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Figure 1: Two navigation aids for locating an item in an interface. Search Assistance (left) is a user-directed aid that highlights
every item predicted from a text query. Automatic Assistance (right) is a simulated fully-automatic aid that highlights the

predicted item with perfect accuracy.

Abstract

Complex visual information spaces require a considerable amount
of time and effort to visually search for items. To help inexperi-
enced users locate items faster, some systems predict and visually
emphasize the item the user is looking for. However, while de-
signers of these navigation aids rely on the rehearsal principle to
help users acquire spatial knowledge of item locations, in situa-
tions where the prediction is unavailable or incorrect, it is unclear
whether performance will suffer due to users being overly reliant
on the assistance. To investigate the effect of predictive navigation
assistance on location learning, we ran a study to compare three
navigation techniques: Automatic Assistance highlighted the tar-
get item with perfect accuracy, Search Assistance allowed users to
filter items by name, and No Assistance provided no help to find
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items. Results showed that while Search Assistance had compa-
rable memory performance to the unassisted baseline condition,
Automatic Assistance had substantially reduced location learning.
Our work contributes new understanding of the spatial-memory
effects of prediction and rehearsal, and provides designers with new
opportunities to support location learning in visual workspaces.
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1 Introduction

Acquiring spatial knowledge of a visual information space (such as
a network visualization, a catalogue of items, a map, or a GUI) is
essential for users to make selections efficiently. In complex visual
spaces, inexperienced users must rely on costly visual search to
find items, which can feel slow and frustrating. For information
spaces that are spatially stable, users can build spatial knowledge of
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the workspace through repeated selections, allowing experienced
users to quickly retrieve item locations from memory [9].

To alleviate the cost of visual search and to help beginners find
items, some systems predict the item that the user needs next, and
visually emphasize that item in the interface. Predictive models
can use a variety of inputs, including explicit user actions like
search text or filters, implicit information like the user’s past be-
haviour, as well as non-user information such as task models and
constraints. Statistical methods exist for predicting user actions,
including Markov [61] and Bayesian models [27] — and with the
introduction of large language models, prediction of user actions is
becoming better (e.g., [37, 52]). However, because current predic-
tion systems are not perfectly accurate, and because users prefer to
be shown the steps rather than simply have the system complete
the task [32], it is important that predictive systems also help the
user learn the locations of items in the interface.

Researchers have already considered how predictive interfaces
should be designed to aid location learning: in particular, Fitchett et
al. state a critical principle in the design of predictive feedback that
is required for users to learn locations: the feedback should guide
the user’s actual navigation task in the information space, rather
than providing a separate representation that does not involve
the actual interface (e.g., a separate results list from a ‘find’ func-
tionality) [16]. This allows users to rehearse the actions needed to
navigate to an item, contributing to incidental learning - this is the
rehearsal principle [33]. Several previous studies have demonstrated
the value of the rehearsal-based approach (e.g., Marking Menus
[33], Octopocus for gesture learning [5], and FastTap for command
location learning [21]); however, other studies have suggested that
rehearsal alone might not adequately support the transition to
memory-based interaction [20].

While systems that predict and visually emphasize the user’s next
item can reduce the need for visual search, prediction techniques
also raise problems when the prediction is either unavailable or
incorrect. Previous work has indicated that predicting user actions
is difficult [15], and even with the improvements that come with
LLM-based prediction models, it remains difficult to always predict
accurately what item the user is going to need next (e.g., the output
of Shaikh et al’s Next Action Prediction system aligned with user
actions only 17.1% of the time [52]). Further, the prediction may be
completely unavailable to the user in scenarios such as planning
a sequence of actions before interacting with the system, using a
different view (e.g., an in-application file dialog versus the main file
explorer), helping another person who doesn’t have the prediction
turned on, or switching to a different device where the prediction
is not set up or the device doesn’t have the computational power
to run the Al model. In these situations, if the user has become
over-reliant on the prediction and therefore has not learned the
item locations, then they will be forced to return to laborious visual
search when the prediction is either wrong or not available.

This problem leaves us with two open questions about predictive
navigation aids: first, how well a prediction technique works to
reduce search time, and second, how well a technique supports
location learning and subsequent performance when the prediction
is not available.
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To answer these questions, we carried out a study to test the
effect of two types of predictive navigation aids on location learn-
ing in a GUI containing text-labelled items. The first navigation
technique, Search Assistance, used user-directed prediction that al-
lowed participants to search the labels with a text query (all items
matching the query were dynamically highlighted with a pink box).
The second navigation technique, Automatic Assistance, simulated
a navigation aid capable of automatically predicting and highlight-
ing the next item with perfect accuracy. Both navigation aids were
compared to an unassisted baseline condition which received no pre-
dictive guidance (conditions were assigned between-participants).
Participants completed three experiment phases: first, an assisted
use phase, in which participants completed 8 blocks of selections for
6 targets with the assigned assistance technique present; second,
a memory test in an unlabelled version of the interface to assess
absolute spatial learning of the target locations; and finally, an unas-
sisted use phase, where participants completed 8 blocks of selections
for the same 6 targets with no prediction assistance (in order to
assess performance when prediction was not available).

