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Fig. 1. We compared two compliance types: (A) Deformable samples with soft, elastic surfaces, and (B) Movable samples, in
which a rigid platform can be displaced downwards, of different stiffnesses, to (C) a Rigid sample (C).

The force modality fundamentally transforms the interaction space of traditional touch input. When paired with compliant
devices, which deform under force and provide immediate haptic feedback, there is potential to enhance user interactions
significantly. However, the effects of compliance on force-input remain under-explored, with limited understanding of their
full potential. This paper presents the first systematic investigation of the impact of deformable, movable, and rigid surfaces on
user performance and experience through three rigorous studies (each N = 28). The results reveal previously unreported effects,
including 1) higher maximum comfortable forces on deformable surfaces, 2) user preference for soft and deformable surfaces
over rigid surfaces, and 3) improved ability to maintain force input on softer surfaces. These results highlight the benefits of
compliant surfaces, contrasting with the dominant use of force-input on rigid devices. These findings guide researchers and
designers in optimising user experience and performance of force-input interactions.
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1 INTRODUCTION
Force-input can radically transform traditional binary touch interactions, enabling continuously variable, space-
efficient input with a single finger. The granularity and flexibility of this additional input channel have enhanced
existing interaction techniques [3, 48, 57, 81, 92] and enabled new capabilities, such as force ray-cast and force-
gestures [15, 17, 31, 35, 59]. Force-input interactions have traditionally been limited to rigid devices, such as
tablets [98], phones [34, 36] or trackpads [58, 60]. However, these interactions can also be performed on ‘Compliant
Devices’, which deform in response to user-applied force. Compliant devices represent a significant [2] and rapidly
evolving [26, 32, 44, 63–65, 101, 105] field of HCI. They enable complex and novel input techniques [27, 94] and
unique interaction experiences [50, 54]. Furthermore, compliant devices uniquely alter force-input interaction
because the surface moves or deforms around the user’s finger, creating a bi-directional interaction where the
user provides force input while the device provides continuous haptic feedback. However, despite their increasing
prevalence and distinct haptic qualities, our understanding of how compliance affects force-input interactions is
limited.

While the distinctions between compliant and rigid devices are evident, compliant devices are not a homogenous
group, and there are additional factors that affect how they respond to force-input interactions. Compliant devices
have an associated ‘Stiffness’, which is the amount the device changes shape in response to an applied force, and
a ‘Compliance Type’, which alters the tactile feedback [71] and the possible user inputs—for example, deformable
devices enable gestures such as pinching, twisting, shearing, and bending [6]. There are two compliance types:
‘Deformable’ (Figure 1A) and ‘Movable’ (Figure 1B). Deformable devices [27, 41, 54, 85] are soft and elastic,
deforming around the user’s finger, altering the contact surface area and providing kinesthetic and cutaneous
feedback [71]. In contrast, movable devices [44, 50, 69] have a rigid surface which moves along a set path,
delivering only kinesthetic feedback in response to an applied force In this work, we implement the deformable
interface as a silicone cube for direct user interaction. The movable interface is implemented as a rigid platform
that moves in a single direction, allowing the user to indirectly compress the same silicone cube when pressing.
These constructions aim to create equivalent deformable andmovable devices for our experiments. In our everyday
lives movable devices are normally made of rigid elements connected to springs, motors and linear actuators.

Understanding how stiffness and compliance type affect performance and user experience during force-input
interactions is important for the proper design and effective use of compliant devices. There are two areas where
the compliance characteristics may have particular impacts. First, Mizobuchi et al. [49] has shown that increasing
the input force required reduces performance on rigid surfaces. Along with this, higher force inputs may also
increase fatigue and discomfort due to the physical exertion required. However, deformable devices could alter
this effect because surface deformation causes changes in the finger contact area, reducing the pressure on the
user’s finger. Second, the enhanced tactile feedback compliant devices provide could reduce reliance on visual
feedback during force-input interactions, which typically depend on visual cues [17, 24, 68, 98]. Improving the
performance of gaze-free force-input opens up new opportunities for interaction and can free up screen space by
reducing the need for on-screen feedback.

Prior work has explored different compliance types individually when users are provided with visual feed-
back. For example, Fruchard et al. [24] examined how the stiffness of deformable samples affected force-input
interactions and showed that high force levels were more demanding for soft surfaces, but that performance was
similar across three different levels of stiffness. Schmitz et al. [66] investigated movable devices in the context of
thumb-index pinching interactions which revealed softer counterforces reduced jitter. However, it is unclear how
these different compliance types compare against each other in the context of simple force-input interactions
such as pressing a button or touchscreen with the index finger. To address this, we pose three research questions
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to explore how deformable, movable, and rigid (Figure 1C) devices affect force-input interactions across a range
of stiffness levels:

• RQ1 How do stiffness and compliance type affect users comfortable force-input range?
• RQ2 How do stiffness and compliance type affect the force-input interaction experience with visual

feedback?
• RQ3 How do stiffness and compliance type affect the force-input interaction experience without visual

feedback?
To address these research questions, we built a bespoke force-input device with seven interchangeable samples

of varying compliance and a novel movable platform which allowed deformable samples to be used in a movable
configuration. We used this apparatus to systematically evaluate how surface samples of different compliance
types and stiffnesses impact user force-inputs, with and without visual feedback. Study 1 (N = 28) explored how
the physical properties of an input surface impact a user’s preferred force-input range (RQ1), with the resultant
ranges used for the subsequent two studies. Study 2 (N = 28) and Study 3 (N = 28) addressed RQ2 and RQ3
respectively and evaluated user performance when making discrete force-input selections. In Study 2, users
received visual feedback that clearly displayed their applied force, while in Study 3 participants received no
visual feedback and instead had to rely on their proprioception. To support transparency and future research, the
aggregated dataset from each of the three studies is publicly available at [53].

