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INTRODUCTION

Many visual applications and visualization systerssent
graphical workspaces with many different objectt tban

be visited and inspected by the user. In thesesstthere

is often not enough screen space to adequately dzto
item, and so users cannot reliably look for thingsng
visual search; instead, they must find things by a
combination of inspection and memory (see Figure 1)

Figure 1. A web-site visualization system whergélie not
enough room to put page labels. A popup tag follthes
cursor to allow inspection of nodes.

Inspection is slow, however, and when users are not
familiar with the dataset, it can be difficult farem to find

the objects that they need. To help with this pzobl
several systems provid®vigation aids- visual markers to
highlight objects that may be important. Markingjemiis

can be based on a variety of information dependimghe
domain: for example, read wear to show the iteras tie
user has previously visited, flags or bookmarks #ilw

the user to explicitly mark items, or predictivaeirfaces
that suggest which items are likely to be used.next

Navigation aids can dramatically improve perforneiric
they accurately indicate the objects that realéyiarportant
for the user’s task. When successful, they allogavubker to
carry out a much simpler task — use visual seascfintl
those objects that are highlighted, and then uspeition

or memory to find the desired object within that anu
smaller set. In the limit, a navigation aid woulbivays
highlight the exact object that the user neededt, nex
reducing the problem to a simple perceptual seéea,
‘always click on the red object’).

The problem with navigation aids is that they am n
always correct, and not always available. This lsappen



for several reasons: for example, a prediction riate
might simply get the prediction wrong; the user rsaytch
to a different application that does not displagithHlags
and annotations, or a read-wear effect may havedfdy
the time the user needs to return to the object.

What happens to performance when a user learnspend
on the visual aid, and then has to work without
Navigation aids make the task easier in the skom tbut
does this reduction in effort mean that people ¥éll to
build a long-term mental map of the territory? Roes
research by Ehret [7] suggests that if a user'seratl
strategy does not explicitly involve location knewdge,
they will learn the object locations much more diow hat
is, a perfect ‘follow the red highlight’ strategyould result
in the least location learning.

it?

This presents a dilemma for designers: navigatida are
valuable when users are unfamiliar with a datdsatjf the
eventual goal is for users to memorize locatiorss eneate
a spatial map, it is possible that navigation aile a
detriment.

To determine whether navigation aids really do hamp
spatial location learning, we carried out an experit in
which people were asked to repeatedly find itemsthan
screen. People trained using one of four retrievtatfaces:
one that showed the object’s labels, a predictnterface
that was 50% accurate, a predictor that was 90%rats;
and an interface with no navigation aid at all.

We found that during training, the navigation aidere
effective: both the interface with object labelsdathe
interface with 90% prediction significantly impraVve
performance compared to retrieving objects withatmn
only. Once the navigation aid was turned off, hosvewe

foundno difference in testing times between those who had

practiced with a navigation aid and those who hadtxred
with locations only. Even when people had traingtha
90%-accurate predictor, they were as fast at retge
objects using location alone, as those who hadedawith
locations from the start. A power analysis carioed before
the study provides evidence that the lack of déffiee is
reliable.

BACKGROUND

There are two main areas of related work that elevant
to our investigation: navigation aids, and spatéject
location memory.

Navigation Aids

Navigation aids in graphical workspaces are visnatkers
that are intended to assist the user in determimihgre
they have been, where they are, or where they twagb
next. Navigation aids work in two ways: by reducitig
number of items that must be considered in a viswal
inspection-based search, and by providing additiona
landmarks in the space that assist spatial meneogy, (“it
was just past the red flag”).

There are several possible types of navigationraidsual
workspaces, including trails, edit wear, flags, kmarks,
and prediction systems. We divide these into twdnma
groups: predictive markers and user-chosen markers.

