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Abstract. A comparison between a number of search engines from thifeestit families (HITS, Page-
Rank, and Propagation of Trust) is presented for a small weleswith respect to perceived relevance.
A total of 307 individual tests have been done and the re$ulis these were disseminated to the al-
gorithms, and then handled using confidence intervals, Kgbmov-Smirnov and ANOVA. We show
that the results can be grouped according to algorithm jamid also that the algorithms (or at least
families) can be partially ordered in order of relevance.
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1 Introduction

Finding the required information on the WWW is not a
trivial task. Currently used search engines will usually
give good advice on pages to look at, but are there more
personalised tools that can be used instead? We will
in this work compare the relative strength of some of
the algorithms usable in a user defined personalisation
environment, in order to find out how they behave over
smaller networks (such as a single web server).

Two things that these algorithms have in common is
that they operate on a connection matrix (or adjacency
matrix), and they all use a set of pages that are known
to be about a specific topic (call&down pages) as the
starting point. The algorithms belong to three different
families:

Hypertext-Induced Topic Selection (HITS[9]) This
family of algorithms does not work on the entire
connection matrix, but will instead use a subset
of this matrix calledH. It includes the known
pages together with pages pointing at one or more
pages among the known pages as well as the pages
pointed out by them. Each page in the entire set is
given a start value in two categories, “hub” (denot-
ing animportant link page) and “authority” (denot-
ing a page with valuable information on the given
subject). These values are adjusted by iteration
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The basic idea behind HITS is to use the inher-
ent strength of the connection matrix. The starting
point is to give a value to all pages in the known
set, and then calculate the final result by propagat-
ing these values first in the forward direction of
H (giving a partial result of the authority pages),
then back into the hub value until the calculations
are stable.

The two algorithms of the HITS family that we
will use are the originaHITS [9] algorithm as

well as theRandomized HITS [12] algorithm,
where some of the hub/authority value given to
each page is dissapated to all pages in the set. There
are other versions in this family, including:

Subspace HITS [12], where all stable eigenvec-
tors found are multiplied with their relative
eigenvalue strength and these are then super-
positioned,

Clever [B], where the connection matrix is slightly
changed by weighting according to the num-
ber of incoming/outgoing hyperlinks as well
as whether the pages resided on the same site
or noH,

a_nd nc_)rmalisation over the simultaneous equations 1 jater version of Clever breaks up pages with a vast amount of
givenin Eq. K].) outgoing links into micro-pages, each with its own fine-geai hub
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MHITS [i1], where the connection matrix is gen-
erated using web logs as well as more than
one link away from the original starting page,

BHITS [2], where two things are used in order
to make HITS more stable; outliers are fil-
tered out and the weight of links between two
servers are one divided by the number of links,
and

Stochastic Approach to Link Structure Analysis
(SALSA) [1Q], whereH andH' are updated
in order to get stochastic matrices (by divid-
ing each value in a row with the number of
values in the row). The main reason for doing
this is to get a sound and stable system, but
the final outcome is that for systems without
dangling nodes (or weights) we get a result
directly related to the in- (for authority value)
and out-degree (for hub value). This can be
computed much faster with other techniques.

Clever and BHITS were ruled out since all pages
resided on one web server and Subspace HITS were
removed since our search engine framework was
unfortunately not able to support them fully. No
web logs were available, thus ruling out MHITS,
and SALSA did not give sufficiently fine-grained
results for weighted disseminations. This left u
with HITS and Randomized HITS from this fam-

ily.

PageRank This is the main algorithm of Googl&l[3],

and is used to give a query independent impor-
tance number (called eank value) to each web
page according to the structure of hyper links be-
tween web pages.

PageRank uses a random surfing model over the
Internet. This means that it models the behaviour
of a web surfer that follows one randomly cho-
sen link in the current page, every once in a while
this web surfer gets bored with the current chain of
pages and skips to a random page on the Internet
(called thedamping factor). Each visit to a page
would in theory indicate that a page gets slightly
more interesting than before. Rather than letting
a simulator mark each visited page a number of
times, there are much more effective ways of sim-
ulating and calculating these values.

The probability that the web surfer will visit page
wj is given in Eq. [R), usingl — ) < 1 as the

dampening factor, the gragh = (V, E) whereV'
is the set of pages anfd is the set of hyper links,
n = |V, andd(w;) is the out-degree of page;.
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This is the same thing as using a connection matrix
where each column sums to 1 modified by adding
the dampening factor as can be seen in Hq. (3).
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The PageRank is the dominating eigenvectarof
Prn = w7 > 0,]|x||y = 1. This means that the
i-th entry ofr is the probability that a surfer visits
pagei, or the PageRank of page

The version that we will use in this work Tpic-
Sensitive PageRank [B]. It uses the same gen-
eral ideas and algorithm as the normal PageRank,
except that skipping will be to one of the known
pages; the dampening factor is only added (and
scaled accordingly) if the corresponding page is
known to be about that particular subject.