Our analysis reveals the previously unreported effects of deformable, movable, and rigid surfaces on force-input
interactions. Our contributions are:

(1) A novel, bespoke Force Input Device comprising a force sensor and sample mount that allows for accurate
force input on rigid, deformable, and movable samples, used across 15,288 trials over the three studies.

(2) Empirical evidence that users apply higher maximum comfortable forces on deformable surfaces
compared with rigid and movable surfaces (Study 1). This highlights how deformability can increase
the range over which a user can comfortably apply a force, and demonstrates the need to adjust the input
range for force-input interactions on rigid or movable devices.

(3) Empirical evidence that there is a significant impact of compliance on selection without visual
feedback, however compliance does not affect selection performancewith visual feedback (Studies
2 and 3).

(4) Empirical evidence that the stiffness and compliance type significantly impact a user’s ability to maintain a
constant force over time irrespective of whether visual feedback is provided, with soft samples reducing
input variation the most (Studies 2 and 3).

(5) Qualitative analysis revealing a strong subjective preference for force-input interactions on soft and
deformable surfaces, with a consistent aversion to rigid and hard surfaces (Studies 2 and 3).

(6) A series of design recommendations specific to findings from each of the studies, paired with overarching
recommendations that draw together the outcomes across all studies.

2 RELATED WORK
2.1 Compliant Interfaces
Compliance is a property of a material or object describing how it deforms when a force is applied. As described
in the introduction, compliant devices can be either movable and made up of rigid elements that move with
respect to each other, or deformable and made from soft, elastic materials.

Compliant interfaces are common in our everyday lives: keyboards [1], joysticks [67] and game-controllers [9]
all use compliance to provide immediate tactile feedback. The stiffness of these example compliant devices is
fixed, making them Passive-Compliant, however, more advanced Active-Compliant devices which can dynamically
change their stiffness are becoming more common in industry (e.g. the Playstation 5 adaptive triggers [14])
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and research, with devices such as surfaces [54], touchscreens [18], phones [103] and VR controllers [77]
being demonstrated. The ability of active-compliant devices to dynamically change their haptic force feedback
significantly increases the range of potential uses, including material and object replication [51, 69], online
shopping [54], medical simulation [50] and compliant tangible notifications or emojis [103]. However, these
active-compliant devices tend to require complex sensing, control and actuation systems.

As previously mentioned, compliant devices can be further categorised into deformable (Figure 1A and
movable (Figure 1B). Movable devices (such as keyboards, joysticks or pin arrays) are devices made up of
rigid elements which can be moved or reconfigured with respect to each other, providing kinesthetic feedback.
They are common in everyday settings [1], with researchers having proposed ways of creating bespoke haptic
responses [44]. Movable devices excel at rendering complex haptic force feedback [104], which can augment and
enhance input interactions, however, input is typically restricted to moving an element along a 1D path. Active
movable devices [50, 69, 70], can produce high-resolution haptic force feedback, which can enable encoding of
information into the surface [18] and simulating of physical properties [51].

Deformable devices are “those that (1) are entirely or in part made of soft and malleable materials (e.g.,
rubber), (2) require physical input to be deformed, and (3) allow users to input in ways that are unlikely (if not
impossible) with rigid interfaces” [6]. In contrast to movable devices, deformable devices provide both cutaneous
and kinesthetic feedback [72]. This is due to their soft malleable nature, which also allows users to provide input
by squeezing, twisting, bending and stretching [83]. This creates the opportunity for unique interactions, such as
sculpting on Trampoline [27] or creating a deformable workspace [93]. These interactions are not possible on
movable devices, however, the haptic force-feedback on deformable devices is less detailed and distinct, meaning
haptic features such as clicks or bumps are not currently possible. There are also several active deformable
devices [54, 102, 103], which enable these unique input techniques on a variable stiffness device. Though these
interactions are not explored in this paper, they highlight the significance of compliant devices and their potential
to radically transform interactions.

The significant potential and increasing prevalence of both deformable and movable devices emphasize
the importance of understanding the effect of compliance on force input. Changes to the physical properties
may unintentionally alter the input experiences. It may also be possible to improve force-input interaction by
dynamically altering the compliance depending on the context.

2.2 Force Input Interactions
Force provides a continuous input channel for interaction, in both visual and non-visual contexts. Zooming [48, 81]
and menu selection [99] provide baseline continuous 1D interactions. Force can also augment spatial input,
enabling a user to change the scroll speed by varying the applied force [3], facilitating 2D navigating [15] and
dynamically altering the granularity of a slider with force [57]. These approaches all provide visual feedback in
some form, allowing the user to adjust their force accordingly. They also require the user to be able to precisely
control the force applied and, in some cases, maintain the target force for extended periods.

