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Abstract

The Web has become an information source for professional data gathering. Because of the vast amounts of infor-

mation on almost all topics, one cannot systematically go over the whole set of results, and therefore must rely on the

ordering of the results by the search engine. It is well known that search engines on the Web have low overlap in terms

of coverage. In this study we measure how similar are the rankings of search engines on the overlapping results.

We compare rankings of results for identical queries retrieved from several search engines. The method is based only

on the set of URLs that appear in the answer sets of the engines being compared. For comparing the similarity of rank-

ings of two search engines, the Spearman correlation coefficient is computed. When comparing more than two sets Ken-

dall�s W is used. These are well-known measures and the statistical significance of the results can be computed. The

methods are demonstrated on a set of 15 queries that were submitted to four large Web search engines. The findings

indicate that the large public search engines on the Web employ considerably different ranking algorithms.

� 2005 Elsevier Ltd. All rights reserved.
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1. Introduction

The Web has become a major information source both in everyday and in professional life. Information

sources available through the Web are regularly being referenced in scientific publications (Herring, 2002;
Lawrence, 2001; Snyder & Peterson, 2002; Zhang, 2001). In addition, the Web is used for gathering other

types of professional information (e.g. calls for papers, tables of contents and abstracts of proceedings/jour-

nal, information published by governments and different organizations).
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The primary tools for locating information on the Web are the search engines. Currently Google is the

most popular search tool and is one of the most visited sites on the Web (Nielsen/NetRatings, 2004; Sul-

livan, 2004a). Even though large search engines cover only a fraction of the Web (Bharat & Broder, 1998;

Lawrence & Giles, 1999), for most one or two-word queries (and these are the most frequently occurring
queries), the number of retrieved results is in the thousands or in the millions. Users usually browse only

the first or perhaps the second page of the search results (i.e., they usually only consider the top ten or

twenty results) (Silverstein, Henzinger, Marais, & Moricz, 1999; Spink, Ozmutlu, Ozmutlu, & Jansen,

2002). Thus ranking becomes crucial. In this paper we propose a new method for comparing the rankings

of different search engines, based only on the documents that are listed by all the search engines that are

compared.

The ranking algorithms of the search engines are not public: they are on the one hand trade secrets, and

on the other hand the search engines fear that web site owners will misuse the available information in order
to gain higher rankings for their pages. For example, Google is willing to disclose only that its ranking algo-

rithm involves more than 100 factors, but ‘‘due to the nature of our business and our interest in protecting

the integrity of our search results, this is the only information we make available to the public about our

ranking system’’ (Google, 2004).

Since users would drown in information without reasonable ranking algorithms, it is of utmost

importance to evaluate the rankings provided by different search tools. The usual method of evaluation

is through human judgment, since rankings like relevance judgments are highly subjective and depen-

dent on the context of the search carried out by the specific user. In an early study by Su, Chen, and
Dong (1998), users were asked to choose and rank five most relevant items from the first 20 results

retrieved for their queries. In fall 1999, Hawking, Craswell, Bailey, and Griffiths (2001) evaluated

the effectiveness of 20 public Web search engines on 54 queries. One of the measures used was the re-

ciprocal rank of the first relevant document (relevance was judged by humans)—a measure closely re-

lated to ranking. The results showed significant differences between the search engines. In a recent

study, Vaughan (2004) compared human rankings of 24 participants with those of three large commer-

cial search engines, Google, AltaVista and Teoma on four search topics. The highest average correla-

tion between the human-based rankings and the rankings of the search engines was for Google, where
the average correlation was 0.72.

For judging the rankings produced by a specific search tool, the best method is human judgment. How-

ever, for comparing rankings of different tools one can compute similarity measures without the involve-

ment of human judges. Fagin, Kumar, and Sivakumar (2003) proposed a method for comparing the top

k results retrieved by different search engines. One of the applications of the metrics proposed by them

was comparing the rankings of the top 50 results of seven public search tools (some of them received their

results from the same source, e.g., Lycos and AlltheWeb) on 750 queries. The basic idea of their method

was to assign some reasonable, virtual placement to documents that appear in one of the lists but not in
the other. The resulting measures were proven to be metrics. Bar-Ilan, Levene, and Mat-Hassan (2004) used

three different measures to study the changes in search engine rankings over time.