Automatic / Predictive markers

Some navigation aids are based on models or pi@usct
about what objects the user is going to want td.vihe
predictions can come from a variety of sources:
pre-selected sets of important objects (e.g.,
geographical locations shown in Figure 3),

markers arising from previous user actions (e alosof
off-screen objects from a previous query [3]),
direction arrows in games (since the game knowsrevhe
the goal is located),

markers based on interaction history, such as vesat
[10] to help people return to previously-visitedjeatis
(see Figure 2), or trails built up from others’iaity [22],
artificial landmarks to provide additional visual
distinctiveness to objects [13], or

prediction based on task knowledge such as depeieden
between items.

the

=2 Distortion Space

Figure 2. Example navigation aid in a fisheye systeased
on interaction history (from [19]): the last thremdes
visited by the user are highlighted with a greerdbo

User-chosen markers

Other navigation aids are chosen and placed byusiee
themselves. These are common in the real worldygfla
‘breadcrumb trails,” blazes), and appear in many
computational spaces. Examples include ‘brushing’ i
scatterplot visualization systems [4], where olgeare
coloured so that they can be found again when tae v
changes, user-chosen flags in mapping systems Féggre

3), and paths intentionally created through a getveb
pages [22].
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Figure 3. A mapping application (www.google.com)thwi
pre-selected markers (in blue) and a user-seletisey
(centre of picture).

The potential problem with navigation aids, howevethat
they may provide an easier navigation strategy than of
remembering objects’ locations — meaning that p=ophy
start to depend on them for navigation. When tkhieisinot
present (e.g., the prediction is wrong, the uséinde flags
are turned off, or the user is working on a diffare
machine), people may be unable to navigate effelgtihAn
analogue for this problem involves people’s expars
with ‘speed dial' on telephones — that is, if a quers
number is in the speed-dial list, the user nevarnig the
actual telephone number. On a phone without thedspél
mapping, the user is unable to complete the task.

Spatial Memory in Computer Interfaces

Several researchers in HCI have explored the uspatifal
memory in computer interfaces (e.g., [6,7,12,16hd
studies have shown that although abilities can wedely

memory that have been identified, such as the viqaial
sketchpad which encodes short-term spatial infdomat
(e.g., [2,15]), memory in wayfinding and navigatifmg.,
[6,21]), and memory ofobject locations(e.g., [9,15]),
which is the area most relevant to the currentstigation.

Location memory is memory for the positions of algein

a space. Two different types of location memoryehbegen
proposed [11]: first, relative-position memory, whe
people remember locations in relation to other cigjer
landmarks in the scene; and second, absolute-positi
memory, where people remember objects’ exact lonati
(for example, such that they could be found indhgk).

A main issue in spatial memory research is the way
which people learn and retain memory of object tiocs.
Two different possibilities have been explored -atth
location learning is incidental and almost automatind
that location learning improves with attention afibrt.

Incidental Location Learning

Several studies suggest that at least some aspécts
location learning occur automatically, while peojlarry
out other tasks. For example, Andrade and Meutielved
that recall of word locations was unaffected by the
difficulty of a concurrent task, even though word
recognitionwas affected [1]. Another example involves the
Data Mountain: Czerwinski and colleagues showed tha
once participants had learned to retrieve web pdmes
name and thumbnail, retrieval without either ofséneues
was only briefly disrupted [5].

Intention and Effort in Location Learning
Other studies provide evidence for the importande o
intention in the learning of object locations. Example, a

[18], people are capable of using spatial memory tostudy by Van Asselen et al. demonstrated that vgesiple

remember large numbers of items.

For example, Robertson and colleagues [16] testgahtal

focused their attention on a route through a bugdithey
were better able to draw a map of the path [21].

memory technique (the Data Mountain) against séveraA second example is Ehret's study of the effectvistial

other methods of recalling web pages. RetrievdlGff web
pages was significantly faster with the spatialhtegue

representations on spatial memory [7], and sintedtudy
is used below, we provide additional details hdthret

than with a standard bookmarking system. The dpatia@grees that locations are learned incidentally:tHeut

memory also persisted over a long time: participamho
returned for a follow-up study several months latere
able to retrieve items at the same performancd, |evith
only a brief retraining period [5].

However, other research suggests that when locitiosed
as the only retrieval strategy, spatial memory dakess
well. An early study by Jones and Dumais [12] shebiveat
retrieval of items using location alone was slownd less
accurate than when items were also representedrng.n

Spatial Object Location Memory

A great deal of research has been done on the itiipab
and limitations of human spatial memory, as welbasts
underlying mechanisms and computations (e.g., seep
in [11]). There are several types of spatial cagnitand

specific intent to do so, users can gradually letra
locations of the interface objects to which theterd” (p.
211). However, he states thatintentionalis not the same
thing aseffortless and that the way in which a user interacts
with the data has a substantial effect on theiultieg
location learning.