Several other approaches forgo visual feedback, and utilise the force input channel to allow users to quickly
select between a discrete set of levels. Commercial examples, such as Apple’s “force touch” [4] allows a user
to make a “force click” to select an alternative option, quickly accessing a preview or message conversation.
Force gestures [31, 36] require users to be able to consistently recall and apply discrete force levels, or patterns of
force, to act as a shortcut. The range of force-augmented interaction techniques highlights the ability of force to
radically change the input experience. However, all of these techniques require users to be able to accurately
apply and control a force input. Understanding how the input surface impacts performance can help designers
create more expressive systems and maximise the input bandwidth.
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2.3 Force Input Studies
As highlighted in the previous subsection, the viability of force-input interactions hinges on the accuracy and
precision at which users can apply force to a device. For this reason, there have been a range of studies conducted
investigating the performance of force-input interaction under different conditions. These studies primarily aim
to understand the ability of users to accurately and efficiently apply a force to select a target, to aid the design of
force-augmented input interactions. Table 1 shows the prior work conducted, along with Studies 2 and 3 that
are presented in this paper. In this section, we discuss the key experimental elements of these studies, including
Feedback, Levels, Input Type, Selection Type, Selection method, Level types and Force Ranges and Input Surface.
Visual Feedback: Force input studies tend to have one of two levels of visual feedback: Full, in which the

participant sees which item they’re currently selecting and; None, in which a participant sees no feedback
before selection (Table 1, Visual Feedback). Ramos and Balakrishnan [59] used Partial visual feedback when only
the target cell changed colour, when a force was applied within the target cell range. While Reducing visual
feedback was implemented by Chen [12], where the level of feedback went from full to none while the participant
maintained their applied force. However, there are currently no proposed force input techniques which use
Partial or Reducing visual feedback. This explains the focus on Full and None feedback, and as such are both
included within our work.
Levels: When conducting a discrete force input, the force input range will be mapped over a series of

levels (Table 1, Levels), and applying the force within a level selects the corresponding cell (Figure 7). The visual
feedback significantly impacts the number of levels (granularity) of the selection task. Using full visual feedback,
Fruchard et al. [24] achieved ⇠95% input accuracy with 20 levels. In contrast, the accuracy of force input without
visual feedback can drop below 60% on only four targets [91].

Input Type: In the majority of research to date, a user applies force directly onto the surface using their index
finger (Table 1, Input Type). We investigate finger force input applied perpendicular to a horizontal surface, due
to the prevalence of this technique. However, other research has explored different styles of force-input including
Ramos et al. [58] who used force input with a pen, Schmitz et al. [66] who evaluated counterforce for pinch
gestures and finally Chen [12] who considered force applied horizontal to a vertical surface.
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Ta
bl
e
1.

Th
is
ta
bl
e
pr
ov
id
es

an
ov
er
vi
ew

of
st
ud

ie
s
re
la
te
d
to

Fo
rc
e-
In
pu

ts
el
ec
tio

n.
Th

e
st
ud

ie
s
hi
gh

lig
ht
ed

in
gr
ey

re
pr
es
en
tt
he

tw
o
st
ud

ie
s
pr
es
en
te
d

in
th
is
pa

pe
r.
Th

e
ta
bl
e
in
cl
ud

es
pa

rt
ic
ip
an

tn
um

be
rs

(N
)a

nd
se
le
ct
io
n
m
et
ho

ds
(Q

R
fo
rQu

ic
k
Re

le
as
e)
.A

da
sh

in
di
ca
te
s
th
at

da
ta

fo
rt
he

re
sp
ec
tiv

e
ca
te
go
ry

is
no

ta
va
ila
bl
e.

ID
Pa

pe
r

Vi
su

al
Fe

ed
ba

ck
Le

ve
ls

In
pu

t
Ty

pe
Se
le
ct
io
n

Ty
pe

Se
le
ct
io
n

M
et
ho

d
Le

ve
l

Ty
pe

Fo
rc
e

R
an

ge
C
om

pl
ia
nc

e
Ty

pe
St
iff

ne
ss

N

1
Pr

es
su

re
W

id
ge

ts
[5
8]

Fu
ll

4/
6/
8/

10
/1
2

Pe
n

Di
sc
re
te

Se
lec

tio
n

QR
Pr

e-
Se

t
NR

Ri
gi
d

Ri
gi
d

12

2
Pr

es
su

re
W

id
ge

ts
[5
8]

Pa
rti

al
4/
6/
8/

10
/1
2

Pe
n

Di
sc
re
te

Se
lec

tio
n

QR
Pr

e-
Se

t
NR

Ri
gi
d

Ri
gi
d

12

3
Pr

es
stu

re
s[

60
]

No
ne

2/
3

Fi
ng

er
Di

sc
re
te

Se
lec

tio
n

Ge
stu

re
Us

er
Se

t
0-
10

00
fg

Ri
gi
d

Ri
gi
d

8

4
Ex

pl
or

at
io
n
of

pr
es
su

re
in
pu

t[
91

]
Fu

ll
4/
6/
8/
10

Fi
ng

er
Di

sc
re
te

Se
lec

tio
n

Dw
ell

QR
/S
tro

ke
Pr

e-
Se

t
0-
4N

Ri
gi
d

Ri
gi
d

12

5
Ex

pl
or

at
io
n
of

pr
es
su

re
in
pu

t[
91

]
No

ne
2/
3/
4/
5

Fi
ng

er
Di

sc
re
te

Se
lec

tio
n

Dw
ell

QR
/S
tro

ke
Pr

e-
Se

t
0-
4N

Ri
gi
d

Ri
gi
d

12

6
Sq

ui
sh

Th
is

[2
4]

