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Abstract: The current approaches to information retrieval from the search engine depends heavily on the web linkage
structure which is a form of relevance judgment by the page authors. However, to overcome spamming
attempts and language semantics, it is important to also incorporate the user feedback on the documents’
relevance for a particular query. Since users can be hardly motivated to give explicit/direct feedback on search
quality, it becomes necessary to consider implicit feedback that can be collected from search engine logs.
Though there are number of implicit feedback measures proposed to improve the search quality, there is no
standard methodology proposed yet to aggregate those implicit feedbacks meaningfully to get a final ranking
of the documents. In this article, we propose an extension to the distance based ranking model to aggregate
different implicit feedbacks based on their expertise in ranking the documents. The proposed approach has
been tested on two implicit feedbacks, namely click sequence and time spent in reading a document from the
actual log data of AlltheWeb.com. The results were found to be convincing and indicative of the possibility of
expertise based fusion of implicit feedbacks to arrive at a single ranking of documents for the given query.

1 INTRODUCTION tion, but, the end users are more eligible to judge
the credibility of the documents presented to them.
Search engines are information retrieval systems in- Therefore, the users’ feedback information would be
tended to help the users locate their needed informa-a valuable source to help improve the search results
tion from internet by querying. These queries are usu- further.
ally constructed of keywords to express the users’in-  Multitude of studies have proposed ways of ob-
formation needs. Initially, traditional keyword simi- taining the user relevance feedback information and
larity based techniques were used to retrieve the rel-methods to incorporate them into the retrieval engine.
evant documents from the web. These techniquesThe feedback information could be either explicit or
rely completely on the content of the documents upon implicit. In the explicit feedback based methods the
which only its authors have sole control. This allows users are explicitly asked to register their feedback
them to manipulate the search results by tampering on the documents presented to them. Such a strategy
the documents’ content. This lead to the failure of would impose an increased burden and cognitive load
the traditional keyword based techniques. Later in on the users. Further, many users may not be moti-
the late 90s, the research community realized the im- vated to provide this information (White et al., 2002).
portance of utilizing the linkage structure that exists In the case of implicit feedbacks, the users interaction
within the web documents in the form of hyperlinks with the search system will be recorded in the form
to improve the search results. Two seminal works of a log file and its entries can be suitably interpreted
by (Brin and Page, 1998) and (Kleinberg, 1999) have to infer the users’ relevance judgement on the doc-
used the linkage structure of the web as the human an-uments presented. There was a debate going on for
notation about the quality of the documents. The web almost half a decade on substituting the explicit feed-
linkage structure captures the importance of pages toback with the implicit ones. Later from experiments
a large extent, though, it captures only the collective it has been concluded that implicit feedbacks can be
relevance judgment given by the authors of the web- used as viable alternative for their explicit counter-
pages and not of the readers/users. It is true that theparts by (White et al., 2002).
collective judgement of authors is a reliable informa-
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Since then, many attempts have been made toimplicit feedbacks, the construction doesn't prevent
grasp every possible user behavior during the searchone from using it for the explicit counterparts. The
and use them as a proxy to their relevance feedbackonly requirement is that the easy convertibility of the
later. See, for example (Kim et al., 2000; Kelly and feedbacks in to partial orders without much informa-
Belkin, 2004; Ramachandran, 2005; Agichtein et al., tion loss.

2006; Veilumuthu and Ramachandran, 2007). It is

understandable that every feedback will have its own

advantage and disadvantage and therefore, it would

be more useful, if there was a way to aggregate these2 DISTANCE BASED RANKING
feedbacks based on their expertise in achieving the MODELS

ideal ranking. Such an aggregation would help ex-

tracting the advantages from each one of the feed-Given a set of elements, any meaningful ranking
backs and will result in a more accurate and unbiasedscheme will assume the existence of an ideal ordering
ranking of documents. of elementst and will tend to arrange the elements