Our results show major differences between the two types of
predictive assistance. While both Search and Automatic assistance
provided substantial performance benefits during assisted use com-
pared to the unassisted baseline, only Automatic Assistance re-
sulted in significantly reduced location learning on the memory
test and significantly reduced performance in the unassisted use
phase. Further, subjective responses showed that both navigation
aids improved user experience during assisted use compared to
the unassisted baseline, with Automatic Assistance having the best
perceived performance but worst perceived location learning (con-
sistent with performance data).

This work provides two main contributions. We provide novel
empirical results about how different prediction approaches af-
fect navigation-assisted location learning in a visual workspace —
in particular, we show that the use of a perfectly-accurate auto-
matic prediction harmed learning, but the use of search-directed
assistance did not, even though it substantially improved selection
performance when turned on. Our results suggest that designers of
predictive navigation aids can use search assistance to boost the
performance and user experience of novices, while still facilitat-
ing location learning. Overall, our work provides researchers and
designers with valuable new information about the application of
predictive assistance in complex visual spaces.

2 Related Work

We examine three areas of related work: location learning and re-
hearsal in visual workspaces, in-application prediction and copilots,
and predictive navigation assistance.

2.1 Location Learning and Rehearsal in Visual
Workspaces

Gaining spatial knowledge of a visual information space is an essen-
tial part of building expertise [49]. To make selections, novice users
of complex interfaces must perform slow and frustrating visual
search over all available items, whereas expert users can rely on
memory to find target items quickly and easily [9]. Even when
visual search can be bypassed by various interaction techniques
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(for instance, text search), learning the layout is valuable to gain an
understanding of what items are available for selection, and where
they might be located in the interface (a recent study of visual
search in GUIs found that users tend to begin in the top-left cor-
ner of the interface, which commonly contains information about
command locations) [46].

Spatial stability is a necessary characteristic of visual workspaces
in order to build spatial knowledge (since, for instance, re-flowing
causes item locations to change) [22, 47]. When users repeatedly
select an item in a spatially-stable visual workspace, they begin to
encode the item’s location in memory and experience performance
improvements characterized by considerable early gains that even-
tually reach a stable asymptote (i.e., they transition from visual
search to recall of the item’s location). This predictable pattern of
performance improvement with repetition is termed the power law
of practice [44].

Leveraging the performance improvements that occur as a func-
tion of practice, rehearsal-based interfaces aim to support a smooth
transition from a slow, visually-guided interaction to an expert
memory-based mode (i.e., rehearsal interfaces remove the “perfor-
mance dip” that occurs between the two interaction modes [48]).
This ‘rehearsal principle’, which states that the novice mode of
selection should require the same actions as the expert mode (such
that the expert actions are rehearsed by novices), was fundamen-
tal in the design of Kurtenbach’s marking menus [33-35]. Other
rehearsal-based interfaces have been designed to test the benefit
of rehearsal for learning interfaces. Octopocus was developed to
help users learn gesture sets by providing dynamic feedforward
guidance of the possible gesture space given the current input; once
a gesture is learned, experts can execute commands without refer-
ring to the guide [5]. Schramm et al. showed that spatial memory
could be leveraged in rehearsal-based interfaces with hidden tool-
bars, where location-based shortcuts (e.g., swiping across the screen
bezel) could replace traditional visually-guided selections [51]. Fi-
nally, the FastTap interface allows novices to make visually-guided
selections by pressing and holding a menu invocation button with
the thumb and making a selection with a finger, and experts can
accelerate these selections using thumb-and-finger chorded input
[21].

A potential risk of rehearsal interfaces is that users will become
over-reliant on the visual guidance provided in the novice mode,
fail to learn the interface, and never be able to switch to the ex-
pert memory-based strategy — a phenomenon termed the guidance
hypothesis [50]. Gutwin et al. tested the rehearsal principle in a
longitudinal study with two FastTap interfaces, and found that
participants were not guaranteed to switch to memory-only inter-
action [20]. However, there is evidence that spatial learning can
occur incidentally [3, 8, 23, 58], indicating that rehearsal of select-
ing item locations could be beneficial even when visual guidance
is present. Further, previous work on the guidance hypothesis in
games showed no significant disadvantage of guided navigation on
spatial learning of 3D environments [29, 30].

