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Abstract

Effective command selection in graphical user interfaces (GUIs)
depends on users’ ability to remember command locations. While
spatial memory-based interfaces can aid learning, the large num-
ber of commands in desktop applications complicates this process.
Adding elements like coloured regions or background images can
help, but they may also clutter interfaces and hinder learning. We
investigate whether variation in icon size — an inherent GUI feature
— can aid spatial learning. Therefore, we conducted two studies
with varying icon sizes (small, large, and mixed) in interfaces with
over 130 commands with meaningful and abstract icons, respec-
tively. Results suggested that size variation, particularly enlarged
icons, can improve performance and reduce errors. We show that
variation in icon size can serve as an intrinsic spatial cue, thereby
improving the design of spatial memory-based interfaces.
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1 Introduction

Command selection is a fundamental operation in graphical user
interfaces (GUIs), underlying nearly all interaction in productivity,
visualization, and design software. Users invoke commands by lo-
cating and selecting items from menus, ribbons, or tool palettes,
typically through visual search for novices or memory-based re-
call for experienced users [8, 14]. As modern applications often
expose hundreds of commands, efficient interaction depends not
only on pointing performance but on how quickly users can learn
and remember command locations for repeated use [45, 54]. When
spatial learning fails, users must resort to slow visual search, which
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can increase cognitive load and limit the development of expert
performance [18, 23].

To facilitate learning and enable fast recall-based command se-
lection, researchers explored spatially stable interfaces. Techniques
such as CommandMaps [45], FastTap [23], and ListMaps [22] ar-
range commands in persistent spatial layouts to promote memory-
driven interaction by forming object-location associations [14].
While effective for moderate command sets, these approaches often
degrade as command sets scale [1, 54]. Repeated grids tend to be
visually uniform, providing few distinctive reference points. With-
out salient anchors, which are essential for spatial learning, users
may struggle to encode reliable spatial maps, slowing the transition
from recognition-based search to recall-based selection [48, 53].

Spatial learning in physical environments relies on landmarks —
distinct features like edges, corners, or notable objects that anchor
cognitive maps and facilitate navigation [27, 38, 44]. Similar mecha-
nisms apply in digital environments, where users rely on consistent
layouts and reference points to organize spatial knowledge [57].
In GUIS, ’artificial landmarks’ such as background images, colour
blocks, or decorative elements have been introduced to support
spatial learning [5, 6, 54]. Although effective in some cases, such
extrinsic cues can lead to visual clutter and reduce usability as inter-
face density increases [4]. This trade-off underscores the need for
lightweight alternatives that can enhance spatial learning without
introducing new visual elements.

In this paper, we explore leveraging an intrinsic property of
GUIs—command icon size—as a spatial learning aid (i.e., landmark)
for commands. Size is a fundamental visual variable, processed
preattentively and capable of conveying hierarchy and distinctive-
ness with minimal visual overhead [10, 50, 60]. Gestalt principles
further suggest that size differences can offer perceptual organi-
zation and grouping [29]. Unlike external embellishments, size
variation integrates seamlessly into existing iconography and is
already used in commercial GUIs as a design property to emphasize
important commands. However, little is known about its role as a
systematic cue for spatial learning and recall in dense interfaces.

We, therefore, conducted two controlled studies using large-scale,
spatially stable desktop interfaces with 135-160 commands. Study 1
examined how variation in icon size (with large, small, and mixed
sizes) influences learning and recall with semantically meaningful
icons. Study 2 removed semantic cues by using abstract and uni-
form shapes to isolate spatial learning independent of semantic
guidance. In two studies, we discovered that varying icon sizes
could improve spatial learning. For semantic icons, different sizes
enhanced performance only in later blocks (recall blocks; Study 1).
Whereas for abstract icons, the benefits were consistent across all
blocks (Study 2), and larger icons offered the greatest advantage.
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This work makes three contributions. First, it highlights an under-
explored aspect of an existing GUI feature, icon size, and investigates
its potential as an intrinsic landmarking strategy for spatial learn-
ing of commands. Second, it provides empirical evidence—across
semantic and abstract contexts— suggesting that variation in icon
size can aid spatial learning and enhance recall-driven interactions
without increasing workload. Third, it extends landmark-based
models of spatial cognition to large-scale graphical interfaces, offer-
ing practical guidance for designing memory-supportive systems
while maintaining visual simplicity.

2 Related Work

2.1 Spatial Memory and Command Selection

Efficient command selection depends on both pointing time and
search time, where search decreases as users become familiar with
command locations [14]. Novices primarily rely on visual search,
whereas experienced users increasingly recall locations to enable
faster selection [8, 25]. This shift is supported by spatial memory
and object-location association learning [17, 18, 43, 49].

A range of techniques explicitly leverage spatial memory by
stabilizing command locations. Pie menus [11] and marking menus
[30] use consistent spatial structure to support expert recall-based
selection. CommandMaps [45], ListMaps [22], and FastTap [23]
present commands in spatially stable layouts that reduce hierarchi-
cal navigation and promote learning through repetition. Keyboard
shortcuts can also improve efficiency, but they are constrained by
learnability and limited command capacity [37, 40, 46].

However, maintaining spatial-memory benefits at large com-
mand scales remains challenging. Extensions of spatial overlays
show that performance advantages can diminish as command ca-
pacity grows, motivating mechanisms that better support location
learning in dense layouts [2, 4, 54].

2.2 Landmarks in Graphical Interfaces

Landmarks provide reference points that support orientation and
spatial memory in both physical and digital environments [35, 53].
In GUIs, edges and corners often function as natural landmarks
that users exploit to remember nearby targets [51, 52]. Many small-
screen techniques capitalize on these cues by placing controls near
boundaries [23, 31, 47], but on large displays, substantial interface
regions lie far from boundary anchors, limiting their usefulness.

