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ABSTRACT: A significant fraction of search queries relate to topics #ra time dependent, where
the ideal result changes from one time-span to the next. ileethieir prevalance and importance,
such queries have been largely ignored. In this papee focus on a subset of temporal queries
known as implicitly year qualified queries. Such queriesiciwiinclude “olympics” and “miss uni-
verse” implicitly depend on the year. We describe an efficagorithm for automatically mining
these queries using query log analysis. We apply our algorib a large query log consisting of
over 750 million web search queries from a commercial seargjine and analyze the character-
istics of the mined queries. Finally, we show that web seaftdctiveness for certain classes of
implicitly year qualified queries can be significantly impead using our proposed temporal result
set reordering approach.

1This technical report is an extended version of [15].
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1. Introduction

Many web search queries have implicit intents associatéid twem that, if detected and used
effectively, can be used to improve search quality. For @tapa user who enters the query “toyota
camry” may wish to find the official web page for the car, re\geatbout the car, or the location of
the closest Toyota dealership. However, since the userambred a couple of keywords, it may be
difficult to accurately determine which of these implicitents the user actually meant. Given such
an ambiguous query, a search engine must use personalifatia3], click information [18, 22],
query log analysis [3, 5, 17], and other means for deterrgimmplicit intent.

Rather than solving the general problem of automaticaltgmeining user intent, we focus on
gueries that have a temporally dependent intent. Temyatefiendent queries are queries for which
the best search results change with time. Simple exampbhsdm “new years” and “presidential
elections”, which are events that recur over time. The $edsults for these queries should reflect
the freshest, most current results. A slightly more compbexmple is the query “turkey”. For this
guery, it may be useful to return turkey recipes or cookirgjrirctions around the Thanksgiving
holiday and travel information during peak vacation timesall of our examples thus far, the events
have occurred with (mostly) predictable periodicity. Haee for queries such as “oldest person
alive”, the best result changes unpredictably, makingfftadilt for search engines to consistently
return correct results. Therefore, temporally dependastigs come in many different forms and
pose many challenges to search engines.

In this paper, we investigate a subset of temporal queriswi callimplicitly year qualified

gueries. A year qualified query is a query that contains a. y&animplicitly year qualified query
is a query that does not actually contain a year, but yet taemsgy have implicitly formulated the
query with a specific year in mind. An example implicitly yepralified query is “miss universe”.
It is plausible that the user actually meant “miss univer@@82, “miss universe 2007”, or maybe
even “miss universe 1990", yet did not actually qualify theery with a year. Other examples
include “olympics”, “toyota camry”, “easter”, and the nasnef conferences, such as “SIGMOD”
or “KDD".

Implicitly year qualified queries are particularly intetiag and challenging from a search point
of view. Our later analysis will show that more th@¥ of queries belong to this category. However,
correctly handling this type of query is not trivial. As adetal evidence, as of this writing, only one
of the three major search engines ranks the SIGIR 2009 weblggher than the SIGIR 2008 web
page for the query “SIGIR”, despite the fact that most pegpiarching for the SIGIR conference
are interested in the upcoming event, rather than the prevggent. Therefore, in order to improve
search quality for temporal queries, a search engine musiblegeto detect that certain queries
have an implicit temporal intent and use this informationmgrove the search results. These are
precisely the types of issues that we tackle in the remaiofighis paper.

The primary contributions of this paper concern three aspeemplicitly year qualified queries.
First, our work, which is mostly exploratory, investigateany unique aspects of temporal queries
that have not been deeply analyzed in the past. Second, wesg@ simple, efficient algorithm
for automatically mining such queries using query log asialyWe apply our algorithm to a query
log consisting of over 750 million queries from a commersiahrch engine and provide a detailed
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analysis of the results. Finally, we propose using tempa@slilt set reordering to improve web

search result quality for implicitly year qualified querieQur experimental results show the pro-

posed approach significantly improves retrieval effectdss for ACM conference name queries, as
well as general open-domain web queries.