2.2 In-Application Prediction and Copilots

Research into predicting user actions has occurred for decades
(see [12, 24, 36, 41, 60] for examples of early work on predicting
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sequences of user actions, automatic filling of repetitive forms,
goal recognition, text prediction, and predicting commands). Many
traditional prediction algorithms, such as Most Recently Used and
Most Frequently Used (e.g., the algorithms used for Gajos’ adaptive
GUIs [18]), are based on simple patterns of user behaviour - an
effective approach due to the highly repetitive nature of many
forms of interaction [12, 55]. Based on this principle, Fitchett et al.
developed AccessRank, a revisitation-based prediction algorithm
which utilizes recency, frequency, temporal clustering, and time of
day [15]. Some systems also consider actions performed by other
community members, such as the approach taken by Matejka et al.
in the CommunityCommands command recommendation system
[42] or in the use of data mining for recommending websites [19].

As prediction of user actions continues to improve, the next
possibility is full automation of tasks that are traditionally driven
by the user. Early intelligent agents required a significant invest-
ment from the user - for instance, Maes and Kozierok’s intelligent
agents learned how to assist the user by imitating user actions,
receiving feedback on incorrect actions, and practising user-guided
hypothetical examples [39]. However, researchers saw the potential
value of these fully-automated agents for decreasing mental load
for users, or to help automate repetitive tasks [38]. At the same time,
others suggested that full automation would reduce user control,
and instead pushed for mixed initiative interaction such that “each
agent can contribute to the task what it does best” [2].

Today, full automation of some user-driven tasks is becoming
increasingly possible with large language model-based assistants,
or copilots (examples of popular copilots include GitHub Copilot
for code prediction [17], and Microsoft 365 Copilot for content
generation and productivity across the Microsoft Office suite [54]).
As these recent intelligent agents continue to gain popularity, recent
work has focused on the role of user control in copilot use: Khurana
et al. found that users scored a semi-automated copilot better than a
fully-automated copilot for user control, software learnability, and
software utility, indicating that participants preferred to learn by
doing the task with the guidance of the copilot (rather than having
the task done for them) [32].

2.3 Predictive Navigation Assistance

Navigation assistance can utilize a variety of approaches to accel-
erate selections in complex visual workspaces. These aids usually
include some form of visual emphasis of a predicted item — instead
of having to perform slow visual search [9], the user can have their
attention drawn to locations of the most-likely next items with
a “pop-out” effect (according to Treisman and Gelade’s feature in-
tegration theory [56], the strength of this effect is determined by
the features of the item and the surrounding interface - such as
colour, shape, size, and movement). For instance, hierarchical file
navigation is a slow yet common task; Fitchett et al. designed and
examined multiple visual navigation aids (shown in Figure 2) for
assisting file retrieval [16]. Predictive navigation aids can be fully
automatic (such as Fitchett’s Icon Highlights, which emphasized the
locations of predicted items in the current folder, and Hover Menus,
which provided shortcuts to predicted items within sub-folders),
or may be user-directed (like Fitchett’s Search Directed Navigation,
which allowed users to locate items based on a text query).
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Figure 2: Navigation aids by Fitchett et al. [16]. Automatic
Icon Highlights are shown top-left, Hover Menus are shown
top-right, and Search Directed Navigation is shown in the
bottom panel.

Automatic navigation assistance can include visualizations of
a user’s history of actions or prediction of a user’s future actions
based on previous actions. Visual indicators of a user’s history
facilitate revisitation by showing where previous interaction has
occurred. For instance, Hill et al. developed attribute-mapped scroll
bars with Edit Wear (i.e., markers of “authorship history”) and Read
Wear (i.e., markers of “readership history”) to guide navigation to
particular document locations [25]. Landmarks, whether provided
intentionally (e.g., “artificial landmarks” in two-dimensional user
interfaces [57] and annotated document scrollbars [43]) or uninten-
tionally (including the “accidental landmarks” that occur as a user
continues to interact with and mark up an interface [40]) can also
assist in navigation by acting as spatial anchors of the overall layout.
Other automatic predictive aids, like Fitchett’s icon highlights [16],
use more advanced algorithms to guess what actions the user might
take next, as discussed in the previous section.

User-directed navigation aids are intentionally triggered by the
user, and predict the most-likely next items based on specific in-
put. For example, systems may include interaction techniques that
allow the user to mark important items to return to later — like
brushing, which allows users to keep track of certain data points
in a visualization by manipulating their appearance (often, colour)
[6] and bookmarking, which allows users to save items by creating
an explicit mark or by defining a shortcut [1]. Other techniques
may allow the user to input characteristics of the item to help guide

Morgan Beattie, Carl Gutwin, and Andy Cockburn

the prediction, including dynamic query, which provides slider
and button filters to reduce the result set [53], and search, which
allows users to find items based on a text query [16] (note that
these techniques may result in multiple items being identified). The
main disadvantage of user-directed navigation aids is the potential
high mental demand - e.g., users must realize that they will need
to revisit brushed or bookmarked items, need to manage brushed
sets or bookmark lists, need to know the characteristics of items to
define filter settings for dynamic query, and are required to recall
text for search queries.

3 Study Methods

To assess the effect of predictive assistance on location learning
in a complex visual workspace, we compared three techniques for
finding targets in a spatially-stable visualization that was similar
to a file explorer application with icons and text labels.