SPropagation of Trust This set of algorithms builds on

the algorithm found in[J1]. The main idea is that
the trust of known pages are distributed (and di-
minished by1/¢, where > 1) over each out-
going link, until the value is too small to make a
difference any more. We will use three different
versions of this algorithm in this work:

Basic Propagation of Trust (ProT) Given an ini-
tial scorew(4,0) = 1 (100%) for pages that
are on-topic and zero otherwise, and using
as the iteration count as well as settiig be
a value just over the dominant eigenvalue of
the corresponding connection matrix we can
apply the algorithm in Eq04).

The final answer is given after normalisation
of the k:th « vector.

Superpositioned Singleton Propagation of Trust
(S2ProT) This algorithm is a much faster re-
placementfor ProT. For each page among the
known pages we calculate a singleton (or ba-
sic) vector using ProT, and then superposi-
tion these vectors to form the final answer.
Calculating a singleton is usually much faster

value [4]. These micro-pages are not seen as entirely deprtities,
and a secondary aggregate hub/authority value can be ai@dufor
them as well.

than using the set of known pages directly in
ProT.
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Hybrid Superpositioned Singleton Propagation The second criteria was that combining the results

of Trust (HyS?ProT) This is a hybrid ver- from the algorithms should yield at least nine unique
sion of SProT where each outgoing value islinks in the resulting set. Once more, this rule also
further decreased with the number of outgostems from the variability of the top lists.

ing links (i.e. the out-degree of a page) inthe  The third criteria was that the pages had to be present

same manner as for PageRank. during the experiment. Some pages have been removed
since the database was gathered, thus preventing some
1.1 Hypotheses otherwise fitting keywords from being used.

The fourth criteria was that no student web page
ould be included in the top lists, so that no single in-
ividual of the student body should feel singled out.

The fifth criteria was that at most 20 links should
1. These algorithms will for this data set give top fivebe given when combining the results of the algorithms.
results that are disparate when comparing differefthe reason for this is that the workload of those partic-

families of algorithms with each other. ipating in the experiment should be reasonably small.

. L The sixth and final criteria was that not all pages
2. The Propagation of Trust family gives better Setﬁiven by an algorithm should have exactly the same

of top five results (with regards to relevancy) thanejght attributed to them, in order to use the weights
any of the others for this data set. to find differences between the data sets.

These criteria yielded a list of a few hundred suit-

2 Methods and Materials able candidates for inclusion in the experiment. The

In order to find out whether the algorithms in questiorfinal selection was done using two methods — direct se-
yie|ds rough|y equa”y relevant results the f0||owing exjection of some keyWOde that we felt were well defined
periment was conducted: The top five results from agin this case ‘aagren’, ‘jubo’, ‘kompilatorteknik’, and
plying the algorithms was gathered and combined for #1&"), while the others were selected at random.
number of keywords (see Sectibnl2.1), yielding a total

of between nine and 20 links per keyword. These link$ 2  pjissemination of Result to Algorithms

were manually examined for relevancy with regards to ) ) . .

the corresponding keyword by those participating in th('_{he relevance checking was done using blind reviews
experiment, yielding a total of 307 tests of the ten keyl-€: NO reference was given as to what or which al-
words. The relevances were then propagated back ggrithm(s) produced the link in the top five positions)

the corresponding algorithms as per Secloh 2.2 in ofn @ fi\_/e—graded scale. The first gra_de indicated that
der to find out how relevant the mean result of each afl'€ réviewer was unable to say anything about the rel-
gorithm are, both per question and in total. The totafVancy of the page regarding the current keyword, and
relevancy of each algorithm were then compared usinté‘ese values were ignored in all calculations. The sec-
confidence intervals (see Sectlon2.3) and Kolmogorm?—”d grade corresponded to a complete lack of relevancy,

Smirnov (see Sectidn2.4) to show whether there are dife- 0. The third grade was indicative of some relevance,

ferences between each algorithm in terms of relevancy®: 3- The fourth grade indicated a moderate amount of
relevance, |.e§. The fifth and final grade indicated that
the page was very relevant, correspondingto 1 (or 100%
relevance). This scaling will lead to an underestimation
The first criteria was that at least eight pages had to cogf the true relevance of the pages, but we are interested

tain a keyword in order for it to be eligible for inclu- in the relative rather than exact relevance here.
sion in this experiment. The reason for this is that there

should be a basis for variability of the top lists of each2 21 Original Di N
algorithm. One keyword that appears in only one page ™" riginal Dissemination
was still kept here, since variation between HITS and’he pages given in the top lists for each algorithm shows

Randomized HITS was apparent with this keyword. which pages should be included in each dissemination.