To compensate, prior work explored additional landmarks, such
as embodied reference frames (e.g., hands) [56], and artificial visual
cues, including colour and imagery [5, 33]. Artificial landmarks
have been applied to revisitation and navigation support [5, 26, 55],
command selection in dense interfaces [3, 20, 54], and other interac-
tion contexts [21, 34, 36, 41, 42]. Yet, in spatially stable 2D command
layouts, the design space of landmarks that remain effective at scale
without introducing clutter is still limited. Prior augmentations of
CommandMaps and related overlays indicate that feature-rich im-
age cues can underperform compared to simpler cues such as colour
blocks, suggesting a trade-off between memorability and visual clut-
ter [4, 54]. This motivates investigating intrinsic GUI features that
can act as landmarks without adding new visual layers.
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2.3 Icon Size Variation as an Intrinsic Landmark

In visualization and interface design, size is a fundamental visual
variable that can guide attention and encode structure [10, 58].
Along with other visual variables, size differences can be discrimi-
nated rapidly and can support efficient selection behaviour [7, 24,
50, 61]. HCI work has used size variation to improve performance
in recognition-heavy tasks and to influence selection efficiency
[14, 32], while perceptual organization principles (e.g., Gestalt) help
explain how such variation can structure visual grouping [58].
Critically, recognition and recall have different cognitive re-
quirements. As users gain expertise, they transition from search-
dominant behaviour to memory-driven retrieval, consistent with
skill-acquisition accounts [19]. While prior work has examined
how visual variables support recognition, the role of size variation
in supporting recall and spatial learning in dense, spatially stable
command grids is less understood. We examine whether icon size
variation can act as an intrinsic landmark that supports spatial
learning and recall without the clutter costs of extrinsic landmarks.

3 Study 1: Icon Size Effects with Semantic Icons

Study 1 investigates whether icon size variation can function as
an intrinsic visual landmark that may support spatial learning and
recall in large, spatially stable command interfaces. The study fo-
cuses on the transition from search-driven novice behaviour to
memory-driven expert performance in dense GUIs [9, 22].

3.1 Study 1 Interfaces

We designed four CommandMaps-style interfaces [45] displaying
160 grayscale, semantically meaningful icons from the Line Awesome
set [28] arranged in a fixed 10X 16 grid. The grid occupied nearly the
entire display, except for a 140 px region at the bottom reserved for
target stimuli. Icons were randomly assigned to interfaces to avoid
potential grouping effects; no icon was reused in other interfaces.
The baseline icon size was 45 px. The Baseline interface used a
uniform size. In Baseline+Large, 10 icons were enlarged to 80 px; in
Baseline+Small, 10 icons were reduced to 25 px; and Baseline+Mixed
combined 5 large (80 px) and 5 small (25 px) icons. Size-modified
icons were distributed across the grid (unique to each interface)
to avoid clustering, introducing perceptual distinctiveness while
preserving grid regularity and icon recognizability in a dense layout.
To prevent confounding pointing performance, clickable regions
were identical across all icons. Example target layouts are shown
in Figure 1.

3.2 Study 1 Method

3.2.1 Task and Procedure. Participants performed repeated target-
selection tasks. On each trial, a target label appeared at the bottom
of the display, and participants selected the corresponding icon
using a mouse. Correct selections were confirmed by highlighting
the selected cell in green for 500 ms, then removing all icons from
the display; incorrect ones in red, and participants could proceed
only after selecting the correct target. To reset the cursor position
and keep the starting position of each trial uniform, we added a
“Next" button at the bottom of the screen; clicking it revealed the
next target and icon grid. They were instructed to complete the
tasks quickly and accurately, with allowed pauses between trials
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Figure 1: Interface variants used in the Study 1. Targets used as stimuli are shown in colour boxes.

to reduce fatigue. Cursor position was not explicitly controlled
at the start of each trial, which may have introduced variability
in movement distance. However, because target positions were
counterbalanced across interfaces and participants had to click the
"Next" button to proceed, any such effects are unlikely to explain
the observed interface-level differences.

Each interface comprised 12 blocks of 9 trials. A set of 9 unique
targets per interface was used, repeated across blocks in a random-
ized order. The targets selected from edges or sides (2), corners (2),
and central regions of the grid (5). Central targets included items
located on landmarks (2) as well as near (1 cell away: 2) and far (2
or more cells away: 1) from them. Target positions varied across
the interfaces to avoid potential learning effects. Before the study,
participants completed practice trials using a separate icon set to
familiarize themselves with the task and feedback.

Participants were informed that the study examined interfaces
for rapid command selection. After providing informed consent,
they completed a demographic questionnaire and a Corsi Block
Test [16], then received task instructions and were asked to perform
the task as quickly and accurately as possible. The study used a
within-participant design, with interface order counterbalanced
using a balanced Latin square. After completing each interface,
participants filled out a NASA-TLX questionnaire and concluded
the session with a brief interview about interface preferences.

Following prior work on learning dynamics in spatially stable
interfaces [8, 14], Blocks 1-3 were treated as learning blocks and
Blocks 4-12 as recall blocks. Here, recall refers to later-session
performance characterized by increased reliance on learned object—
location associations while the interface remains visible.

3.2.2  Participants and Apparatus. Sixteen participants (8 women,
8 men), aged 24-47 (M = 31.5), with normal or corrected-to-normal
vision, were recruited from a university population. Sessions (con-
ducted in a quiet indoor setting) lasted approximately 60 minutes;
participants received CA$10 compensation. The experiment ran on
a Windows 11 desktop with a 27-inch monitor (1920x1080). At an
approximate viewing distance of 60 cm, 25 px, 45 px, and 80 px icons
subtended roughly 0.7°, 1.2°, and 2.1° of visual angle, respectively.
Data processing and statistical analyses were conducted in R. The
University of Regina Research Ethics Board approved the study
protocol.