3.1 Navigation Techniques

We tested three mechanisms for workspace navigation that served
as conditions in the experiment:

Search Assistance allowed participants to search for items with
a text query. All items with labels containing the query substring
were highlighted with a pink box (the search set was dynamically
updated as characters were typed). An example of the Search As-
sistance condition, including the search box, is shown in the left
panel of Figure 1.

Automatic Assistance automatically highlighted the target
item with a pink box. The goal was to simulate a copilot assistant
which can identify the next-most-likely item with perfect accuracy.
An example of the Automatic Assistance condition is shown in the
right panel of Figure 1.

No Assistance provided no help to find the target item (ie.,
participants had to perform unassisted visual search to find items).
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Figure 3: Interface and Targets used in the Study. Target items
are indicated with blue box highlights.
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3.2 Apparatus and Procedure

The study used a custom web application built with P5]S to ad-
minister experiment tasks and log participant actions. In the visual
workspace, 120 items were randomly arranged in a 12 X 10 grid
and were each displayed with a yellow rectangle icon and a text
label. Six targets were selected such that they were spatially spread
throughout the workspace, and required a varying number of prefix
characters (in the Search Assistance condition) to filter the search
set down to one item (the interface and selected targets are shown
in Figure 3). The study system, including the consent form, ques-
tionnaires, and task application was deployed on the web using
an open-source experiment management system [28]. Participants
completed the study on a desktop computer, and performed the
experiment tasks in a full-screen environment.

Participants first completed informed consent and demographics
forms, and then were shown pages containing task instructions and
instructions for their assigned between-participants experiment
condition (Search Assistance, Automatic Assistance, or No Assis-
tance). They then completed the three main experiment phases.
First, to simulate real use of the in-application navigation aids, par-
ticipants completed the assisted use phase, which involved eight
blocks of randomly-ordered selections for the six targets. Each con-
dition was provided navigation assistance as described in Section
3.1, except for the unassisted baseline condition. After completing
the assisted use phase, participants filled out an experience ques-
tionnaire which contained the NASA-TLX survey (questions only,
no ranking), with additional questions that asked about perceived
speed, accuracy, learning, and effort put into learning in the task.

To assess absolute spatial knowledge, participants then com-
pleted a memory test which required a selection for the location of
each target from an unlabelled grid of rectangle icons (i.e., without
the application names). Following each selection, participants rated
their confidence in their response on a 7-point scale. The memory
test contained three attention checks to discourage random inputs.

Finally, participants completed the unassisted use phase, which
was identical to the first task except that no navigation assistance
was provided. The goal was to assess performance in the case that
the assistance was no longer available.

3.3 Participants

Participants were recruited from Prolific, a platform that facilitates
recruitment and payment for crowd-sourced online studies. Partici-
pants were required to reside in the US, UK, or Canada, be fluent
in English, and have a task approval rate of at least 90% (an indi-
cation of participant quality). Participants were paid £3.00 for the
15-minute session.

A total of 90 participants were recruited (46 men, 38 women, 1
non-binary, mean age 39.7), with 30 being assigned to each con-
dition. All participants were familiar with mouse-and-windows
systems, and reported a mean of 42 hours of use per week.

3.4 Study Design

Separate analyses were conducted for each experiment phase: for
the assisted use phase, we were interested in changes to perfor-
mance during use of each navigation technique; in the memory test,
we measured absolute spatial knowledge of the interface; and in
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the unassisted use phase, we assessed performance in the absence
of the aid.

Mixed-factorial and one-way comparisons were made across
the main between-participants factor, Navigation Technique (No
Assistance, Search Assistance, and Automatic Assistance), in each
of the three study phases. In the assisted use phase, we used a 3 X 8
mixed-factorial ANOVA over Navigation Technique and secondary
within-participants factor Block. Memory test data were analyzed
by one-way ANOVA on factor Navigation Technique. Finally, we
used a 3 X 8 (Navigation Technique X Block) ANOVA in the unas-
sisted use phase.

The main dependent variables were trial completion time in
assisted use and unassisted use phases, and accuracy on the memory
test. Secondary measures included error rate, number of characters
typed for the Search Assistance technique, confidence ratings on
the memory test, and subjective questionnaire responses.

Each participant completed 102 trials (6 targets X 8 blocks in
the assisted use phase; 6 targets on the memory test; 6 targets X 8
blocks in the unassisted use phase), for a total of 9,180 total trials
observed over 90 participants.

4 Results

Analyses are organized by study phase, and then by dependent
variable (completion time, errors, and subjective responses for the
assisted use phase, accuracy and confidence for the memory test,
and completion time and errors for the unassisted use phase).

In the assisted and unassisted use phases, trials were removed
if completion times were greater than three standard deviations
from the mean for each Navigation Technique X Block group (98 of
4,320 assisted use trials, and 90 of 4,320 unassisted use trials — 2.2%
overall). Data for one participant was removed from the memory
test for failing more than one attention check.

