A Usefulness-based Approach for Measuring the Local
and Global Effect of IIR Services

Daniel Hienert and Peter Mutschke
GESIS - Leibniz Institute for the Social Sciences
Cologne, Germany

{firstname.lastname}@gesis.org

ABSTRACT

In Interactive Information Retrieval (IIR) differeservices such
as search term suggestion can support users im $eairch

process. The applicability and performance of saehvices is

either measured with different user-centered stulike usability

tests or laboratory experiments) or, in the contéxR, with their

contribution to measures like precision and red¢édlwever, each
evaluation methodology has its certain disadvarstageor

example, user-centered experiments are often casitly small-

scaled; IR experiments rely on relevance assessraadtmeasure
only relevance of documents. In this work we operadize the

usefulness model of Cole et al. (2009) on the lefekystem

support to measure not only the local effect ofRuservice, but
the impact it has on the whole search process.hatefore use a
log-based evaluation approach which models useradotions

within sessions with positive signals and applfpitthe case of a
search term suggestion service. We found that sagei of the
service significantly often implicates the occuenof positive

signals during the following session steps.
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1. INTRODUCTION

There are numerous services which support userghair
information seeking process such as term or queggestions,
personalization, faceted navigation, relevance daekl, visual
representations, re-ranking mechanisms, browsirgjities or
related items. Different methodologies are avadatd evaluate
the applicability, usability, effectiveness or merhance of such
services. User-centered studies aim to identifybilisa or
interaction problems which are based on the usat&raction
with the system. This reveals the human’s view oriRaservice
[cp. 20]. In classical IR the focus is on docummehévancy which
is measured by variables such as precision andl mtthe basis
of available relevance assessments. Accordingtyjrtfiuence of
supporting services is measured by their positimpaict to these
traditional measures.

As a novel approach Cole et al. [4] introduced ttwdion of
usefulness as a general criterion of "how well the user iteab
achieve his goal" in the system under study. Thaasa present
an IIR evaluation model which asks for usefulness tbree
different levels: a) the entire information seekemgsode and the
leading task, b) each interaction and its contidsuto the leading
task and c) the system support toward the goaadi énteraction
and of each information seeking strategy (ISS)sTgerspective
takes "both task success and the value of suppah @ver the
entire information seeking episode" [4] into acdoufhis
represents a novel paradigm in IR evaluation inrsagat expands
the perspective to the entire search process ohsté#ajust
evaluating single search results with respect levaacy [cp. 5].
However, it remains difficult in a complex enviroamnt to answer

these questions, especially if the user’'s taskaarasks remain
unclear. Moreover, there is still a lack of compiotzal methods
that can be applied to evaluate interactive IResyst

In this work we try to operationalize the usefumesodel on a
local and global level in the form of a computatibmodel that
can be applied in large-scale evaluation studiedlowing the
different evaluation levels described by [4] we Udscon the
usefulness of a single service of an IR systemsigporting a
single ISS (local usefulness of the service) asl veal its
contribution to the wusefulness of the entire systéem
accomplishing the user's information seeking goalolfal
usefulness of the service). Following [4] which rauuces
usefulness as a concept “suited to interaction oreagent” we
use a log-based approach focusing on interactientsvthat
indicate a positive impact of the service. We ttagply this
evaluation methodology to the case of a search &rgyestion
service and discuss the results.

2. BACKGROUND AND RELATED WORK
2.1 Evaluation Modds

The measurement of document relevancy with evanati
initiatives such as TREC [31] has been the predaniin
evaluation methodology over the last decades. Hewehie field
of IR opens to a more holistic view of the searot aformation
process and puts the user in context. Ingwerserér&elln [13]
present an evaluation model that asks beside jhiR(aontext,
for the (b) seeking-, (c) work task and (d) socio-
organizational/cultural context. That automaticdépds to other
evaluation criteria such as usability, quality offormation
process, quality of information and work processites, socio-
cognitive relevance and quality of work task result

The usefulness model as a holistic evaluation mddel 4]
assumes groblematic situation a user has by lacking knowledge
about a topic. The general information seelgoal/task is then to
achieve this knowledge. This overall goal can hedsuded into
severalsub-goals, each described by anformation interaction to
achieve the subgoal and, to this end, the general, ¢e.g.
collecting information, learning about the mateigalcomparing
results. Therefore, each information seeking egisteh be seen
as a sequence ohformation seeking strategies (1S, [3]), e.g.
querying, receiving results or evaluating documevtigch the IR
system can support. Accordingly, usefulness cambéasured on
three levels as mentioned above.

This makes the model a good starting point for é&aluation
because it describes the information seeking psodesn the
user’s point of view and how the IR system can swipip. For the
broad application of the model there are some ehgéls: (1) the
users’ overall goal and sub goals are often unkniomneal world
applications, (2) until now it has not been showowhthe
theoretical model of usefulness can be transformes practice
and how it can be operationalized.