Fu
ll

12
/1
6/
20

Fi
ng

er
Di

sc
re
te

Se
lec

tio
n

QR
Us

er
Se

t
0-
5.5

1N
(4
.80

,6
.57

)
De

fo
rm

ab
le

Sh
or
e

H
ar
dn

es
s:

50
A,

20
A,

10
A

24

7
Sq

ue
ez

y-
Fe

ely
[6
6]

Fu
ll

25
/5
0/
75

Pi
nc

h
Di

sc
re
te

Se
lec

tio
n

&
H
ol
d

Cl
ick

er
Pr

e-
Se

t
-

M
ov

ab
le

1.1
2N

/m
m
,

2.2
4N

/m
m

18

8
H
um

an
ha

pt
ic

in
te
ra
ct
io
n
w
ith

so
ft
ob

je
ct
s[

12
]

Re
du

cin
g

-
Fi
ng

er
(S
id
e)

H
ol
d

-
Pr

e-
Se

t
2-
8N

De
fo
rm

ab
le

(W
/Th

im
bl
e)

3.3
N/

m
m
,

2.2
0N

/m
m
,

1.6
5N

/m
m

3

9
St
ud

y
2

Fu
ll

20
/4
0/
60

Fi
ng

er
Di

sc
re
te

Se
lec

tio
n

&
H
ol
d

Cl
ick

er
Pr

e-
Se

t
20

5-
68

3g
f

Ri
gi
d

De
fo
rm

ab
le

M
ov

ab
le

Sh
or
e

H
ar
dn

es
s:

30
A,

50
-0
0,

10
-0
0

28

10
St
ud

y
3

No
ne

4
Fi
ng

er
Di

sc
re
te

Se
lec

tio
n

&
H
ol
d

Cl
ick

er
Pr

e-
Se

t
20

5-
68

3g
f

Ri
gi
d

De
fo
rm

ab
le

M
ov

ab
le

Sh
or
e

H
ar
dn

es
s:

30
A,

50
-0
0,

10
-0
0

28

 



Investigating the Impact of Deformable, Movable, and Rigid Surfaces on Force-Input Interactions • 7

Selection Type: Selection type (Table 1, Selection Type) is how the force is transformed into a system input.
Most research has used a discrete selection type, where a user applies a force before making a confirmation to
select a level, mirroring a traditional selection interaction. In contrast, Chen [12] conducted a continuous (hold)
selection, in which the applied force is input over a time frame. Schmitz et al. [66] augmented the traditional
discrete selection with a hold period after confirmation, asking participants to maintain the applied force for three
seconds. This approach tested the ability of the participant to make a discrete selection, while also measuring
their ability to control that force over time. In our work, we follow this approach of discrete selection and hold.
Selection Method: Research has been conducted to evaluate the impact of the selection method on discrete

force selection, proposing methods such as hold/dwell [58], quick release (QR) [16] and gestures [60]. However,
there has not been any research investigating the impact of compliance on the selection method, therefore it
is not clear if and how this will have an impact. Schmitz et al. [66] used a clicker, held in the non-dominant
hand, to try and remove any effect of selection. Furthermore, effects similar to the “Heisenberg Effect of Spatial
Interaction” [100], where discrete inputs disturb the applied value, may influence force-input selection. This could
be counteracted by having separate hands applying force and making selections.
Level Type and Force Range: Discrete force input requires the input levels (Table 1, Levels) to be mapped

to a force range, with a minimum and maximum force that define the bottom and top of the levels respectively.
Most papers use a set force range which is consistent for all participants and conditions (Table 1, Force Range).
However, Fruchard et al. [24] allowed users to set their own range, over which the levels were distributed, while
Rendl et al. [60] allowed users to set the individual levels (Table 1, Level Type). These approaches may offer some
improvements, however, as with the selection method, it’s not clear how force range and compliance interact with
task performance, and it’s plausible that changes in force range between participants could affect performance.
Although using a pre-set force range will increase consistency between participants, what that range should be is
not clear from the existing literature.
Surface: The surface is the physical object onto which the user applies their force input. Most studies have

used rigid surfaces (Table 1, Compliance Type), however, some papers have considered force input on compliant
surfaces. Fruchard et al. [24] using silicone cubes to create a deformable surface for force input, with their results
showing a limited effect of stiffness on selection time and crossings. While Schmitz et al. [66] evaluated input
performance on a movable device, using a mechanical device with springs to provide resistance when conducting
a pinching interaction. The input for this device was the index finger-thumb distance and they did see a significant
impact of counterforce when conducting pinch gestures when compared with no counterforce. Chen [12] used
silicone rubber samples for the deformable surfaces, and a rubber cot and a rigid thimble were placed on the
user’s finger to reduce cutaneous feedback, going some way to replicating the differences between deformable
and movable surfaces.