Since trial completion times had unequal variances across condi-
tions (Levene’s test: p<.001), data was log-transformed for ANOVA
and follow-up tests in the assisted and unassisted phases. Holm-
Bonferroni correction was used for follow-up t-tests. Subjective
data were analyzed by applying the Aligned-Rank Transform [59]
and performing a one-way ANOVA on factor Navigation Technique.
All charts show non-transformed data with error bars representing
95% confidence intervals.

4.1 Assisted Use Phase

Figure 4 shows the trial completion times in the assisted use phase.
As can be seen in the figure, the No Assistance condition had high
completion times which gradually improved over the eight blocks of
selections. The Search Assistance and Automatic Assistance condi-
tions had relatively stable performance, with Automatic Assistance
being consistently fastest overall. A 3 x 8 (Navigation Technique
X Block) ANOVA was used to compare trial completion times for
the three conditions; results are summarized in Table 1. There were
significant main effects of Navigation Technique and Block, with
an interaction effect between the two factors. A follow-up test re-
vealed that Automatic Assistance (mean 1.18s) was significantly
faster than Search Assistance (mean 3.52s), which was significantly
faster than No Assistance (mean 8.41s), with p<.001. The interaction
between Navigation Technique and Block is primarily explained by
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Figure 4: Trial completion time by block for each navigation
technique in the assisted use phase.

Factor DF (n,d) F P n’
Navigation Technique 2, 87 218.75 | <.001 | 0.76
Block 7, 609 191.78 | <.001 | 0.45
Navigation Tech. X Block | 14,609 | 50.06 | <.001 | 0.30

Table 1: Factorial Analysis of Trial Completion Times in the
Assisted Use Phase.

the substantial performance advantage of training with navigation
assistance (i.e., while No Assistance had a steep learning curve, Au-
tomatic Assistance had constant, low completion times, and Search
Assistance fell in-between these curves).

Though completion time was the primary measure, we also ana-
lyzed differences in errors between the three Navigation Technique
conditions. Error rates were low in the assisted use phase (mean
2.6%), and a one-way ANOVA revealed no significant differences
in errors made between the three conditions (F;8; = 2.16, p=.12,
7% =0.05).

To better understand how participants used the search assistance,
we monitored the characters typed in each trial. Figure 5 displays
the mean number of characters typed in each block; the figure shows
that participants reduced their use of the search assistance as the
study progressed. The dashed line in Figure 5 shows the proportion
of trials in each block where no characters were typed. Consistent
with the decreasing number of characters typed during the task, the
proportion of memory-only trials rose gradually; together, these
results indicate that participants were beginning to rely on spatial
memory recall instead of needing the navigation aid.

Immediately following the assisted use phase, participants com-
pleted a questionnaire that included NASA-TLX questions and cus-
tom questions that asked about speed, accuracy, learning, and effort
put into learning. Post-phase questionnaire responses are shown
in Figure 6, and corresponding factorial analyses are given in Table
2. One-way ANOVA on factor Navigation Technique revealed that
participants found No Assistance was more mentally demanding,
effortful, frustrating, and slower than Automatic Assistance and
Search Assistance. On the other hand, Automatic Assistance was
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Figure 5: A summary of characters typed in the Search As-
sistance condition during the assisted use phase. The solid
line shows the mean number of characters typed in each
block. The dashed line shows the proportion of trials at each
block that were completed with zero characters (i.e., without
using the search assistance, indicating that participants used
memory rather than the aid).

less mentally demanding than Search Assistance and No Assistance,
with a higher perceived level of performance, but participants put
less effort into learning and felt worse about their learning. These
findings indicate that while navigation assistance was valuable
for user experience, the fully-automatic predictive aid may have
hindered participants’ ability to learn the item locations.
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Figure 6: Mean Subjective Questionnaire Responses for
NASA-TLX questions (top) and custom questions (bottom)
following Assisted Use.
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Question DF(nd) | F P n?
Mental Demand | 2,82 25.75 | <.001 | 0.39
AA (2.18) < SA (3.39), p<.05
AA (2.18), SA (3.39) < NA (5.10), p<.001
Physical Demand | 2,82 1.38 .26 | 0.03
Temporal Demand | 2,82 0.75 47 0.02
Performance 1 2,82 14.88 | <.001 | 0.27
SA (5.64) < AA (6.54), p<.01
NA (5.14) < AA (6.54), p<.001
Effort | | 2,82 [1238]<001] 023
SA (3.79) < NA (5.21), p<.01
AA (3.18) < NA (5.21), p<.001
Frustration| | 2,82 [ 21.03 | <001 | 0.34
AA (1.64), SA (1.82) < NA (3.79), p<.001
Speed 1 | 2,82 [1229]<001]0.23
NA (3.93) < SA (5.07), p<.01
NA (3.93) < AA (5.54), p<.001
Accuracy T 2, 82 2.57 .083 | 0.06
Learning T 2, 82 6.12 <.01 | 0.13
AA (3.50) < SA (4.86), p<.05
AA (3.50) < NA (4.93), p<.01
Learning Effort | | 2,82 [11.93 | <001 | 0.23
AA (3.50) < SA (5.25), p<.01
AA (3.50) < NA (5.90), p<.001
Table 2: Factorial Analysis of ART-Transformed Survey Re-
sponses. Arrows indicate whether higher or lower values
are better. Where significant differences exist, pairwise con-
trasts with group means are given below each factor (AA =
Automatic Assistance, SA = Search Assistance, NA = No As-
sistance).

