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ABSTRACT 
Navigation aids such as bookmarks, target prediction, or 
history mechanisms help users find desired objects in visual 
workspaces. They work by highlighting objects that may be 
important, and they can improve performance in spaces 
where the territory is not well known. However, by making 
navigation easier, they may also hinder acquisition of a 
mental map of the space, reducing navigation performance 
when the navigation aid is not available. We carried out a 
study to determine the effects of three different types of 
navigation aids on spatial location learning. We found that 
after training with a navigation aid, there was no reduction 
in performance when the aid was removed. Even with 
training interfaces that made the task significantly easier, 
people learned the locations as well as those who had no aid 
at all in training. These results suggest that designers can 
use navigation aids to assist inexperienced users, without 
compromising the eventual acquisition of a spatial map. 

Author Keywords 
Location learning, spatial memory, navigation aids, 
revisitation, prediction, bookmarks, visit wear, read wear. 

ACM Classification Keywords 
H5.m. Information interfaces and presentation (e.g., HCI): 
Miscellaneous.  

INTRODUCTION 
Many visual applications and visualization systems present 
graphical workspaces with many different objects that can 
be visited and inspected by the user. In these systems, there 
is often not enough screen space to adequately label each 
item, and so users cannot reliably look for things using 
visual search; instead, they must find things by a 
combination of inspection and memory (see Figure 1).  

 

Figure 1. A web-site visualization system where there is not 
enough room to put page labels. A popup tag follows the 
cursor to allow inspection of nodes. 

Inspection is slow, however, and when users are not 
familiar with the dataset, it can be difficult for them to find 
the objects that they need. To help with this problem, 
several systems provide navigation aids – visual markers to 
highlight objects that may be important. Marking objects 
can be based on a variety of information depending on the 
domain: for example, read wear to show the items that the 
user has previously visited, flags or bookmarks that allow 
the user to explicitly mark items, or predictive interfaces 
that suggest which items are likely to be used next. 

Navigation aids can dramatically improve performance if 
they accurately indicate the objects that really are important 
for the user’s task. When successful, they allow the user to 
carry out a much simpler task – use visual search to find 
those objects that are highlighted, and then use inspection 
or memory to find the desired object within that much 
smaller set. In the limit, a navigation aid would always 
highlight the exact object that the user needed next, 
reducing the problem to a simple perceptual search (e.g., 
‘always click on the red object’). 

The problem with navigation aids is that they are not 
always correct, and not always available. This can happen 

 



 

for several reasons: for example, a prediction interface 
might simply get the prediction wrong; the user may switch 
to a different application that does not display their flags 
and annotations, or a read-wear effect may have faded by 
the time the user needs to return to the object.  

What happens to performance when a user learns to depend 
on the visual aid, and then has to work without it? 
Navigation aids make the task easier in the short term, but 
does this reduction in effort mean that people will fail to 
build a long-term mental map of the territory? Previous 
research by Ehret [7] suggests that if a user’s retrieval 
strategy does not explicitly involve location knowledge, 
they will learn the object locations much more slowly. That 
is, a perfect ‘follow the red highlight’ strategy would result 
in the least location learning.  

This presents a dilemma for designers: navigation aids are 
valuable when users are unfamiliar with a dataset; but if the 
eventual goal is for users to memorize locations and create 
a spatial map, it is possible that navigation aids are a 
detriment.  

To determine whether navigation aids really do hamper 
spatial location learning, we carried out an experiment in 
which people were asked to repeatedly find items on the 
screen. People trained using one of four retrieval interfaces: 
one that showed the object’s labels, a predictive interface 
that was 50% accurate, a predictor that was 90% accurate, 
and an interface with no navigation aid at all. 

We found that during training, the navigation aids were 
effective: both the interface with object labels and the 
interface with 90% prediction significantly improved 
performance compared to retrieving objects with location 
only. Once the navigation aid was turned off, however, we 
found no difference in testing times between those who had 
practiced with a navigation aid and those who had practiced 
with locations only. Even when people had trained with a 
90%-accurate predictor, they were as fast at retrieving 
objects using location alone, as those who had trained with 
locations from the start. A power analysis carried out before 
the study provides evidence that the lack of difference is 
reliable. 

BACKGROUND 
There are two main areas of related work that are relevant 
to our investigation: navigation aids, and spatial object 
location memory. 