As regards (1), it must be pointed out that théuisess model is
very much designed around precise knowledge atheuteading
goal and the following tasks of a particular us&t][ However,

the overall task and sub tasks are often only abkl in a
laboratory setting where evaluation studies arelaoted in direct
contact with users. In real-world systems, in castirknowledge
about tasks is hard to collect. One possible smiusg to explicitly

ask the user for the task by some system dialoguegher is the
extraction of tasks from log files by clusteringssh queries from
web search engines [23,32]. The task-based sefwoncontains
all search queries for a particular search intenttdowever, the
overall goal and task is still missing, especiallyth more

complex and longitudinal information problems asliR

As regards (2), Cole et al. [4] provide a non-esila list of
questions at the different levels, such as “Haeeful were
suggested queries/terms for formulating queries?"How well
does the system support evaluation of retrievedithents?”. The
intention of Cole et al. [4] is to let the user githe answers
within user studies. However, user studies arendéreall-scaled
and very much specific to a particular system. Ilfarge-scale
evaluation setting, however, which needs a comjoualt model,
most of the evaluation questions proposed by [4] faard to
answer since adjectives such as “useful” or “welfé hard to
capture by computational measures.

The central research question of our paper thexefor'How can
usefulness of a particular IR service under stuelajproximated
in the form of log data based measures?" The aikjaof a
reliable approach for this would allow large-soakperiments and
the application in very different contexts and JRtems.

2.2 Evaluation Methodologies

For the field of Interactive Information Retrie@R) Kelly [20]
gives a good overview of existing and establishedluation
methodologies and measures. She proposes a reseatafum
which has on the one side TREC-style studies whigid the
system focus on IIR evaluation and on the other side
observation of information-seeking in context whibhild the
most human focus on IIR evaluation. The archetypit®
evaluation study is represented by the TREC InteecTrack.
Seen from there log analysis studies are situatedstep towards
the system focus. According to Kelly “search endogs look at
queries, search results and click-through beha\@®] and log
analysis is more descriptive than explanatory, &lss possible
to model user behavior and interactions for certtnations”
[20].

For the basic possibilities and limitations of sbatog analysis
Jansen [14] gives a good overview. Log analysis ickemtify
trends and typical interactions, but cannot rectid user's
perception of the task, the underlying informatioeed or the
underlying situation and context of the search.eiew of log
analysis literature is given in [1]. The authorsstiiguish
explicitly between Web search engine log analy¥iSE) and
digital library log analysis (DLS) as in WSE thetrieved
documents are web pages and in DLS documents waifinality
maintained by professionals. Additionally, in DLScdment
collections are mostly organized and structurecabiynowledge
organization system and users in DL search are nmaohe
specific around a community of a domain or a certapic.

2.3 Interaction Measurement

Interaction measurement as a methodic approacholice 4R
problems is in line with current works addressingole user
sessions and multiple sessions. For example, Wilteni33]

examined search tactics behavior of medical stsdesarching a
database in microbiology. She found patterns ofcbegactics
where users added and deleted concepts to theithsgaeries
and shows that domain knowledge influences seaaciics
behavior. Jansen et al. [15] found analog to prégults that in
web search main transition patterns are gener@izatnd
specialization. Additionally, different measuresvdadeen found
as signals for session behavior. For example, Fat. 7] found
in a user study that a combination of click-throume spending
on the search result page and how a user exitesui#t of a search
session correlates best with user satisfaction. dfival. [22]
identified three main behavioral measures as imaportfor
document usefulness in a laboratory experiment:lidtivee on
documents, the number of times a page has beepdviduring a
session and the timespan before the first clickradt query is
issued. Predictive models have then been applieitheéoTREC
2011 Session Track and showed improvement ovebdseline
by using pseudo relevance feedback on the lasteguer each
session. Azzopardi [2] suggested different effestess measures
for IR systems based on a stream-based view ofrdewts in the
IR process including a window-based approach. Tisd@2@] uses
positive and negative signals of web sessions agtsession
duration or scrolling events to determine if usare struggling.
Navigation patterns that correlate with these dggoan then help
website authors to reveal navigational problemdlyq21] gives
an overview of related work which utilizes impliégedback from
users, mainly applied for query expansion or usefilmg.
Implicit feedback is given by user behavior suchvaswing,
printing or quoting a document. Zhang & Kamps [86]example
used email correspondence between archivists aexs wehich
reference documents for specific topics as grouaiti-t For the
approach of click-through data, it is assumed ¢ghdbcument has
certain relevance if the user clicks on it. Joachigh al. [16,17]
analyzed click-through data as implicit feedbackwiab search
and found that on average click data is reasonatterate but
biased by the trust in the retrieval function ahd quality of the
result set. Kamps et al. [18] compared click-thfouand user
judgements on the base of different test collestiand manually
created and assessed topics. They found that inctw@parison
the agreement is only small and have some biasgsexample
the number of relevant documents for a topic dejpendn the
test collection can differ.