The remainder of this paper is laid out as follows. First, att®n 2 we discuss related work.
Then, in Sections 3 and 4 we detail our algorithms for minimglicitly year qualified queries
and analyze the properties of queries mined from the quey ¢d a commercial search engine.
Next, Section 5 explains how the temporal information miosihg our algorithms can be used to
improve search quality. Finally, in Section 6 we concludeghper and discusses possible directions
for future work.

2. Related Work

We consider related work of three kinds: those relating taperal patterns of documents sets,
those relating to temporal patterns of query frequency those relating to query enrichment using
query log analysis.

2.1. Temporal Information in Documents

Some recent research has looked at documents retrievespionge to a query, and the timelines
which can be generated from the timestamps on those docamenand Croft [12] look at re-
ranking documents with a time-based document prior, piefipdocuments with recent timestamps.
They conducted their experiments with queries whose retedacuments were all recent in the
collection, showing that it is useful to prioritize recemiodments in such a case. Diaz and Jones [6]
and Dakka et al. [4] considered timelines produced by thestamps of documents returned in
response to a query, to predict the temporal ambiguity ardaf a query. Mei et al. [14] showed
how we can model the shifts in interest in a topic over time gpate, by modeling the location and
timestamps of blog stories retrieved in response to a quemphat topic. Kleinberg [11] modeled
how word distributions vary over time in a stream of docurseand that bursts of word frequency
correspond to new emerging topics. Finally, Amitay et a].9dow that trends can be detected by
approximating document timestamps using link analysikrtiggies.

Our work differs from these in that we detect implicit temglointent by examining queries,
rather than documents. This allows us to avoid problemsitiagtarise from inaccurate or missing
document timestamps.

2.2. Temporal Information in Query Frequency Distribution s

Other work has looked at timelines built from the frequentgearch queries over time, which
reflects how user interest in a topic varies over time.

Chien and Immorlica [2] showed that queries which have sirlyilfrequency patterns have
similar meaning. Liu et al. [13] show that queries which angilar in time series are not necessarily
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those that co-occur in user search sessions. Jiang et @h@ed that increases in query trends
over time almost always correspond to real world events.

Our proposed algorithm differs from these previous apgreadn that we look at temporal
expressions in queries, such as years, rather than the tahtistribution of queries. Previous
approaches are limited by the amount of query log data &laild&or example, if query log data is
only available from 2005 to 2008, then these previous agheswould only be able to detect that
the “olympics” was an event of interest in 2006 and 2008, bwbuld fail to detect that many users
are actually interested in the 2010 Vancouver or 2012 Loradgmpics. It would also fail to detect
any interest in the olympics prior to the beginning of thaiery log data (2005), which limits the
usefulness of the approaches. However, by consideringdiualaext of queries, we are able to
have a much more comprehensive understanding of user'sitrteimporal intents that goes well
beyond the timespan of the query log.

2.3. Query Enrichment using Query Logs

Cui et al. [3] and Peng et al. [17] showed that web search tyuzain be improved by automati-
cally rewriting or expanding queries to contain relatedn®using query log analysis. Both of these
approaches enrich the original query representation bgnangng it with information mined from
the query log.

In this work, we adopt a similar approach by enriching imiicyear qualified queries with
implicit temporal intent information mined from a query ldgnlike the previous approaches, how-
ever, our approach is specific to temporal queries, andrrdtba solving the vocabulary mismatch
problem, we attempt to solve the more spediémporal mismatciproblem. Since the problem is
more specific, we are able to develop more specialized salklti

3. Mining Implicitly Year Qualified Queries

We will now describe our proposed algorithm for automalycalining implicitly year qualified
gueries using query log analysis. Our algorithm is only glesdl to detect implicitly year qualified
queries. It does not automatically classify the mined @qgemto any type of taxonomy. How-
ever, a variety of query classification approaches [21] eanded to map the mined queries into a
taxonomy, if necessary.

3.1. Algorithm

Our proposed algorithm is simple, yet efficient. It reliedyoon having access to a query log
with frequency information. The approach does not rely onwser, click, or session information.
The approach was designed with simplicity in mind so thabiild be efficiently applied to very
large query logs for exploratory purposes.