A number of studies have been conducted in the in an order closer top. Therefore, it is highly prefer-
information retrieval literature by borrowing the theo- able for a ranking scheme to produce a ranking closer
ries from various fields to aggregate the rankings from to 1y than a ranking farther from it. That is, the prob-
various sources. First of that kind was proposed by ability of getting a permutation should decrease as
(Dwork et al., 2001). They proposed a markov chain its distance fronmy increases. This is the basic intu-
based formulation to aggregate the individual rank- ition behind most of the ranking models proposed in
ing produced by multiple search engines, and they the literature. In this paper, we use the family of dis-
studied the impact of local kemenization in reducing tance based ranking models first proposed by (Mal-
the spams. In this work, all the rankers are weighed ows, 1957) and extended to partial orders by (Fligner
equally and hence itignores the importance of the bet- and Verducci, 1986). The two main features that mo-
ter ranker. (Lebanon and Lafferty, 2002) used the dis- tivated this selection are: (1) It gives a distributional
tance based ranking models to propose a formalismview of data, hence, an effective way of representa-
for the supervised ensemble learning and analyzed thetion, and (2) easily interpretable distributional param-
results for partial rankings. An unsupervised rank ag- eters, more importantly the dispersion parameter can
gregation approach using the distance based modebe interpreted as the expertise of the ranking scheme
has been given by (Klementiev et al., 2008). These (Lebanon and Lafferty, 2002).
two works hinted the possibility of incorporating the Let X = {x1,...,%} be the set of items to be
expertise of the rankers while combining their input ranked by the judges, identified with the indexes
rankings. All these studies intended to solve the su- 1. ... k. We denote the ranking given by the judges
pervised as well as unsupervised rank aggregationwith the permutatiom = (11(1), ..., 7(k)), wherer(i)
problems in the context of metasearch where the topis the rank given to the item andr (i) is the index
k-list is fixed, no study has been done in the context of the item assigned to rarik If x; is preferred to;,
of relevance feedback aggregation where the partialthenm(i) < m(j).
orderings can be of any length. This motivated usto e will use 1T and =1 as vectors similar to

extend the distance based ranking models to combine(|_epanon and Lafferty, 2002) whoseth component

the various feedback rankings based on their expertisejs ri(i) andm (i) respectively. Thusandr ! are the

in achieving the unknown ideal ranking. vectors representing the ranking and ordering over the
In this paper, we propose a framework to aggre- set.x respectively. If the ranking is over the entire set

gate multiple feedbacks obtained in the form of partial x then it forms a full rankingr, but if the judge ranks

rankings from various user sessions into a single con-only p < k items in.X then the resultant ordering will
sensus ranking. We extend the distance based rankingye a partial orderingt %" = (Tr1(1),--- ,7r(p)).

models proposgd by Mallows to make this unsuper- gq, brevity we represent 1" astt*.
vised aggregation more meaningful. The proposed
aggregation framework has been examined over the
two implicit feedbacks namely, click sequence and
time spent reading a document, extracted from the ac-
tual log data. The results are found be encouraging/According to the generalized Mallows’ model,
and it also ensured the feasibility of achieving such an for a given dispersion parameterf and location
expertise based aggregation of feedback rankings. InParameterrp, the judges are assumed to generate
this study, though we discuss only the aggregation of their rankingstfrom

2.1 Generalized Mallows’ Model
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_ the entire document list and therefore, it will be a par-
P8, ) = ex@p({ {ede(;[(’;[o”)} meQ,6€R  tial order. Since it is under the users’ discretion, they
ngrz P > TO might give their feedback on document sets of vary-
(1) ing size. This demands a modification to the model
. S ) ] ] (2) where the length of the partial orderings generated
where,d(.,.) is a right invariant distance metricgp is fixed.

is a fixed rankingf is the dispersion parameter and
(0) is the normalizing constant. Wheh> 0, the 3.1 Model for Partial Orders of Varying
fixed rankingm is the modal ranking and whédhap-
proaches infinity mass gets concentrated at the single Length
rankingmy. When6 = 0 the distribution is uniform
and forB < 0, 1p is an antimode. Th® > 0 can be
interpreted as the expertise of the judges. The pro
ability of the rankingr decreases exponentially with
increase in the distance from the modal rankigg
(Fligner and Verducci, 1986) extended the above
Mallows model for the presence of partial orders
by viewing it as a multi-stage ranking process.
In the case of partial orderings, a judge reports p(TT)
only his top p < k preferences, denoted by = exp{e 2V (Tfk,TTO)} P(p(1T"))
(rr1(1),---,m(p)) and let the set of all partial or- P(7'(8, o) = =1
ders beQ*. They considered the partial orderimng ’ PUT) (1 exp{—(k—j+1)8}
as a censored observation from the Mallows distribu- l—l1 { 1—exp(—0) }
tion (1) and modeled the probability of observirtg 1=

o . . 3)
as the probability of getting a full ranking from the . . . .(
cosetsy_prof all e Q consistent WithTe:. P(p(1")) is the probability of getting an ordering of