We show that for the measures proposed by Fagin et al., when the two lists have little in common, the

non-common documents have a major effect on the measure. Our experiments show that usually the over-

lap between the top 10 results of two search engines for an identical query is very small. Here we propose a

different method—comparing only the comparable documents, i.e. those appearing in both lists.
2. Methodology

Before discussing in detail the methods employed by us, we briefly discuss one of the Fagin et al. (2003)

metrics (all the metrics introduced by them were shown to be equivalent).
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2.1. The metrics introduced by Fagin et al.

It is relatively easy to compare two rankings of the same list of items—for this well-known statistical

metrics such as Kendall�s tau or Spearman�s footrule can be easily utilized. The problem arises when the

two search engines that are being compared rank non-identical sets of documents. To cover this case (which
is the usual case when comparing top k lists created by different search engines), Fagin et al. (2003) extended

the previously mentioned metrics. Here we discuss only the extension of Spearman�s footrule, but the exten-
sions of Kendall�s tau are shown in the paper to be equivalent. A major point in their method was to devel-

op measures that are either metrics or ‘‘near’’ metrics. Spearman�s footrule, is the L1 distance between two

permutations (where the rankings on identical sets can be viewed as permutations): F ðr1; r2Þ ¼P
jr1ðiÞ � r2ðiÞ j. This metric is extended for the case where the two lists are not identical, documents

appearing in one of the lists but not in the other an arbitrary placement (which is larger than the length

of the list) is assigned in the second list–when comparing lists of length k this placement can be k + 1
for all the documents not appearing in the list. The rationale for this extension is that the ranking of those

documents must be k + 1 or higher–Fagin et al. do not take into account the possibility that those docu-

ments are not indexed at all by the other search engine (which is quite plausible because of the low overlap

of the search engine databases). The extended metric becomes:
F ðkþ1Þðs1; s2Þ ¼ 2ðk � zÞðk þ 1Þ þ
X

i2Z
js1ðiÞ � s2ðiÞ j �

X

i2S
s1ðiÞ �

X

i2T
s2ðiÞ
where Z is the set of overlapping documents, and z is the size of Z, S is the set of documents that are only in

the first list and T is the set of documents that appear in the second list only. Thus a lower bound on

F(k+1)(s1,s2) is:
F ðkþ1Þðs1; s2Þ P ðk � zÞðk � zþ 1Þ

This value is normalized by dividing the value by the maximum value of F (k+1), which is k(k + 1), thus the
normalized F (k+1) is a distance measure with values between 0 and 1 (0—the lists are identical). Note that

the metric is heavily dominated by the non-overlapping elements, for z = k/5 (characteristic value we found

in our experiments), the influence of the non-overlapping elements is considerable, since the minimum value

of the normalized F (k+1) in this case will be
normalized F ðkþ1Þ ¼
k 16

25
k þ 20

25

� �

kðk þ 1Þ !
k!1

0.64
Therefore in this characteristic case, the range of possible values of F (k+1) will be between 0.64 and 1. For

the case z = k/10, the minimum normalized value tends to 0.81 as k goes to infinity, thus the range of pos-

sible values is even smaller.

2.2. The proposed measures

The metrics proposed by Fagin et al. (2003) can be very useful for situations where the overlap between

the two compared lists is large. However, in practice, this is not the case for the search results of the large

public search engines on identical queries. The major reason is that as we mentioned in the introduction the

overlap of the crawled pages by the different search engines is relatively small (see Bharat & Broder, 1998;

Lawrence & Giles, 1999). Thus we propose measures where we consider only the overlapping documents.

For comparing rankings of two search engines on identical queries, we compute Spearman�s rho and test

for significance. The measure is computed by considering only URLs that appear in both lists. Spearman�s
rho is applied to ranked lists of n items, where the rankings are between 1 and n. Thus the set of intersecting

URLs was reranked for both search engines, where each URL received its relative rank in this subset, based
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on the absolute rankings of the given search engine. Spearman�s rho ranges between �1 and 1, where 0

stands for no correlation between the two rankings, 1 for complete agreement and �1 for complete dis-

agreement. It is the non-parametric version of Pearson�s r (see for example Garson, 2004 or Lowry,

2004). For more than two lists we calculate Kendall�s W–also called the coefficient of concordance that com-
pares rankings of different judges (in our case different search engines) on a set of items (documents in our

case). Kendall�s W ranges between 0 (no agreement) and 1 (complete agreement) (see for example Bove,

2002). Here too we consider the set of intersecting URLs only and rerank the lists like for the case of

two search engines. For both Spearman�s rho and Kendall�s W, one has to consider both the strength of

the correlation or of the agreement (the nearer these values are to 1, the rankings are more similar) and

the significance of the result, that measures whether the differences between the rankings could have been

random.