We have two main hypotheses regarding smaller inpui1
sets (see AppendIX]A for a description of the input dat
set):

2.1 Keyword Selection Criterias



The values corresponding to each grade were summad Results
up and then divided by the number of grades that did
not belong to the first grade, thereby forming a meaR-1 Confidence Interval Comparisons
relevancy for that keyword and algorithm combination o
according to that reviewer. 3.1.1 Original

As an example, consider the top-liBt containing
the five pagesi, B, C, D andE. These were given the
gradesA - grade onepB - grade two, . .. F - grade five.
This means that the mean relevancy for top{idrom
this grader was

0+1/3+2/3+1

Both the 95% confidence intervals plotted in Figdre 1 as
well as the 99.9% confidence intervals given in Tdble 1
leads to the same result; we can divide the algorithms
into four groups. The top group contains H¥30T,
S?ProT and ProT, with each confidence interval encom-
passing the mean value of the others. The second group

= 0.5 or 50%. . : ) "
4 ’ contains only one algorithm, Topic-Sensitive PageRank.
_ _ o The third group contains HITS Authority and Random-
2.2.2. Weighted Dissemination ized HITS Authority, and (Randomized) HITS Hub is

The algorithms supply not only the list of pages, buthe algorithm that is the sole member of the last group.
also gives a weight (0, 1] for each page. For all pages

with grades higher than the first, add up both the prod-

uct of page weight and the corresponding page relgable 1: The mean relevance values and their 99.9% confidence in-
vancy and the sum of the weights. The final numbégrvals, given in descending order.

is given by dividing the sum of products with sum of |

0 . - . . Algorithm [ Mean [ 99.9% conf. inter. |
welghts. The rationale here !s that the hlgh_er weight FyS?ProT 0.4823 | (0.4383,0.5063)
attributed to them by an algorithm, the more important S?ProT 0.4797 | (0.4325,0.5270)

; ProT 0.4416 | (0.3872,0.4959)
that page ShOU|(;I be for the final score. . Topic-Sensitive PageRank | 0.3462 (0.3073,0.3851)

We can continue the example above by saying that s Authority 0.2723 | (0.2210,0.3237)
the weight corresponding to pageis « = 0.6, weight Randomized HITS Authority| 0.2465 | (0.2057,0.2873)

. . . (Randomized) HITS Hub 0.1719 (0.1344,0.2094)
of pageB is b = 0.7, ..., and weight of page E is
e = 1.0. Given the same grading as in the previous

section the weighted relevancy would be

0.7x0+0.8/3+0.9x2/3+1
0.74+08+0.9+1

~ 0.5490/54.90%.

3.1.2 Weighted

2.3 Confidence Interval Comparisons
. Th me four gr with overlappin nfidence in-
The mean result can be used to rank the algorithms a% € same four groups tho erlapping co dence
: . -térvals can be found in the weighted result set as well
cording to relevancy. Moreover, by forming a confi- - .
4 . 7 ) as can be seen in Figurk 1 and Tdlle 2. The first group
dence interval around this mean it is possible to show_ . gp @
whether the results from the disseminations are disparé]:.f)en.SIStS of H_y roT, SProT and _ProT, the seco_nd of
opic-Sensitive PageRank, the third of both versions of
. _ HITS Authority and the final group contains (Random-
2.4 Kolmogorov-Smirnov Comparisons ized) HITS Hub
One of the most widely used goodness-of-fit tests avail-
able is the Kolmogorov-Smirnov. It uses the maximum
differenceD in y values between two curves plotted inTaple 2: The mean weighted relevance values and their 99.9% confi-
a cumulative fraction plot, i.e. going in discrete steps oflence intervals, given in descending order.