Navigation Aids 
Navigation aids in graphical workspaces are visual markers 
that are intended to assist the user in determining where 
they have been, where they are, or where they want to go 
next. Navigation aids work in two ways: by reducing the 
number of items that must be considered in a visual or 
inspection-based search, and by providing additional 
landmarks in the space that assist spatial memory (e.g., “it 
was just past the red flag”). 

There are several possible types of navigation aid in visual 
workspaces, including trails, edit wear, flags, bookmarks, 
and prediction systems. We divide these into two main 
groups: predictive markers and user-chosen markers. 

Automatic / Predictive markers 
Some navigation aids are based on models or predictions 
about what objects the user is going to want to visit. The 
predictions can come from a variety of sources: 
• pre-selected sets of important objects (e.g., the 

geographical locations shown in Figure 3),  
• markers arising from previous user actions (e.g., halos of 

off-screen objects from a previous query [3]), 
• direction arrows in games (since the game knows where 

the goal is located), 
• markers based on interaction history, such as read wear 

[10] to help people return to previously-visited objects 
(see Figure 2), or trails built up from others’ activity [22], 

• artificial landmarks to provide additional visual 
distinctiveness to objects [13], or 

• prediction based on task knowledge such as dependencies 
between items. 

 

Figure 2. Example navigation aid in a fisheye system, based 
on interaction history (from [19]): the last three nodes 
visited by the user are highlighted with a green border. 

User-chosen markers 
Other navigation aids are chosen and placed by the user 
themselves. These are common in the real world (flags, 
‘breadcrumb trails,’ blazes), and appear in many 
computational spaces. Examples include ‘brushing’ in 
scatterplot visualization systems [4], where objects are 
coloured so that they can be found again when the view 
changes, user-chosen flags in mapping systems (e.g., Figure 
3), and paths intentionally created through a set of web 
pages [22].  
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Figure 3. A mapping application (www.google.com) with 
pre-selected markers (in blue) and a user-selected flag 
(centre of picture).  

The potential problem with navigation aids, however, is that 
they may provide an easier navigation strategy than that of 
remembering objects’ locations – meaning that people may 
start to depend on them for navigation. When the aid is not 
present (e.g., the prediction is wrong, the user defined flags 
are turned off, or the user is working on a different 
machine), people may be unable to navigate effectively. An 
analogue for this problem involves people’s experiences 
with ‘speed dial’ on telephones – that is, if a person’s 
number is in the speed-dial list, the user never learns the 
actual telephone number. On a phone without the speed-dial 
mapping, the user is unable to complete the task.  

Spatial Memory in Computer Interfaces 
Several researchers in HCI have explored the use of spatial 
memory in computer interfaces (e.g., [6,7,12,16]), and 
studies have shown that although abilities can vary widely 
[18], people are capable of using spatial memory to 
remember large numbers of items.  

For example, Robertson and colleagues [16] tested a spatial 
memory technique (the Data Mountain) against several 
other methods of recalling web pages. Retrieval of 100 web 
pages was significantly faster with the spatial technique 
than with a standard bookmarking system. The spatial 
memory also persisted over a long time: participants who 
returned for a follow-up study several months later were 
able to retrieve items at the same performance level, with 
only a brief retraining period [5]. 

However, other research suggests that when location is used 
as the only retrieval strategy, spatial memory fares less 
well. An early study by Jones and Dumais [12] showed that 
retrieval of items using location alone was slower and less 
accurate than when items were also represented by name.  

Spatial Object Location Memory 
A great deal of research has been done on the capabilities 
and limitations of human spatial memory, as well as on its 
underlying mechanisms and computations (e.g., see survey 
in [11]). There are several types of spatial cognition and 

memory that have been identified, such as the visuo-spatial 
sketchpad which encodes short-term spatial information 
(e.g., [2,15]), memory in wayfinding and navigation (e.g., 
[6,21]), and memory of object locations (e.g., [9,15]), 
which is the area most relevant to the current investigation.  

Location memory is memory for the positions of objects in 
a space. Two different types of location memory have been 
proposed [11]: first, relative-position memory, where 
people remember locations in relation to other objects or 
landmarks in the scene; and second, absolute-position 
memory, where people remember objects’ exact locations 
(for example, such that they could be found in the dark).  

A main issue in spatial memory research is the way in 
which people learn and retain memory of object locations. 
Two different possibilities have been explored – that 
location learning is incidental and almost automatic, and 
that location learning improves with attention and effort.  