Let, Vj be the number of adjacent transpositions :jengthg(rr*t). Notedtgat this mass functid®(-) is in-
taken in the order ofy required to place the item epgn e_r(; 01;.; atnth : ud ving their feed
T ™(]) in % positon. For example, fo s aniden- . (e cn'of tnen feedback measures, then the
tity permutation theny; is the number of adjacent : " ) ’
transpositions required to place the itgrin j™ po- _orderlngn*s obtalngd from the feedbacigiven by
sition. Vi, -+ |V, depend orte S,_ptonly through judges can be considered to be generated from the
1. The remaining vectordy.1, - ,Vi_1 takes all its extended model (3). The loglikelihood function of the

(k— p)! possible values, thereby independentrof model will be as follows:
n

and a function ofp and® alone. The induced model Ny _ (r) B A
in partial ranking can be expressed as (Fligner and L(10,87) = Zi{p(ﬂ*s )in {1 &xp(-H )}

Verducci, 1986):

For every lengthp, there exists a probability model
b_(2). Since the length of the partial orders given in
user sessions vary from one session to the another, it
follows a probability distributior® and let us assume
it to be known. Letp(.) be the function which maps
the partial orderingt* to'its length. Then the extended
model can be written as:

=

pred)
p M| _aM (1)
exp{e Vj(n*m} +n [P(p(ed))] -6 3 v
=1

P(Tt'(8, o) = : ) p(c )
P [ 1—exp{—(k—j+1)6} -y |n[1_exp{—e<f>[k—j+1]}}
Dl 1—exp(—0) =1
(4)
3 AGGREGATION OF IMPLICIT Fstimfgti%n of e<r>b: TT_e dits%ek;sionlparatngetféﬁl:)
or a fixedrg can be estimated by solving the follow-
FEEDBACKS ing equation:

As stated earlier, the feedback could be anything that 5 - 0 [ p(re)e-e") pre )
impose an ordering over a subset of documents fora - = Z I W (" 1)
particular query. There are lots of implicit and explicit 08 s= 1-e79 &
feedbacks proposgd inthe I_iterat_urez and anything that pre ) k—j+ 1)e(_e(r)(k_j+l>>
can be converted into ranking with little effort would _ : =0
be considered as feedback for our purpose. The users & 1-el00ki+D)
are under no obligation to register their feedback over (5)
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Estimation of p:  Since that has been fixedinthe  Since sorting based on the average rankingeing
estimation 0®("), the estimato") will be a function ~ the unbiased estimate @b, it may seem similar to

of 1o, denoted by8(") (). Therefore, the ideal rank-  Borda’s method of rank aggregation, in the case of
ing estimatal can be obtained by iterating the above single implicit feedback. But, if there are more than
equation (5) for alip € Q and by subsequently sub- one feedback ranking that need to be jointly aggre-
stituting theB(") and i values in the log likelihood  gated, then the proposed method will have an edge

function (4) to get the pair that maximizes it. over the Borda’s method, where the weights that need
R " to be given to the individual ranking schemes are
Tl = argmaxc (1o, 0" (1)) (6)  not so obvious. Being an unsupervised aggregation
o framework, it will estimate the expertise of the indi-
3.2 Multiple Feedback Aggregation vidual feedbacks based on the given data, rather than

getting it externally.

Despite the unavailability of ideal ordering of doc-
umentstp, we would assume its existence for all

the queries and we argue that it is possible to effec-4 MODEL EVALUATION

tively estimate it through the partial orde{rﬂ*(” r=

1,---,m} induced by the observable feedbacks from Since the experimental evaluation of the implicit feed-
user sessions. These partial orders are proxy informa-back is severely hampered due to the absence of an
tion of the ideal ordering but with difference in their independent evaluation of the documents, the exper-
precision{8(") : r = 1,-,m}. The precision not only ~ iments are aimed at establishing the benefits of the
changes with feedbacks but also with queries. This proposed framework stated in Section 3.3.