1/#steps from O to 1 from left to right. This difference

. [ Algorithm [ Mean | 99.9% conf. inter. |
is then compargd to a number that depends on both the —= 05654 (0507006237)
chosena level (in our case 0.001) and the number of HyS?ProT 0.5582 | (0.5114,0.6050)
samples in the set. The number of samples to use inthe [ S’ProT 0.5540 | (0.5033,0.6047)
comparison is calculated from the original number of P> PageRank | 85789 | (552204259
samples for each input set,(andn., respectively): Randomized HITS Authority] 0.2761 | (0.2248,0.3273)
(Randomized) HITS Hub 0.2034 | (0.1569,0.2500)
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Figure 1: This graph shows the mean relevance values as well as 95%leocdi intervals per algorithm, both unweighted and weéjhte

3.2 Kolmogorov-Smirnov Comparisons at the 99.9% certainty level. The corresponding cumu-

For each combination of result lists, we put up the fol-

lative fraction plot can be seen in Figdrk 3. For full

lowing hypothesis: results see AppendixiD.
Hy : The distribution of the two lists are equal. 4 Discussion and Conclusions
H, : The distribution of the two lists are not equal. ~ L0ooking back at the two main hypotheses posed in the

introduction (Sectiofi Il 1) we can see that both of them
The Kolmogorov-Smirnov test is then applied to thenave been shown to be true with high significance:

combination in order to either reject or accéfy.
1.

3.2.1 Original

The results from these comparisons is that PréPr8T

and HySProT have almost identical distribution, as
does HITS Authority and both Randomized HITS Au-
thority and (Randomized) HITS Hub. All other combi-
nations are disparate at the 99.9% certainty level. The2.
corresponding cumulative fraction plot can be seen in
Figurel2. For full results see AppendX D.

3.2.2 Weighted

The results from these comparisons is that HITS Au-
thority and Randomized HITS Authority have almost
identical distribution, and®roT has a distribution that

is very close to both ProT and HYBroT (while these
two are disparate). All other combinations are disparate

The mean values from each algorithm of each fam-
ily does neither appear in the confidence intervals
of another (Sectiohi3.1), nor will Kolmogorov-
Smirnov retainH, of comparisons between fam-
ilies (Sectiorz3R) for both original and weighted
values.

The values presented by the confidence intervals
in Section31L shows that a distinct relevance or-
der can be seen among the algorithm families. The
order is that Propagation of Trust yields better re-
sult than Topic-Sensitive PageRank, that in turn
yields better result than HITS. This is also visi-
ble in Figurd® where this order (remember that a
lower curve corresponds to better relevancy) can
be clearly seen. This is also true for the largest
part of FigurdB, even though some crossing of the
graphs can be seen.
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Figure 2: Cumulative fraction of answers that is at a certain levebardr.

The Hub lists of HITS and Randomized HITS aregorithms of the same family hayevalues of 0.001 or
identical in the unweighted version, while the weightedigher. The relevant tests are between:
version shows some minor differences (D = 0.0749). A
slightly larger difference can be seen when looking at
the authority scores, with difference in distribution of
(D =0.07818) orx = 0.2890. e ProT and 8ProT (f = 3.0072, p = 0.0834),
There is a slightly more complex situation among
the algorithms of the Propagation of Trust family. While ® ProT and Hy8ProT (f = 3.6335,p = 0.0571),
looking at the original comparisons at the high signifi- ~ and, finally,
cance level we are unable to reject that_each mean _value. S?ProT and Hy&ProT (f = 0.0169, p — 0.8966).
could come from one of the other algorithms. Looking
at Figure[® and FigurEl 3 gives a clear indication that Our conclusion of this experiment is that not only
thereis in fact some minor differences between the aldoes the algorithms in the Propagation of Trust fam-
gorithms. The only way to show this is to increase ily yield good results even for smaller databases, they
and thex required to show that the distributions are disgive better results than the competition. The main rea-
parate can be seen in Table 3. son for the lower results of Topic-Sensitive PageRank is
probably the relative lack of links, the more links (and
pages) the better it seems to be working. There are on

Table 3: This table shows the that must be chosen in order to show the other hand two reasons for the lower than expected
that the distributions from the algorithms are disparate. results from HITS:

e HITS Authority and Randomized HITS Authority
(f = 1.6811,p = 0.1953),

Original Weighted

S7ProT | HyS?ProT | S%ProT | HyS?ProT e The first reason is that some pages that came from
| ProT_| 0.0074 | 0.0024 | 0.0988 | 0.0004 the hub lists do not talk about a subject directly but
S*ProT 0.4526 0.0528

have lots of links to pages that does.

e The second reason is that HITS suffer from mutu-
The results given in Sectidn 8.1 has been confirmed  ally reinforcing relationships between pages among
by using ANOVA tests, where only tests between al-  the included pages as well as topic drift, where a
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Figure 3: Weighted cumulative fraction of answers that is at a ceftaial or lower.