Identical queries were submitted to different search engines, and the lists of all displayed results were
saved. For smaller queries (i.e., less than 1000 hits) most search engines display the complete lists, while

for larger queries only the first 1000 results are shown usually. We only considered search engines that pro-

vided complete rankings, thus search engines where only one or a few pages from a site are displayed, with-

out an option to display complete lists (such options existed at the time of the data collection for Google

and AltaVista) were discarded (e.g. Teoma). From the saved results pages, we filtered out the URLs of the

hits and created a consolidated list of URLs that were retrieved by all the search engines for the given

query. For every URL we listed the respective rank of that URL in the list of each search engine in which

the URL appeared. For every pair of search engines we looked at those URLs only that appeared in both
lists and reranked the URLs appearing in the intersection.

The Web search engine scene is rather dynamic, since the data collection AlltheWeb and AltaVista have

undergone major changes, currently both are powered by Yahoo (Sullivan, 2004b). Thus, had we run these

queries in October 2004, we probably would have received different results, however, the methods presented

here are still valid, and based on smaller scale experiments we conclude that there are still huge differences

between the ranking algorithms of Yahoo and Google. Search engines change their ranking algorithms all

the time (see for example the reports on the Florida Google dance—Sullivan, 2003) even without changes in

their business models, thus in any case the specific results presented here were only valid at the time of the
data collection. The specific results presented here demonstrate the applicability of the methods, and serve

as an alert as to the huge differences in ranking by the different systems.

2.3. Data collection

For our experiment we chose 15 queries in the area of information retrieval. The queries were not chosen

randomly, since we wanted to experience with different sizes of results sets, based on the number of results

reported by Google—the first five queries resulted in less than 200 hits, for the next five the number of hits
was between 200 and 1000, and the last five queries had more than 1000 hits—for this set only the first 1000

results were retrieved (1100 for AlltheWeb). We queried four search engines: Google, AlltheWeb, AltaVista

and HotBot on December, 7, 2003. For Google we used the ‘‘the repeat the search with the omitted results

included’’ option, and for AltaVista we marked the ‘‘site collapse off’’ option in order to have complete

rankings of the retrieved documents. Table 1 displays the queries and the number of URLs retrieved for

each query by each search engine separately and by all the search engines together. For the large queries

we also show the number of reported results in parentheses. In brackets is the relative coverage of each

search engine in percentages out of the pool of URLs identified by the four search engines for the query.
For the small and medium queries the relative coverage of Google is considerably higher that those of

the other search engines, while in December 2003, HotBot had the lowest coverage. As pointed out before,

these results only present a momentary snapshot, and no conclusions should be drawn from the specific

findings—they are of anecdotal value only.



Table 1

The queries and the number of retrieved results and the total number of different URLs identified for the query, and the coverage of

each search engine out of the pool of URLs identified for the query (in brackets)

Query no. Query Google AlltheWeb AltaVista HotBot Total

q01 ‘‘relative ranking’’ TREC 58 30 24 6 88

[66%] [34%] [27%] [7%]

q02 ‘‘SIGIR 2004’’ 177 40 27 30 219

[81%] [18%] [12%] [14%]

q03 ‘‘everyday life

information seeking’’

170 114 60 67 262

[65%] [44%] [23%] [26%]

q04 ‘‘natural language processing for IR’’ 137 78 12 63 229

[60%] [34%] [5%] [28%]

q05 ‘‘multilingual retrieval’’

Hebrew

22 6 4 4 30

[73%] [20%] [13%] [13%]

q06 ‘‘relative ranking’’ IR 568 292 114 56 792

[72%] [37%] [14%] [7%]

q07 ‘‘social network analysis’’

‘‘information retrieval’’

748 408 169 206 1120

[67%] [36%] [15%] [18%]

q08 ‘‘link mining’’ 269 209 115 84 464

[58%] [45%] [25%] [18%]

q09 ‘‘citation analysis’’

‘‘link structure’’

377 157 65 57 652

[58%] [24%] [10%] [9%]

q10 bibliometrics

‘‘link analysis’’