is because of the feedbacks” ability to achieve ideal Inthis experiment, a 24 hours log data recorded on
ranking changes amongst themselves as well as with6"" February 2001 by AlltheWeb.com has been used.
queries. Lett* = (n*(l), .. ,T[*<m>) be the vector of  This dataset has been previously used by (Jansen and
all m partial orders given in an user session, and eachSpink, 2005) to study the emerging trends in web
componentt (") of this vector follows an extended Séarching and later by (Veilumuthu and Ramachan-
model (3) with dispersion parame®f) and ideal or- dran, 2007) to verify the existence of the incremen-

deringmp. Let us denote the vector of all thesedis- tal information in using the click sequence and time
persion parameters fis= (e(1> e(m)). based implicit feedback measures.
Formally, for a given ideal orderinm, the partial Each tuple in the dataset corresponds to a click

event made by an user. The log contains the userlD
(masked IP), clickTime (i.e., the time at which the
click has been made), the query (masked) posed and
the URL (masked) to which the click has been made.
In the present study, only the log entries pertaining
m to two implicit feedbacks namely, (1) Click sequence

_ (QIT-10)
P(T16,m0) rELP(n* 8%, 0) Y based orderingtéo) and (2) Time based based order-

] ing, T[é”, stated in (Veilumuthu and Ramachandran,
3.3 Model Benefits 2007) are used. For more details on order extraction
from log entries, the readers are referred to (Veilu-
The main advantages of using the distance basedmuthu and Ramachandran, 2007). Top 10 non-trivial
modeling framework for feedback aggregation are the queries (omitting queries like “google”) that had suffi-
following: cient number of session (30), have been chosen for
1) Since the distance used in the proposed modelthe study. These selected queries formed the query set
(3) is the Kendall distance, the maximum likelihood Q. Itis a known fact that the majority of the sessions
estimate ofrp will be Kemney optimal and it will will be of length lesser than 3. Therefore, we picked
enjoy the important rank aggregation properties such only the top 5 of the document list formed by the doc-
as neutrality and consistency in social choice liter- uments that appear in the top 3 positions in either of
ature, widely known as Condorcet property (Dwork the rankings. This is under the acceptable assumption
et al., 2001). 2) It has been reported in (Fligner and that the documents that are ranked higher in any of
Verducci, 1988) that the maximum likelihood estima- the ranking will represent the data much better than
tor for Ty can be obtained by arranging the elements the others.
based on the vector of average ramksThis makes
the model computationally viable for larger 3)

orders{m(") :r = 1,--- ,m} extracted fromm feed-
backs given in an user session are assumed to be con
ditionally independent. Hence, the probability of get-
ting 1t* for a giventp and® is given by:
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Table 1: Model parameters of the proposed and Borda’s agtioegmodels.

Query Order based Time based Unified
Proposed Borda’s Proposed Borda’s
ID o (S o o ev o o

Q1 1,2354| 123 | 1,2354( 12354 094 | 1,2354| 12354
Q2 2,1345| 025 | 21435} 21435| 021 | 2,1435| 21345
Q3 25314 065 | 25314} 52314| 048 | 52314 25314
Q4 452,13 051 | 45213| 4,2513| 047 | 42513| 45213
Q5 53412 059 | 534,12| 534,12| 048 | 534,12 534,12
Q6 54312| 043 | 54312 45321| 024 | 354,12 54312
Q7 1,4235| 028 | 1,4235( 14,235 033 | 1,4235]| 14235
Q8 45,123 036 | 45123| 45132| 026 | 453,12 45123
Q9 2534,1| 072 | 2534,1| 2534,1| 069 | 2534,1( 25341
Q10 2,34,15| 052 | 2345,1}| 23451| 048 | 23541| 23451

4.1 Results and Discussion compared to the respecti#®s of click sequence
based aggregation. This can be supported by the ar-

The sessionwise feedback data for the click sequencegun_1ent that'tie qlick sequence base_d informatipn is
ordinal and the time based information is continu-

based and time based feedbacks have been aggre : r .
gated through, the proposed method and the Borda'sCUs: Therefore, the time based ranking will be more
method and t,he results are tabulated in Table 1 sensitive, i.e., even a second difference in the read-
From Table 1, it can be observed that thg ob- "ing time will force a document to be ranked differ-
tained through the proposed method for click se- €NtY- Though it will have a modal rankinm, the
quence based and time based feedbacks are same 348255 won't be concentrated_ heavily on one ranking.
that of their respective Borda’s aggregations (8 out of ¢ IS very falct gan be seen 'r? th_e fret?uendcy Takple 2
10 cases in both the schemes). This is supportive of . pr|ca query. Sl_nce the tlmg ased ranxings
the fact that the maximum likelihood estimator foy are widely dispersed, its aggregation parameter
would converge to the ordering obtained by arranging 'S €XPected to be(ol)ess when compared to the aggre-
the elements based on the vector of average ranks 9ation parameted™’ of highly skewed (biased) click
(Fligner and Verducci, 1988). sequence based ranking. This motivates the need of
The partial orders obtained for a feedback from e Proposed unified aggregation model (Section 3.2)
various sessions are all observations from model V.Vh'Ch can make trade off between the two aggrega-
(3). For a particular feedback, sessionwise obser- tions and fully extract the advantages of both the feed-