2.3.1 Summary. This demonstrates a need for studies evaluating the impact of compliant characteristics on force-
input interactions. Compliant interfaces, both movable and deformable, offer unique interaction experiences,
with active-compliant devices further enhancing these through dynamic haptic feedback. Existing research
demonstrates the potential of force-input to improve current interactions and enable novel ones, but their
success relies on users’ ability to make accurate and precise inputs. While this has been studied on rigid surfaces,
compliant surfaces remain under-explored. Understanding the effects of compliance on interaction design is
essential to fully realise the potential of force-input techniques across various contexts

3 EXPERIMENTAL SETUP & APPARATUS
The same physical experiment setup was used across all three studies; we describe the setup and apparatus
within this section. The two primary components of the setup are a bespoke force sensor—the Force Input Device
(FID)—which sensed the participants applied force, and custom surface samples, which were mounted onto the FID
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Fig. 2. Overview of the Force Input Device (FID) and its components. (A) The FID is shown in isolation. (B) The FID with
a deformable sample, (C) movable sample, and (D) rigid sample attached. (E) Detailed construction of the FID, with the
internal components labelled, including two cross-sectional views.

and deformed differently in response to participants’ applied force. The setup additionally included a clicker to
confirm selections, a display for the study GUI, and a box to cover the participant’s hand for selected conditions.

3.1 Force Input Device (FID)
The FID, shown in Figure 2A, was designed as both a mount for the interchangeable surface samples and a sensor
to measure the user’s applied force. We chose this approach as force sensing should not impact the physical
properties of the sample, therefore finger or surface-mounted sensors would be inappropriate. Previous work
commonly uses force-sensing resistors (FSRs) to capture user input. However, these have several limitations,
including the requirement for discrete components and circuitry to obtain a readable signal [79] along with
the need for calibration and mapping, and conversion between pressure and force [89]. We identified the TE
Connectivity FX29 Compact Compression Load Cell1 as an alternative that addresses these challenges. They are
pre-calibrated and carry out on-board conversion, transmitting the force reading via � 2⇠ , they also provide much
higher accuracy (hysteresis of 0.8% compared with 5% for an FSR 2). The limitation of this sensor is that it does
not provide a flat surface on which a sample can be mounted (as an FSR would). Instead, a housing is required
which can transfer user-applied force directly onto the force sensing area.

The construction of the FID is shown in Figure 2E. At the base of the FID was the force sensor housing, a 3D
printed PLA case to hold the FX29 Compression Load Cell, along with two linear bearings. The sample holder
was constructed from 3D printed PLA with two 5mm steel rods extending from the base which interfaced with
the bearings in the sensor housing. This held the steel rods perpendicular to the force sensor, ensuring consistent
force transfer and also limiting the sample holder to one degree of freedom, sliding vertically. The sample holder
had a flat square surface in the centre, with two neodymium magnets embedded into it. These mated with two

1TE Connectivity FX29: https://www.te.com/usa-en/product-CAT-FSE0006.html
2OHMITE FSR Datasheet: https://www.ohmite.com/res-fsr-rev-4.23/
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Fig. 3. Force-displacement curves for the six compliant samples from the robot arm compliance evaluation. The three different
stiffness levels are represented by different colours, while the two compliance types are distinguished by dashed and solid
lines.

magnets in the base of each sample to ensure the surface sample and the sample holder were firmly connected.The
sample holder also had two bearings, one on either side of the sample, through which the movable sample could
slide, providing low-friction, vertical-only movement. We share the 3D models for the FID in the supplementary
material to support reproducibility.

3.2 Surface Samples
Seven different surface samples were used during the studies, all with an area of 20mm ⇥ 20mm. The rigid (Fig-
ure 2D) and deformable (Figure 2B) samples were each made of a single material, plastic and silicone respectively.
The movable (Figure 2C) samples were mechanical, fabricated out of rigid surface (3D printed PLA) mounted on
two 4mm steel rods running through two linear bearings (Figure 2E, Movable Sample). An ellipse of size 14mm
⇥ 20mm [90] extended out the bottom of the PLA plate and made contact with the deformable sample placed
below the plate. As the user pushed the plate down, the ellipse would press into the silicone sample and deform
it, providing resistance to the user.
Rigid Sample: 3D printed on an Ultimaker S5 with PLA.
Deformable, Soft: softer than the human finger with shore hardness 00-10. (Ecoflex™ 00-103)
Deformable, Medium: similar to the human finger with shore hardness 00-50. (Ecoflex™ 00-504)
Deformable, Hard: stiffer than the human finger with shore hardness A-30. (Dragon Skin™ 305)
Movable, Soft: The Deformable, Soft sample is placed in the movable holder providing soft compliance on a

movable surface.
Movable, Medium: The Deformable, Medium sample is placed in the movable holder providing medium

compliance on a movable surface.
Movable, Hard: The Deformable, Hard sample is placed in the movable holder providing hard compliance on a

movable surface.
Each of the six deformable and movable samples was mechanically inspected using a UR3 robotic arm, which

was used due to the high position control and force measurement accuracy it provided. Figure 3 shows the six
force-displacement curves, demonstrating the consistency between each of the deformable-movable sample pairs
for a given compliance level. All three deformable samples were 20mm deep, though the overall travel possible
3Ecoflex™ 00-10: https://www.smooth-on.com/products/ecoflex-00-10/
4Ecoflex™ 00-50: https://www.smooth-on.com/products/ecoflex-00-50/
5Dragon Skin™ 30: https://www.smooth-on.com/products/dragon-skin-30/
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Fig. 4. Setup for Studies 1–3. Including the selection clicker (A) held in the participant’s non-dominant hand; the touchscreen
display (B) showing the study tasks and used input survey responses; and the opaque box (C) obscuring the participant’s
dominant hand and the sample from their view.

was practically constrained by the stiffness. The surface of all seven samples was covered with a 1mm sheet of
latex, which ensured that other tactile cues (such as thermal conductivity or texture) were controlled.