3.3 Study 1 Results

Shapiro-Wilk tests and Q-Q plot inspections indicated approxi-
mately normal residual distributions (all W > 0.9, p > 0.05); so
we used repeated-measures ANOVA for inferential analyses over
all blocks and separately for learning and recall phases. We report
generalized eta-squared (5?) [15] with thresholds as .01 (small), .06
(medium), and > .14 (large). Post-hoc tests used TukeyHSD. Most
participants (14/16) had a Corsi span of 6, with only two deviations
(8 and 4); therefore, we analyzed participants as a single group.
Performance improvements across blocks were consistent with the
typical power-law learning (R? > .92) pattern observed in repeated
selection tasks.

3.3.1 Completion Time Analysis. Completion time was measured
from the onset of the target cue to the correct selection. Mean
completion times are summarized in Table 1 and in Figure 2.
Overall, completion times decreased sharply over time across
all interfaces, yielding a significant main effect of Block (Fi1,1¢5 =
199.43, p < .001, n? = .77) in the ANOVA. There was no main
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Table 1: Study 1 completion time (ms) by block phases with
standard deviations (s.d.).

Block
Interface ocks
All Learning Recall
Baseline 5216.06 11511.56 3117.57
(11512.09) (19081.71) (6158.49)
Baseline+Laree 4628.28 11814.25 2232.96
& (10904.43) (19451.10) (3111.99)
Baseline+Small 5062.10 13865.65 2127.58
(15222.87) (28308.93) (2801.63)
4801.50 11449.07 2585.65
Baseline+Mixed
aselinexixe (12048.66)  (21627.51)  (4273.96)
—e—Baseline
30000 —e—Baseline+Large
%\25000 +Baselfne+SrlnaII
2 —e—Baseline+Mixed
3 20000
2
‘E 15000
Y
E 10000
=
5000
. — P,

1 2 3 4 5 6 7 8 9 10 11 12

Learning Block Recall Block

Blocks

Figure 2: Mean completion time (s.e.) by blocks for Study 1.

effect of Interface across all blocks (Fs 45 = 0.55, p = .65), indicating
no reliable overall difference when averaging across learning and
recall. However, a significant InterfacexBlock interaction (Fs3 495 =
2.74, p < .001, n? = .10) indicates that interfaces differed in how
performance evolved over time.

When analyzing phases separately, learning blocks (Blocks 1-3)
showed no reliable main effect of Interface (Fs45 = 1.40, p = .25),
despite a significant InterfacexBlock interaction (Fs 99 = 3.04, p =
.009). This suggests that early performance was driven by general
familiarity rather than by layout differences.

In contrast, during recall blocks (Blocks 4-12), a significant main
effect of Interface emerged (Fs 45 = 3.44, p = .024, n* = .06). A sig-
nificant effect of block was also found (Fg 120=6.32, p<0.001, r]z =0.08).
However, no significant Interfacex Block interaction was observed
(Fz4360=1.41, p=0.0986) as performance stabilized.

Post-hoc tests showed that the Baseline condition was signif-
icantly slower than the other interfaces (all p<0.05). Among the
varied icon-size conditions, Baseline+Small yielded faster comple-
tion time than Baseline+Mixed (p<0.05). These results indicate that
the effects of icon size variation were neutral in the early blocks
but contributed to faster performance in the later blocks.

3.3.2  Error Analysis. For each trial, incorrect selections were treated
as errors. Mean errors are reported in Table 2 and in Figure 3.

Tahsin Aziz and Md. Sami Uddin

Table 2: Study 1 mean errors (s.d.) by block phases.

Blocks
Interface
All Learning Recall
Baseline 0.02 (0.14) 0.02 (0.17) 0.01 (0.13)
Baseline+Large 0.02 (0.19) 0.07 (0.35) 0.01 (0.08)
Baseline+Small 0.02 (0.20) 0.05 (0.35) 0.01 (0.12)
Baseline+Mixed 0.02 (0.27) 0.06 (0.52) 0.01 (0.09)
—e—Baseline
T —e—Baseline+Large
0.17 —e—Baseline+Small
_ —e—Baseline+Mixed
o
Woqr
é .
005 |
? I T
-0.01

1.2 3 4 5 6 7 8 9 10 11 12

Learning Block Recall Block

Blocks

Figure 3: Mean errors (s.e.) across blocks for Study 1.

Overall errors were low across all interfaces and declined over
blocks, producing a significant main effect of Block (Fy1,165 = 4.71,
p < .001, % = .10). However, we found no effect of Interface (F3 45 =
1.06, p = .37), though a significant InterfacexBlock interaction was
observed (Fs3 495 = 2.00, p = .001, n? = .075).

However, for the learning phase, RM-ANOVA revealed signifi-
cant effects of interface (F345=2.87, p<0.05, ?=0.03) and Interface
x Block interaction (Fg90= 2.21, p<0.05, n?=0.07), but no effects
of block (F;30=3.16). Post-hoc comparisons, however, showed no
significant differences among any interface pairs (all p > 0.21).

In contrast, during the recall phase (Blocks 4-12), no significant
effects were observed for Interface (F545 = 1.20, p = .322), Block
(Fs120 = 0.42, p = .905), or their interaction (Fz4360 = 0.88, p = .63).

Taken together, these results demonstrate that the faster comple-
tion times observed for size-variant interfaces were not accompa-
nied by increased error rates. Performance improvements, therefore,
reflect more efficient selection and stronger spatial learning.

