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ABSTRACT

The usefulness evaluation model proposed by Cod. @ 2009
[2] focuses on the evaluation of interactive IRtegss by their
support towards the user’s overall goal, sub gaattasks. This
is a more human focus of the IR evaluation prothas with
classical TREC-oriented studies and gives a molistizoview on
the IR evaluation process. However, yet there is forwnal
framework how the usefulness model can be opeatizad.
Additionally, a lot of information needed for the
operationalization is only available in explicitensstudies where
for example the overall goal and the tasks are ptechfrom the
users or are predefined. Measuring the usefulne$R systems
outside the laboratory is a challenging task ast miftsn only log
data of user interaction is available. But, an apenalization of
the usefulness model based on interaction datal dmubpplied to
diverse systems and evaluation results would bepacable. In
this article we discuss the challenges for meaguhie usefulness
of IR systems with log-based approaches.
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1. INTRODUCTION

A rough distinction for the evaluation of Interaetilnformation
Retrieval (IIR) Systems can be made between theahuand the
system focus. Kelly [8] arranges both perspectigasan IIR
evaluation research continuum. System focused estuslich as
with TREC [11] use a set of topics, documents wilevance
judgements where the system’s retrieval functionpgmized in
order to find the most relevant documents. On thercside of the
spectrum are user-based evaluations which let Hee unteract
with the system in order to get insight how theteyscan be
improved. There is definitely a big difference beém these two
kinds of evaluation methods. The first one con@gef on
optimizing a system’s artefact with the user’s miien modelled
only in the form of relevance adjustments from asees. The
second one directly takes the user’s opinion aedathility to be
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diverse in experimenting with different systemsndiionalities,

use cases and situations. The system focused sthdie the
benefit of having a simple model and measures wicah be
applied to most systems and are replicable and amabfe, but
they only focus on the retrieval functionality dfetsystem. The
human focused studies with their richness of usesdave the
drawback of its costs: user experiments are cdstlgreate, to
conduct and to analyze and further are not wellliegiple to

different systems.

Log analysis and log-based evaluation is situatat the middle
of Kelly’s research continuum and can be a compsenhietween
the system and the human focus. Logs can contdimessity of
signals from the user. For TREC style evaluatiomplicit
feedback from users can be taken as substitute xpfici
relevance opinions. For more human focused studgsdata can
contain information to analyze not only relevance search
results, but also information about the usefulnes®ther IR
systems components such as recommenders, facedech ser
browsing facilities. Additionally, the user’s corteand task, user
actions, navigational paths, search interactionswmage patterns
can be extracted. Thereby, the benefit of log-basethods is that
they are scalable to different IR systems, differese cases and a
lot of users.

In this article we analyze the challenges for meaguthe
usefulness of IIR systems with log-based approachiesrefore,
we first give a short overview of existing evaloatimodels and
measures in lIR.

2. BACKGROUND

2.1 Modes and Measures for the Evaluation

of IR Systems

The classical IR model used in TREC style studidd fompares
the information need of a user articulated in adeauery to
results returned by an IR system which is compbied retrieval
function. Ingwersen & Jarvelin [6] open up the slaal Cranfield
paradigm to also include the seeking-, work-, sacganizational
& cultural context which need additional evaluationteria.
Another evaluation model beyond the system vieprésented by
Tsakonas et Papatheodorou [10] who proposed thmydh
framework which combines user-centered, systemecedtand
content-centered evaluation. Usability then measthe user's
interaction with the system, usefulness the usenjsression of
the content and performance the system’'s handliith the
content. Fuhr [3] proposed a more probabilistic flBmework
where the search process is modelled as transiti@taeen
situations and the user has a set of choices iny eageraction
step. These different evaluation models try to waptvarious
aspects of the IIR process. Measures can be caedoio the
following classes according to Kelly [8:99ff]: (fpntextual, (2)
interaction, (3) performance and (4) usability.



The contextis given by the user himself (sex, age, character, 2 2 The Usefulness M odel

personality, mood), his information need or tasipé difficulty,
and familiarity), his knowledge (degree, domain etige,
computer or search experience) and the actualtisitugwork,
free time, specific situation, location, time).

The second point describes timeraction between the user and
the system. Which user actions has been performdidch
navigational paths have been gone, which quergseds which
results returned, which documents viewed? Thisbeadescribed
by simple actions and its parameters, but also byencomplex
search tactics, strategies or with probability niedmteraction
data can also be bundled by different user grdigpexample by
experts vs. novices.