tight-knit community of pages can take over as théists from each search engine/algorithr [5]. One set of
most important pages for a query. the included result lists in the older test contained an-
notations and one-line summaries, thus yielding better
The scaling could be improved on an intuitive levelinformation for the classifier to use when assessing rele-
by using a more sensible scale (such as ignore, 0%ancy. We must agree that using blind examinations for
50%, 75% and 100%) if more exact relevance numbeelevancy yields an objectively better result and should
were required. We have opted to continue with this scabe used in future studies.
ing, since rescaling would not affect the final result.
One thing that could be done to get even more inforacknowledgements
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C Confidence Intervals per Keyword

D Full Kolmogorov-Smirnov Results from
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Lempel, R. and Moran, S. SALSA: The stochasticTablel contains all results from applying Kolmogorov-
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Table 4: The keywords used in the tests

| Keyword | English | #pages in DB]| #pages in tes{ #tests]

aagren Agrerf 227 17 34
choklad chocolate 15 17 33
exempelrapport | sample report 1P 9 34
jubo Jurgen Borstler 110 19 30
kallin Kallin® 161 19 37
kompilatorteknik| compiler construction/techniques 23 18 31
konstant constant 18 16 26
matrismultiplik | matrix multiplic® 8 16 19
ola Ola” 251 17 37
relation relation 17 14 26

Sum: 307

aProper name.

bBreaks the first selection criteria, but was included sitliagtlaer criterias were met and it manifested a real diffeeebetween the authority
lists of HITS and Randomized HITS.

¢This keyword has been truncated by stemming.
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Figure 4: Mean relevance and 95% confidence intervals for the firstkeywords.
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Figure 5: Mean relevance and 95% confidence intervals for the lastesiwérds.



L Randomized HITS| (Randomized) HITS| Topic-Sensitive Page 2 2
Original Authority Hub Rank ProT S*ProT HyS“ProT

HITS Authority D = 0.0782 < 0.157,| D = 0.2704 > 0.157,| D = 0.2704 > 0.157,| D = 0.3290 > 0.157, D = 0.4235 > 0.157,| D = 0.4625 > 0.157,
Ho accepted Ho rejected Ho rejected Ho rejected Ho rejected Ho rejected

) ) D = 0.2704 > 0.157,| D = 0.2736 > 0.157,| D = 0.3322 > 0.157, D = 0.4267 > 0.157,| D = 0.4658 > 0.157,
Randomized HITS Authority Ho rejected Ho rejected Ho rejected Ho rejected Ho rejected

- D = 0.4267 > 0.157,| D = 0.4560 > 0.157,| D = 0.5700 > 0.157, D = 0.5733 > 0.157,
(Randomized) HITS Hub Ho rejected Ho rejected Ho rejected Ho rejected

! . D = 0.2052 > 0.157,| D = 0.2606 > 0.157,| D = 0.3029 > 0.157,
Topic-Sensitive PageRank Ho rejected Ho rejected Ho rejected

ProT D = 0.1336 < 0.157,| D = 0.1466 < 0.157,
Ho accepted Ho accepted

> D = 0.0684 < 0.157,
S°ProT Ho accepted

! Randomized  HITS| (Randomized) HITS| Topic-Sensitive Page 2 2
Weighted Authority Hub Rank ProT S*ProT HyS*ProT

HITS Authority D = 0.0782 < 0.157,| D = 0.2932 > 0.157,| D = 0.3225 > 0.157,| D = 0.4951 > 0.157, D = 0.5244 > 0.157,| D = 0.5505 > 0.157,
Ho accepted Ho rejected Ho rejected Ho rejected Ho rejected Ho rejected

Randomized HITS Authorit D = 0.2932 > 0.157,| D = 0.3225 > 0.157,| D = 0.4951 > 0.157, D = 0.5244 > 0.157,] D = 0.5505 > 0.157,
Yy Ho rejected Ho rejected Ho rejected Ho rejected Ho rejected

(Randomized) HITS Hub D = 0.3550 > 0.157,| D = 0.5342 > 0.157,| D = 0.5700 > 0.157,| D = 0.5831 > 0.157,
Ho rejected Ho rejected Ho rejected Ho rejected

Tobic-Sensitive PageRank D = 0.2899 > 0.157,| D = 0.2410 > 0.157,] D = 0.3062 > 0.157,
p 9 Ho rejected Ho rejected Ho rejected

ProT D = 0.0977 < 0.157,| D = 0.1629 > 0.157,
Ho accepted Ho rejected

S2ProT D = 0.1075 < 0.157,

Ho accepted
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