315 106 60 46 382

[82%] [28%] [16%] [12%]

q11 relevance ranking

‘‘link analysis’’

1000 (1640) 696 (1233) 426 (708) 345 (540) 1791

[56%] [39%] [24%] [19%]

q12 ‘‘Cross-language retrieval’’ 1000 (2480) 1093 (5675) 1000 (1100) 421 (840) 2477

[40%] [44%] [40%] [17%]

q13 ‘‘Question answering’’ IR 1000 (3960) 1088 (8346) 1000 (1177) 671 (1492) 2709

[37%] [40%] [37%] [25%]

q14 ‘‘information retrieval’’ 1000 (1,090,000) 1100 (1,091,278) 994 (264,826) 449 (247,992) 2914

[34%] [38%] [34%] [15%]

q15 ‘‘data mining’’ 998 (1,730,000) 1100 (1,274,549) 963 (367,411) 450 (384,846) 2856

[35%] [39%] [34%] [16%]
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3. Results and discussion

We computed Spearman�s rho between every pair of search engines and for every query. The results appear

in Table 2: in the table one can find the significance of the results and the size of the overlap for every pair. We

also calculated the average correlation between pairs of search engines, based on the overlapping URLs.

Interesting to note that even though the highest correlation was between Google and AltaVista, the cor-

relation was especially high (and in most of the cases significant) for most of the queries, there were a few

exceptions, especially for query 11, �relevance ranking AND ‘‘link analysis’’�—here the correlation was ex-
tremely low, only 0.004, even though both engines indexed 128 common documents. Another point to no-

tice is that in spite of the low correlation between the rankings of Google and AlltheWeb, they both

correlated relatively strongly with AltaVista.

For the sake of comparison we also computed F51 measure introduced by Fagin et al. (2003) for queries

6–15 (for the first queries there were less than 50 hits for some of the search engines). The results were nor-

malized so the numbers are between 0 and 1 (all values were divided by 2550—the highest possible value),

just like in (Fagin et al., 2003). The results appear in Table 3 together with the size of the overlap (the z

value in the formula for computing F(k+1)) for the two top 50-lists. Note that for query 10, HotBot retrieved
only 46 results.



Table 2

Correlations between pairs of search engines on the queries

Google–Alltheweb Google–AltaVista Google–Hotbot AlltheWeb–

AltaVista

AlltheWeb–HotBot AltaVista–Hotbot

Sp sig ol Sp sig ol Sp sig ol Sp sig ol Sp sig ol Sp sig ol

q01 0.6 0.85 13 0.8 0.00 19 1.0 0.00 2 0.4 0.40 6 0.4 0.60 4 1.0 0.00 1

q02 �0.4 0.02 26 0.7 0.00 19 0.7 0.00 17 0.8 0.02 9 �0.4 0.31 10 0.3 0.49 9

q03 �0.4 0.02 26 0.7 0.00 19 0.7 0.00 17 0.8 0.02 9 �0.4 0.31 10 0.3 0.49 9

q04 �0.4 0.78 44 0.1 0.78 8 0.4 0.03 44 0.7 0.19 5 0.5 0.06 16 0.1 0.87 5

q05 1.0 0.00 2 0.5 0.67 3 1.0 0.00 2 1.0 0.00 2 �1.0 1.00 2 0

q06 0.0 0.69 125 0.7 0.00 67 0.4 0.05 22 0.2 0.13 42 0.1 0.72 28 0.4 0.20 12

q07 0.0 0.94 69 0.8 0.00 80 0.4 0.03 31 0.1 0.34 59 0.1 0.45 32 �0.1 0.57 22

q08 0.0 0.94 69 0.8 0.00 80 0.4 0.03 31 0.1 0.34 59 0.1 0.45 32 �0.1 0.57 22

q09 0.0 0.79 100 0.6 0.00 49 0.5 0.01 28 0.2 0.27 34 0.0 0.98 28 0.5 0.04 18

q10 0.1 0.23 66 0.6 0.00 46 0.3 0.24 22 0.4 0.08 23 0.3 0.35 16 �0.4 0.43 7

q11 0.0 0.89 133 0.0 0.96 128 �0.1 0.42 78 0.3 0.00 162 0.2 0.02 146 0.4 0.00 108