The primary idea behind our proposed approach is to see htem af base query, such as
“olympics” is year qualified in the query log. If the base qusrcommonly year qualified, then we
declare that it is implicitly year qualified. For the olymgpicase, it is very likely that the queries



Yahoo! Labs Technical Report No. YL-2009-002

“olympics 2008, “2004 olympics”, etc. occur with relatiyehigh frequency in the log, which
allows us to determine that “olympics” is implicitly year aified. Thus, the foundations of our
algorithm are built upon the following assumptions:

o Implicitly year qualified queries are strongly associatethweveral different years.

o Implicitly year qualified queries are associated with yeaose than they are associated with
non-years.

We now describe how these two assumptions can be turnedrirgfiective mining algorithm.

Perhaps one of the most important properties of impliciégryqualified queries is how strongly
they are associated with a given year. This value, which Wéheayear qualified weight, is formally
defined as:

w(q,y) = #(q-y) + #(y-9) (3.1)

where #(q.y) denotes the number of times that the base queis/ post-qualified with the year
y in the query log. Similarly#(y.q) is the number of times thatis pre-qualified with the year
y. Examples of year pre- and post-qualifications are “worliese2008” and “2008 world series”,
respectively.

The year qualified weight measures how likelis to be qualified withy, which forms the basis
of our mining and analysis. We detect years in queries ukiegggular expressiod®[ 0- 9] [ 0- 9]
and20[ 0- 9] [ 0- 9] . Although simple, we find that these regular expressiongadlgtproduce
very high precision and high recall year detections. Mosheffalse positives are product numbers,
while most of the false negatives correspond to one-timeitiisl events, such as “war of 1812”,
which are of less interest to us than more current events.

Given these weights, we use the following methodology tomatically mine implicitly year
qualified queries. Given a quegy we first computev(q, y) for all plausible years. We then use the
following function to determine if a query is implicitly yequalified:

isIYQQ(q) = { 1 H{y:w(q,y) >0} =2

0 otherwise

which simply states that a query is implicitly year qualifiédt is qualified by at least two unigue
years. We set the threshold at 2 because we are interesadpoitally recurring events. However, it
is possible to mine one-time events by lowering the threstwll, although this may also introduce
a significant number of spurious or noisy detections.

Even though a query is identified as implicitly year qualifiksbs not necessarily mean that the
query should always be treated as temporal in nature. Gemsid query “chi”, which happens to
be the name of a popular human-computer interaction camfereThis query is clearly temporal,
and indeed, our algorithm detects the query as being inlgligear qualified. However, “chi” is a
very common term that is often qualified in many different sidgicluding “chi squared” (statistical
test), “chi chis” (restaurant), and “chi omega” (sorority) fact, these other qualifications are much
more common than the temporal ones. We call this phenomeamporal ambiguity Implicitly
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year qualified queries, such as “chi” that are associateld nvény different qualifications are tem-
porally ambiguous, whereas other queries, such as “sigit’ are almost exclusively reformulated
or qualified with a year are deemed temporally unambiguous.quéntify temporal ambiguity as

follows:
alg) = >y w(g,y)
>e #lqx) + 3, #(x.q)
where the sum§_, #(q.x) and>__, #(z.q) go over all pre- and post-qualifications for the query
It should be easy to see that if the query is always qualifigt wiyear therv(q) = 1. Although
we call this measure temporal ambiguity, it may also be preged as a confidence value that the
guery has implicit temporal intent.

(3.2)

3.2. Discussion

It may be possible to extend our approach to use query refation logs instead of query
logs for mining [10]. In this scenario, if a user specifies amguthen rewrites the query and adds
(or deletes) a year, it would give us valuable informationdetermining that the original query is
implicitly year qualified. Indeed, this would provide a callink that cannot be inferred from query
logs alone. Such an approach requires session informagssjon boundary detection, and is more
computationally expensive than our approach. Althoughexplored here, this is an interesting
potential direction for future work.

It is also important to reiterate that the goal of this pagdoiundertake a preliminary investi-
gation into detecting temporal intent. We focus on imgdljcjtear qualified queries simply as a first
step to examine the feasibility of the simplest class of iniy temporal queries. Although beyond
the scope of the current work, we believe that our propospdoaph, with some modifications, can
be used to detect more general notions of implicit tempotahi.