4.2 Memory Test

Accuracy in the memory test was measured as Manhattan distance
between the target and the selection; results are shown in Figure 7.
While No Assistance and Search Assistance resulted in comparable
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Figure 7: Accuracy and Confidence Ratings in the Memory
Test. Accuracy (left) was measured as Manhattan Distance
between the target and the selection (lower is better), and
confidence scores (right) were self-reported by participants
on a scale of 1-7 immediately following each selection (higher
is better).
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memory test performance, Automatic Assistance had the least ac-
curacy (i.e., highest mean Manhattan distance). A one-way ANOVA
found a significant effect of Navigation Technique on memory test
accuracy (Fpge = 31.92, p<.001, n? = 0.43), with follow-up tests
indicating that Automatic Assistance (mean Manhattan Distance
4.53) was less accurate than No Assistance (mean 1.21) and Search
Assistance (mean 1.69), both p<.001.

Confidence scores (shown in the right panel of Figure 7) generally
mirrored the accuracy results, with Automatic Assistance resulting
in the lowest confidence scores of the three Navigation Technique
conditions.

Overall, the memory test results indicate that while training
with Search Assistance resulted in comparable performance in
recalling item locations to the unassisted baseline, use of Automatic
Assistance significantly reduced spatial learning.

4.3 Unassisted Use Phase

After completing the memory test, participants completed eight
blocks of selections with no assistance in order to assess perfor-
mance in the absence of the navigation aid. Trial completion times
are shown in Figure 8. While performance was comparable in the
conditions that used Search Assistance and No Assistance, partic-
ipants that used Automatic Assistance took about seven seconds
longer to find item locations in the first block. Performance for
the Automatic Assistance condition only converged with the other
conditions after all eight blocks of repetitions.

A 3 x 8 (Navigation Technique X Block) ANOVA found a sig-
nificant main effect of Navigation Technique and Block on trial

15- Navigation Technique
= No Assistance
— Search Assistance
Automatic Assistance

Completion Time (sec)

Block

Figure 8: Trial completion time by block for each navigation
technique in the unassisted use phase.

Factor DF(nd) | F P n?
Navigation Technique 2,87 20.26 | <.001 | 0.22
Block 7, 609 81.61 | <.001 | 0.27
Navigation Tech. X Block 14, 609 9.84 | <.001 | 0.08

Table 3: Factorial Analysis of Trial Completion Times in the
Unassisted Use Phase.
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completion time, with an interaction effect (see Table 3). The in-
teraction is primarily explained by the high starting point of trial
completion times in the Automatic Assistance condition. Follow-
up analyses indicated that No Assistance (mean 2.62s) and Search
Assistance (mean 2.88s) were significantly faster than Automatic
Assistance (mean 5.38s), with p<.001; however, there were no sig-
nificant differences between No Assistance and Search Assistance.

Errors remained low in the unassisted use phase (mean 3.0%),
with a one-way ANOVA identifying no significant differences in
errors between the three Navigation Technique conditions (F, g7 =
2.65, p=.077, n* = 0.06).

5 Discussion

This work provides new results that contribute to our understand-
ing of how predictive navigation assistance affects location learning:

e Both Automatic Assistance and Search Assistance made vi-
sual search substantially more efficient than the unguided
baseline during assisted use.

o The number of characters typed decreased throughout use of
Search Assistance, indicating that participants were switch-
ing to a memory-based strategy.

o Subjective responses indicated that prediction substantially
improved user experience, with Automatic Assistance being
perceived as best for performance and effort level but worst
for learning during the assisted use phase.

e Automatic Assistance performed substantially worse on both
the memory test and the unassisted trials, suggesting that
perfect prediction hindered spatial learning.

o In contrast, we found no differences between Search Assis-
tance and the No-Assist baseline on either the memory test
or the unassisted trials, indicating that participants did learn
item locations with this condition.

Overall, our results indicate that user-directed predictive nav-
igation aids such as Search Assistance can successfully improve
performance for inexperienced users, while still supporting a tran-
sition to memory-based location retrieval. In the following sections,
we provide potential explanations for the results, generalize the
findings to other useful contexts, and discuss limitations of the
study which open avenues for future work.