3.3.3 Interface Position Analysis. Since interface corners and sides,
or bezels, are already found to enhance spatial learning of nearby
items [23, 53], we adjusted the icon sizes mainly in the central
area of our GUIs and categorized trial questions into two groups:
Middle and Side+Corner. Out of 160 icons, 88 were classified as
Side+Corner(icons in corners, along the outer sides, and immediately
adjacent) and 72 as Middle. For the trials, we selected four from the
Side+Corner group (two from sides/corners and two adjacent) and
five from the Middle group, maintaining a balanced ratio across both
categories. Completion times by target position are summarized in
Table 3 and Figure 4.
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Table 3: Study 1 completion time by position (ms) with s.d.

Position Blocks
All Learning Recall
Side+Corner 4131.87 10639.96 1962.51
(10273.08) (18749.58) (2194.79)
5563.08 13376.27 2958.69
Middl
1adie (14050.70) (24926.96)  (5397.94)
= Baseline
20000 . m Baseline+Large
o m Baseline+Small
g 15000 m Baseline+Mixed
E 10000
o
£
= 5000
. | p—

Middle Side+Corner Middle Side+Corner

Learning Block Recall Block

Target Position

Figure 4: Study 1 completion time by target position
(Side+Corner vs. Middle) across learning and recall phases.

Across all blocks, ANOVA revealed a significant effect of Position,
indicating that targets located at the sides and corners were se-
lected faster than those in the middle of the interface (F; 15 = 35.35,
p < .001, 7% = .027). The main effect of Interface was not significant
(F345 = 0.43, p = .732). However, a significant InterfacexPosition
interaction was observed (Fs 45 = 5.70, p = .002, 5* = .019), indi-
cating that interface-related performance differences depended on
target position rather than being uniform across the grid.

For learning blocks, a significant main effect of Position was
observed (Fi15 = 23.19, p < .001, 172 = .031), confirming faster
selection for Side+Corner targets during early visual search. The
effect of Interface was not significant (Fz45 = 0.95, p = .425). A
significant Interfacex Position interaction was present (Fs 45 = 11.74,
p < .001, n? = .095), indicating that interface differences during
learning were position-dependent.

During recall blocks, the effect of Position remained significant
(Fi15 = 14.99, p = .002, % = .068), indicating a persistent advantage
for Side+Corner targets. The main effect of Interface reached signif-
icance (F345 = 3.29, p = .029, 772 =.036), and the InterfacexPosition
interaction was also significant (Fs 45 = 3.89, p = .015, 5? = .026).
Post-hoc tests showed that interface-related differences were con-
fined to Middle targets: the Baseline was significantly slower than
the size-variant interfaces (all p < 0.001), whereas Side+Corner
targets showed no reliable differences between interfaces.

3.3.4 Landmark Proximity Analysis. To examine whether perfor-
mance differences were influenced by targets located on size-modified
icons, we analyzed completion times based on targets’ proximity
to landmarks and task phase (learning and recall blocks).
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Figure 5: Study 1 completion time (ms) by landmark proxim-
ity across learning and recall blocks.

As shown in Figure 5, completion times varied significantly
with landmark proximity. A repeated-measures ANOVA revealed
a significant main effect of proximity in both learning (Fy0 =
9.94,p < .001,n?> = .037) and recall phases (Fys0 = 18.38,p <
.001, 7% = .059). Post-hoc comparisons in the recall phase showed
that targets near landmarks were significantly slower than targets
at corner, far, and on-landmark positions (all p < .001).

During learning, differences across proximity conditions were
less consistent, with no clear advantage for targets located on land-
marks. In contrast, during recall, targets on landmarks showed
improved performance comparable to corner positions, while near-
landmark targets remained slower. This pattern suggests that perfor-
mance differences were not solely driven by selecting size-modified
icons, but instead reflect the development of spatial memory sup-
ported by size-based landmarks.

3.3.5 Subjective Workload and Preferences. Aligned Rank Trans-
form [59] was used to perform RM-ANOVA on the NASA-TLX
responses. No significant differences in workload were observed
across interfaces, suggesting that introducing size variation did
not measurably increase perceived effort, whereas objective perfor-
mance differences emerged in later blocks (Table 4). Participant pref-
erence counts revealed that participants most frequently preferred
Baseline+Large for speed, memorability, and overall experience,
consistent with recall-phase performance results (Table 5).

4 Study 2: Icon Size Effects with Abstract Icons

In Study 1, participants engaged with meaningful icons, using their
prior knowledge to aid spatial learning. Study 2, however, focused
on abstract shapes without inherent meaning, requiring participants
to rely solely on size and position cues. It helped us assess how icon-
size variation affects learning independently of semantic memory.

4.1 Study 2 Interfaces

As in Study 1, three grid interfaces were designed, each containing
135 abstract shapes arranged in a fixed 9% 15 grid (Figure 6). To main-
tain a similar session duration while retaining a large command
set, the total number of items was reduced from 160 to 135. Each
shape was assigned a unique five-character label as a temporary
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Table 4: Study 1 mean NASA-TLX scores (0 = low, 7 = high).
Standard deviations in parentheses.

Subscale Interface v )
Baseline Baseline Baseline Baseline
+Large  +Small +Mixed

3.44 3.56 4.00 3.38 1.70 .181

Mental Demand (2.00)  (1.63)  (175)  (1.31)

2.50 2.44 2.81 219 1.06 .375
Physi
ysical Demand ooy (155 (172)  (139)

2.50 2.69 3.12 275 235 .085

Temporal Demand sy (o (163 (148)

4.88 5.31 5.38 4.75 0.53 .664

Performance (rev.) 2.13) (170) (1.26) (2.08)

Effort 3.38 3.44 3.88 3.31 0.79 .505
(1.75) (1.59) (1.63) (1.62)
. 2.62 2.69 2.94 2.62 0.57 .636
Frustration

(1.89)  (1.96)  (1.48)  (1.45)

Table 5: Study 1 participant preferences across interfaces.