4. Analysis of Mined Queries

In this section, we perform a detailed empirical analysithefqueries mined using our proposed
algorithm. For our analysis, we use 18 months of query log tat consists of about 750 million
web search queries. The queries in the data set were noethasizrubbed of personal information,
and filtered to eliminate singleton, adult, and “junk” qesti

4.1. Types of Implicitly Year Qualified Queries

We begin by describing the types of queries that our algworitiscovered. The queries can be
described with respect to two dimensions. The first dimengdopicality, which characterizes
what the query is about. We found that a majority of implicitear qualified queries fall into one of
the following topical categories: auto (“chevrolet malipiawards (“grammy awards”), convention
or conference (“dental seminars”), date or calendar (tiebon calendar”), entertainment (“ameri-
canidol”), exam (“sats results”), government (“tax formgioliday or occasion (“national teacher’s
day”), information or research (“building codes”), list mnking (“top 25 hip hop songs”), local
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event (“east durham irish festival”), news (“*hurricangdip culture (“clay aiken girlfriend”), prod-
uct (“burburry sunglasses”), report or guide (“us newsamsl guide”), seasonal program (“crump
law camp”), sports (“british open”), and statistics (“léxpectancy”).

The second dimension attempts to characterize the tempatale of the query with respect to
its periodicity. A query is periodic if it recurs with a fixed frequency, suchexery day, every year,
every other year, every decade, etc. All other temporaligsiewhich are not related to periodic
events are sporadic. These queries typically correspoeddnts that only occur a small number
of times, such as concerts, or recurring events that happeredictably, such as hurricanes or flu
pandemics.

We manually analyzed a sample of 400 queries mined usingectinique and classified them
according to their topicality and periodicity.

Our analysis reveals that periodic queries significantlynoober sporadic queries. Approxi-
mately 70% of the queries analyzed were periodic. This te$tdm the fact that periodic events
are more likely to be year qualified than sporadic events.eikample, a user is much more likely
to search for “presidential elections 2000” than “hurriedmtrina 2005”.

Another observation is that entertainment, local evemis sports are the most common tempo-
ral topics, making up 13.5%, 13.5%, and 12% of the analyzedigs, respectively. Other popular
temporal topics include lists and rankings (8.5%), auto)(@¥atistics (4.5%), and products (5.5%),
which mostly come in the form of software versions (“micriagidfice 2007").

Our analysis also indicates that certain topics are alway®dgic or always sporadic by their
very nature. For example, new cars tend to be produced dnnualards, exams, local events,
reports, seasonal programs, and sporting events also deredur cyclically. On the other hand,
news events and pop culture references are more sporadidoandt occur according to a fixed
schedule. The remaining topical categories can either bedie or sporadic. For example, in the
entertainment category, television shows tend to recuualihyn while concerts and movies occur
sporadically.

Therefore, as our analysis shows, implicitly year qualifiggries are very diverse. They span
a number of topical categories and have varied temporalacteistics. This poses significant
challenges when trying to utilizie the mined queries for ioying search, as we will show later in
this paper.

4.2. Frequency Distribution

Second, we investigate the query frequency distributiothefmined queries. Figure 1 is a
log-log plot of the number of queries mined versus query desgy. As the figure shows, the
distribution clearly follows a power law, indicating thatost of the queries mined have very low
query frequency while a small number of queries mined haverg hkarge query frequency. This
observation is consistent with previous work that has shquery frequency of web queries, in
general, follows a similar distribution. Overall, we fouttght implicitly year qualified queries make
up approximately 7% of the query volume.
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Figure 1. Log-log plot indicating the power law that existtween query log
frequency and the number of year qualified queries with tiesfuiency.