2.4 Search Term Suggestion

Typically there is a gap between the user’s natiarajuage and
the vocabulary an information system uses to inttelocuments
which is described as the “vocabulary problem” [8howledge
organization systems (KOS) such as thesauri, fileesons and
ontologies contain knowledge structures which celp fimprove
the search process, for instance by expanding d¢hecls query
(e.g. [35]) with near-by concepts for better retaleresults. On
the user interface, users can be supported witkt &fl query or
term suggestions. Search term recommenders todayviaely
implemented, from web search engines to e-comnm@etorms.
Terms proposed to the user can derive from a nuwiaifferent
sources. Efthimiadis [6] distinguishes between ¢b)lection
dependent and independent knowledge structuresasutthesauri
and (2) knowledge from search results. Vechtomd®@], [for
example compared two approaches based on a coreccer
analysis on the entire document collection and aulaset from
the retrieved results and found that the local eagh performed
clearly better for query expansion. But also otsmurces such as
query logs [12] have been used as vocabulary fom te
recommendation. Schatz et al. [28] compared temomenenders



based on a subject thesauri and from a co-occuarbsic They
conclude that a combination of both in one intezfadith multiple
views can be advantageous for users to choose reendations
from multiple sources. Nowadays, term suggestiawices are
used in a lot of information systems especially cmmmercial
platforms, but larger digital libraries such as th€M Digital
Library or Google Scholar are still struggling offeg them
(compare [25] for a short list). One of the reascens be the broad
content or a missing knowledge organization systerstructure
it.

The use of search term recommenders can improveethieval

performance in the sense of document relevancyit $as been
shown that query expansion based on a local sebsiEtcuments
from the result list [26,35] or discipline-specifitiery expansion
[24,27] can result in significantly better resulfShus, term
suggestion services in digital libraries (espegiah domain-

specific ones with organized content) seem to lefulisnsofar as
they can help to suggest the user query termss tithuthors,
journals and so on. However, beyond document ralguait is

difficult to measure which effect an IR system omparticular

service of the system has on the entire searchnteraction
process.

3. APPROACH

In contrast to many other measures, which evalistgle

elements of a retrieval system (such as the qualitis ranking),

usefulness aims at evaluating the degree to wHiehsystem
under study helps the user in solving his/her mfmtion seeking
problem. This includes the quality of the entir@rsh process
consisting of functionalities beyond pure searchaoftgred by

many digital libraries, such as navigating throligh structures,
structuring, sharing, storing and exporting infotioa, which

broaden the amount of possible user-system intersctGiven

this, user-system-interactions lead to valuablea dat a better
understanding of user needs and information behavimlowing

[4] usefulness “is suited to interaction measurdsieThus, we
suppose that by a particular analysis of interactieasurement
usefulness can be approximated beside from relgvanc

Cole et al. [4] consider usefulness on the leveltrad entire
“information seeking episode” as well as on theelesf each
single ISS (given by an interaction) and its cdmition to achieve
the leading information seeking goal. Accordinglyye
differentiate between local and global usefulnekshe service
that implements the ISS in question. Following tverview of
Kelly [21] and also Thomas [29] which describe imoplfeedback
as indicators of user preference, user satisfaetmhinterests, an
intuitive notion of local usefulness is the amouwdit positive
choices of a particular ISS, given by invoking mgée interaction
such as the selection of a term provided by a temggestion
service. Therefore, we utilize the frequency ofiattions that
stand for the particular service under study toingefocal
usefulness as the percentage of the services usage in aittsea
processes. This is basically a usage-based nofiarsefulness
providing a clue of how useful the service is cdesed by users
to achieve a certain sub goal (such as selectipgpper search
term by the help of a search term recommender),itaisca local
measure since it refers to tharrent phase of the search process:
The more often the service has been used, the egretst
(expected) usefulness for supporting the user eridtal level of
a single ISS.

On the level of the entire search session we can &sk for the
degree to which the use of the service contribtdgesuccessfully
accomplish the leading information seeking goal.afsproach for

estimating global usefulness is to count the amainpositive
signals emanating from the (local) use of the serim question.
Thus, we definglobal usefulness as the degree to which the use
of a certain service on the local level leads tsitpe@ signals of
search success in the succeeding phase of thehssassion. In
contrast to local usefulness this is a successdbastion of
usefulness, and it is a global measure since érsdb the entire
search session: The more often the service in ignelgads to
positive signals in a later phase of the sessibe, greater its
usefulness in supporting the user on the level hef eéntire
information seeking episode.

Formally, we define theetrieval system R to consist of a sd? of
documents, a setE of possibleinteraction events and a seU of
differentusers:

R = (D,E,U), whereD = {d,, ...
U={uy,...,uy}

,dn}, E ={eq,...,e,} and

A search process p is a sequence of search events E invoked

by a useru € U, starting with a start search event, e.g.
enter_search_term and ending with either a terminal event of
the session, such &sgout, or the last event preceding a new start
search event which indicates the start of a newchgaocess:

., €n)

The explicit usage of a particular IR service by tlser (e.g.
choosing a term from a recommender) is indicated tig
dedicated everd;zserpice € E-

pu = (enter_search_term,e,,..

Success eventsE c E are a subset of events indicating positive
signals of success in a search process, e.g.

SE; = {print_record, export_record, bookmark_record}

A window of eventsw(n) is a sequence of interaction events,
starting with a particular initial ever,;;;,; € E, followed byn
succeeding events:

w(n): = (emitiat--+» €n)

efrservice(W(n)) indicates search success in terms of incidence of
positive signals following the use of the IR seevia question.
The function returns 1 if the usage of the IR sas followed by

at least one success event within a window sficceeding events
(for emitiat = €rrservice), Otherwise 0. However, a value of 1 does
not mean that the use of the IR service causepdsitive signal.
But it points to the co-incidence of the two eveirtsquestion
during the search process. Our intention is to lenetimparisons
between different services as well as different rcdess
with/without usage of a particular service as rdgaheir effect
on search success.

