in each site) against research (staff number * RAE rating).
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Fig. 4. Target size (number of unique directories targeted by links from each site) against research (staff number * RAE rating).
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Fig. 5. Source size (number of unique source pages in each site) against research (staff number * RAE rating).

500000

*

400000

300000

200000

Target Pages

100000

0

T T T
6000 9000 12000 15000

Staff Number * RAE Rating

T
0 3000

Fig. 6. Target size (number of unique pages targeted by links from each site) against research (staff number * RAE rating).

1000

100 A

Source Domains

1 10 100 1000 10000 100000
Staff Number * RAE Rating

Fig. 7. Source size (number of unique source domains in each site) against research (staff number * RAE rating)—logarithmic graph.
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Fig. 8. Target size (number of unique domains targeted by links from each site) against research (staff number * RAE rating)—
logarithmic graph.
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Fig. 9. Source size (number of unique source directories in each site) against research (staff number * RAE rating)—logarithmic graph.
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Fig. 10. Target size (number of unique directories targeted by links from each site) against research (staff number * RAE rating)—
logarithmic graph.
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95% confidence intervals were taken for the power in the power laws for each data set. This means that,
given the assumptions of linear regression, the confidence interval is 95% sure to contain the best-fit regres-
sion line, leaving a 5% chance that the true line is outside those boundaries. However, this is not the same as
saying that it will contain 95% of the data points. The results for each of the logarithmic graphs are shown
in Table 1 below.

Table 2 gives Pearson’s correlation coefficient, R, which gives a measure of linear association.

All graphs display correlation coefficients in a very narrow range between 0.742 and 0.794. Levels of cor-
relation of between 0.7 and 0.9 can be described as high and so, using Pearson’s correlation coefficient, R, it
is clear that the graphs displayed in Figs. 7-12 all display high levels of correlation, i.e. significant at the
0.01 level (two-tailed).

6. Discussion
6.1. Power law or linear trend?

It can be observed from Table 1 that the linear power 1 does lie within the 95% confidence interval for
the graphs of source directories vs. staff number * RAE rating, target directories vs. staff number * RAE
rating, source pages vs. staff number * RAE rating and target pages vs. staff number * RAE rating. So it
could be said that, for these graphs, it would be reasonable to use a linear model for the relationship. How-
ever, the linear power 1 does not lie within the 95% confidence interval for the graphs of staff * RAE vs.
source domains and staff * RAE vs. target domains, although upper 95% confidence intervals of 0.901
and 0.986 respectively suggest that there may be evidence of linear trends which may be masked by inac-
curacies in the data, inadvertently introduced as a result of the limitations highlighted in Section 6.3.

The high levels of correlation shown in the results, significant at the p = 0.01 level (two-tailed), do seem
to suggest a definite linear relationship between the staff number * RAE rating data and the number of
source domains, target domains source directories, target directories, source pages and target pages, and
go some way in justifying the choice of methodology used.

It should be noted that all six logarithmic graphs show the same basic pattern with the two graphs util-
ising the domain ADM:s containing the most extreme outliers. These are also the graphs that show the most
deviation from the 95% confidence intervals and the lowest levels of correlation.

Table 1

Upper and lower 95% confidence intervals for power law powers (the line slopes in Figs. 7-12)

ADM Source documents Target documents
Domain (0.652, 0.901) (0.698, 0.986)
Directory (0.798, 1.077) (0.786, 1.074)
Page (0.863, 1.162) (0.863, 1.157)
Table 2

Pearson’s correlation coefficient for Figs. 7-12

ADM Source documents Target documents
Domain 0.764 0.742
Directory 0.787 0.776
Page 0.789 0.794
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6.2. Outliers

The following universities were noted as reoccurring outliers for the corresponding charts:

Paisley. This is not only the smallest university in terms of number of subdomains but also has the small-
est number of source directories, source and target pages.

Thames Valley University (TVU). TVU has the lowest average RAE rating of 0.4, and this contributes to
the lowest staff number * RAE rating.

Newport. This university has the joint second lowest RAE rating (0.5), and the second lowest staff num-
ber * RAE rating.

Chichester. Although not the smallest university, it does have the smallest number of both target do-
mains and directories. The large number of source page links is explained by the design of its web page
menu structure.

Because of the combination of low numbers of full-time academic staff and low average RAE scores,
TVU and Newport have the lowest staff number * RAE rating (63.04 and 80.15 respectively) by some mar-
gin—the next lowest being Anglia with 361.1. The removal of the outliers with the lowest RAE ratings, i.e.
Newport and TVU universities, brings the 95% confidence interval for the target domains vs. staff num-
ber * RAE rating graph to 1.048 and the 99% confidence interval for the source domains vs. staff num-
ber * RAE rating graph to 1.026, i.e. the linear power 1 is now within the respective confidence intervals
for both of these graphs. The removal of outliers could be considered to be a permissible step in statistical
analysis, and in this case, does not change the impact of the conclusions.