4.3. General Characteristics

Third, we look at the general characteristics of the minegtigs. In order to do so, we examine
the following, with the results of this analysis are showTable 1:

1. The mined queries that are associated with the most uryigaies (i.e., have the largelst :
w(q,y) > 0)),

2. The queries that are most frequently year qualified fiave the largest, w(q, y)), and

3. The queries that are the most densely year qualifiedt{age the large y:wy(;ﬂgf()n).

As the results show, “january 1” is the query associated thighmost years (109) in our data set.
Not surprisingly, most of the queries associated with maggry are specific dates, which tend to
be holidays or historically relevant. The two exceptiorss thie queries “calendar year” and “world
events” which are generic queries that are often qualifigd siear.

As for the most frequently qualified queries, we see a coralyletifferent list, since dates are
not queried for very often. In this column, we find queriesoasgted with recurring international
events, such as “miss universe” and “world cup”, as well dslhgs and popular television shows.

Finally, the most dense column shares some overlap with & frequent column. These
gueries are those that are popularly queried for over thieeespian of their existence. As the list
indicates, users are confused, year after year, about vehgrahge their clocks for daylight saving
time. Users also want to know when easter is and enjoy findiadatest information about their
favorite television shows.
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\ Most Years | Most Frequent \ Most Dense \
january 1 (109) miss universe (898521) daylight savings time (62318)
april 14 (108) easter (734949) easter (66813)
december 12 (108 world cup (693490) dancing with the stars (62318
december 21 (106 calendar (635724) american idol (49278)
calendar year (105) daylight savings time (629800) windows (44452)
august 1 (104) | wwe smackdown vs raw (483939)wwe smackdown vs raw (43994)
june 14 (102) madden (393877) black friday (42846)
april 23 (100) super bowl (390426) calendar (42381)
world events (100) microsoft office (382690) madden (39387)
april 1 (99) dancing with the stars (373909) daylight saving time (35096)

Table 1. The empirically mined year qualified queries thatassociated with
the most years, most frequently year qualified, and haveitest year quali-
fication density.

4.4. Implicit Temporal Profiles

Next, we analyze the temporal data mined from general weltlsageries. We begin by
examining the year qualified weights (Equation 3.1) of th@edi queries. Figure 2 shows the
distribution over year qualified weights for several diffier web search queries.

The first query is “january 1", which, as we showed earliethis query temporally tied to the
most years according to our algorithm. The algorithm shdwas more recent years are the most
popular, with several spikes in the past. Interestinglyy ohthe spikes corresponds to “january
1 1970", which is the beginning of the Unix time epoch. Thergueniss universe”, has a large
amount of interest in this year's and last year’s eventsjrtmneasing disinterest in previous events.
Furthermore, the plot for “olympics” shows a clear everyentiear trend.

The other three queries are more interesting, because thegtdollow such regular, periodic
trends. The distribution for the first query, “ford mustarig’car model) has two primary modes —
one in the late 1960’s s and another in the early 2000's. Thedaneration of Mustang’s, which
are now considered classic cars, were first sold in the [a88'49The 1970's, 1980’s, and 1990’s
models were nowhere near as popular with car enthusiastsevén, the introduction of the 2005
model of the car garnered great attention, which accountshi large spike around that year.
Similarly, the “elton john tour” distribution accuratelgftects the years that the artist went on tour,
first in the late 1970’s, again in the early 1990's, and yetragaore recently. The last example,
“flu pandemic”, also shows how this analysis can be meanilygiuapped to world knowledge and
events. The peaks in the distribution, with the exceptiothefone around 2003, which is likely the
result of avian flu fears, occur around 1918, 1957, and 196&;mcorrespond to the well-known
Spanish, Asian, and Hong Kong flu pandemics, respectively.



Yahoo! Labs Technical Report No. YL-2009-002

january 1

miss universe

Weight
Weight

1 1 1 1 I

1900 1920 1940 1960 1980 2000 2020

2040 1950 1960

1970 1980 1990 2000 2010

Year Year
olympics ford mustang
T T T T T T T T T T
= =
2 2
(] (]
= =
I 1 MR W A | II 1M N || |I|I||l 1 n Be_mw
1950 1960 1970 1980 1990 2000 2010 2020 1960 1970 1980 1990 2000 2010
Year Year
elton john tour flu pandemic
T T T T T T T T T T T T
= =
2 2
(3] (3]
= =
1 1 1 1 1 1 1 I (1 " 1 | l 1 1 .l.
1970 1975 1980 1985 1990 1995 2000 2005 2010 1900 1920

Year

1940 1960 1980 2000 2020

Year

Figure 2: Implicit year distributions mined for the queriggnuary 1”, “miss
universe”, “olympics”, “ford mustang”, “elton john tourgnd “flu pandemic”
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Figure 3: Query volume percentage as a function of temponbiguity.