Similarly, ed,..n(w(n)) is 1 if a search is followed by at least
one success event in a windowrosucceeding events, otherwise
0.

Thelocal usefulness of an IR service is then defined as the ratio of
the count of all IR service usages to the numberlbfearch
processes:

Z (eIRService)

Il
The global usefulness of an IR service is defined as the ratio of
the count of all IR service usages followed by aifpee signal
within a window ofn succeeding events to the number of all
usages of the IR service.

LocalUsefulness (IRService) =

Z (elJ;?Service (W(Tl)))

GlobalUsefulness (IRService) = e |
IRService



Both metrics provide numbers in the range [0:1].

This can be compared to the global usefulnesssefach without
the usage of the IR service which is defined asr#tie of the
count of search events followed by a positive digma window
of n succeeding events to all search events:

2 (e5earcn(w(m)))

GlobalUsefulness (Search) = e |
Search

The values of global usefulness f&Service andSearch can then
finally be compared in order to find the smalleshdow of
actions where the difference in values is signific&Consider for
example the log of a retrieval system is the follayv

Table 1. Local/Global Usefulness Example

Sear ch

process Events

enter_search_termselect_term_from_recommendesearch
1 —view_record_%+sview_record_2-view_record_3-»
export_record
enter_search_termselect_term_from_recommendesearch

2 —view_record_1sview_record_2>logout

3 enter_search_termsearch-view_record_31>view_record_2
—view_record_3

4 enter_search_termsearch-view_record_%4»view_record_2

—view_record_3»view_record_4»view_record_5
enter_search_termselect_term_from_recommendesearch
5 —view_record_%+sview_record_2>bookmark_recores
view_record_3

6 enter_search_termsearch-view_record_}»export_record

In the given example (see Table 1) the
LocalUsefulness (select_term_from_recommender) is then
0.5 as in three out of six search processes tr@maender was

used.

The GlobalUsefulness (select_term_from_recommender) is

0.66 in a window of five succeeding actions as two of three
search processes with term recommender usagelmawed by a
positive signal in a window of five actions. We damthermore
compare the effect of using and non-using the t@ommender
on search success. Given this example, the raticeafches
without term recommender usage but incidence ofositige

signal is just one out of three (0.33), which d#gféemmensely
from the global usefulness of 0.66 found for thante
recommender. This result emphasizes the positifectebf the

search term recommender on search success, i.esefalness.
The values furthermore show that this positive affeorrelates
not very well with the usage rate (50%) on the lldeael which

may indicate some potential for improvements of #Hevice
locally.

A strength of this approach is that it does notdneeknow the
concrete task of the user but appropriate inteyactogs. For
measuring local usefulness we just need to cowntriteractions
that stand for the service in question. To estimgtebal

usefulness of a service we need to define the fsitteractions
representing positive signals of search success.igtsurely the
crucial point of the proposed approach since wel teemake
some assumptions about positive signals of seartaftess.
However, we believe that for each IR system a dorapecific

set of positive signals can be defined on the gilafrthe purpose
of the system in question. For the case of a sdgdlaormation

portal, for instance, downloading found publicasias certainly a
strong indication of search success.

In the following we present a case study with arceaerm

recommender provided by a digital library of thect@bSciences
where we apply the above introduced measures af @ global
usefulness. Our focus in this study is on the aetioe of positive
signals in search processes using vs. not using téne

recommender.

4. EXAMPLE OF USE

4.1 UseCase: TheCombined Term
Suggestion Service

A search term recommenders is a value-added IRcgewhich
aims at improving retrieval quality by proposingsthser more
proper search terms. In [11] we have tested sederm
recommenders with different vocabularies (user seigrms from
a heterogeneity service, thesaurus terms, co-woalysis) in
Sowiport and found that a combination of thesateasis and co-
word analysis terms works best with respect to aseeptance.
The service has been used in about 14% of 3,604lseaeries
submitted by 1,000 unique users. In this work wédbon these
results and have implemented an extended recommeedéce
which combines (1) thesaurus terms, (2) additionglated
thesaurus terms and (3) terms from the Search Term
Recommender (STR). The STR works on the basis ofard
analysis from titles and abstracts to thesaurusser

The combined search term suggestion service (CTL3) is
integrated in the Social Science Digital Librarywuort' [10].
The portal contains more than 8 million literatueéerences, full
texts and research projects from 18 different detab and
reaches more than 20,000 unique users per monthCTI$ has
been integrated into the search bar on the stge aad above the
result list for the search form field types “All diils” and
“Keywords”. For the other types (Title, InstitutioNumbers,
Date) we use the autocomplete functionality of tielerlying
VuFind framework based on the Solr index. On the user
interface, in the upper part of the CTS (see Fidreusers are
proposed up to five descriptors from the thesauthat
autocomplete already entered characters. Additipn&dr each

More than 8.12 millions of entries: literature records, research projects and full text links.

Quick search

All Fields j socio Q

Socio-Economic Panel

™ full texts only History | Favorites

sociobiology
behavioral research
Thesaurus | Contribute | sociocultural change
sociocultural development
development [ Europe
sociocultural factors
cultural f rs in

americanization

R Broader term

Narroy

Altemative Keywords:
Socioeconomic factors

Culture

bout B Growth and development
Values
Demographics

Figure 1. A screenshot of the term suggestion vieer in
Sowiport. The service recommends more appropriate terms
controlled vocabulary (such as “Sodi@onomic Panel” for tt
search term “socio”) as well as alternative terstsmed by a co
word analysis (here, “Socioeconomic factors”).