6.3. Limitations
There are a number of limitations of this study, some of which are highlighted in the list below:

e Universities have different policies for domain name use (Thelwall & Harries, 2003). This may explain
the deviation in the source and target domain 95% confidence intervals.

e The study only covers one national university system, crawled at one time. It is possible that domain
structure in other countries would be different, and so the results would not necessarily extend. Future
results confirming the results for other countries would strengthen the findings.

e The study covers only web site size and outlink counts. Although it seems unlikely, it is possible that
different results could be obtained from site inlink counts, which are most commonly used in webomet-
rics, as well as site outlink counts (i.e. excluding site self-links), and the interlinking counts used in the
WCEF calculation.

e The validity of the non-web data used is not beyond question. The RAE rating figures used are now a
number of years old, and the methods of counting academic staff numbers may vary considerably
between universities.

e The staff numbers, RAE ratings and web link data were derived from three different years (1999, 2001
and 2002 respectively). While no significant change in the data is expected, minor inaccuracies may be
introduced as a result of this time-span.

e There may be inaccuracies within the hyperlink structure web data such as typographical errors in target
URLs.

e The web crawler used to collect the web data covers only the publicly indexable pages on the sites
covered.

These are clearly drawbacks that should encourage caution in the interpretation of the conclusions as
these limitations, some of which would be inherent to any similar web site counting study, make it much
harder to identify mathematical patterns, even when they are actually present. It is hoped that future
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web link research will improve the reliability of the data and increase confidence in the results but until
then, the evidence presented here is supportive of the hypothesis that the relationship between academic
web size and research productivity indicators is best modelled by linear trends.

7. Conclusions

This paper has taken as raw data the text files of UK university hyperlink structure produced by the
Wolverhampton University’s Statistical Cybermetrics Research Group, aggregated them into source and
target domain, directory and page alternative document models, and displayed the results against academic
staff numbers multiplied by average RAE rating data on both linear and logarithmic graphs in an attempt
to show whether a linear trend or a power law is the most appropriate method with which to model the
relationship between web publishing/linking and research productivity.

Following linear regression, analysis of the logarithmic graphs showed that the linear power 1 fell within
the 95% confidence interval for the following graphs:

e Number of unique source pages vs. staff number * RAE rating.

e Number of target pages vs. staff number * RAE rating.

e Number of unique source directories vs. staff number * RAE rating.
e Number of target directories vs. staff number * RAE rating.

It is a reasonable interpretation then, that this data, using the page and directory ADM, is broadly con-
sistent with a linear trend. The results using the domain ADM were not as conclusive, although even with
no further analysis, with upper 95% confidence intervals of 0.901 and 0.986 for source domain ADM and
target domain ADM respectively, it could be claimed that a linear trend is still in evidence. The deviation
could be explained by inaccuracies in the raw data collection method, application of the ADM models, use
of the staff number/RAE data or a combination of all three.

The situation for the domain ADM is different. There was some evidence of a non-linear power law,
even after the removal of prominent outliers. The linear power 1 fell outside of the 95% confidence inter-
val, even though it was within the 99% confidence interval. Inspection of the graph, however, does not
show a clear power law trend; the clearest non-linear factor is that low research productivity universities
have few domains. A non-linear power law would explain this, but an alternative explanation would be a
break-point: perhaps universities need a critical research size in order to create the infrastructure (tech-
nical knowledge, and authority permission) to be able to create new subdomains as and when needed. In
contrast to domains, directories typically do not need specialist knowledge, permission and access to cre-
ate and so are in a sense more natural. This argument supports the use of the directory ADM as pref-
erential to the domain ADM, at least until this apparent anomaly in domain creation is explained or
disappears.

The fact that the relationship between academic web site size and research productivity is best modelled
by a linear trend validates the results of previous research into academic web interlinking which has as-
sumed that web data should follow a linear trend (Thelwall, 2002a, 2002d; Thelwall & Wilkinson,
2003a). It also justifies the design and use of web metrics such as the web impact factor (Ingwersen,
1998), which rely on linear data. Katz (2000) has shown that specially modified ‘scale-independent’ indica-
tors need to be developed for data that obeys a power law. However, many of the ‘rich gets richer’ type of
power law behaviour observed within the web concentrate on the distribution of overall web links over
time, and is not strictly applicable to the collection of academic text file hyperlink structures used within
this research, as they represent a snapshot of UK University hyperlink data as of July 2002, although this
is the same raw data used in many previous studies of academic web links.
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The results from this study hold importance as a step towards understanding the phenomenon of aca-
demic web linking and developing metrics to extract useful information. A greater understanding of the
mathematical patterns and relationships within the hyperlink structure of these links will develop an appre-
ciation of the way the academic web is presently connected, and may prove to be a useful tool in predicting
future development and evolution.

It is evident that academic hyperlink analysis can be complex and problematical. Although significant
mathematical patterns can be extracted from hyperlinks, it is still the case that they are a largely unregu-
lated phenomenon. As a result great care must be taken to validate data when conducting hyperlink ana-
lyses to avoid drawing false conclusions because of data unreliability. Nevertheless, these positive results
strengthen the case for using web link analysis as a tool with the potential to reveal underlying trends in
academic web site interlinking.

Despite the problems mentioned above, the confidence intervals for the respective ADMs vs. staff num-
ber * RAE rating data are statistically significant. The positive results can confirm that it is a linear trend,
and not a power law, which best models academic web size and interlinking data.
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