His studies ask participants to find and selecteescr
objects, where the objects are represented inrdiftevays
that require different amounts of location knowledtp
perform the task. For example, participants wemasha
colour, and had to find a corresponding object ba t
screen; in one condition, the objects themselvese we
coloured, and in another, objects were unmarketdbuid
be inspected by holding the mouse cursor over thém)
this case, the colour-matching representation regurery



little location knowledge when repeating the taakd the
unmarked objects require considerably more.

Ehret suggests that since explicitly rememberirgations
requires significant effort, people will choosecavér-cost
strategy when possible, and their location learniily be

impaired as a result. The study showed that peaple

used the colour-match condition made significamtigre

errors in reconstructing the map of objects ondbeeen
(however, no differences were found between caoakiti
that used textual labels, icons, or no markingslat

Although Ehret’'s work suggests that there are rartshts
to learning locations, his results are not congkisfor
deciding on the effects of navigation aids. In orde
further explore this issue, we carried out a stthiht was
based on Ehret's methods and tasks.

STUDY METHODOLOGY

Participants

Sixteen participants (8 men and 8 women) were fectu
from a local university. Participants ranged in &gen 19

to 31 years (mean of 23 years). All were familiaithw
mouse-and-windows applications (average use of tiaire
8 hours per week).

Apparatus

A custom study system was built using Tcl/Tk (sepufes
4-6). The system presented ten rectangular taegeasged
in a ring; a box at the centre of the ring was usedisplay
the next object name for retrieval. Users couldkcbn any
of the targets to select them. If they held theduse cursor
over the target for one second, a popup tag withdiget's
name appeared under the item (see video figurepritne
user selected the correct target, the target witdgreen;
incorrect selections caused the target to turn Tad. study

was conducted on a P4 Windows system with a stdndar

optical mouse and a 1024x768 display.

Experimental Conditions
Four retrieval interfaces were used in the studlree that

provided a navigation aid, and one that provided no

assistance. The four interfaces require suppoffereifit

retrieval strategies that require varying degrefe®aation

knowledge. The only strategy for finding objectsatth
worked in all conditions was inspection — holdinge t
mouse over an object for one second to see its .n@hee
interfaces were:

* Labels

Therefore, participants could retrieve objects azithy
remembering locations or by looking for the labEhis

condition required the smallest amount of location

knowledge (since the labels could always be used).

system could be controlled programmatically (siadle
targets were known in advance); the Predict-90 itiond
was 90% accurate (note that this represents average
accuracy; within any one block, prediction could be
higher or lower). Participants could find an objdxt
inspecting the highlighted item or by remembering
locations. Since following the highlight was corr8cout

of 10 times, participants in this condition did metuire
location knowledge in order to be efficient.

Predict-50 The Predict-50 condition was identical to the
Predict-90 system, except that the predictor waly on
50% accurate (average accuracy). This conditionired
location knowledge in half the trials.

Location-only This condition provided no visual aid at
all; items on the screen were not marked in any (sag
Figure 6). The only way to find an object in thandition
was either to remember the location, or inspect the
objects.

(D6}

ltems on the screen were annotated with
permanent labels showing their names (see Figure 4

enterprise tabby

wristwatch

2 &

novel airplane

Figure 4. Experiment system in Labels conditioemtto be
found and selected next is given by name in théreen
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Figure 5. Experiment system

in Predict conditions

« Predict-90 In each trial, a simulated prediction system (&ccuracy of the highlight was either 50% or 90%).

highlighted one item on the screen with a 5-pixalev
blue border (see Figure 5). The accuracy of thdigtien
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Figure 6. Experiment system in Location-only coiaait

Tasks and Datasets

The items on the screen were given arbitrary nataiesn
from lists of everyday objects (e.g., camera, syrdiary
mallard, coffee). For each interface, participaragied out
training trials with the interface, and then tegtinals with
the Location-only interface (that is, no labelshighlights
were visible, although users could still inspecjeots by
holding their mouse on the object for one second).