Incidental Location Learning 
Several studies suggest that at least some aspects of 
location learning occur automatically, while people carry 
out other tasks. For example, Andrade and Meudell showed 
that recall of word locations was unaffected by the 
difficulty of a concurrent task, even though word 
recognition was affected [1]. Another example involves the 
Data Mountain: Czerwinski and colleagues showed that 
once participants had learned to retrieve web pages by 
name and thumbnail, retrieval without either of these cues 
was only briefly disrupted [5].  

Intention and Effort in Location Learning 
Other studies provide evidence for the importance of 
intention in the learning of object locations. For example, a 
study by Van Asselen et al. demonstrated that when people 
focused their attention on a route through a building, they 
were better able to draw a map of the path [21].  

A second example is Ehret’s study of the effects of visual 
representations on spatial memory [7], and since this study 
is used below, we provide additional details here. Ehret 
agrees that locations are learned incidentally: “without 
specific intent to do so, users can gradually learn the 
locations of the interface objects to which they attend” (p. 
211). However, he states that unintentional is not the same 
thing as effortless, and that the way in which a user interacts 
with the data has a substantial effect on their resulting 
location learning.  

His studies ask participants to find and select screen 
objects, where the objects are represented in different ways 
that require different amounts of location knowledge to 
perform the task. For example, participants were shown a 
colour, and had to find a corresponding object on the 
screen; in one condition, the objects themselves were 
coloured, and in another, objects were unmarked (but could 
be inspected by holding the mouse cursor over them). In 
this case, the colour-matching representation requires very 



 

little location knowledge when repeating the task, and the 
unmarked objects require considerably more.  

Ehret suggests that since explicitly remembering locations 
requires significant effort, people will choose a lower-cost 
strategy when possible, and their location learning will be 
impaired as a result. The study showed that people who 
used the colour-match condition made significantly more  
errors in reconstructing the map of  objects on the screen 
(however, no differences were found between conditions 
that used textual labels, icons, or no markings at all).  

Although Ehret’s work suggests that there are no shortcuts 
to learning locations, his results are not conclusive for 
deciding on the effects of navigation aids. In order to 
further explore this issue, we carried out a study that was 
based on Ehret’s methods and tasks. 

STUDY METHODOLOGY 

Participants 
Sixteen participants (8 men and 8 women) were recruited 
from a local university. Participants ranged in age from 19 
to 31 years (mean of 23 years). All were familiar with 
mouse-and-windows applications (average use of more than 
8 hours per week).  

Apparatus 
A custom study system was built using Tcl/Tk (see Figures 
4-6). The system presented ten rectangular targets arranged 
in a ring; a box at the centre of the ring was used to display 
the next object name for retrieval. Users could click on any 
of the targets to select them. If they held their mouse cursor 
over the target for one second, a popup tag with the target’s 
name appeared under the item (see video figure). When the 
user selected the correct target, the target would turn green; 
incorrect selections caused the target to turn red. The study 
was conducted on a P4 Windows system with a standard 
optical mouse and a 1024x768 display.  

Experimental Conditions 
Four retrieval interfaces were used in the study – three that 
provided a navigation aid, and one that provided no 
assistance. The four interfaces require support different 
retrieval strategies that require varying degrees of location 
knowledge. The only strategy for finding objects that 
worked in all conditions was inspection – holding the 
mouse over an object for one second to see its name. The 
interfaces were: 

• Labels. Items on the screen were annotated with 
permanent labels showing their names (see Figure 4). 
Therefore, participants could retrieve objects either by 
remembering locations or by looking for the label. This 
condition required the smallest amount of location 
knowledge (since the labels could always be used). 

• Predict-90. In each trial, a simulated prediction system 
highlighted one item on the screen with a 5-pixel-wide 
blue border (see Figure 5). The accuracy of the prediction 

system could be controlled programmatically (since all 
targets were known in advance); the Predict-90 condition 
was 90% accurate (note that this represents average 
accuracy; within any one block, prediction could be 
higher or lower). Participants could find an object by 
inspecting the highlighted item or by remembering 
locations. Since following the highlight was correct 9 out 
of 10 times, participants in this condition did not require 
location knowledge in order to be efficient. 

• Predict-50. The Predict-50 condition was identical to the 
Predict-90 system, except that the predictor was only 
50% accurate (average accuracy). This condition required 
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 way (see 
Figure 6). The only way to find an object in this condition 
was either to remember the location, or inspect the 
objects. 