q12 0.3 0.00 258 0.3 0.00 263 0.4 0.00 99 0.5 0.00 412 0.3 0.00 163 0.4 0.00 160

q13 0.1 0.44 220 0.5 0.00 270 0.4 0.00 100 0.3 0.00 341 0.1 0.05 191 0.3 0.00 159

q14 0.7 0.00 177 0.7 0.00 225 0.6 0.00 85 0.7 0.00 177 0.6 0.00 96 0.5 0.00 90

q15 0.6 0.00 178 0.7 0.00 193 0.4 0.00 77 0.6 0.00 247 0.4 0.00 92 0.5 0.00 97

Average 0.14 0.44 100.4 0.56 0.16 97.9 0.50 0.05 43.7 0.47 0.12 105.8 0.10 0.35 57.7 0.29 0.26 47.9

�Sp� stands for Spearman�s rho; �sig� for significance (significant at the 0.05 level is bolded, and significant at the 0.01 level is in italics; ol stands for the size of the overlap).

1
5
1
6

J
.
B
a
r-Ila

n
/
In
fo
rm

a
tio

n
P
ro
cessin

g
a
n
d
M
a
n
a
g
em

en
t
4
1
(
2
0
0
5
)
1
5
1
1
–
1
5
1
9



Table 3

Normalized F51 for queries 6–15

Go–All Overlap Go–Alt Overlap Go–Hot Overlap All–Alt Overlap All–Hot Overlap Alt–Hot Overlap

q06 0.933 4 0.801 12 0.818 7 0.855 8 0.884 7 0.816 10

q07 0.958 3 0.920 8 0.934 5 0.899 7 0.910 6 0.889 8

q08 0.963 2 0.362 34 0.964 4 0.915 8 0.874 9 0.968 3

q09 0.947 3 0.785 9 0.916 4 0.769 11 0.788 12 0.707 17

q10 0.968 2 0.838 7 0.928 3 0.755 12 0.794 11 0.864 7

q11 0.967 1 1.000 0 1.000 0 0.846 8 0.889 6 0.811 8

q12 0.962 3 0.973 6 0.962 3 0.804 10 0.912 5 0.951 3

q13 0.955 2 0.884 9 0.917 5 0.857 5 0.947 4 0.924 6

q14 0.744 12 0.627 23 0.791 10 0.751 10 0.813 9 0.872 9

q15 0.776 13 0.673 21 0.910 5 0.540 24 0.804 9 0.871 7

Average 0.917 4.5 0.786 12.9 0.914 4.6 0.799 10.3 0.861 7.8 0.867 7.8
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F is a distance measure, therefore, the smaller the value the more similar are the rankings of the com-

pared search engines. Let us compare the rankings based on the average of Spearman�s rho with the ranking

based on the F metric. The comparison appears in Table 4.

Table 4 shows differences in rankings of similarity/correlation. The differences between the F values are

small, compared to the far more emphasized differences in the average values for Spearman�s rho. Spearman�s
rho is a well-known measure, and categorizations of the strength of the correlation exist. Some say that if the

absolute value of the correlation is below 0.3 then the correlation is weak, between 0.3 and 0.49 it is medium

and above 0.5 it is large (Cohen, 1988). Others define the correlation as strong, only if the absolute value is
above 0.7, and medium when the absolute value is between 0.4 and 0.7 (Rowntree, 1981). In either case we

see that the average correlation between Google and AltaVista and Google and Hotbot is medium-high,

while the correlations between Google and AlltheWeb and AlltheWeb and Hotbot are very low.

The most striking difference between the two rankings is the placement of the Google-HotBot pair. We

believe that the F measure is very strongly influenced by the size of the overlap, as we discussed in the meth-

odology section. Actually the rankings for the F measure are exactly according to the size of the average

overlap. Thus it seems that the F measure is useful in situations where the overlap between the results of

every two pairs of compared search tools is considerable. Spearman�s rho, on the other hand, totally ignores
the non-overlapping elements, and concentrates only on the differences in the rankings of the search engines

being compared.