Participants saw different datasets for each iatexf and
order was balanced so

more than three errors on a trial, the experimemteinded
them to try and be more accurate, and to inspecbliects
if necessary. However, participants were also tblat if
they were fairly confident about an item’s locatighey
were free to click the target without inspectinrit.

Study Design

The study used a within-participants 4x2 factodakign.

The factors were:

» Training Interface:
Location-only

» Stage: Training (navigation aids present), Tesiingt
present)

Participants carried out tasks with all four inteds; order

was balanced such that each aid type was seencin ea
position an equal number of times.

Labels, Predict-50, Predict-90,

The sample size (16 people) provides statisticavgpoof
0.8 with a means difference of 300ms, assuminguadstrd
deviation of 400ms (determined from pilot studiasy an
alpha level of 0.05. This implies that if there astrue
difference of at least 300ms between the conditions
have an 80% chance of finding a significant differe

In addition to the effort questionnaires, the systwllected
time and error data for all trials, both trainingdatesting.
With 16 participants, each of whom carried out &Oning
and 20 test trials in each of 4 conditions, thetesys

that each dataset/interfacgqiected data from a total of 4480 trials.

combination was seen an equal number of times. The

dataset was held constant between training andgest

Procedure

Participants were introduced to the study and askedrry
out a spatial-abilities pretest based on the paitehing
game ‘Memory’ (also called ‘Concentration’). Aftéhe
pretest, they were shown the different interfacediions.
They were shown the Location-only condition lastda
were told that they would be using this interfacethe
testing portion of the study (that is, participawere aware
that they would have to eventually perform the tagtkiout
the navigation aid). Participants were then rangqgnidced
into one of four order groups. They carried ouinireg and
testing trials with each interface: five blockstef training
trials with the interface condition, and then twiodks of
ten test trials with the Location-only interfacefték each
interface condition, participants filled out an aff
guestionnaire based on the NASA TLX survey [8].

For the prediction interfaces (Predict-50 and Rite@i),

participants were told that the computer would toy
highlight the next item, but they were not told whhe

accuracy of the predictor was. They were only tthidt

sometimes the computer would be correct, and somsti
incorrect.

Participants were instructed to work as quicklypassible,
but were asked not to complete the testing patheftask
simply by clicking on all the objects. If a parpiaint made

RESULTS

The main questions we wished to answer in our aigly

were:

* Are there performance differences between thefates
during training (i.e., did any the navigation aidssist
performance when they were being used);

» Are there performance differences in the testingsph
(i.e., does training with a particular interfacefeaf
retrieval performance in the Location-only conditiand
in particular, does training with certain interfadeamper
testing performance);

We organize the analysis below in terms of ourghrain

measures: completion time, errors, and subjecfioete

Completion Time

A 2x3 ANOVA showed significant main effects for hot
Interface (k45=8.55, p<0.001) and Stage ;(E55.79,
p<0.001). There was also a significant interactetween
the factors (k45=27.38, p<0.001). Due to this interaction,
we consider training and testing results separdielgw.

Training (Navigation Aids Present)

For training trials, we found a main effect of Iritze
(F345=19.79, p<0.001). A follow-up Tukey pairwise test
showed that retrieval time in both the Predict-8@ habels
conditions was significantly faster than performana
Locations-only or Predict-50 (p<0.01, see Table 1).



Labels | Predict-50 Predict-90 Locations
Labels -8.02 -1.92 -6.58
Predict-50| p<0.01 6.10 1.43
Predict-90| n.s. p<0.01 -4.67
Locations | p<0.01 n.s. p<0.01

Table 1. Tukey test results (statistic value abdiagyonal,
p-value below).

Testing (with Location-only interface)

For testing trials, there was no main effect ofetface
(F3,45=0.90, p=0.45). As shown in Figure 7, there iddlitt
difference between the means, although Predict80 a
Labels are slightly faster than Predict-50 and tiocs.

Does this analysis mean that there really is necefbf

Interface on subsequent performance without thégation

aid? Based on the earlier power analysis, we hav@0&o

chance of seeing a means difference of 300ms; ftrere
while there may be an unseen significant differeoickess
than 300ms, there is unlikely to be a larger one.