3.3 Selection Method
During the studies, participants had to select and then hold their force for three seconds. This meant that selection
methods which involve the participant lifting their hand (i.e. Quick Release) or pausing (i.e. Dwell) to select
would not be suitable, as it would disrupt the three-second hold phase. We, therefore, followed the approach of
Schmitz et al. [66], which also asked participants to select then hold their force, and used a clicker held in the
participant’s non-dominant hand, to enable this without altering their applied force.

3.4 Study Setup and Procedure
The participants sat at a desk (Figure 4), with the height adjustable chair to ensure participants were comfortable.
The position of the FID could be swapped to either the right or left hand, depending on the participant’s handedness.
In front of the user’s dominant hand is a 10 cm raised platform, providing a surface for the participant to rest
their arm. The FID is sunk into the platform’s surface, resulting in the top of the surface sample being in line
with the platform. This allows participants to press down on it as if they were pushing into a flat display. This
approach emulates using a touchscreen device, such as a phone or tablet, laid flat on a table while the user presses
into it with their index finger. Although holding the device during interaction is common, this method offers
two benefits. First, it limits the interaction to a single finger, simplifying the task compared to scenarios where
the user holds the device. Second, it ensures a controlled and repeatable posture, reducing variation between
participants. Additionally, this approach is commonly used in prior work [24, 60]. The position of the FID can
be adjusted, by being moved closer or further away from the participant, depending upon their arm length. At
points during the studies, the FID and the participant’s dominant hand were both obscured from view, below a
box. At these points, the participant placed their hand through a fabric curtain into the box and navigated to the
FID. There was a physical guide under the box to ensure the hand placement was consistent. Between samples,
the user could remove their hand from the box and answer the survey questions on a touchscreen display. To
reduce friction on the surface and increase consistency between sample textures, participants were provided
with magnesium powder to coat their index finger on their dominant hand [22]. Participants were given a wired
clicker, which they held in their non-dominant hand. This clicker was used to confirm their force input during
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the studies. On the desk, directly in front of the participant, was a 21-inch touchscreen display. This displayed
the study software, which showed the participant the current task. This display also showed the surveys, which
the participant would touch the screen to complete. During all studies, participants were greeted on arrival and
provided with an information sheet, before being given the opportunity to ask any questions. They then filled
out a consent form and a short survey to record age, gender, and dominant hand.

4 STUDY 1: COMFORTABLE FORCE INPUT RANGE
Ensuring users can apply force over a wide but comfortable input range could increase user preference and
performance, however the relationship between comfortable force input range and the compliance of the input
device is not fully understood. To select the most appropriate force input range for Studies 2 and 3, we wanted to
understand how the surface sample affected user comfort during force-input interactions. Therefore, we set out
to answer:

• RQ1 How do stiffness and compliance type affect users comfortable force input range?
We achieved this by investigating the impact of surface sample on (i) the user’s lowest and highest comfortable

force inputs, and (ii) their ability to maintain their comfortable force inputs, reflected in the following research
sub-questions:

• RQ1.1 What is a suitable force-input range that is comfortable for users?
• RQ1.2 How do compliance type and stiffness impact users’ preferred comfortable force input range?
• RQ1.3 How do compliance type and stiffness impact users’ ability to maintain and control their preferred

force inputs?

4.1 Study Design
To answer the research questions, participants were asked to input their comfortable force levels on the different
surface samples. Before any samples were shown, the task was contextualised for the participant. They were
told to imagine they are using force to provide input into an interactive device such as a phone or tablet. They
were provided with examples of setting their volume using force or scrolling through a webpage and instructed
to keep in mind that their comfort levels should reflect a force they could apply for regular interactions without
it becoming challenging or tiring.

The study was a within-subject design with two tasks – Task I: setting the lowest and highest comfortable
force for a single selection and, Task II: setting the lowest and highest comfortable force before holding for three
seconds. For both tasks, the participant applied force to the sample with their dominant hand, before using the
clicker to confirm their force input. There was no lower limit on the force the participant had to apply for their
force input to be registered. The study alternated between these tasks for a given sample, by showing the five
following statements to the participants, instructing them to apply force in different ways.

(A) ‘Please familiarise yourself with the surface and explore the range of force you feel comfortable applying,
from softest to hardest’.

(B) ‘Please apply your LOWEST comfortable level of force’.
(C) ‘Please apply your HIGHEST comfortable level of force’.
(D) ‘Please apply and HOLD your LOWEST comfortable level of force for three seconds’.
(E) ‘Please apply and HOLD your HIGHEST comfortable level of force for three seconds’.
For each sample, participants were initially shown statement A, before being shown the remaining four

statements (B–E) three times each (e.g. A - BCDE - BCDE - BCDE). Participants were divided into two conditions,
half being asked to apply their lowest force first (B, C, D, E) and half their highest first (C, B, E, D). The study setup
and procedure were followed as described in subsection 3.4. In total, the study took approximately 20 minutes.
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4.1.1 Independent Variables. We manipulated the following independent variables:
• Surface sample: We used the seven different surface samples described in subsection 3.2.
• Target: Highest and lowest comfortable force.
• Hold: Participants were either instructed to release (Task I) or hold (Task II) the force after selection

with the clicker.
When excluding the rigid sample, the remaining compliant surface samples were broken into two further

independent variables:
• Compliance Type: Deformable and movable.
• Stiffness: Soft, medium and hard.