5.1 Explanations for Main Results

5.1.1  Performance of No Assistance. In studies of location learning,
no assistance is considered as the standard for comparison with
other conditions (e.g., [11, 14]). In our experiment, the No Assistance
navigation technique performed as expected: when participants
had no experience with the items, visual search was slow, difficult,
and frustrating; but the high level of effort required with the No
Assistance resulted in robust spatial learning — on the memory test,
selections were only one item away from the true location, and
performance in the unassisted phase reached a stable asymptote
after only one block.

5.1.2  Performance of Automatic Assistance. In the Automatic Assis-
tance condition, we saw a marked trade-off in performance across
the phases of the study: while there was a large improvement in
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performance during the assisted-use phase, there was a substan-
tial reduction in performance both on the memory test and in the
unassisted-use phase. Although the Automatic Assistance tech-
nique follows Fitchett’s principle of rehearsal for navigation aids,
our results suggest that the type of rehearsal may be more impor-
tant than previously considered. Automatic Assistance provides
rehearsal of the physical actions of moving the cursor to the target
and clicking on it — but this “mechanical rehearsal” did not appear
to be sufficient for participants to encode and reinforce the target’s
location in memory. Previous research has suggested that locations
can be learned incidentally (i.e., without intention or effort) [23],
but although participants in the Automatic condition did learn to
some degree (that is, their answers on the memory test were sub-
stantially better than random), their learning was not nearly as
strong as in the Search Assistance or No Assistance conditions,
suggesting that other kinds of actions beyond mechanical rehearsal
may be required as well.

Our study results suggest that the perceptual cues provided by
Automatic Assistance may have allowed participants to simply
“follow the highlight” without committing the location to memory.
This aligns with previous research suggesting that users will adopt
the lowest-cost strategy when finding information [11, 14], and that
mechanical rehearsal alone does not lead to the adoption of memory-
based selection [20]. Further, our results suggest that mechanical
aspects of rehearsal may not trigger the cognitive processes that
lead to complete learning of locations. Previous research on spatial
learning suggests that only some elements of location memory
are encoded automatically: in particular, Postma and colleagues
suggest that while the experience of being in a location may be
remembered automatically, learning the mapping between an object
and its location may benefit from intentionality and effort [45].

The performance of Automatic Assistance raises questions about
what would be required for users to successfully learn locations
in this condition. In particular, the likelihood of less-than-perfect
prediction could mean that a real-world version of this condition
would demand a higher level of user engagement in the navigation,
since people would need to perform an additional mental check
to confirm whether the emphasized item is correct. Similarly, if
the automatic predictor emphasized more than one item in the
workspace (e.g., all items with scores above a threshold, similar to
what is seen in Fitchett’s techniques [16]), the additional mental
effort required to decide which is the correct target could reduce the
user’s ability to simply “follow the highlight,” potentially improving
the encoding of locations. In future work, we plan to test the effects
of different levels of accuracy in the automatic predictor, as well as
emphasis of a set of items rather than a single item.

5.1.3  Performance of Search Assistance. Unlike Automatic Assis-
tance, Search Assistance did not show a strong trade-off across
the different phases of the study. Search Assistance substantially
improved completion time when it was available (almost as much
as Automatic Assistance), but this improvement was not coupled
with a reduction in performance on either the memory test or the
unassisted-use trials, compared to No Assistance. This suggests
that despite Search Assistance making the visual-search task easier
during assisted use, the technique still allowed participants to learn
the target locations. The disparity in location learning between
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Search Assistance and Automatic Assistance raises the question of
what features of search-directed navigation aids may have led to
the strong performance differences.

Unlike the Automatic condition, Search Assistance provides vari-
able amounts of feedback depending on the user’s actions. First, if
the user does not type any search text, then Search Assistance is
identical to No Assistance, and would require that the user carry out
a full visual search. Second, if the user types one or two characters,
then several potential targets are highlighted, meaning that the user
must carry out a partial visual search (rather than simply moving
to a single highlighted target). Third, the need to type search text
in order to get location feedback meant that there was always a
period of time between the appearance of the cue and the high-
lighting of the target; this time period may have given users the
opportunity to think about the target’s location, and thus engage
in an additional kind of rehearsal than what was carried out with
Automatic Assistance. That is, participants may have engaged in
mental rehearsal in addition to mechanical rehearsal, simply by
thinking about the target’s location, which previous research has
shown to be useful for reinforcing memory traces [4, 26]).

5.1.4  What do our results say about rehearsal? Our work helps to
refine the understanding of the HCI principle of rehearsal. While
Automatic Assistance only facilitated mechanical rehearsal for se-
lecting items, and resulted in reduced location learning, Search As-
sistance provided an opportunity for both mental and mechanical
rehearsal, which may have allowed participants to better reinforce
spatial memories. Although previous techniques that employ the
rehearsal principle (e.g., by Kurtenbach [33] and Fitchett [16]) may
have implicitly involved both mechanical and mental rehearsal, the
distinction between these types has not been clearly identified. Our
results show that rehearsing an expert method’s actions alone may
not be enough, and that the opportunity for mental rehearsal of
retrieving item locations may be an important part of the transition
to expert memory-based interaction.