@ Training
@ Testing
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T
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1500 -
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Mean completion time (ms)
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0

Locations Predict-50 Predict-90 Labels

Interface type

Figure 7. mean completion time per trial with natign
aid present (training) and with aid removed (tegtifError
bars show one standard error from the mean.

Retrieval Performance Over Time

The results summarized in Figure 7 show that thst be
performance was seen with the two interfaces #ngtired
the least amount of location memory (Labels andliete
90). As a post-hoc analysis, we examined the dattidl
block (ten trials/block) in order to see how penfiance
changed over time. Figure 8 shows retrieval tinreeiach
interface by trial block (five training blocks witlthe
interface, two testing blocks with Locations-only).

There was a significant main effect of block number
(F6,0-65.62, p<0.001), but there was also a significant
interaction between block and Interface;g(f7511.13,
p<0.001). As can be seen in Figure 8, differentriaces
led to different improvements over time: the twadtion-
dependent interfaces make much greater improvethant
either Labels or Predict-90.

We tested each block separately using a Tukey ttest
determine where there were differences betweenfactes.
For training trials (all p<0.05):

the only time Labels and Predict-90 are signifiant
different is in block 1; Locations and Predict-5@ @ot
significantly different in any block;

Locations and Predict-50 are significantly sloweart the
other two interfaces in blocks 1 to 3;

by block 4, Locations is no longer significantlyffdrent
from any other interface;

in block 5, the only difference was that Predict\®8s
significantly faster than Predict-50.

For testing trials, there were no differences betwe
interfaces for either block (at p<0.05). Howeves,shown

in Figure 9, retrieval times do increase for the tlow-
spatial-memory interfaces when the navigation asd i
removed, and retrieval times for the high-spatialamry
interfaces do not. In addition, the interface witle least
dependence on spatial location memory (Labels) thas
larger increase in retrieval time (from 1330ms liock 5 to
2150ms in block6, an increase of 820ms). Retrigxad for
these two interfaces has gone down somewhat by the
second test block, however.
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Figure 8. Mean completion times by trial block.
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Figure 9. Detail of transition between training tfwiaid)
and testing (without aid).



Errors

Any incorrect selection was counted as an erroe th
distance from the target was not recorded. A 4x20RMA
showed no significant main effect of Interface {&1.62,
p=0.20), and no main effect of Presence 1£Fl.74,
p=0.21). There was a clear interaction, howevetwéen
the factors (kF45=11.29, p<0.001), and we analyse the data
separately by Stage below.

Training

For training trials, a main effect of Interface wimsind
(F3,456.26, p<0.005). A subsequent Tukey test showed tha
all interfaces were significantly different (p<0)Oé&xcept

for the difference between Location and Predict-B8.
shown in Figure 10, there are far more errors & high-
spatial-memory conditions (Locations and Predict-50
approximately one error in seven trials; Predict-80e
error in twenty trials; and Labels, one in more ntha
hundred).

Testing

A main effect of Interface was also found for tegttrials
(F3,45=7.64, p<0.001); however, in this case the errtesra
of the conditions were reversed. Participants mhdamost
errors when they trained with Labels (one errorabout
eight trials). Participants who trained with Prédi6 and
Predict-50 made one error in about fifteen trialsgd those
with Locations, about one in seventy).

The error rates suggest that accuracy is deperatetie
strategy that people use to find the object. Whiest f
learning the dataset, people using Locations-onadena
large number of errors, and those with Labels masly
few. After the labels were removed, the situatioasw
almost perfectly reversed. It should be noted, hanethat
even the highest of the recorded error rates (aboeatin
seven) might not be a problem in many real-workksain
addition, we encouraged participants to selectstéefore
the popup label appeared (if they were confideat they
knew the location); in a real-world system with astér
popup, some of these errors would be avoided.

Error Rate over Time

Figure 11 shows error rates by trial block. As ahowe
analysed differences within each block. The maisulte
were (p<0.05):

Location and Predict-50 have significantly higheroe
rates in blocks 1-4 than Labels or Predict-90;
Predict-90 has significantly more errors than Lalfer
blocks 1 and 2;

Labels has a significantly higher error rate thamdtion
for both testing blocks.

