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ABSTRACT a system that is poorly indexed [9]. Marchionini suggested
Exploratory Search Interfaces are being designed to sup-some of these possible activities, including: Aggregation,
port increasingly high-level search activities, such as com- Comparison and Evaluatioh|[4]. In these conditions, sim-
parison and aggregation. This position paper suggests thaple keyword search may not support users effectively and
the history of research into user search behaviour may pro-convoluted user coping strategies have been recorded that
vide grounds for developing a combined model approach involve iterative tentative guessing of keywords [6]. Clearly,
that evaluates features designed to support such exploratoryhat these users require is an alternative method of search

search activities. that may involve more browsing and exploring activities to
achieve their goals. This has been the seed for developing

Author Keywords ESls that support many richer modes of search.

HCI, Searching, Search, Exploratory, Exploratory Search, .

Theory, Evalua%ion, Comparigon Y P y Faceted browsers are an example class of ESIs, which

present meta-data attributes as a series of selectable cate-
— gorised options. Through modelling the domain of informa-
ACM Classification Keywords _ tion through a faceted structure, direct manipulation can be
H.5.2 User Interfaces, H.1.2 User/Machine Systems, H.3.3 ;se( to construct queries. Thus, when a user is not clear on
Information Search and Retrieval appropriate terminology or the meta-data is unpredictable,

they do not have to estimate search terms, but can make
INTRODUCTION selections to build their query. Through this extra support,
Keyword searching has become the standard model of searcHaceted browsers can be considered a type of ESI.
through the popularity of web giants like Google. Yet re-
search has become directed at richer modes of search, knowhere are many more features that can support Exploratory
as Exploratory Search|[9]. Naturally, some recent Human Search. For example, mSpace [8] is a faceted browser that
Computer Interaction (HCI) research has been investigatingalso includes: a collection space, a multimedia preview cue
the design of Exploratory Search Interfaces (ESIs) for sup- and a persistent panel for contextual information. Further,
porting users who have less clear or more complex needs. each of these main features are designed to be persistently in

view and available for use. As more features are developed
There are many ways to design support for more complex and added to software, there must be rationale for how and
modes of search and it would be useful to frame ESI de- when to expose features to support users effectively. This
velopment in an approach that HCI designers can apply to can not be done without evaluating how easily these features
evaluate their work. A first approach may be to see if Infor- can be used and when they might be appropriate. Models of
mation Retrieval (IR) research into user search behaviour, user search behaviour may be able to provide this informa-
dating back to the 19805][1, 5], can be used to model thetion.
success of any potential designs.

Traditionally, there are two overview styles of model in IR
In this position paper, we propose an approach that com-research: Holistic System models and Interactive models.
bines two established IR models for evaluating ESIs. We Saracevic's stratified model|[7] is an example of a holistic
show briefly how this approach might be applied to example model that describes the different layers of an IR system:
ESls, in this case three Faceted Browsers, which identifiedboth computer and human. While both contain cascading
strengths and weakness in feature design for the support forand interacting levels, here we are concerned with analysing
users in different conditions. In the conclusion, we touch on user search behaviour. The user has cascading levels in-

the next steps for expanding this approach. cluding, from the top: Situational, Affective, Cognitive and
Query Generation. That is, mental query generation is af-
RELATED WORK fected by their situational tasks, the affective intentions and

Exploratory search has been defined as more complex IR aciheir existing cognitive knowledge. It should be important
tivities that may be required by users who do not have clearly t0 consider each of these aspects of a user when defining
defined goals, have changing complex needs or may be usingomplex needs and subsequent requirements for a system.



Belkin et al. developed one of the more popular inter- each action should contribute towards exploring the informa-
active models of IR, defining a series of typical episodes tion set. The missing level of Saracevic’s model is the cog-
and scripts for the interaction between users and IR sys-nitive level, defining existing knowledge, for example. This
tems [2]. Included in this research, however, was an initial can be modelled by using Belkin’s user conditions, which
model for situational and cognitive user needs. They iden- incorporates things such as previous knowledge. This model
tified four dimensions, which together produce 16 unique actually touches on a few levels of Saracevic’'s model, in-
Information-Seeking Strategy (ISS) conditioMdethodde- cluding intention.

scribes whether a user is either searching for an information

object, or scanning a set of information objects. This is eas- As a result a combination of Bates’ and Belkin's models has
ily differentiated by finding a specific paper in order to get been suggested. Bates’ moves are used to quantify the sup-
its reference details, or by searching for an possible paper,port for tactics by interface features. Then these tactics are
which may not exist, that can be used to support a point. applied to support Belkin’s dimensions, so that the support
Goal describes whether a user is learning about somethingfor the sixteen conditions can be calculated.