 

Figure 4. Experiment system in Labels condition. Item to be 
found and selected next is given by name in the centre. 

 

Figure 5. Experiment system in Predict conditions 
(accuracy of the highlight was either 50% or 90%). 
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Figure 6. Experiment system in Location-only condition 

Tasks and Datasets 
The items on the screen were given arbitrary names taken 
from lists of everyday objects (e.g., camera, sunset, diary 
mallard, coffee). For each interface, participants carried out 
training trials with the interface, and then testing trials with 
the Location-only interface (that is, no labels or highlights 
were visible, although users could still inspect objects by 
holding their mouse on the object for one second).  

Participants saw different datasets for each interface, and 
order was balanced so that each dataset/interface 
combination was seen an equal number of times. The 
dataset was held constant between training and testing. 

Procedure 
Participants were introduced to the study and asked to carry 
out a spatial-abilities pretest based on the pair-matching 
game ‘Memory’ (also called ‘Concentration’). After the 
pretest, they were shown the different interface conditions. 
They were shown the Location-only condition last, and 
were told that they would be using this interface in the 
testing portion of the study (that is, participants were aware 
that they would have to eventually perform the task without 
the navigation aid). Participants were then randomly placed 
into one of four order groups. They carried out training and 
testing trials with each interface: five blocks of ten training 
trials with the interface condition, and then two blocks of 
ten test trials with the Location-only interface. After each 
interface condition, participants filled out an effort 
questionnaire based on the NASA TLX survey [8]. 

For the prediction interfaces (Predict-50 and Predict-90), 
participants were told that the computer would try to 
highlight the next item, but they were not told what the 
accuracy of the predictor was. They were only told that 
sometimes the computer would be correct, and sometimes 
incorrect. 

Participants were instructed to work as quickly as possible, 
but were asked not to complete the testing part of the task 
simply by clicking on all the objects. If a participant made 

more than three errors on a trial, the experimenter reminded 
them to try and be more accurate, and to inspect the objects 
if necessary. However, participants were also told that if 
they were fairly confident about an item’s location, they 
were free to click the target without inspecting it first.  

Study Design 
The study used a within-participants 4x2 factorial design. 
The factors were: 
• Training Interface: Labels, Predict-50, Predict-90, 

Location-only 
• Stage: Training (navigation aids present), Testing (not 

present) 

Participants carried out tasks with all four interfaces; order 
was balanced such that each aid type was seen in each 
position an equal number of times.  

The sample size (16 people) provides statistical power of 
0.8 with a means difference of 300ms, assuming a standard 
deviation of 400ms (determined from pilot studies) and an 
alpha level of 0.05. This implies that if there is a true 
difference of at least 300ms between the conditions, we 
have an 80% chance of finding a significant difference. 

In addition to the effort questionnaires, the system collected 
time and error data for all trials, both training and testing. 
With 16 participants, each of whom carried out 50 training 
and 20 test trials in each of 4 conditions, the system 
collected data from a total of 4480 trials. 

RESULTS 
The main questions we wished to answer in our analysis 
were: 
• Are there performance differences between the interfaces 

during training (i.e., did any the navigation aids assist 
performance when they were being used); 

• Are there performance differences in the testing phase 
(i.e., does training with a particular interface affect 
retrieval performance in the Location-only condition, and 
in particular, does training with certain interfaces hamper 
testing performance); 

We organize the analysis below in terms of our three main 
measures: completion time, errors, and subjective effort. 

Completion Time 
A 2x3 ANOVA showed significant main effects for both 
Interface (F3,45=8.55, p<0.001) and Stage (F1,15=55.79, 
p<0.001). There was also a significant interaction between 
the factors (F3,45=27.38, p<0.001). Due to this interaction, 
we consider training and testing results separately below. 

Training (Navigation Aids Present) 
For training trials, we found a main effect of Interface 
(F3,45=19.79, p<0.001). A follow-up Tukey pairwise test 
showed that retrieval time in both the Predict-90 and Labels 
conditions was significantly faster than performance in 
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 above diagonal, 
p-value below). 

Testing (with Location-only interface) 
For testing trials, there was no main effect of Interface 
(F3,45=0.90, p=0.45). As shown in Figure 7, there is little 
difference between the means, although Predict-90 and 
Labels are slightly faster than Predict-50 and Locations. 