. http://sowiport.gesis.org

2 http://vufind.org



thesaurus term, all thesaurus terms with a semagitition like
broader, narrower or related are shown in a lindeameath in a
lighter font color. In the lower part, under the abing

“Alternative keywords, the recommender suggests up to five

terms from the STR. Figure 1 shows a screenshdah®fCTS
included in Sowiport.

4.2 Data Set & Methodology

Given our definition of usefulness described abowmethis case
study we count the frequency to which the CTS hesnhused (to
measure local usefulness) and the degree to wéioh gelections
from the CTS co-occurs with positive signals ofrekasuccess in
the following search process. For this, we firstdhéo define the
set of positive signals indicating search succésghe case of
Sowiport there are a number of interactions onhtdist of a

search and in the detailed document view that eandnsidered
as positive indications of a successful search, dgample
downloading the full text from a record in the redist. See

Table 2 for a list of all positive signals and tra#scriptions.

We then measure the co-occurrence between CTS susagk
positive signals on the basis of log data. Forweshave used the
WHOSE log analysis tool for IIR [9]. The tool allswo load log
data from a digital library and to examine usersges data with
filters, visualizations and a detailed session lisith all
interactions. We used the tool for the preparatibsession data
with log data from Sowiport from #5July 2014 to 18 July 2015
including all user interactions, e.g. a term séecfrom the CTS
by a user is logged by the event CTS_select. Sble Bafor some
basic search interactions.

The result is a database that contains all usesicses with its
actions and parameters. The tool also preparesosepatterns
containing the sequence of actions of a sessiothé form
“action_1>>action_2>>action _3". To measure local usefulness
we used the count of CTS_select occurrences imldle set. To
compute the global usefulness of the CTS we medsiine co-
occurrence between CTS_select and positive sigwilsn a
certain event window. For this, we defined a regelgression to
identify relationships between CTS_select and p@sisignals
within an event window of actions, for alin < 17. By this, we
obtained both information on the relationship betwethe
occurrence of CTS_select (the use of the term siiggeservice)
and positive signals of search success as weltfasmation on
the point in time (in terms of interactions) in whia positive
signal occurs after submitting CTS_select. Fordbeaparison to
searches without CTS usage we defined a regulaessipn to
get all event windows with the starting event CTearsh (“CTS
usage would be possible...”) not preceded by CTScisele..but
has not been used”). This makes the comparisoneeetvevent
windows with vs. without CTS usage more precisea@general
searches e.g. from internal links or URLs are idehii

5. RESULTS
5.1 Local Usefulness

In the evaluation period 59,568 sessions with 1B2 8earch
queries from search forms with the field type swldcto “All

Fields” or “Keywords” have been performed, amongntti21,448
selected recommendations from the CTS. Figure Zvshihe

development of the CTS usage in Sowiport in refatio

conducted searches. After the integration of thes G€rvice in
Sowiport in July 2014 in just about 4% of the sharcthe service
has been used. In August/September 2014 the seshimeed a
large increase in usage to 9-10% because of a repged and
cache improvement. Since that time there is aivelst stable

usage of around 10% of all searches. Thus, lodallyhe query
formulation phase) in 10% of searches the CTS serlias been
considered as useful by users. Without havingereete value or
other comparative information it is difficult todge 10% as a low
or a high value. Thus, at first glance, a pure esege based
notion of usefulness does not appear as a verablunetric of
system quality. However, its benefit opens up ifageplement it
with global usefulness.

Table 2. Positive Signalsin Sowiport

Short Description

Follow an external link which leads tc
full text in PDF or HTML format

Search the record in Google Scholar
Search the record in Google Books
Check for availability in a local library
View the record’s abstract

goto_fulltext

goto_google_scholar
goto_google_books
goto_local_availability
view_description

view_citation View the record’s citation data

view_references View the record’s references

export_cite View record in different citation style

export_bib Export the record to different citati
- formats

export_mail Send the record via email

Check several records in the result list
save them to favorites
Save a single record to favori
Send the search via email
Save the search to favorites
Save a search from the history to favo

save_to_multiple_favorites

to_favorite:
export_search_mail,
save_search
save_search_histc

Table 3. Some basic search interactionsin Sowiport

Short Description
CTS_select A user selects a term from the CTS
A search from a search form with the fi
CTS_search type selected to “All Fields” (defat
setting) or “Keywords”

A general search from a search foram
search internal link or by URLfrom a searc
engine etc.