0.25 —m— Location
—¥— Predict50
—— Predict90
0.2 X
—e— Label
s
g 015 M X
1]
o
S
o 014
c
]
3]
=
0.05 4
ol Tmm—— v
Train-1 Train-2 Train-3 Train-4 Train-5 Test-1 Test-2
Trial Block

Figure 11. Mean error rates per trial, by blocheof trials.

Subjective Effort

After testing with each interface condition, papants
filled out an effort questionnaire based on the WABask
Load Index [8]. The questionnaire asks participdatsate
the task on a scale of one to five in terms of @let¢mand,
physical demand, temporal demand, subjective
performance, overall effort, and frustration level.

Results are shown in Figure 12. We analysed eaektign
separately using 4x1 ANOVAs. Two questions showed
significant effects of Interface: mental demand)(ghd
subjective performance (q4) (p<0.05).
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Figure 10. Mean error rates for training and testin
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Demand
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Demand

Temporal
Demand
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Subjective
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Figure 12. Mean scores for effort questions (loisdvetter
for all questions).



Effects of Prior Spatial Ability and Sex efficacy of the navigation aid, since a poor aidyrba no
We tested people for prior location memory using a different than none at all.

computational version of the game ‘memory.” Thetays

presented a 4x5 array of cards, face-down on theesc  Explanations for results

Participants turned over cards two at a time, gtim find Here we consider explanations for three resultsnftbe
matching shapes (there were ten pairs in the Jéte study: why Labels and Predict-90 worked well in the
system recorded the number of card-flips, and wethe  training phase; why removing these aids did noeaff
total as a rough measure of people’s ability toaenner the  performance; and why Predict-50 did not improve
locations of objects. performance.

We divided participants into two groups based om th First, the two better navigation aids appeared gsish
median of the sample; we call the group above tkdiam performance in training for exactly the expectedsoms:
the ‘high-spatial’ group, and those below the mediae that is, they simplified the user's task of findirthe
‘low-spatial.” We carried out a post-hoc test usitgse  required item. Labels worked by allowing the usecarry
groups to see whether there were any effects of ppatial out a visual search on the words, and Predict-9¢kedb
ability on retrieval time in the study. because the predicted item was almost always gt ri
object. Even though some of the highlighted itenerew
wrong, the cost of searching in these cases was than
made up by the advantage of the accurate prediction

We found that although the low-spatial group waghsly
slower overall (2.36 seconds compared to 2.11 s)pn
there was no main effect of spatial ability; (F0.59,
p=0.45), and no interaction between spatial abikiyd Second, it is clear that people successfully leartiee
interface type (£4=0.19, p=0.91). locations, even with the lower-effort interfacesappears
that simply interacting with the objects providedoegh
experience for the locations to be rememberedermg of
the different types of location learning discussstlier,
this study involved intentional learning — in tlparticipants
knew that they were going to have to perform withihe
navigation aid. Therefore, we do not know if thedtion
learning was completely incidental; this is a gisgstfor
further study. We are interested in what part oé th
interaction results in location learning, and inawhvould
happen with even lower-effort strategies (e.g.dRtel00).
We are also interested in whether real-world u#igrk of
the possibility that they will not always have ags¢o their
navigation aid; that is, whether their locationrféag is
incidental or at least partly intentional in reabd tasks.

We also tested to see if there were differencesdsst the
male and female participants, given the prior regeato
sex differences in spatial abilities (e.g., [18§o main
effect (R 140.33, p=0.57) or interaction with interface
(F347=2.45, p=0.07) was found. One data point should be
explored further, however — that women were almepst
second slower than men in the Predict-50 condi{®3
seconds vs. 2.4 seconds).