Does this analysis mean that there really is no effect of 
Interface on subsequent performance without the navigation 
aid? Based on the earlier power analysis, we have an 80% 
chance of seeing a means difference of 300ms; therefore, 
while there may be an unseen significant difference of less 
than 300ms, there is unlikely to be a larger one. 
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Figure 7. mean completion time per trial with navigation 
aid present (training) and with aid removed (testing). Error 
bars show one standard error from the mean. 

Retrieval Performance Over Time 
The results summarized in Figure 7 show that the best 
performance was seen with the two interfaces that required 
the least amount of location memory (Labels and Predict-
90). As a post-hoc analysis, we examined the data by trial 
block (ten trials/block) in order to see how performance 
changed over time. Figure 8 shows retrieval time for each 
interface by trial block (five training blocks with the 
interface, two testing blocks with Locations-only).  

There was a significant main effect of block number 
(F6,90=65.62, p<0.001), but there was also a significant 
interaction between block and Interface (F18,270=11.13, 
p<0.001). As can be seen in Figure 8, different interfaces 
led to different improvements over time: the two location-
dependent interfaces make much greater improvement than 
either Labels or Predict-90.  

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

• the only time Labels and Predict-90 are significantly 
different is in block 1; Locations and Predict-50 are not 
significantly different in any block; 

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

• by block 4, Locations is no longer significantly different 
from any other interface; 

• in block 5, the only difference was that Predict-90 was 
significantly faster than Predict-50.  

For testing trials, there were no differences between 
interfaces for either block (at p<0.05). However, as shown 
in Figure 9, retrieval times do increase for the two low-
spatial-memory interfaces when the navigation aid is 
removed, and retrieval times for the high-spatial-memory 
interfaces do not. In addition, the interface with the least 
dependence on spatial location memory (Labels) has the 
larger increase in retrieval time (from 1330ms in block 5 to 
2150ms in block6, an increase of 820ms). Retrieval time 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 (with aid) 
and testing (without aid). 
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Errors 
Any incorrect selection was counted as an error; the 
distance from the target was not recorded. A 4x2 ANOVA 
showed no significant main effect of Interface (F3,45=1.62, 
p=0.20), and no main effect of Presence (F1,15=1.74, 
p=0.21). There was a clear interaction, however, between 
the factors (F3,45=11.29, p<0.001), and we analyse the data 
separately by Stage below. 

Training 
For training trials, a main effect of Interface was found 
(F3,45=6.26, p<0.005). A subsequent Tukey test showed that 
all interfaces were significantly different (p<0.01) except 
for the difference between Location and Predict-50. As 
shown in Figure 10, there are far more errors in the high-
spatial-memory conditions (Locations and Predict-50, 
approximately one error in seven trials; Predict-90, one 
error in twenty trials; and Labels, one in more than a 
hundred).  

Testing 
A main effect of Interface was also found for testing trials 
(F3,45=7.64, p<0.001); however, in this case the error rates 
of the conditions were reversed. Participants made the most 
errors when they trained with Labels (one error in about 
eight trials). Participants who trained with Predict-90 and 
Predict-50 made one error in about fifteen trials, and those 
with Locations, about one in seventy). 

The error rates suggest that accuracy is dependent on the 
strategy that people use to find the object. When first 
learning the dataset, people using Locations-only made a 
large number of errors, and those with Labels made very 
few. After the labels were removed, the situation was 
almost perfectly reversed. It should be noted, however, that 
even the highest of the recorded error rates (about one in 
seven) might not be a problem in many real-world tasks; in 
addition, we encouraged participants to select items before 
the popup label appeared (if they were confident that they 
knew the location); in a real-world system with a faster 
popup, some of these errors would be avoided. 
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Figure 10. Mean error rates for training and testing. 

Error Rate over Time 
Figure 11 shows error rates by trial block. As above, we 
analysed differences within each block. The main results 
were (p<0.05): 
• Location and Predict-50 have significantly higher error 

rates in blocks 1-4 than Labels or Predict-90; 
• Predict-90 has significantly more errors than Labels for 

blocks 1 and 2; 
• Labels has a significantly higher error rate than Location 

for both testing blocks. 
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Figure 11. Mean error rates per trial, by block of ten trials. 

Subjective Effort 
After testing with each interface condition, participants 
filled out an effort questionnaire based on the NASA Task 
Load Index [8]. The questionnaire asks participants to rate 
the task on a scale of one to five in terms of mental demand, 
physical demand, temporal demand, subjective 
performance, overall effort, and frustration level.  