vations are all from the same population and there- PacKs-

fore, they all get equal weights in the aggregation Taple 2: Order-based and time-based rank frequency distri-
process, resulting in an ordering same as that of bution of the documents for a typical query.

Borda’s aggregation. But in contrast, while aggregat-

. . . . Order-based Time-based

ing the observations from different feedbacks, since URLs I 73 TS I T

they are all from population differing in their dis- URL31 [ 6 4 1 1 0] 7 38 1 1 0

persion parameter (precision), fusioning with equal el R A RS S

weights would be misleading. Borda’s method in- URL34 | 12 6 0 O oOf 8 9 0 0 1
. . . . URL35 16 2 1 0 0| 10 7 2 0 0

stead gives equal weights to the ranking schemes ig-

noring the differences in accuracies. Eventhoughthe  From Table 1, it can be seen that for relatively
weighted Borda’s method proposes to use precisionlower values 0B (when compared té(°>) the uni-
based weights, it appears less attractive, because, théied aggregation model producss equal to that of
precision values are not readily available and needthe click sequence based aggregation and for rela-
to be fed externally which is impractical. But in the tively higher values 0B it produces arp which
proposed method, the weights (intuitively dispersion forms the trade off between the two implicit feedback
parameters) are assigned inherently by the very con-rankings considered. As the loglikelihood of com-
struction of the model and hence, the feedback rank- bined aggregation model is the summation of loglike-
ings are combined in to final ranking of documents lihoods of its component rankers, it could break the
based on their expertise. ) ties that emerge more frequently while estimatingg
From Table 1, it can be observed that 818s of from the maximum loglikelihood. The preliminary
time based aggregation are found to be lesser whenresults hinted the possibility of using the unified ag-
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gregation of feedbacks with comparably better perfor- Kleinberg, J. M. (1999). Authoritative sources in a hyper-
mance. But, this need to be tested with a larger dataset  linked environmentJ. ACM, 46(5):604-632.

for better understanding and assurance. Klementiev, A., Roth, D., and Small, K. (2008). Unsu-
pervised rank aggregation with distance-based mod-
els. InProcs. ICML '08, pages 472-479, New York,
NY, USA. ACM.

Lebanon, G. and Lafferty, J. D. (2002). Cranking: Com-
bining rankings using conditional probability models

5 CONCLUSIONS

In this article, we proposed a generalized frame- on permutations. IRrocs. ICML 02, pages 363-370,
work to incorporate multiple feedbacks on page qual- San Francisco, CA, USA. Morgan Kaufmann Publish-
ity from search engine log files to improve the re- ers Inc.

sult quality. Specifically, we considered the click se- Mallows, C. L. (1957). Non-null ranking models. i.
quence and the time spent by the users in reading a Biometrika, 44(1/2):114-130.

document as measures of a documents’ importanceRamachandran, P. (2005). Discovering user preferences by
for a query. We proposed an extension to the dis- using time entries in click-through data to improve
tance based raking method to jointly aggregate the search engine results. Discovery Science, pages
feedbacks based on their expertise. This attempt is 83-385.

a precursor to demonstrate the feasibility of unsuper- Veilumuthu, A. and Ramachandran, P. (2007). Discovering
vised fusion of feedbacks in the form of partial or- implicit feedbacks from search engine log files. In
ders in to a single ranking of documents taking into Dimes cEeananes 20igidss

account their varying levels of accuracies. The exper- Whiteo,f ?rﬁpﬁgiih\el\?ir&,e:ié :?gr\]r?eslee\’/a%.cg.f éi?jg?ék iTnh?NgEe
iments were conducted on the actual search log data : :

from AlltheWeb.com to demonstrate the strength of :gg;xaléo:ﬂ,za?ﬁﬁfd cl)ggls Rokter;azrﬂ;h %g;? %%_Ellgg
the proposed model in meaningfully combining the Springer-Verlag. ' '
feedbacks.
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