. Baseline Baseline Baseline
Measure Baseline .
+Large +Small +Mixed
Speed 1 9 3 3
Accuracy 2 7 3 4
Memorization 0 9 2 5
Expertise 0 12 3 1
Comfort 2 6 5 3
Overall 1 8 2 5

visual cue, with no inherent semantic meaning. A 140 px bottom
margin was reserved for the target cue. Each interface used a dis-
tinct abstract shape (oval for Baseline, square for Baseline+Large,
and circle for Baseline+Small) to prevent learning transfer between
conditions. Landmark and target positions were also varied across
interfaces.

The baseline item size was 65 px. In the Baseline interface, all
shapes were rendered uniformly. In Baseline+Large, seven shapes
were enlarged to 90 px, and in Baseline+Small, seven shapes were
reduced to 40 px. Size-modified shapes were distributed across the
grid to avoid clustering. As in Study 1, clickable regions were identi-
cal across items to avoid confounding pointing difficulty. In addition,
Study 2 introduces blind blocks, in which visual labels are disabled,
requiring participants to rely solely on spatial memory.

We removed Baseline+Mixed from Study 2. Pilot feedback and
prior visualization principles suggested that multiple size variations
within a single layout increased visual complexity and could intro-
duce unintended perceptual grouping. Study 2, therefore, focuses
on isolating the effects of a single size contrast.

4.2 Study 2 Method

4.2.1 Task and Procedure. Participants performed repeated target-
selection tasks similar to Study 1. In regular blocks, item labels were
hidden by default and could be revealed only while holding the
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Ctrl key after a 700 ms delay; labels disappeared upon releasing
Ctrl. Participants could also select items without revealing labels.
This design encouraged a gradual transition from visually guided
search toward memory-driven selection.

Each interface consisted of 12 blocks of 9 trials, with the same
target set used in randomized order. Targets were distributed across
six spatial categories: corner, side, on-landmark, near landmark
(one cell away), far landmark (two cells away), and far (more than
two cells away), comprising a total of nine target items per inter-
face. Two blocks (Blocks 6 and 12) were blind blocks (Figure 7), in
which label reveal was disabled. Participants made a single selec-
tion, recalling the location from memory, and the trial advanced
immediately regardless of accuracy. This prevented the use of cor-
rective search strategies and provided a strict measure of spatial
recall. The blind blocks were strategically placed to assess recall
at different learning stages. Block 6 occurred after several regular
blocks, serving as an early test of memory-based selection, while
Block 12, at the end of the condition, acted as a retention check.
We limited the blind blocks to 2 to avoid frequent disruptions and
prevent the task from devolving into guessing without feedback.
The study used a within-participant design with interface order
counter-balanced across participants.

4.2.2  Participants and Apparatus. Twenty-five new participants
were recruited from the local university community through cam-
pus announcements. Two participants were excluded due to incom-
plete experimental sessions. Data from 23 participants (15 men,
8 women), aged 19-49 (M = 28.0), with normal or corrected-to-
normal vision, were included after exclusions; participants received
CA$10 or course credit. Participants were familiar with desktop
GUIs and completed the study in approximately 60 minutes. The
experimental setup was identical to that of Study 1.

4.3 Study 2 Results

Shapiro-Wilk tests and Q-Q plots indicated approximately normal
residuals (W > 0.9, p > 0.05); we therefore analyzed data using RM-
ANOVAs similar to Study 1. Participants completed a Corsi Block
Test; spans were typically 5-7 (20/23), with a few outliers, so we
analyzed participants as a single group. Study 2 also included blind
blocks, in which participants made selections from their memory;
results were therefore analyzed separately for regular and blind
blocks. To quantify reliance on the visual aid during regular blocks,
we also analyzed the proportion of Ctrl-key use.

4.3.1 Completion Time Analysis. Mean completion times are sum-
marized in Table 6 and in Figure 8.

Table 6: Study 2 completion time (ms) with s.d.

Interface Regular Blocks Blind Blocks

Baseline 12456.34 (20494.64) 3853.87 (3717.09)
Baseline+Large ~ 8910.74 (17175.39)  2881.28 (3126.18)
Baseline+Small 9716.47 (19584.44) 2892.43 (3081.15)

For the regular blocks, completion times decreased over blocks
across all interfaces, yielding a significant main effect of Block
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Figure 6: Interface variants used in Study 2 with abstract shapes. Targets used as stimuli are shown in colour boxes.
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(a) Regular block: labels re-
vealed while holding Ctrl.

(b) Blind block: no labels; selec-
tion based on memory only.

Figure 7: Selection modes in Study 2. In regular blocks, labels
appear only after a short delay when holding Ctrl, aiding vi-
sual search. In blind blocks, label reveal is disabled, allowing
only memory-based recall.
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Figure 8: Mean completion time (s.e.) by blocks for Study 2.

(Fo,198 = 108.11, p < .001, n? = .69), following the expected power-
law function (R? > .98) [39]. A significant main effect of Interface
was also observed (Fy44 = 9.95, p < .001, * = .05), indicating
reliable completion-time differences between interfaces. However,
the InterfacexBlock interaction was not significant (Fig 396 = 1.15,
p =.298, n* = .02), suggesting that interfaces differed primarily in
overall performance level rather than in the rate of learning across
blocks. Consequently, we avoided analyzing the performance by
separating the blocks into learning and recall, as done in Study 1.
Post-hoc tests indicated Baseline was significantly slower than
Baseline+Large and Baseline+Small (both p < .001), while the two
interfaces with variable-sized icons performed identically (p=0.37).