During the Study, the order of all seven surface samples was counterbalanced using a balanced Latin square
to reduce any learning or fatigue effects. For each of the seven surface samples the block of four tasks (2 Target
⇥ 2 Hold) was repeated three times. This provided a total of 84 trials per participant. Across the 28 participants,
this was 2352 trials in total. In total, each study took approximately 20 minutes.

4.1.2 Dependent Variables. We captured the following dependent variables during the user study, all force values
are measured in grams-force (gf):

• Applied Force (Task I & II): The force the participant is applying when they confirm their selection (65 ).
• Hold Range (Task II): The difference between the minimum and maximum force applied over the

three-second hold phase after the participant makes their selection (65 ).
• Hold Drift (Task II): The difference between the applied force level at the beginning and end of the

three-second hold phase, measured in 65 /B .
• Hold standard deviation (Task II): The standard deviation from the mean over the three-second hold

phase (65 ).

4.1.3 Participants. We recruited 28 participants (18 identified as male, 10 as female), aged between 18 to 42 (Mean
= 23.6, f = 5.6). All had full mobility of their index finger on their dominant hand, 26 were right-handed and 2
left-handed.

4.1.4 Analysis. We analysed the data to understand the impact of the dependent variables, using the following
approach:

• Applied Force (Task I & II): The lowest, highest and range for comfortable values were calculated and
a two-way repeated measures ANOVA (RM-ANOVA), with factors of surface sample and hold was
conducted on each (lowest, highest and range).

• Hold Control (Task II): A two-way RM-ANOVA with factors of surface sample and target was
conducted for the hold range, drift and standard deviation.

To explore the effect of stiffness and compliance type we then conducted two further three-way RM-
ANOVA’s, with the rigid sample removed from the data set and the remaining six samples decomposed into
the two factors. For brevity, we only report effects or interactions of stiffness and compliance type for the
three-way RM-ANOVA.

We log-transformed positively skewed data following the approach by Dragicevic [21]. Due to the nature
of the study, outliers were possible from unintended inputs, such as accidental clicks or releasing the applied
force by mistake. Furthermore, there was no upper limit on the possible applied force, and no upper or lower
limit on any of the hold variables, which increased the potential for outliers. Winzorisation has been shown
as a robust method for reducing the effect of outliers on the standard deviation of normally distributed data,
without significantly impacting it [20]. We used graphical inspection of the data combined with our knowledge
of the variables to apply appropriate Winsorizations, as recommended by Ghosh and Vogt [25]. During Study
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Table 2. Significant results of the RM-ANOVA, for Study 1. * indicates significant results where ? < .05, ** significant results
where ? < .01, *** and significant results where ? < .001

Line # Measure Effect F DFn DFd ? [2

1 Highest Comfortable Force Sample 2.636 4.14 111.91 0.036* 0.089
2 Highest Comfortable Force Hold 4.257 1 27 0.049* 0.136
3 Lowest Comfortable Force Sample 3.06 3.81 102.88 0.022* 0.102
4 Lowest Comfortable Force Hold 5.009 1 27 0.034* 0.156
5 Lowest Comfortable Force Compliance Type 12.04 1 27 0.002** 0.31
6 Applied Force Range Compliance Type 9.48 1 27 0.005** 0.26
7 Hold Range Target 117.38 1 27 < .001*** 0.81
8 Hold Drift Target 27.81 1 27 < .001*** 0.51
9 Hold Standard Deviation Target 116.35 1 27 < .001*** 0.81

1, all the dependent variables had a similar likelihood of outliers therefore outliers were limited using a 95%
Winsorization across all trials. The assumption of normality was tested using a Shapiro-wilks test and Mauchly’s
test of sphericity was used to check the assumption of sphericity, where it indicated the assumption was violated,
we used Greenhouse-Geisser to correct. We report the effect size of a factor with the partial eta square ([2? ), this
is qualified in terms of small (< .01), medium (< .06) and large (< .14) based off Cohen [13]. The results of the
RM-ANOVA were reported only when there was a significant interaction, with a summary of them provided in
Table 2, however the full tables of results for all studies are included in the supplementary material. When the
RM-ANOVA showed a significant effect for a given factor (? < 0.05), a Holm-Bonferroni corrected pairwise t-test
was used for post hoc-analysis. Due to the positively skewed force ranges, we report the median (-̄ ) along with
the 95% median confidence intervals, unless stated otherwise.

4.2 Results
4.2.1 Comfortable Force Ranges. There was a median lowest comfortable value of -̄ = 205 gf [5%, 95%⇠� = 196 gf,
216 gf] and the highest comfortable value of 683 gf [650 gf, 729 gf], with a comfortable force range of 439 gf
[410 gf, 467 gf]. These median lowest and highest comfortable values were used as the comfortable force range

Fig. 5. Median lowest and highest comfortable forces for each of the seven Surface samples, for Study 1. The highest
comfortable force is notably higher for the three deformable samples compared to the three movable and rigid samples. The
graph includes 95% upper and lower median confidence intervals.
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for Studies 2 and 3. The results for the lowest and highest comfortable force values for all samples are shown in
Figure 5.