4.5. Temporal Ambiguity

Finally, we explore the notion of temporal ambiguity in mdegail. Figure 3 plots query volume
as a function of temporal ambiguity. For each temporal anityigevel o, we plot the volume of
gueries with temporal ambiguity at least The plot drops off very quickly, suggesting that many of
common implicitly year qualified queries are temporally @mbus (i.e.«(q) is low). Intuitively
this make sense, since the most popular queries are lik&lg tewritten in many different ways, in
conjunction with many different terms, many of which willtrime years, which results in low values
of a(gq). We will return to the issue of temporal ambiguity in the ns&ttion when we discuss its
effect on temporal reordering of search results.

5. Application: Search

Now that we have a better understanding of the space of iitipligear qualified queries,
showed that they can easily be mined, and analyzed theiegieg, we are ready to describe how
the mined information can be used to improve search resshiress and quality for these types
of queries. Our proposed technique attempts to bias seescit sets towards documents that con-
tain highly weighted years that are implicitly associatdthwhe query, while also taking temporal
ambiguity and recency into account, as well.

5.1. Temporal Result Set Reordering

Our proposed approach explicitly adjusts the score of decwmin response to query ac-
cording to the years contained in the document. Given anigitiplyear qualified query;, we first
weight the qualified years associated wjths follows:

w(q,y)

_ . 0-2 NeY% A
Aay) =Ny o) ala) - o on

11
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where N (y; i, o?) is a normal distribution with meap and variancer?, a(q) is the temporal
ambiguity (Equation 3.2), anad(q, y) is the number of times that quegyis qualified with yeary
(Equation 3.1).

The weightingz(q, y) has three primary components, each of which models a difféngoor-
tant aspect of temporal queries. The first compon&fity; 11, o2), models thea priori preference
for a given year. In this paper we use a normal distributiothwi = 2008 and¢s? = 1 in order
to impose a preference for recent years. However, the natistzibution can be replaced with any
reasonable distribution or weighting to impose other reabte types of preferences. Indeed, this
value can be set to a constant, which would correspond tofarompreference over years. The
second componenty(q), which is the temporal ambiguity, models our confidence thatgiven
query is temporal. Ifx(q) is large, then the query is very likely, based on query lodyais to be
temporal, and therefore it will receive a higher weight. Tiied and final componen%,
is the normalized year qualified weight for the year as edsdch&rom the query log. Thus, recent
years that have large year qualified weights for temporatignubiguous queries will have large
z(q,y) weights.

Given a ranking functiort(q, d) that produces a score for documedts response to query
q, we can use the(q, y) weights to temporally bia$(q, d) towardsg’s implicit temporal intent as
follows:

S'(q,d) = S(g,d) + > Ap D> 2(q,y)
fed  yef
where S’(¢, d) is the temporally biased scoréq, d) is the original score of documenlt with
respect to query;, f € d is the set of document fields (e.g., title, anchor text, bpdy)is the
weight associated with fielfl, andy € f denotes the set of years that occur in figid documenti.
Documents are then reordered according’t@, d) to produce the final temporally-biased ranking.

This approach is similar to approaches commonly used imnmétion retrieval to overcome the
so-called vocabulary mismatch problem [20]. Here, rathantvocabulary mismatch, we have a
temporal-mismatch problem, which is solved by reorderhmgresult set based on temporal vocab-
ulary terms (i.e., years). It is also important to note tet &pproach weights temporal matches
according to the field the match occurs in, which has prelyobsen shown to be more effective
than ignoring the document structure [16, 19]. This allowgaiboost the score of documents that
match the year in the title or anchor text more than thosent@t spuriously match the year in
the body. In our experiments, the title, (incoming) anclext,tbody, and url weight are assigned
weights (\s) of 2.0, 2.0, 0.5, and 0.5, respectively.