During blind blocks, ANOVA again showed a significant main
effect of Interface (F5 44 = 10.40, p < .001, 172 =.16) and a significant
main effect of Block (F 2, = 18.56, p < .001, 172 =.23), with no sig-
nificant Interfacex Block interaction (F;44 = 0.15, p = .858). Tukey
tests confirmed that both size-variant interfaces were significantly
faster than the Baseline, while no reliable differences were observed
between the two size-variant interfaces.

4.3.2  Error Analysis. Mean error rates are summarized in Table 7
and in Figure 9. Overall error rates were low across all interfaces,
with modest increases during later regular blocks and blind blocks,
reflecting the increased difficulty of recall-based selection.

Table 7: Study 2 mean errors with standard deviations.

Regular Block
Interface eguiar Blocks Blind Blocks
All Learning Recall
Baseline 0.35 (2.81) 0.08 (0.57) 0.47 (3.33) 0.34 (0.47)
Baseline+Large 0.20 (2.40) 0.38 (3.63) 0.12 (1.60) 0.14 (0.34)
Baseline+Small 0.13 (0.62) 0.11 (0.51) 0.13 (0.67)  0.17 (0.38)
—o—Baseline
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s
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Figure 9: Mean errors (s.e.) across blocks for Study 2.

For the regular blocks, ANOVA revealed a significant effect of
Block (Fo108 = 2.11, p = .030, 5% = .028), indicating that error rates
varied across blocks as participants progressed through the task.
It showed no effect of Interface (Fy44 = 1.58, p = .217), indicating
no reliable overall differences in accuracy when averaging across
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blocks. However, the InterfacexBlock interaction was significant
(Fi8.306 = 2.11, p = .005, n? = .052).

For analysis, regular blocks were divided into learning (Blocks
1-3) and recall (Blocks 4-11, excluding blind blocks). When learn-
ing blocks were analyzed separately, no effects were significant
(Interface: Fp44 = 1.20, p = .312; Block: Fo44 = 1.51, p = .232;
InterfacexBlock: Fy35 = 1.34, p = .261), indicating comparable
early accuracy across interfaces.

In contrast, during recall blocks, significant effects emerged for
all factors. ANOVA showed a significant main effect of Interface
(F2,44 = 3.56, p = .037, n? = .031), a significant main effect of Block
(Fs132 = 2.87, p = .012, n? = .036), and a significant InterfacexBlock
interaction (Fiz064 = 2.04, p = .021, 52 = .046). Post-hoc compar-
isons indicated that the Baseline produced significantly more errors
than both size-variant interfaces (both p=0.0001), while the two
size-variant interfaces did not differ reliably from each other. These
results indicate that accuracy advantages for size-based landmarks
emerged primarily during recall, when participants increasingly
relied on learned object-location associations.

During blind blocks, error rates remained low overall but showed
clear differences across interfaces. ANOVA revealed significant
main effects of Interface (Fpqq = 11.22, p < .001, n? = .233) and
Block (Fi2 = 45.27, p < .001, y?> = .250), with no significant
InterfacexBlock interaction (Fy 44 = 0.43, p = .654, n? = .005). Tukey
comparisons showed that the Baseline produced significantly more
errors than both size-variant interfaces (both p<0.001), while no
reliable differences were observed between the size-variant inter-
faces. The persistence of these accuracy differences without visual
labels is consistent with more stable object-location memory in
the size-variant interfaces rather than a speed-accuracy trade-off.

4.3.3 Interface Position Analysis. The interface contained 48 Side+
Corner items and 87 Middle items; to emphasize the anchor-poor
central region while maintaining representation, targets included 2
Side+Corner and 7 Middle items per interface.

Completion times by target position are summarized in Table 8
and Figure 10. Across phases, targets located at the sides and corners
were selected faster than targets in the middle of the interface,
indicating a robust advantage for positions near natural anchors.

Table 8: Study 2 completion time by position (ms) with s.d.

Regular Blocks

Position Blind Blocks
All Learning Recall
Side+Corner 7836.99 18754.18 3109.25 2599.09
(17126.08) (26088.78) (7215.66)  (2182.04)
Middle 11075.67  23556.74 5742.42 3382.70
(19681.92) (28388.75) (10662.08)  (3595.12)

ANOVA across all regular blocks revealed a significant main
effect of Position (Fi 2, = 24.75, p < .001, n? = .2317), confirming
that Side+Corner targets were completed faster than Middle targets.
A significant main effect of Interface was also observed (Fz44 = 5.80,
p =.0058, n? = .1130), along with a significant Interfacex Position
interaction (Fs44 = 10.58, p < .001, r]2 = .1066), indicating that
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Figure 10: Study 2 completion time by target position
(Side+Corner vs. Middle) across regular learning, regular re-
call, and blind blocks.

interface-related differences depended on target position rather
than being uniform across the grid.

When analyzing phases separately, learning blocks showed sig-
nificant main effects of Interface (Fy44 = 3.94, p = .0267, n? = .0647)
and Position (F12, = 11.28, p = .0028, 172 = .1027), while the
Interfacex Position interaction did not reach significance (Fo44 =
2.49, p = .0948). Follow-up tests indicated that these interface dif-
ferences were driven primarily by Middle targets: the Baseline was
slower than both size-variant interfaces for Middle targets (both
p < .007), whereas no reliable pairwise differences were observed
for Side+Corner targets.

In recall blocks, the main effect of Position remained significant
(Fr20 = 26.56, p < .001, 52 = .1953), and the InterfacexPosition in-
teraction was significant (F5 44 = 10.35, p < .001, 5> = .0976), while
the main effect of Interface did not reach significance (F;44 = 2.55,
p = .0895, n? = .0619). Tukey follow-ups again showed that in-
terface differences were confined to Middle targets: the Baseline
was slower than both size-variant interfaces for Middle targets
(all p < .0001), while Side+Corner targets did not show reliable
interface differences. This pattern indicates that size-based land-
marks selectively reduced the middle-region disadvantage when
performance depended more strongly on recall.