We also compared groups of three search engines on the set of URLs that were retrieved by all three

engines. Finally we looked at the relative rankings of the URLs retrieved by all four search engines. For

the case of three or more tools, we computed Kendall�s W that measures the agreement between raters

and ranges between 0 and 1: 0 for no agreement and 1 for complete agreement. SPSS provides a significance

measure associated with this value. The df in the table stands for degrees of freedom and it is the size of the

intersection minus 1. The results appear in Table 5.
Table 4

Comparing the correlation data with the F51 metric

Rank Based on correlation Average Spearman Based on F51 Average F51

1 Google–AltaVista 0.563 Google–AltaVista 0.786

2 Google–HotBot 0.504 AlltheWeb–AltaVista 0.799

3 AlltheWeb–AltaVista 0.475 AlltheWeb–HotBot 0.861

4 AltaVista–HotBot 0.285 AltaVista–HotBot 0.867

5 Google–AlltheWeb 0.138 Google–HotBot 0.914

6 AlltheWeb–HotBot 0.098 AlltheWeb–HotBot 0.917



Table 5

Agreement on the rankings between sets of three or more search engines

Go–All–Alt Go–All–Hot Go–Alt–Hot All–Alt–Hot Go–All–Alt–Hot

W df sig W df sig W df sig W df sig W df sig

q01 0.72 5 0.055 0.39 1 0.083 0 0 0

q02 0.39 7 0.313 0.24 8 0.682 0.52 5 0.170 0.47 3 0.241 0.18 3 0.552

q03 0.38 31 0.256 0.35 25 0.397 0.22 12 0.819 0.51 12 0.095 0.19 12 0.675

q04 0.58 4 0.139 0.76 13 0.005 0.64 3 0.122 0.78 2 0.097 0.81 2 0.039

q05 0 0 �1 �1 �1

q06 0.58 33 0.006 0.57 12 0.056 0.62 9 0.053 0.59 5 0.113 0.59 5 0.037

q07 0.47 58 0.022 0.40 58 0.151 0.60 34 0.003 0.44 26 0.132 0.38 23 0.051

q08 0.55 47 0.003 0.51 16 0.080 0.62 14 0.025 0.49 12 0.110 0.63 11 0.004

q09 0.45 26 0.116 0.49 18 0.096 0.62 13 0.029 0.61 14 0.029 0.52 11 0.017

q10 0.64 17 0.012 0.38 10 0.323 0.33 4 0.406 0.24 5 0.613 0.23 4 0.463

q11 0.37 65 0.238 0.33 45 0.501 0.36 43 0.353 0.57 65 0.000 0.27 29 0.336

q12 0.61 155 0.000 0.52 56 0.004 0.52 57 0.004 0.59 92 0.000 0.50 38 0.000

q13 0.48 125 0.001 0.46 51 0.034 0.60 58 0.000 0.45 89 0.015 0.41 37 0.010

q14 0.78 104 0.000 0.79 51 0.000 0.70 53 0.000 0.73 52 0.000 0.74 42 0.000

q15 0.78 114 0.000 0.64 43 0.000 0.66 50 0.000 0.66 57 0.000 0.64 38 0.000

Average 0.56 52.7 0.08 0.49 27.1 0.17 0.54 23.6 0.15 0.55 28.9 0.11 0.47 16.9 0.17

W stands for Kendall�s W; sig for significance (significant at the 0.05 level is bolded, and significant at the 0.01 level is in italics; df

stands for degrees of freedom (size of intersection minus 1)).
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We see that the average agreement for all the sets is around 0.5, and the results for the larger queries are

mostly significant, i.e. the outcome is with high probability not accidental. For query 5, ‘‘multilingual re-

trieval’’ AND Hebrew, there was not a single document that was retrieved by all four search engines.
4. Conclusions

The findings of this study clearly show that search engines employ very different ranking algorithms. The
obvious differences in rankings methods should be noted by experienced users, especially by scientists look-

ing for a wide range of quality information on the Web. By submitting the same query to several search

tools or to a meta search engine that sends the query to the major search engines, even by looking only

at the top-10 or top-20 results retrieved by each of the search tools, one can increase the range of the results

considerably.

Our method of taking into account only documents that are retrieved by all the search engines that are

being compared, zooms in on the differences in the ‘‘ranking recipes’’, without penalizing the search engines

for having smaller indices or for crawling in places that the other search engines have not reached.
The method presented here compares rankings of different search engines; however it says nothing about

the superiority of one ranking over the other. In order to decide which ranking is better in the ‘‘eyes of the

users’’, large-scale user studies have to be carried out along the lines of Vaughan�s research (2004).

As for the future, we feel that larger scale studies are appropriate. Such studies should be carried out

periodically, since both the Web and the ranking algorithms undergo constant changes.
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