Results are shown in Figure 12. We analysed each question 
separately using 4x1 ANOVAs. Two questions showed 
significant effects of Interface: mental demand (q1) and 
subjective performance (q4) (p<0.05).  
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for all questions). 



 

Effects of Prior Spatial Ability and Sex 
We tested people for prior location memory using a 
computational version of the game ‘memory.’ The system 
presented a 4x5 array of cards, face-down on the screen. 
Participants turned over cards two at a time, trying to find 
matching shapes (there were ten pairs in the set). The 
system recorded the number of card-flips, and we use the 
total as a rough measure of people’s ability to remember the 
locations of objects.  

We divided participants into two groups based on the 
median of the sample; we call the group above the median 
the ‘high-spatial’ group, and those below the median the 
‘low-spatial.’ We carried out a post-hoc test using these 
groups to see whether there were any effects of prior spatial 
ability on retrieval time in the study.  

We found that although the low-spatial group was slightly 
slower overall (2.36 seconds compared to 2.11 seconds), 
there was no main effect of spatial ability (F1,14=0.59, 
p=0.45), and no interaction between spatial ability and 
interface type (F3,42=0.19, p=0.91). 

We also tested to see if there were differences between the 
male and female participants, given the prior research into 
sex differences in spatial abilities (e.g., [18]). No main 
effect (F1,14=0.33, p=0.57) or interaction with interface 
(F3,42=2.45, p=0.07) was found. One data point should be 
explored further, however – that women were almost a 
second slower than men in the Predict-50 condition (3.3 
seconds vs. 2.4 seconds). 

DISCUSSION 
The main findings from the study are: 
• Some navigation aids (Labels and Predict-90) 

significantly improved retrieval times during training; 
• A less-reliable navigation aid (Predict-50) was not 

significantly different than no aid at all; 
• When the navigation aid is removed, there is little effect 

on retrieval performance: there is an initial disruption, but 
performance recovers quickly; 

• Users stated that the (effective) navigation aids required 
the least amount of effort; 

• The Labels interface did lead to more errors in testing, 
particularly immediately after it was turned off. 

We draw two main conclusions from this work. First, 
location learning does appear to come ‘for free’ – people 
learn locations well, even with training methods that require 
very little location knowledge. The navigation aids that we 
tested do not create any kind of ‘speed-dial dependence’ 
that hampers performance when the aid is removed. 
Second, there were obvious benefits of navigation aid in the 
early parts of the task, when the data was not well known. 
Performance in training trials with Labels and Predict-90 
was substantially better (2-4 sec.) than with Location-only. 

These results clearly suggest that designers should use 
navigation aids, without concern that the aid may not 
always be available. Designers should also consider the 

efficacy of the navigation aid, since a poor aid may be no 
different than none at all. 

Explanations for results 
Here we consider explanations for three results from the 
study: why Labels and Predict-90 worked well in the 
training phase; why removing these aids did not affect 
performance; and why Predict-50 did not improve 
performance. 

First, the two better navigation aids appeared to assist 
performance in training for exactly the expected reasons: 
that is, they simplified the user’s task of finding the 
required item. Labels worked by allowing the user to carry 
out a visual search on the words, and Predict-90 worked 
because the predicted item was almost always the right 
object. Even though some of the highlighted items were 
wrong, the cost of searching in these cases was more than 
made up by the advantage of the accurate prediction. 

Second, it is clear that people successfully learned the 
locations, even with the lower-effort interfaces. It appears 
that simply interacting with the objects provided enough 
experience for the locations to be remembered. In terms of 
the different types of location learning discussed earlier, 
this study involved intentional learning – in that participants 
knew that they were going to have to perform without the 
navigation aid. Therefore, we do not know if the location 
learning was completely incidental; this is a question for 
further study. We are interested in what part of the 
interaction results in location learning, and in what would 
happen with even lower-effort strategies (e.g., Predict-100). 
We are also interested in whether real-world users think of 
the possibility that they will not always have access to their 
navigation aid; that is, whether their location learning is 
incidental or at least partly intentional in real-world tasks. 