or selecting something. Using the bibliographic example

differentiates these as researching a topic, or finding a ref-Stage 1: Feature Identification. First, the interface fea-
erence.Modeis between recognising and specifying some- tures and their interactions must be identified. For example,
thing. One might remember that there was a useful publi- mSpace has a set of features including: browser columns, a
cation at CHI2005 and so is trying to identify it in the pro- collection space, a preview player and an information panel.
ceedings, or may have known the author, title and year andThe features of each design should be incorporated.

has typed them into the ACM Po@lResourcés between

wanting information items or meta data about an informa- Stage 2: Measuring Support for Tactics. Each interface

tion item. Usually, with a bibliographic repository users are feature is addressed one at a time, for each design. For the
trying to find specific papers, but it is possible that the user current feature of the current design, the moves required to
is trying to find out first what workshops existed in a confer- support each tactic are counted. This produces a series of

ence so that they can better define a search query at a latetables, one for each design, where tactics are listed across
point in time. the top and the interface features down the side. The count

of moves is noted in the appropriate cross section between
In 1990, Bates described a four-level hierarchy of search feature and tactic. No support by a feature for a tactic counts
activities: Move, Tactic, Stratagem and Strategy [1]. The as 0. Four moves for the user to use the feature in support
first of these is a single action performed by the user, either of a tactic counts counts as 4. Repeat and Optional moves
physically or mentally: mental actions may be deciding or are ignored. For example, selecting multiple items involves
reading. A tactic is a combination of moves and there are choosing and selecting 2+ items, selecting 3+ is considered
endless combinations of moves that can be used to suppor@ repeat move of selecting 2 items. Optional moves include
a tactic, which depends on system implementations. Shescrolling: a desired item may be the first or last item. The
defines 32 specific information search tactics that a searchoptimum situation is that it is one of the items that is visible
system should support. Stratagems are a larger combinawithout scrolling.
tion of both individual moves and tactics: some examples
include performing a citation search or following a footnote. Stage 3: Summarising Metrics. As no support is repre-
Marchionini noted a series of exploratory search activities, sented by zero, support in a single move is represented by
which could be considered as Stratagefms [4]. Exploratory 1 and support in ten moves by 10, all values above 0 must
search activities could be considered complex combinationsbe inverted. Thus a feature that supports a tactic well ap-
of tactics and moves, whereas a simple lookup could be aproaches the value of 1 and a poor support approaches 0.
simple set of tactics and moves. Strategies are again higherThese inverted metrics can then be summed by feature and
and involve a combination of moves, tactics and stratagems:by tactic. This calculates the support provided by a feature
this might be finding relevant work for a paper and depends for all tactics and the support provided for a tactic across all
heavily on what the user is currently working on. features, respectively.

PROPOSED MODEL Stage 4: Feature Strength Analysis A graph can be pro-
duced including the summed values for each feature in each

Design esign. An example can be seen in the following section
When considering users of a system, a user’s strategy mayd an. D 93 '
Strong features will score produce tall bars, and a quick com-

have led the user to the system, as it usually represents a cer=_ - f ffort dicat i feature desi

tain type of resource, such as a journal archive or a productparlson oruser efiort can Indicate a strong feature design.

Coleclon, hese Svateqies et gule wel o Saracevi stage 5 Tacc Support Analysi. A graph can be pro

may wish to emp]oy a set of stratagems to achieve tﬁeir goal duced including the summed values for each tactic in each

and modelling these in full should relate directly to Sarace:d.eS'gn.' Again, .taII bars |.nd|cqte strong support for a tac-
- L9, X " X tic. This comparison may identify tactics which may require

vic's affective intentions level. Similarly, tactics, may also imoroved support throuah redesian

be considered part of Saracevic's affective intentions. Fi- P PP 9 an.

nally, moves can relate to Saracevic’s query generation, as
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Figure 1. Graph Showing the Summed Inverted Metrics of each Tactic for the Three Browsers.

Stage 6: User Conditions Analysis.Each tactic supports  to the user as possible and at all times. In line with the sec-
particular ends of Belkin’s dimensions of user conditions. ond observation, however, there are clearly some features
CHECK, a tactic for users checking their decisions so far, of each interface that have stronger implementations of the
supports users who are trying to Learn as tii&ial The three browsers. For example, multiple selection is easiest in
support for a tactic by a design is added to the total support RB++, yet keyword search is missing from RB++ and the
for a dimension. Then for each of the sixteen conditions, the implementation is strongest in mSpace. One feature missing
sum of the total support values are calculated. This value from the mSpace implementation is the ability to sort items.
for each condition can be graphed showing the difference in The strongest implementation of this is the ability to group
support for different user conditions. the results by any facet, as seen in Flamenco.
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Figure 2. Graph Showing the Summed Inverted Metrics of each Fea-  Figure 3. Graph Showing the Normalised Support for each ISS Condi-
ture for the Three Browsers. Taller bars are better. tion by Faceted Browser