) A click on a record in the result list to ¢
view_record

the detailed view of a record
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Fig 2. Recommender usage in Sowiport in percent of all

conducted searches

5.2 Global Usefulness

To analyze the global usefulness of the CTS weofolthe
evaluation methodology from Section 3. Figure 3egivan
overview of extracted patterns for CTS_select fo#ld by at least
one positive signal within an event window of sewertceeding
actions (4,569 sessions). Positive signals ara-ooded in green.
The main pattern which leads to a positive signal
“CTS_select>>CTS_search>>(view_record)+>>{positsignal}
", Figure 4 then shows the analog diagram for $esravithout
the use of CTS_select in advance and positive sigmihin an
event window of seven actions (21,712 sessionsje,Hee main
starting point is CTS_search (one event less thaTS_select).
Figure 3 and 4 show that the main path patterrferdifot very
much between the two search variants. Howevergargi5 it can
be seen that searches with CTS usage lead muchfrequently
to positive signals than searches without (statiii significant
for window size>5 with Chi-Squared-Tesp<0.001). About 14%
of the searches lead to positive signals after fateractions,
independently of having CTS used before or not.id@gg with
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Global Usefulness

0%
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Event window size

Fig 5. The global usefulness of searches with vs. witlhieet
of a combined term suggestion service (CTS)

step 5, however, the amount of CTS usage followedtbleast
one positive signal differs significantly from selaes without the
usage of CTS. The success rate of searches wher€TtB has
been used increases to a value of 30% (after ®@aicttons, and
increases further to a value of around 35%) whessssches
where the CTS has not been used achieve a vak@6f(after 10
interactions and do increase only slightly). Withém event
window of seven interactions searchéth CTS usage achieved a
global usefulness of 0.24 whereas searchi¢gsout CTS usage
achieved a global usefulness@fl8 This is clearly a significant
difference in favor of the CTS service. The CTS/igerimproves
the search success at a rate of about 20-35%. ThesCTS
service seems to be — globally — a useful senimmeest shows a
high potential in increasing retrieval quality ierms of search
success. The interesting finding now is that frém perspective
of the user the “true” usefulness of the CTS serigcnot evident
at the local level, in the moment when the user toamake a
choice of using or leaving the search term reconteenlts
benefit becomes apparent in a later phase of teeioge This
discrepancy may provide a clue to system develojgensiprove
transparency of the service at the local level. (eygproviding a
preview of search results).
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Fig 3. Path patterns for searches with the use of the €p&ksitive signals (green colored) within an eweimtdow
of seven actions (Node labels for p>0.02 and p@sitignals with p>0.005)
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Table 4. Mean P@20 and MAP@?20 for different session units. An asterisk (*) indicates that the means are significantly
different with a two-sample Z-Test and p<0.0001. The numbersin parentheses show the average count of searches per session

unit.

Session unit Mean P@20 Mean P@20 MAP@20 MAP@20

without CTS with CTS without CTS with CTS

All whole sessions 0.0685 (9.5) 0.0677 (13.1) 0.1177 0.1112
Sessions with searches > 1 click-through signal 8%B%3.5) * 0.1886 (4.7) * 0.3183 0.3099
Succeeding search process 0.0624 (1.0) 0.0651 (1.0) 0.1904 * 0.1692 *
Window (7) - split to single searches - Click-thgbusignals 0.0515 (1.5) * 0.0476 (1.9) * 0.1550 403
Window (7) - split to single searches - All posgtisignals 0.0562 (1.5) * 0.0513(1.9) * - -
Window (7) - split to single searches - with seach1 signal - | 0.1478 (0.5) * 0.1371(0.7) * 0.4452 * 0.4040 *
Click-through signa
Window (7) - split to single searches - with seach1 signal - | 0.1599 (0.5) * 0.1465 (0.7) * - -
All positive signals
Window (7) - no split to single searches - Clicketigh signals 0.0709 (1.0) * 0.0869 (1.0) * 0.2662 0.2440 *
Window (7) - no split to single searches - All gba signals 0.0779 (1.0) * 0.0941 (1.0) * - -

6. COMPARISON TO STANDARD IR
MEASURES

In the following we compare the results for globaéfulness from
the previous section to traditional IR measureh sag precision
(P@k) and mean average precision (MAP). The unihgrly
research question addresses the difference betse=mions with
and without CTS usage (analog to the results fasbal

usefulness) to measure the usefulness of the QTR se

Thereby, we evaluate both precision measures waittable parts:
(1) the session unit to which the measure is applied to. For
different session units we use thewhole session itself, the
succeeding search process after the use of an IR service and a
growingwindow of actions after the usage of the IR service.

(2) thetype of signals the measures use. For global usefulness we

have used the set of positive signals listed inl@ah For
precision measures relevance judgements for doduralavancy
from real users are needed as ground truth. Howavéhe case
of log-based evaluation these are most times ngsdihere are
several ways to recover them: (1) referring to &er@al source
of user judgments, (2) asking a set of users sulesaly to rate
document relevancy for topics or (3) click-throwdgta as implicit
user feedback for the relevancy of documents cansked. In the
following we use different signals for implicit useedback.

Precision measures describe the number of relel@ntments in
a search result. P@kkes only the firsk positions into account.
Mean precision (MP) takes the mean of precisioruaslfor

multiple search results. Average precision (AP)italtally takes

the position of a relevant document into accountaiM average
precision (MAP) then takes the mean of averageigicecvalues

for multiple search results.