Third, our observations of the Predict-50 condition suggests 
that people did not trust the prediction enough to use it, and 
depended on their spatial memory instead. Since 
participants did not know what the accuracy of the predictor 
was, they may have assumed that it was extremely 
unreliable, and not worth checking at all. We plan to follow 
up this result in future work, and examine people’s 
inspection behaviour more closely with navigation aids of 
varying accuracy (e.g., where would Predict-70 fit?). It is 
worth noting, however, that poor prediction did not ever 
hinder participants; it merely did not help. In addition, in 
the real world, users will be able to bring contextual 
information to bear on whether to inspect a highlighted 
item, reducing the number of times that a user would be 
‘fooled’ into checking an incorrect prediction. 

Are there advantages to Location-only?  
Although there is a substantial cost in the early stages, 
people did seem to learn the locations better with  
Locations-only (based on equal retrieval time and lower 
errors in testing). It is not clear whether people who trained 
with Labels or Predict-90 would catch up to the Location-
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only group; more study is needed to determine which 
training method will lead to optimal performance over the 
longer term. 

Generalization 
Several potential issues arise in considering whether our 
results will generalize to real-world situations: 

Other types of navigation aid. Our study tested two types of 
aid: labels, an explicit representation of the item; and 
prediction, which showed a highlight of only one item. 
Other types of aid are similar in many respects to these two 
(i.e., they are either explicit or predictive), and we expect 
similar results could be found with user-chosen flags or 
visit wear.  

Larger datasets. Our system used only ten items; real-world 
datasets involve far more objects. Although the basic 
principles seen in the study are likely to transfer to larger 
datasets, further study is required to determine the effects of 
distracters (e.g., remembering ten items out of a set of 
dozens or hundreds). 

Contextual information. Our study did not provide explicit 
landmarks, background visual information, or a meaningful 
task context (where items were grouped by some task-
related attribute). Previous research suggests that context 
and landmarks will improve location learning; it is yet 
unknown whether these factors will interact with the 
presence of navigation aids.  

Realistic tasks. Two differences between our study task and 
a real-world task are that a real-world situation would 
involve more time between retrievals, and that people 
would bring task knowledge to the retrieval process. Both 
of these factors should be studied further; however, our 
experiences suggest that navigation aids could be an even 
greater help in situations where revisitation is less frequent. 

Comparison to previous work 
The two sides in the question of navigation aids are 
represented by two previous studies: Ehret’s study of 
location learning [7], and Czerwinski et al.’s study of the 
Data Mountain [5]. Here we compare our results to these 
earlier projects. 

Ehret’s study. Our results appear to contradict Ehret’s 
hypothesis that location learning is strongly tied to the 
location knowledge that is required by the retrieval strategy. 
However, when we look more closely at his results, they do 
not seem so different from ours. In Ehret’s location post-
test, only the purely-perceptual colour-matching condition 
led to reduced location memory; the icon and label 
conditions were no different from the location-only 
condition. We did not have a purely perceptual condition 
similar to Ehret’s colour-match. It is possible that there is 
still a negative effect for extremely low-effort strategies; we 
plan to study this issue further in future by testing a 
‘Predict-100’ condition. 

Czerwinski et al.’s study. Our results agree with those of the 
followup study of the Data Mountain. Although our 
experimental setup, task, and amount of training was 
considerably different, we also found a short-term reduction 
in retrieval time (but no significant difference) when a 
navigation aid was removed. In addition, we also found an 
increase in errors once the navigation aid was removed (in 
particular, with the Labels condition).  

CONCLUSION 
Navigation aids are visual markers that assist users in 
finding desired objects in large datasets. In this paper, we 
investigated the question of whether, by making items 
easier to find, navigation aids have a negative effect on 
location learning. We carried out a study of four different 
training interfaces that required various amounts of location 
knowledge for retrieval. The interfaces included one that 
showed item labels, two that predicted the next item, and 
one that provided no navigation aid. The better navigation 
aids made a significant difference during training, but once 
the navigation aid was removed, there was no significant 
difference in retrieval performance. We conclude that 
navigation aids are valuable when the dataset is not well 
known, and that they do not hinder eventual learning of 
object locations.  

In future work, we plan to test several additional questions 
raised by this study. First, we will investigate different 
navigation aids (such as visit wear and bookmarks) and 
more realistic tasks and datasets. Second, we plan to test the 
effects of navigation aids over a longer term, and test 
predictors with different accuracies to find out at what point 
people stop considering the prediction. Third, we plan to 
carry out a followup study to find out whether location 
learning can occur even with perfect prediction.  
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