Model Applied The pattern that is seen almost identically for each interface
In a recent application of the model, three faceted brc_)wsersin Figure[3 is indicative of the mapping between Bates’ tac-
were compared: mSpgeFlamenc and RB+f] It is tics and the pattern of ISS conditions defined by Bekin
clear from Figurg L that there are few tactics that are not ) - pregictably, as was shown in Figyfe 1, there are three
best supported by the mSpace browser. This is explained,gjgtinct jines, showing that mSpace provides the widest sup-
in Figure[2 by the number of strong contending features: o or search. This height difference does not show us
there are comparably high mSpace bars for almost every feay,e\y, jnformation. Instead what should be drawn from the
ture. This is arguably representative of th_e focus+context graph is hidden within this pattern and shown in the dif-
design, which aims to present as many options and featureSgrences in peaks and troughs for each interface condition.

2http://mspace.fm Quite clearly the graphs rise and fall in alternating pairs.
Shttp://flamenco.berkeley.edu/ This represents the alternation between recognise and spec-
“http://idL.ils.unc.edu/rave/ ify (Modég and is perhaps a predictable outcome for faceted



browsers. By including more lessons learnt from the IR CONCLUSION
work on keyword search, such as relevance feedback, weln this paper, we have described an approach for evaluating
might see a balance between these two conditions. Within Exploratory Search Interfaces for strengths and weaknesses
each of these alternating pairs, the mSpace line marginallyin terms of feature design for the support of users in different
increases where the others fall. This indicates an increasedsearch conditions. This approach combines two established
support for meta-informationResourcg Considering in- models of Information Retrieval to quantify a comparison of
dividual browser lines, while RB++ and Flamenco follow three Faceted Browsers, as example Exploratory Search In-
a similar pattern for the first 8 1SS conditions, Flamenco terfaces, and identified some clear areas for improvement on
notably improves this gap in the final 8 conditions. These each. The approach can be applied to existing implementa-
two halves are made unique by theethoddimension and  tions, as above, or to new designs for exploratory search in-
indicates that Flamenco provides better support for search,terfaces. Designs can be measured in their support for search
which is defined by having a known target object to exist: tactics and strengthened before user studies begin.
this might be knowing that an academic paper exists and just
trying to find it. This significant increase, also sharper than These are early steps to a potentially promising approach for
mSpace, may be present due to the better support for advancblending IR frameworks with HCI design. Based on these
ing selections and the lower support for changing selections.initial studies, we are investigating several refinements of the
approach. In particular we are considering strategies to cor-
The final pattern we draw from Figufg 3 is shown every relate the predictive findings presented here against experi-
four conditions and is controlled by BelkinGoal dimen- mental studies to validate and refine the approach proposed.
sion. The Learn aspect of this dimension is shown by height We anticipate that with such validation, this hybrid IR/HCI
differences between 1ISS1-4 and 1SS5-8, and again betweerapproach will be a useful design tool for the development of

ISS9-12 and ISS13-16. This is characterised by the ability to exploratory search interfaces.

see options in faceted browsers. The persistence of these op-

tions shown throughout to the user of mSpace is highlighted ReperENCES

by the exaggerated difference in the first and third troughs 1
compared to the second and fourth.

2.
OPEN RESEARCH QUESTIONS
There are a few areas where this approach could be extended.
First, the definition of a single move is still open to some in-
terpretation. In the application above, choosing mentally and
selecting physically are separated as different moves. Cogni-°-
tive models exist that could be used to define moves in a clear
manner. Further, cognitive load is an increasingly important
problem for rich interfaces, and the effect of adding more
features should also be modelled; an interface with 100 fea-
tures may support many tactics but may not be easy to use.
This is already modelled to some extent, as it may take more5,
moves to access a feature if you have to select and open it
before it can be used.

Of the four user levels of Saracevic’s stratified model, there
are still gaps for improvement. Belkin is one model of
user intentions, but more exist. The same team later devel-
oped user and search conditions into much greater detail [3].
Further, Saracevic’s affective intentions can be better mod-
elled by trying to define Stratagems like Marchionini’s ex-
ploratory search activities. These activities in particular are
largely undefined, but where definition is missing, a model
may be available or developed to extend this research. Also,
this research is currently trying to model the user levels de- 8.
fined by Saracevic in 1997. There may be more recent or
more specific research that models the user in more detail.

Finally, the current model is only useful when comparing de-
signs and implementations. Ideally the model can identify a 9-
strong design or a weak design independently, so that it can
be applied where there is no benchmark for comparison.
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