5.2 Generalizing the Findings and Lessons for
Designers

There are several reasons we believe our results will generalize to
the real world. First, the design of the GUI used in the study was
based on a standard file explorer visualization which is familiar for
most users, and the navigation aids used a simple visual empha-
sis (comparable to the highlighting used in systems like the Mac
OS X Spotlight Search [7]). Second, we tested location learning
in two ways: absolute spatial learning on the memory test, and
the unassisted-use trials which tested how performance would be
affected if the navigation assistance became unavailable — a sce-
nario which is a realistic possibility for real-world users. Third,
participants were crowd-sourced from a population with a wide
range of ages and backgrounds, and the experiment was conducted
remotely, meaning that participants completed the study on a wide
variety of hardware, in their own familiar environments, and away
from experimenter supervision.

Although this work indicates several directions for follow-up
research, designers of navigation assistance techniques can already
begin to use our findings to improve user experience for finding
and selecting items while still supporting location learning. First,
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complex but spatially stable visual workspaces should include user-
directed navigation aids such as search-directed prediction to show
item locations. Second, if a prediction mechanism is highly accurate,
automatic navigation aids may be problematic due to the possibility
that users will become over-reliant on the perceptual highlighting,
reducing location learning.

5.3 Limitations and Future Work

Although we analyzed the navigation techniques over three exper-
iment phases and used a large number of participants, there are
limitations to our study which provide directions for future work:

e Prediction accuracy. Predictions in Automatic Assistance
were 100% accurate, which hindered location learning in our
study. However, it is possible that less-accurate prediction
could lead to different results - for example, if the prediction
was 0% accurate, then users would ignore the navigation
aid altogether and revert to visual search, which would lead
to better location learning. Future studies will explore how
different levels of prediction accuracy affect learning.
Visual Complexity. Visual spaces can have a varying degrees
of complexity, and may rely on images, icons, structural land-
marks, or layout to present information to the user. While the
simple grid visualization used in our study was similar to a
standard file explorer and contained a large number of items,
future studies are needed to test the effects of navigation
aids in a variety of real-world visual workspaces.
Non-textual data. Our Search Assistance condition relies on
the availability of text-based filtering, but some workspaces
may not have text labels attached to each item (or, the user
may not use these as a primary lookup key). Further studies
are needed to explore other user-directed navigation aids
such as slider-based filters (although earlier studies suggest
that these GUI controls can work well with spatially-stable
visualizations [22]).

Long-term learning. Our study used a blocked drill-and-practice
approach for repeated selections, but real systems involve
different frequencies for selecting items, and over various
periods of time. Since we only assessed spatial knowledge
following a fixed number of repetitions, it is pertinent to
study the effects of navigation assistance on location learn-
ing over greater periods of time. Further, spaced practice over
multiple learning sessions is known to impact acquisition
and retention of skills [13]; therefore, we will conduct future
studies to understand how navigation aids impact location
learning over sequences of selections that more accurately
reflect real interaction.

User strategies. In our study, participants in the Search As-
sistance condition were instructed to select items without
using the aid once they could remember the locations, but it
is unknown whether participants would have discovered and
switched to this memory-based strategy on their own (previ-
ous work has indicated that users do not always successfully
transition to expert modes of interaction [10]). Therefore,
we will conduct a future study to understand natural user
behaviours that arise when using navigation aids, and assess
differences between strategies.
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o Linking items and hierarchies. Our study used a simple grid-
based interface, but navigation aids can also be useful for
navigating through hierarchies (like Fitchett’s folder high-
lights [16]) or linking series of items (such as the procedural
learning in Kelleher’s stencil-based tutorials [31]). Future
work will examine the robustness of predictive navigation
aids for location learning over more complex and deeper
visual information spaces.

6 Conclusion

Spatial knowledge is essential for users to make efficient selections
in complex spatially-stable visual workspaces, but novices must
rely on costly visual search to locate items. While some systems
use predictive navigation aids to show beginners item locations,
evidence suggests that users may never transition to memory-based
interaction, which could mean performance detriments when the
prediction is wrong or unavailable. We compared three naviga-
tion techniques in a study — Automatic Assistance always high-
lighted the target item, Search Assistance showed the subset of
items matching a text query, and No Assistance provided no help
to find target items. The techniques were assessed over three study
phases: first, participants completed an assisted use phase with their
assigned navigation technique; second, we administered a memory
test to assess spatial learning; and third, participants completed
an unassisted use phase to assess performance when assistance is
unavailable. While both Automatic and Search assistance enhanced
performance when the predictions were available, results showed
a severe disadvantage for location learning with Automatic As-
sistance, but Search Assistance was as effective as the unassisted
baseline. Overall, our results provide new understanding about
how different forms of prediction can impact spatial learning, and
suggest that designers should consider using Search Assistance to
boost the performance of beginners while still supporting location
learning in visual workspaces.
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