5.2. Results

We carried out two studies to determine the effectivenessipfproposed temporal reordering
strategy. The first study looks at a set of closed domain gsi€¢ACM conference names), while the
second looks at a set of open domain queries (general weleger

12
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| Ambiguity (@) | O>R| O<R | O=R]|

0.00-025 | 2 7 81
0.25-050 | 0 4 7
050-0.75 | 5 9 3
075-1.00 | 2 14 6

[ Total | 9 | 34 | 97 |

Table 2: Temporal reordering results for conference gaer@ is the original
ranked list and R is the temporally reordered ranked list.

5.2.1. Closed Domain Queries Our first study considers conference name queries, which are
a specialized subset of implicitly year qualified queriegafticular interest to researchers. We
gathered a list of 273 ACM conferences and workshops and theédacronyms, such as WSDM
or SIGMOD, as queries that were then run through our miniggrithm. Our algorithm detected
142 of the conferences as implicitly year qualified queniesulting in a recall of 52%. An error
analysis revealed that most of conferences our algoritliledfto detect were caused by the filtering
done on the queries and the fact that some of the conferemeesrkshops were ‘retired’ and had
not been active, or searched for, over the past 18 months.

For each query, we presented a domain expert (i.e., regganefth a list of the top 5 docu-
ments retrieved using a commercial search engine (cirga2D@l8) as well as the top 5 documents
retrieved using our proposed temporal re-ranking strat€gy re-ranking strategy is based on the
S(q,d) returned by the search engine. We then asked the expert tsehehich ranked list con-
tained the most relevant results with respect to the quemg eixpert also had the option of saying
the two lists were equivalent in the case that the rankeslWiste identical or neither list was clearly
superior.

A summary of the results, stratified according to temporabignity, is given in Table 2. As
the results show, our reordering approach is preferreddamtlyinal ranking for 34 queries, was
not preferred for 9 queries, and was deemed equivalent érdmaining 97 queries. The num-
ber of queries preferred using our temporal reordering Gggr over the baseline is statistically
significant, thereby verifying the effectiveness of the moettfor this closed domain task.

The results, broken down by temporal ambiguity, show thatdbmain experts tended to pre-
fer the temporally reordered results over the original lkesmore for less temporally ambiguous
gueries. This is expected, as these are the queries thatpeetew help the most using our pro-
posed approach. Also, rather interestingly, nearly alhef queries with temporal ambiguity less
than 0.25 (very ambiguous conference names) resulted irF&*@udgment from the domain ex-
perts. It is likely that these conference names are so ambgthat the weights associated with
the years are very low and have only a negligible impact orfittad ranking, which is a desirable
property. Examples of such queries include “chi”, “colthdste”, and “vast”.

For the sake of illustration, we show the original and terafipireordered ranked lists for the
query “CIKM” in Table 3. We see that the original ranked lisihtains results for CIKM 2002 and
CIKM 2004, which are rather dated. The temporally reorddigdoromotes results for the 2008
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Original Ranked List | Temporally Reordered Ranked List

Conference on Information and KnowledgeCIKM 2008 — Home
Management (CIKM)

www.cikm.org cikm2008.org

CIKM 2008 — Home Conference on Information and Knowledge
Management (CIKM)

cikm2008.org www.cikm.org

Conference on Information and KnowledgeACM CIKM 2007 - Lisbon, Portugal
Management (CIKM’'02)

www.cikm.org/2002 www.fc.ul.pt/cikm2007

CIKM CIKM 2008
www.informatik.uni- www.cikm.org/cikm-2008.html
trier.de/ ley/db/conf/cikm/...

CIKM 2004 CIKM

ir.iit.edu/cikm2004 www.informatik.uni-

trier.de/ ley/db/conf/cikm/...