There are a number of measures for measyrénfprmancebased
on interaction data. Classical measures which Heaen widely
used in IR are precision/recall and its extensidihés comes also
in combination with the TREC evaluation campaignickh
provides evaluation data sets with a set of topitd relevance
judgements for documents. For IIR these measures $laown a
number of limitations: (1) in combination with TRE€ome
measures have been proposed that better fits hdétlddocuments
found relevant by the user and not the assessprth€¥ only
measure the quality of a search result in relaiioa single search
query. Measuring retrieval quality for higher grarity levels
such as the session or the task seems to be nfificalti(3) They
do not take into account other artefacts and sesvif the IR
system such as browsing facilities, recommendestesy support
etc. There are other performance measures suchmasbased
measures, informativness or utiliffime-basedneasures look at
different aspects such as the time spend to complsearch task,
to look at a document or to save the first artitdéormativeness
uses a ranked list of documents rated by mostnmdtve to least
informative. This should give a better distinctitran using only
binary or graded relevance judgments for single elated
documents. Another measureuslity which uses the subjective
user impression of costs (e.g. in $) for differaspects of the
search process and system, such as the value st#neh result
itself or in combination with time spend for gegithose results.

The point ofusability takes more the user’s view on the system,
described by Kelly [8] as the “evaluative feedb&ckn subjects”.
Usability can further be divided to the dimensi@iffectiveness
efficiency and satisfaction Effectiveness denotes the “accuracy
and completeness” of a task and efficiency the Ouieses
expended” for a task [8]. These artefacts of ugghihay still be
derived from simple measures such as time or effother
artefacts such as satisfaction, ease of use, ehdeaming,
usefulness, mental effort, cognitive load, or flawe mostly
collected with user questionnaires and are muchddnato
compute.

As we can see a diversity of measures exist whieb to capture
different evaluative artefacts of the interactiv® $ystem. Also
there are some models which try to incorporate somthese

measures. However, the main challenge, that ik agin, is to

have a holistic evaluation model which incorporates magical

triangle of user, system and content and which oreasthe real
usefulness of the interactive IR system for the.uSkereby, the
points of scalability and comparability are verypontant. A

unique evaluation model based on quantitative méion can be
used for different systems and let us compare tiggfulness on a
large scale.

The usefulness evaluation model proposed by Coté. 2] tries

to evaluate a system by the criterion of “how vibk user was
able to achieve their goal”. Thigeneral goalderives from a
problematic situationin which the user is lacking knowledge
about a certain topic, experience or situation. dherall taskis
then to seek information which can help to soledkneral goal.
This general goal can be divided in a sequenceedfia sub
goals which divide the problem in more manageable temhd
thereforeinformation interactionsthe user can process such as
collecting information, comparing the results artgng about the
topic. Each interaction can further be divided inseveral
information seeking strategig$SS, [1]) which the system side
can support such as querying an IR system, reegeiésults and
evaluating the documents. The system’s usefulnasstlten be
measured on three levels: (1) theefulness of the entire system
towards the overall goal, (2) thesefulness of each information
interactiontowards the sub goal and the overall goal andh8)
usefulness of the system supgowards each ISS and each goal.
In this way the usefulness model tries to measheeslystem’s
support towards the overall and each sub goal efuser. This
brings together the user’s perspective with theabfems, goals
and sub goals, the resulting interactions and méion seeking
strategies and the system’s perspective with gwgport towards
each ISS (and therefore to each sub goal and gralbgoal).

However, in practice the usefulness model has s#itain
drawbacks for applying it largely for the evaluatiof IIR systems
without conducting explicit user studies:

(1) In Cole et al’s usefulness model everythingarsanged
around the user’s initial goal. This is certainly wseful
assumption, as it is the systems primary task tongily support
the user in her/his goals. The other way roundnftbe system’s
view, it is lacking a lot of knowledge about theeuso optimally
support her/him. The system has no knowledge athmutiser’'s
goal, sub goal and tasks, and his context.

(2) There is only initial research how the abstraud theoretical
model of usefulness can be operationalized in thenf of
computational measures. There is no formal framkworderive
if an interactive IR system or system componenés weful or
not. As a starting point Cole et al. [2] formulatadnumber of
research questions at each stage (overall goal,gsah ISS)
divided by the system’s support towards tesultsandprocesses
in terms ofcorrectnesseffort andtime For example, at the stage
of ISS they asked for their example to locate Hd/bdar
information: (1) How useful were suggested termsfdomulating
queries? [correctness]’, (2) “How much were suggkst
queries/terms used? [effort]”. As question 2 can dgsily
answered, question 1 is much harder to do, asgbilmess can
only be measured from the results and in particélam the
result’'s usefulness towards the sub goal and dvgwal.