The result list in Sowiport shows twenty documeiiscordingly,
we use P@20 as a first precision measure and MAP&@2a
second measure. For P@20 we use five actions oreshiét page
for click-through signals: click on the title for a detailed view of
the record (view_record, see Table 3), click onftlketext link,
click on the Google Scholar link, click on the GEogooks link,
and adding the document to favorites. Thus, thefdl positive
signals contains the positive signals from Table 2 plug th
view_record signal. For MAP we use only the cliokhie detailed
view as all other actions have no rank informatioour logs. All
click-through signals appear on the initial repage directly after
the search commit and are directly connected toingles
document. It should be noted that these signakslysprovide no
reliable indications of relevance, but some clufesearch success

in terms of getting the user to start a more dedaihspection of
the information retrieved. Thus, we just apply Ben measures
to the incidence of positive signals among the2@glocuments.

Table 4 shows the results for different sessiomsufiihe first row
shows the mean P@20 and MAP@20 alkwhole sessions with
and without CTS usage. The sessions were splitsinigle search
processes. Then, in each search process we loakidkithrough
signals. As one can see in the table the precammhMAP values
are relatively low. A deeper look into the datawkd a very high
number of query reformulations and actions on #sailt list such
as filtering with facets before looking at a docuné detail.
Theoretically, for session-based mean precision sorea all
query reformulations need to be merged to a topétal clicked
documents over the session need to be assignkd togics. This
forms an own complex problem which has been alrealdiyessed
in research [e.g. 19]. As a naive approach we ctenpthe
sessions’ precision only with search processes twhniclude at
least one click-through signal (see Table 4, secomq. Here, the
precision values increase strongly. For P@20 théerdhce
between searches with CTS usage and searches wiG@s
usage are statistically significant but the absotlifference is still
very low. The numbers in parentheses show the geeraunt of
searches per session unit. By comparison to teerfiv we find
that only every third search process includes astl®ene click-
through signal. This is a further indication foh@h number of
query reformulations.

As already mentioned, precision and average preciie related
to a single search result. We accordingly testedptrecision of
the search process which directly follows the events CTS_search
and CTS_select. The table’s third row shows thatrésults are
again very low for P@20 and low for MAP@20. Hellee same
problem as in sessions as a unit occurs: the gusry after
submitting from a search form is often only thetstg point for a
set of several query reformulations and searchtamep

Similarly to our procedure for global usefulness then tested
with the event window approach, which takes the first seven
succeeding actions after submitting a search (eithi¢h or
without CTS usage). This window has then beglit to single
searches. The window involves on average 1.9 searches for
windows with CTS usage and 1.5 searches for windwitisout
CTS usage. We can see in the fourth and fifth toat the mean
precision values are still very low. By countingaag only
searches with more than one following signal thecision
increases strongly. Finally, taking all positivgreils into account
the precision increases additionally by about 1&fe8, with the



window-based approach and splitting to single sezzrave found
statistical differences (mainly because of the higimple size),
but the precision values are very low. Also, thember of
searches per window are different (1.9 searcheCT®_select,
1.5 for Search). This makes it hard to comparetwekinds of
sessions.

Therefore, in the next approach we diot split the window to

single searches, but look the whole window as a single search.

This means, we count all signals inside the windowl do not
assign the signals to single searches which wik gis a different
view. The last two rows in the table show that ¢hés a
significant difference for both P@20 and MAP@20fawor of
sessions with CTS usage.

To understand how the MAP measure evolves overasing
window sizes we show the precision graphs in Figurkk shows
MAP@20 with a window of growing size, once for twendow
split to searches, and once not split to seardftes curves for the
“with CTS split” remain at 0.14, for “without CT$kt" slightly
higher at 0.15. The curves for the no-split windoliverge.
Differences between MAP@20 for “with CTS no-splithd
“without no-split” are significant for a window &26 with a two-
sample Z-Test and p<0.0001. Here it can be sednwiitia the
window-based approach and not splitting the windowsingle
searches the differences between sessions wittwiahdut CTS
usage are getting larger by increasing the wind@e. sThis
means for MAP that significantly more top-rankedulments are
viewed after CTS usage than without it and thectffeecomes
larger in the following steps of the session. If m@malize the
effect of more searches per window for CTS sessiasplit to
searches, the difference between sessions withwithdut CTS
usage becomes really measurable also with the Mé&sare.

7. DISCUSSION

The case study showed a local usefulness of 10%hfICTS.

When we contrast this value with the global versdbmisefulness
it turned out that the local usage of the serviodeu study does
not correspond with its positive effect on seanabcess (in terms
of positive signals). Thus, the “true” usefulnegthe CTS service
becomes apparent in a later phase of the sessibis bot shown

to the user at the local level. Usefulness theesf®ia concept that
obviously needs both a local and a global versimmtrasting the

effect of a local ISS to the global benefit of #ystem in helping
the user accomplishing his/her information seekjogl.
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Fig 6. MAP@20 for a window of succeeding actions with
growing size. One time the window has been spkearches
(split), the other time not (no-split).

7.1 Signalsand their variations

A critical point of our approach is surely the défon of a set of
positive signals. In our case study positive signate either
bounded to search results (email, save, RSS) oundemts
(download full text, view abstract, save, export.)etPositive
signals on the document level can be an approematf
document relevance in the case where explicit agleg
assessments are not available. This way, relevarare be
computed with a log file-based approach. Howewemther use
cases probably positive signals exist which arenbed to
different artefacts of the search process (such qasry
formulation, results scanning, working with faveridlocuments
and searches, browsing in the document space €tgosing
different categories of positive signals can adbptuse case, but
also makes the usefulness measure applicable tohble search
process. Another factor is the weighting of signfttsthis case
study we weighted every signal equally. Howevere aould
argue that exporting or saving a record weightsentban just
viewing the abstract or its references. Here, defin more
research in the field of (positive) signals in teearch and
browsing process needs to be carried out.