Table 3: Top 5 results for the ACM conference query “CIKM”". élbriginal
ranked list is on the left and the results of using temporslilteset reordering
are on the right.

| Ambiguity (o) | Baseline| Temporal Reordering

0.00-0.25 | 10.09 10.06 (-0.31%)
0.25-0.50 | 8.48 8.46 (-0.15%)
0.50-0.75 | 7.67 7.69 (+0.32%)
0.75-1.00 | 7.02 7.07 (+0.84%)

Table 4. Baseline and temporal reordering results for opemain web queries.

conference and also includes a result for the 2007 confereaxwell. The results for the 2002
and 2004 conferences are no longer in the list, considetiaigpyoving the perceived quality and
freshness of the ranked list.

5.2.2. Open Domain Queries Our second study involves a set of 670 open domain web queries
which is considerably more heterogenous than the ACM cenfex name queries. As in our pre-
vious study, we compare our temporal reordering approathetoanking of a commercial search
engine. In this study, rather than asking domain experthtmse which ranked list is better, we
asked a set of non-specialist editors to judge the relevaheach document retrieved for each
guery as either Perfect, Excellent, Good, Fair, or Bad. &ime are dealing with graded relevance
judgments, we evaluate the baseline and our approach usix@® [8].

Table 4 shows the results of the study. The first thing to eolicthat DCG@5 decreases
monotonically as the queries become less temporally arobguThis suggests that web search
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engines tend to perform substantially worse on temporaliegiehighlighting the need for special
temporal query handling.

Second, the results show that our proposed temporal resutesrdering tends to improve
temporally unambiguous queries more than temporally anthig queries. Similar results were
found in the ACM conference query study, thereby reinfaydime applicability of our approach to
temporally unambiguous queries.

Finally, we note that the 0.84% improvement observed for0ff®-1.00 range is statistically
significant, while none of the other differences are. Thesalts suggest that our method can safely
be applied to open domain web search queries that are iégendB having a temporal ambigu-
ity factor greater than 0.5. Although the improvements oles here are small (but statistically
significant), we suspect that even larger improvements eaobiained by careful parameter tun-
ing or more sophisticated query expansion techniques. OGailrwgas simply to show such implicit
temporal information was useful, even when used in a simglerer, to reorder documents.

5.3. Discussion

In summary, our results show clear trends across two diffestudies, each with a different
evaluation methodology. The primary outcomes of the stugie: 1) implicitly temporal queries are
more difficult than non-temporal queries, primarily be@sesarch engines do not adequately take
into account the implicit temporal aspect of the query, 2) moposed temporal result reordering
is most effective on closed domain queries, but can alsofeet®le for temporally unambiguous
open domain queries, and 3) it is generally easier to fortra@demporal query ranking strategy for
closed domains than open domains, which is expected.

Therefore, we can conclude that there is likely no “one sizeafl” ranking strategy for dealing
with implicit temporal intent. Instead, each class or typarplicit temporal query likely should be
handled differently. For example, a search engine shouidledocal event queries differently than
news or product queries.

6. Conclusions and Future Work

In this paper we described the class of queries known asditipliyear qualified queries and
proposed a simple yet efficient approaches for mining suehiggi using query log analysis. Fur-
thermore, we conducted a detailed empirical analysis ofgtieries mined and showed that the
information extracted from the logs was meaningful.

We also proposed a method for leveraging temporal infoonatd improve search based on
temporal result set reordering. Our results showed sigmfietmprovements could be achieved
for both a general set of web queries as well as a set of ACMetente name queries using the
approach. Our evaluation also showed that temporal quaréegenerally more difficult than non-
temporal queries and that temporal reordering is the mdsttefe for temporally unambiguous
queries.
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This work only scratches the surface of temporally biaseeriga. There are many possible

directions for future work. One potentially fruitful dirgon includes using more general min-
ing strategies to detect more subtle temporally-biasediegiesuch as “turkey”. It would also be
valuable to develop a temporal query classifier. This woultvide valuable information to the

underlying ranking function which could use the informatio perform temporal category-specific
expansion. Finally, it may be possible to use this mined tmalgnformation to develop enhanced
user interfaces. Such interfaces could show users a distnibof years that may be related to the
guery and allow them to choose which time range, if any, tlieyirderested in exploring.
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