DISCUSSION

The main findings from the study are:

e Some navigation aids (Labels and Predict-90)
significantly improved retrieval times during traig;

* A less-reliable navigation aid (Predict-50) was not
significantly different than no aid at all; Third, our observations of the Predict-50 conditsaiggests

» When the navigation aid is removed, there is ligfect that people did not trust the prediction enoughge it, and
on retrieval performance: there is an initial digion, but ~ depended on their spatial memory instead. Since

performance recovers quickly; participants did not know what the accuracy ofghedictor

« Users stated that the (effective) navigation a@tpuired ~ Was, they may have assumed that it was extremely
the least amount of effort; unreliable, and not worth checking at all. We piarfiollow

« The Labels interface did lead to more errors itings ~ UP this result in future work, and examine people’s
particularly immediately after it was turned off. inspection behaviour more closely with navigatiodsaof

] . . ] varying accuracy (e.g., where would Predict-70)fit® is
location learning does appear to come ‘for freg)eeple  hinder participants; it merely did not help. In o, in
learn locations well, even with training methodattrequire  the real world, users will be able to bring contet
very little location knowledge. The navigation aitist we  information to bear on whether to inspect a hidftégl

tested do not create any kind of ‘speed-dial deproe!  jiem reducing the number of times that a user wdg
that hampers performance when the aid is removed:fgoleq’ into checking an incorrect prediction.

Second, there were obvious benefits of navigatidnrathe
early parts of the task, when the data was not kvedlvn. Are there advantages to Location-only?

Performance in training trials with Labels and Rece@0 Although there is a substantial cost in the eatBgss,
was substantially better (2-4 sec.) than with Liocabnly. people did seem to learn the locations better with

These results clearly suggest that designers shoséd Locations-only (based on equal retrieval time aoder
navigation aids, without concern that the aid magt n €rrorsin testing). It is not clear whether peopleo tra_lned
always be available. Designers should also consider With Labels or Predict-90 would catch up to the -



only group; more study is needed to determine whichCzerwinski et al.’s studyDur results agree with those of the
training method will lead to optimal performanceeothe followup study of the Data Mountain. Although our

longer term. experimental setup, task, and amount of trainings wa
considerably different, we also found a short-teeauction
Generalization in retrieval time (but no significant difference)hen a
Several potential issues arise in considering wdretiur ~ navigation aid was removed. In addition, we alsanfban
results will generalize to real-world situations: increase in errors once the navigation aid was veghgin

Other types of navigation ai®ur study tested two types of particular, with the Labels condition).

aid: labels, an explicit representation of the iteamd
prediction, which showed a highlight of only onenit.
Other types of aid are similar in many respecthése two
(i.e., they are either explicit or predictive), ang expect
similar results could be found with user-chosergslar
visit wear.

CONCLUSION

Navigation aids are visual markers that assist suser
finding desired objects in large datasets. In gaper, we
investigated the question of whether, by makingnge
easier to find, navigation aids have a negativectfbn
location learning. We carried out a study of foiffedent
Larger datasetsOur system used only ten items; real-world training interfaces that required various amouriiecation
datasets involve far more objects. Although theidas knowledge for retrieval. The interfaces includede dhat
principles seen in the study are likely to trandfedarger ~ showed item labels, two that predicted the nexhjtand
datasets, further study is required to determieecffects of  one that provided no navigation aid. The betterigation
distracters (e.g., remembering ten items out ofeta cf aids made a significant difference during trainibgt once
dozens or hundreds). the navigation aid was removed, there was no sugmt
difference in retrieval performance. We concludet th
navigation aids are valuable when the dataset iswedl
known, and that they do not hinder eventual learif
object locations.

Contextual informationOur study did not provide explicit
landmarks, background visual information, or a niegifiol
task context (where items were grouped by some- task
related attribute). Previous research suggests dbatext

and landmarks will improve location learning; it y&t In future work, we plan to test several additiogaéstions
unknown whether these factors will interact withe th raised by this study. First, we will investigateffelient
presence of navigation aids. navigation aids (such as visit wear and bookmagks)

more realistic tasks and datasets. Second, wet@l@st the
effects of navigation aids over a longer term, dest
predictors with different accuracies to find ouindtat point
people stop considering the prediction. Third, vienpto
carry out a followup study to find out whether ltoa
learning can occur even with perfect prediction.

Realistic tasksTwo differences between our study task and
a real-world task are that a real-world situatioould
involve more time between retrievals, and that peop
would bring task knowledge to the retrieval procdasth
of these factors should be studied further; howewoer
experiences suggest that navigation aids couldnbevan

greater help in situations where revisitation gsl&equent. ACKNOWLEDGMENTS
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