In our study we utilized actions from log files iaslications for
positive signals. Research showed (compare Se&@i8h that
more complex actions such as a record view witleream dwell
time represent well document usefulness or usedsfaetion.
Additionally, there are also signals from other -eymouse- or
keyboard tracking that can identify user satistactiThere is no
difficulty to use these signals in our approachwéwer signals
may vary from system to system, may not be availablevery
log and computability could increase.

Depending on the type of the IR Service there dsm lze a set of
signals which indicates a negative impact of thevise, for

example, by a quick exit of the session or by dioga document
from the favorite list. An obvious solution to thisoblem is to
compute global usefulness for these “negative” ieess
separately and then subtract it from the globafulisess of the
“positive” sessions.

7.2 Path patterns

A deeper look into path patterns might reveal insigvhich

typical action sequences lead to positive signklsour case
searches seem to follow a relatively straightfodvaattern, such
as CTS_select>>CTS_search>>view_record>>{positignat}.

This observation raises further research questigre: there any
regularities in search path patterns?”, “Causesiieeof particular
IR services differences in patterns?”, “Are theny differences
between different kind of users?”, and so on. Mimi®ghts as
regards search patterns can reveal a ground foniaption of IR

services.

7.3 Differencesto standard IR measures

Global usefulness measures the observation of @it lene
positive signal (like bookmarking a record) witkarfixed window
of actions after the use of an IR service (like earsh term
recommender). In contrast, P@k and MAP measureguhéty of
a search result by the presence and ranking ofael@locuments.
Thus, there are a number of differences betwedmaglosefulness
and classical measures such as precision or MAPG(abal
usefulness measuresuccess of an IR service in terms of
occurrence of positive interaction signals, P@k/MARasures
the quality of a search result in terms of relevance; (2) @lob
usefulness evaluates interactions in a fixed windwwactions
whereas P@k/MAP evaluates a specific search rg8)IGlobal



usefulness uses positive signals obtained fromditg whereby
P@k/MAP uses relevance assessments usually obtdined
human experts. In Section 6.1 we have analyzea ttiéferences
by substituting relevance assessments by clickitiirosignals
and applying different session units (wrt 2.) arffiecent signals
(wrt 3.) to the precision measures.

(Regarding 2.) Precision measures are per definitiound to a
single search result. Because in our data set wadf@a high
number of query reformulations and adaptions te&l$ to low
mean values because not in every search processdlisked on
documents. The succeeding search directly afteusage of the
IR service also seems to be inappropriate asadhig the starting
point for a number of reformulations. We then cleoaswindow
approach which allows to go further into the sessiand captures
about 1.9 search processes for windows with CTQeusa a
window of 7 actions. But here again the numbereafrehes keeps
the precision values on the same low level and ifsignt
differences between sessions with or without CT8gesare
difficult to prove. Not splitting the window to gite searches then
shows a strong increase in precision and MAP. Aaldlily, a
significant difference between sessions with/with@TS usage
appears to be similar to the results for globafuleess.

(Regarding 3.) Global usefulness uses a set oftipessignals

(without the view_record signal) whereby MAP usedyothe

view_record signal. However, both lead to significdifferences
for sessions with and without CTS usage. This seenmeasure
the same but it does not: the CTS usage led to maevant

documents (MAP) and these subsequently to mor¢ip®signals

(global usefulness). However, global usefulnessmeasure also
signals apart from document relevancy, e.g. whesex exports
the whole search result.

8. CONCLUSION

In this paper we propose a specific log data basethodology
that measures how useful an IR service is for tlser.u
Corresponding to the model of Cole et al. [4] ubedss is

measured on several levels. In our approach weangdigsh

between local and global usefulness of the IR serviocal

usefulness asks for “the systems support towardytiaé of each
interaction”, i.e. we measure how often the IR ®m&rvs used at
the local level and which patterns of usage ocOur. case study
turned out that the service under study (a combitexn

suggestion service (CTS)) was used in about 10easds. On the
level of global usefulness Cole et al. ask for tbatribution of

each information interaction to accomplishing thé goal and
the overall task or goal. Since the user’s tastifien difficult to

capture ouu approach is to approximate usefulngdsdking at

positive signals in the search process and invastig how well

the search service’s local usage co-occurs withtipessignals.

Our case study showed that CTS usage has a sagrtificstronger
relationship with positive signals than searchebouit it.

In general, our attempt can contribute to a newraagh of
measuring usefulness of IR supporting services wetard not
only to its usage, usability or its influence orared results but
encompassing the whole search process. Unlike arssrted
studies our approach is based on log files andescakll on
thousands of users and sessions. Neverthelesssénge will not
be lost of sight, as their individual behavior tersd in the log
files.

The work done in this paper is insofar only theioegt as we take
positive signals in search sessions as indicatiohsuser’s
preference. A critical next step is to compare fimdings and

measures from this work with insights from usedsta where we
intend to compare user feedback on usefulness lgkbased
findings.
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