A similar pattern was observed during blind blocks. ANOVA
revealed significant main effects of Interface (Fz 44 = 4.62, p = .015,
n? = .0752) and Position (F 3, = 23.84, p < .001, n? = .1471), as
well as a significant InterfacexPosition interaction (Fp44 = 5.88,
p = .005, 2 = .1081). Follow-up comparisons again indicated
that differences were concentrated in the Middle region, with the
Baseline slower than both size-variant interfaces for Middle targets
(both p < .0001) and no reliable differences among interfaces for
Side+Corner targets.

Together, these results replicate the robust advantage of edges
and corners as natural spatial reference regions, while showing
that size-based landmarks selectively mitigate the middle-region
disadvantage during recall and blind blocks, when participants rely
more strongly on learned object-location associations rather than
immediate visual guidance.

4.3.4 Landmark Proximity Analysis. We further examined whether
performance varied with proximity to size-modified landmarks.
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Figure 11: Study 2 completion time (ms) by landmark prox-
imity across learning, recall, and blind blocks.

As shown in Figure 11, completion times varied across proximity
conditions. A repeated-measures ANOVA revealed a significant
main effect of landmark proximity in learning (Fs119 = 6.33,p <
.001, 7% = .131), recall (Fs 130 = 4.08, p = .002, 5% = .066), and blind
blocks (Fs 119 = 2.87, p = .018, 1% = .057).

Post-hoc comparisons indicated that targets near landmarks
were slower than targets at corner and on-landmark positions,
particularly in recall and blind blocks (all p < .05).

Across blocks, targets near landmarks consistently exhibited
higher completion times, while targets on landmarks and at corner
positions tended to show relatively lower completion times. How-
ever, this pattern was more pronounced in recall and blind blocks
than in the learning phase.

Importantly, similar performance patterns were observed during
blind blocks, when visual labels were unavailable. This suggests
reduced reliance on immediate visual cues and is consistent with
the use of spatial memory, indicating that size-based landmarks
may support memory-based representations of the interface.

4.3.5 Visual Aid Use. Use of the visual aid (Ctrl key) was analyzed
as an indicator of reliance on visual confirmation versus memory-
driven selection. Ctrl-key use was analyzed using a GLMM (bino-
mial link) with participant as a random intercept to account for
repeated measures. The analysis included one observation per trial,
yielding 23 X 3 X 12 X 9 = 7,452 binary observations (participant
X interface X block X trial), with a median of 324 observations per
participant. Including participant as a random intercept accounted
for substantial between-participant variability in visual-aid reliance
(intra-class correlation coefficient ICC ~ 0.31), justifying the mixed-
effects formulation. As shown in Figure 12, Ctrl-key use decreased
steadily across blocks, reflecting a potential transition from visually
guided search to memory-based recall. In addition, participants in
the size-variant interfaces may have reduced their reliance on the
visual aid more rapidly than in the Baseline, as suggested by faster
spatial learning and recall in those interfaces.

4.3.6  Subjective Workload and Preferences. Subjective workload
(NASA-TLX) scores were analyzed using ART [59]. Size variant
interfaces were perceived as less demanding than the uniform Base-
line, with lower reported mental and temporal effort, particularly for
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Figure 12: Proportion of Ctrl-key (visual aid) use across
blocks for Study 2 interfaces. Error bars show standard error.

the Baseline+Large condition (Table 9). Participant preferences also
strongly favoured Baseline+Large for speed, memorability, com-
fort, and overall usability, aligning with the observed performance
advantages of size-based landmarks (Table 10).

Table 9: Study 2 mean NASA-TLX scores (0 = low, 7 = high).
Standard deviations in parentheses. Performance is reversed.

Subscale Interface F ,

Baseline Baseline
+Large  +Small

Baseline

5.39 3.65 4.30 8.61 < .001

Mental Demand (131) (1.77) (172)

3.43 2.43 3.26 4.88 .012

Physical Demand (2.04) (175) (1.86)

3.83 2.52 3.17 5.32 .009

Temporal Demand (1.99) (150) (1.44)

4.61 5.91 5.26 12.25 < .001

Performance (rev.) (1.44) (131) (1.45)

Effort 4.91 3.35 4.13 899 <.001
(1.56) (1.75) (1.66)
. 4.04 2.57 3.43 9.96 < .001
Frustration

(1.87)  (1.90)  (2.04)

Table 10: Study 2 participant preferences across interfaces.

Measure Baseline Baseline+Large Baseline+Small
Speed 0 20 3
Accuracy 0 18 5
Memorization 0 19 4
Comfort 0 19 4
Overall 0 19 4
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5 Discussion

5.1 Explanations for Results

5.1.1 Size Variation and Learning Toward Memory-Based Selection.
Across both studies, performance improved with practice, consis-
tent with the power law of practice [39]. Size-variant interfaces
showed their clearest advantages in later blocks, when participants
had repeated exposure to the same target set and could increasingly
rely on learned object-location associations rather than sustained
visual search. This pattern aligns with established models of skill
acquisition, in which interaction shifts from visually guided be-
haviour toward memory-based execution with practice [19]. In
Study 2, these benefits persisted in blind blocks, where labels could
not be revealed, indicating that size variation supported durable spa-
tial representations beyond momentary visual guidance. Decreasing
reliance on the Ctrl visual aid further supports a transition toward
memory-supported behaviour as practice accumulated.