3. MEASURING USEFULNESS

Measuring usefulness on the basis of logged inieraclata
therefore is a challenging task as a lot of infdiamamay still be
unknown or are hard to capture and to compute ff@ogs. The
purpose of this paper is to discuss these diffeaspécts.

3.1 Challenge: Finding the task

The usefulness model compresses the contextualveartmuch

to the artefact of the overall goal, sub goals &asks. This is
certainly the strongest points of the model and esak simple

and effective. Simple, in the sense, that a systees not need to
know all the contextual information (sex, age, lomg



knowledge) but only the goal and sub goals. Effectin the
sense, that everything in the model is derivedHeydverall goal,
such as the tasks, the information interactiong #eeking
strategies but also the system’s response in stipgothese
artefacts. However, from the system’s point of vigws hard to
recognize the overall goal and sub goals, but @énseto be
essential. In user studies the overall goal isnofteedefined in the
evaluation task. Additionally, the participant caways be asked
how she/he perceived the IIR system’s contributmthe overall
goal. But with a system focused approach the oveadl and
task is mostly missing. Of course, also in runngygtems the
users can be asked for their actual task. Howassrs often are
unable to explain or categorize their actual taskthey are
drifting from one task to another. A second appho&c again
trying to extract the task from log data. There bagn some
research (e.g. [9]) that focuses on constructirgtésk by user
inputs such as query terms. However, the overagliréssion is
that clueing and clustering search queries togésheot sufficient
to understand the user's task. According to Colealet[2]

emphasizing that “usefulness is suited to int&wac
measurements” we see a much greater but challepogiegtial to
better understand a users’ task in analyzing iotiena data: How
does the user’s interactions form a task? and heweral tasks
may form sub goals and the overall goal. We belithat by
taking the perspective of interaction the usertsrition can much
better be captured than by just looking at quemyse

3.2 Challenge: Capturing interaction

Logs are certainly good in measuring interactiotadad in fact
there has been much research about it. In IIR aiides and

processes can be measured which happens betweesehand
the system such as accessed websites, invokeddinality in the

system, and user inputs from keyboard and mousth lifferent

preprocessing step this basic log data can be foransd to

(navigational) paths, user actions with parameusation, start-,
stop times, search queries) and can be assignsdsgions and
preliminarily search tasks.

A prerequisite to make the usefulness model conypeits to

have a data base which allows measuring the systsapport
with its results and processes and on the thregdenf IIS, sub
goal and overall goal. So, what we first need iframework

which captures these signals from arbitrary logd amerprets
them. In [4] we proposed a first attempt with th&l@SE toolkit

for whole session analysis in IIR. The system wasighed to
directly load log data from different real worldssgms. The log
data is then preprocessed from unstructured forrttsvell-

defined user actions and its parameters due topplementary
mapping. Actions are ordered within user sessiombkifthe user
id is known also by certain users. The main outcofoe
measuring usefulness here is that we can creareicilsed data
set of user interactions out of any IR system’sdata. The major
challenge we see here is to establish a commordatdnon
logging interaction.

3.3 Challenge: Understanding interaction

Once we have a set of structured interaction dake is the
question of interpretation. The main criterion he tusefulness
model is to accomplish the overall goal and thebr goals. So, a
framework should ideally first extract the goalbsypal and task
from the interaction data and then in a second steppute the
success concerning results and processes towaedsggk. The
prominent precision/recall can be one of severahsuees that
help to identify the relevance of search resultthtouser’s task.
Besides that, Cole et al. [2] proposed correctnefésit and time

concerning processes and results of the IR systehealifferent

levels of the overall goal, sub goal and informatiseeking

strategies. Measuring time and effort is certambjoable task, but
measuring correctness is surely harder to do alifferent levels.

Cole et al. [2] for example asked “Houseful were suggested
queries/terms for formulating queries on the lefdiSS, sub goal
and overall goal?”. Here, the usefulness of anskRvice such as
a query/term recommender for the sub goal of I|ogati
information is surely harder to measure.