5.1.2  Perceptual and Semantic Contributions. Comparing semantic
and abstract interfaces clarifies the role of perceptual versus se-
mantic cues. In Study 1, semantic icon meaning complemented size
variation, supporting faster recall. In Study 2, where semantic infor-
mation was removed, size-based landmarks alone continued to yield
reliable benefits. This convergence demonstrates that perceptual
distinctiveness can be useful to support spatial learning, consistent
with theories of preattentive processing and visual salience [50, 60].
At the same time, semantic cues appear to strengthen spatial orga-
nization when available, likely by providing additional top-down
associations [12, 53]. The findings, therefore, suggest that size vari-
ation can operate as a foundational perceptual cue that integrates
naturally with higher-level semantic structure.

5.1.3  Effectiveness of Large Icons Landmarks. Across all analyses,
enlarged icons produced the most consistent and robust benefits.
Large icons served as stable global anchors that improved recall
accuracy, reduced completion time, and reduced dependence on
visual confirmation. Smaller icons offered more localized benefits,
particularly in dense regions, but were less reliable overall. Inter-
faces combining multiple size variations showed reduced efficiency,
likely due to competing salience and weakened visual hierarchy.
This pattern is consistent with principles from graphical perception
and information visualization, which caution against excessive het-
erogeneity [10, 13]. Spatial analyses further showed that size-based
landmarks were most beneficial in central interface regions, where
natural geometric anchors such as edges and corners were absent.
In contrast, targets near boundaries were already efficient to lo-
cate, indicating that artificial landmarks primarily compensate for
anchor-poor regions rather than uniformly improving all locations.

5.1.4 Landmarks as Spatial Anchors. Spatial position analyses in-
dicate that landmarks shape how participants organize command
locations. Enlarged items provided stable reference points, reduc-
ing the disadvantage of middle-region targets relative to natural
boundary anchors (edges and corners), suggesting that intrinsic
landmarks can compensate for anchor-poor regions in dense grids.
The persistence of performance advantages under memory-only
conditions in Study 2 supports the interpretation that size-based
landmarks contributed to the formation of spatial representations,
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rather than guiding attention moment-by-moment, instead struc-
turing retrieval over time [57].

5.2 Implications for Interface Design

Our findings suggest that intrinsic icon size variation can serve
as a lightweight landmarking mechanism in command-dense, spa-
tially stable GUIs. The following implications translate the observed
performance patterns into practical design guidance.

5.2.1 Introduce a small number of enlarged icons as spatial anchors,
particularly in central regions. Across both studies, enlarged items
provided the most consistent recall advantages, with the strongest
benefits observed for targets located away from natural boundaries.
This suggests that placing a limited number of larger icons in cen-
tral regions can compensate for the absence of edges and corners,
helping users organize spatial memory around stable reference
points.

5.2.2  Use reduced-size icons sparingly to support local differenti-
ation, not global structure. Smaller icons offered more localized
benefits and were less reliable than enlarged landmarks. Their use
is best suited for breaking symmetry or disambiguating dense clus-
ters, rather than serving as primary anchors. Overuse or excessive
size variation risks perceptual fragmentation, consistent with es-
tablished guidance on visual encoding and grouping [10, 13].

5.2.3 Maintain stable landmark placement across interaction ses-
sions. Size-based landmarks supported learning primarily through
repeated exposure and later-block performance. To preserve these
benefits, landmark positions should remain stable across sessions
and interface updates. Frequent relocation of anchors would require
relearning and undermine the formation of durable object-location
associations [14].

5.24  Align size landmarks with meaningful structure when seman-
tics are available. When icons carried semantic meaning (Study
1), size variation complemented recognition-based cues; when se-
mantics were removed (Study 2), size alone still supported recall.
In practical interfaces, aligning enlarged landmarks with stable
conceptual groupings can provide multiple retrieval pathways—by
meaning and by location—without introducing additional visual
elements.

These principles are consistent with prior work on spatial mem-
ory in interfaces [9, 14] and extend naturally to emerging contexts
such as wearable and immersive systems, where stable spatial cues
are critical for efficient recall-driven interaction.

6 Limitations and Future Work

Our studies were conducted in controlled settings using repeated
selection tasks, which supports internal validity but may not capture
the richer visual context, multitasking, and evolving command sets
of real applications. Future work should test intrinsic size landmarks
in task-oriented software (e.g., editing, visualization, development
tools) and in interfaces where commands change over time.
Although blind blocks provided a strict test of memory-based
selection, only two such blocks were included to avoid repeatedly in-
terrupting normal interaction strategies. Future work could explore
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denser or delayed blind testing to examine longer-term retention
and interference effects.

We focused on within-session learning. Although blind-block
performance indicates that participants formed usable spatial rep-
resentations, longer-term retention and transfer across days or
devices remain open. Longitudinal designs could assess persistence,
relearning costs, and cross-device generalization.

Finally, icon size is coupled with low-level salience. While blind
blocks reduce reliance on visual confirmation, future work can
further separate salience from landmarking by controlling lumi-
nance/area or comparing size against other intrinsic cues (e.g.,
outline weight). Eye-tracking could also directly characterize how
attention shifts from visual search toward memory-supported be-
haviour during learning.

7 Conclusion

Across two controlled studies, we explored icon-size variation as an
intrinsic landmarking mechanism to support spatial learning and
memory-driven interaction in dense command interfaces. Results
showed that enlarged icons consistently improved recall speed and
reduced errors for both semantic and abstract icons, with benefits
persisting under memory-only conditions. These findings show
that perceptual size distinctiveness alone can support spatial mem-
ory development of commands, with larger icons providing a better
memory aid than smaller ones, particularly in central regions lack-
ing natural boundaries. We demonstrate that icon size variation
can be a lightweight and scalable design strategy for facilitating
memory-based interaction in command-dense computer interfaces.
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