Sub-Challenge: Understanding Interaction Data oe ttevel of
System Support

The usefulness model asked on the third level Herusefulness
of system support towards each ISS and each gof] ve did a
first attempt to analyze the usefulness of IR & We want to
measure the effect an IIR service has locally & thoment of
usage, but also which effect the service has oti@e search
process and therefore on the sub goal. We therpfoposed two
variants of usefulness measures, one addressirad éoal one
addressing global effects of a service. Local UseBs is a usage-
based measure and describes the usage frequenthe diR
service. Global usefulness is a success-based measud
describes how often positive signals occur in erlphase of the
search process after the usage of the IR servaregxample
bookmarking a record after the usage of a termmecender.
Together local and global usefulness can then ithestire support
given in terms of usage and success towards arrniaf®n
seeking strategy of a user, e.g. supporting theygieemulation
process with a term recommender. Here, on the lefvelystem
support we actually do not need to know the ussk beecause the
ISS and sub goal is predefined by the service #stion, e.g. the
ISS may be “querying” for a term recommender arelshb goal
is “locating information about x”. The challengifgsue here is to
define a set of relevant user interactions from daga and to
establish a consensus on the set of positive signabe used as
indicators for search success on the level ofgl&ilSS or on the
level of the overall system.

Sub-Challenge: Modelling Signals as Indicators oéaigh
Success

Interaction data has been used to grasp the uségigtion. There

has been for example research about what signatske for

implicit feedback as substitutions of relevanceuatipents from

users (e.g. [7]), others use signals to find ndidgal problems or
defining user preferences. For measuring usefuloasthe third

level we need signals that describe the user’s ésgion of

negative or positive impact of the system’s supporta single

ISS. These signals can be different depending @ ISS

(querying, evaluating docs, savings docs) and d#pgnon the

system. Signals can also have several dimensioagype of user
action, its point in time within the task or seampfocess, its
strength (weak vs. strong), its frequency andelsvance towards
the goal of the ISS. The best way to identify sigrend their

different aspects for the diverse information segldtrategies are
user studies. The user’s impression of the systeopport has to
strongly correlate with these quantitative signélsen we can use
these signals (from logs) as indications of succasd non-

success of system support. However, to enabledhmparison of

IIR services in two different systems, the chaliaggssue is to
model the different dimensions of signals in logadaith respect
to system support.



Sub-Challenge: Measuring Usefulness on the Lefe®ib Goals
and the Overall Goal

Having a measure of system support on the levalnofSS does
not imply having an indicator on the level of sugpowards the
sub goal and overall goal. This has several reag@hsgain, we
first need to know the goal and sub goals. This nhey
complicated to extract from logs, especially forren@omplex
information needs. (2) It may be hard to measurat\stihe actual
influence of a supporting service towards a subl.gbBaus, the
challenging issue is to deconstruct the overalll goasub goals
and sub goals to single ISSs, and, the other waynal; to
extrapolate the usefulness of the system for agtgesub goals
and, finally, the entire information seeking tastonfi local
indicators

Sub-Challenge: Information outside the System'svVie

So far, we discussed that for standard compondntR systems
that support ISSs such as querying, receiving t®sabaluating

documents, saving documents we can measure theorsupp

towards the ISS by taking the user interactions sigdals of
positive success towards the ISS into account. Ehia rather
simplified model that assumes that all functioyatite user needs
is already available in the system. But for a 16tI8S this is
simply not the case. Be it a simple filter funcadity which is
needed for the user's (more complex) task or a mgan
component for evaluating information side by sitfea needed
functionality is not part of the system we canndegrate it into
an overall model and cannot compute the negatiyaatit may
have on the overall usefulness. Here again knowladmput the
overall goal and sub goals are needed. If we dohawe this
knowledge we cannot know about the user's need tfiis
functionality. For this, only user-oriented studimn be helpful.
Another point are user’s cognitive processes ssatpaparing of
information or learning that only happened in tiserts mind and
we do not know of. This can again only be madebliésiand
understandable in explicit user studies and withneues like
think-aloud. Thus, the challenging issue is to gpagser study
designs that complement log-based usefulness asalgs a
general level.

4. CONCLUSION

The usefulness model is an evaluation model fomitich brings
together the user’s perspective with her/his gaodl the system’s
perspective by supporting this goal. However, yeaire is only
initial work how this model can be operationalizé this paper
we discussed the challenges for the operationadizdiased on
interaction data captured in log files. This canabeompromise
between costly user studies and very specific TRBA& studies.
We found that a key challenge is to find the tast averall goal.
Much more research could be conducted here torhettierstand
the user’s intention. A good starting point coull for example
research on standardized sets of information ndattymation

problems, task, goals and seeking strategies onlabwe of

specific systems, situations, problems, contextsdmains. This
would give the chance to categorize a user to apgvath similar

information needs and better support her/him withectic

services. Capturing interaction data is the ceofetog-based
methods, however, the interpretation of this datadmplex. We

discussed the challenging issues to be address#eadifferent
levels of system support.. From this it can be hated that much
more research is needed on capturing the taskeofisler at the
one hand side, and on capturing positive signaladoomplishing
a particular information seeking strategy on theeohand side..
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