There was a significant effect (�4.14,111.91 = 2.64, ? = .036,[2? = .089) of sample on lowest comfortable
force value, with a medium effect size. The post hoc tests only showed a significant difference between hard
deformable and rigid. There was also a significant main effect of hold (�1,27 = 4.257, ? = .049,[2? = .136) on
lowest comfortable force value, with a medium effect size. The lowest comfortable force was higher for the hold
task (-̄ = 209 gf [192 gf, 225 gf]) compared to no hold (-̄ = 204 gf [191 gf, 216 gf]). There was no significant
effect of either stiffness or compliance type on the lowest comfortable force.

There was a significant effect (�3.06,102.88 = 306, ? = .022,[2? = .102) of sample on highest comfortable force
value, with a medium effect size. The post hoc tests did not show any significant difference between samples.
There was a significant main effect of hold (�1,27 = 5.01, ? = .034,[2? = .156) on the highest comfortable force
value, with a large effect size. With the highest comfortable force also higher on hold (-̄ = 693 gf [648 gf, 756 gf])
compared with no hold (-̄ = 672 gf [629 gf, 733 gf]). The three-way RM-ANOVA showed the effect of compliance
type was significant (�1,27 = 12.04, ? = .002,[2? = .31) with a large effect size. The highest force applied to
deformable samples (-̄ = 758 gf [697 gf, 838 gf]) was larger than that applied on the movable samples (-̄ = 647 gf
[586 gf, 689 gf]), indicating that participants found it more comfortable to apply large forces to deformable
surfaces.

There was no significant effect of either sample or hold on comfortable force range. The three-way RM-
ANOVA showed that compliance type had a significant effect on comfortable force range (�1,27 = 9.48, ? =
.005,[2? = .26) with a large effect size. As with the highest comfortable force, participants applied a larger range
to deformable samples (-̄ = 493 gf [435 gf, 551 gf]) compared with movable samples (-̄ = 408 gf [343 gf, 446 gf]).

Hold Measures: The hold measures reported below are calculated during Task II when the participant presses
the clicker and lasts for three seconds afterwards, during which the participant is instructed to maintain their
force. The results for the hold range, drift and standard deviation for the lowest and highest comfortable force
values are shown in Figure 6.

4.2.2 Hold Range. Over all trials, the median range of force values during the hold was 69 gf [63 gf, 76 gf]. The
analysis showed that only the effect of target on hold range was significant (�1,27 = 117.38, ? < .001,[2? = .81),
with a large effect size. The post hoc tests showed a significant difference (? < .001) between the range of
force values for the lowest comfortable force (-̄ = 40 gf [37 gf, 44 gf]) compared with the range for the highest

Fig. 6. Median hold range, drift, and standard deviation between participants’ lowest and highest comfortable forces. The
impact of target on the magnitude of all three measures can be seen, as all are larger when applying the highest comfortable
force. The graph includes 95% upper and lower median confidence intervals.

ACM Trans. Comput.-Hum. Interact.

 



Investigating the Impact of Deformable, Movable, and Rigid Surfaces on Force-Input Interactions • 15

comfortable force (-̄ = 134 gf [123 gf, 149 gf]). There was no significant effect of sample, compliance type or
stiffness on hold range.

4.2.3 Hold Drift. We calculated the amount of drift during the three-second hold by carrying out a linear
regression and obtaining its slope, reported in 65 /B . A positive hold drift means the applied force increased after
the three-second hold, while a negative hold drift means it decreased. The hold drift measure helps us understand
if the input force is undergoing a consistent change in either direction. The median hold drift over all trials was
�8.4 gf/s [�10.0 gf/s, �6.9 gf/s], suggesting that force decreases over time during the hold. The analysis showed
that only the effect of target on hold drift was significant (�1,27 = 27.81, ? < .001,[2? = .51), with a large effect
size. The post hoc tests showed participants tended to be stable at the lowest comfortable force value (-̄ = �1.6 gf
[�2.7 gf, �0.2 gf]), while their force reduced when holding the highest comfortable force value (-̄ = �24.7 gf/s
[�27.9 gf/s, �20.8 gf/s]). There was no significant effect of either sample, stiffness or compliance type on hold
drift.

4.2.4 Hold Standard Deviation. Finally, we report the standard deviation of the force values during the three-
second hold which characterises the total movement around the mean. The median hold standard deviation
was 19.2 gf [17.7 gf, 21.3 gf]. The analysis showed that the effect of target on hold standard deviation was
significant (�1,27 = 116.35, ? < .001,[2? = .81), with a large effect size. The post hoc tests showed a significant
difference (? < .001) in standard deviation between lowest comfortable force value (-̄ = 11.1 gf [10.1 gf, 12.4 gf])
and highest comfortable force value (-̄ = 36.7 gf [32.8 gf, 39.9 gf]). There was no significant effect of either
sample, stiffness or compliance type on hold standard deviation.

4.3 Summary and Discussion
This study set out to answer RQ1 which we broke down into RQ1.1–1.3. Our results demonstrate that a suitable
comfortable force-input range lies between 205 gf [5%, 95%⇠� = 196 gf, 216 gf] and 683 gf [650 gf, 729 gf] (RQ1.1).
They also provide insights into how the surface sample has an impact on the lowest comfortable force and that
users prefer to apply higher comfortable forces and larger comfortable force ranges on deformable surfaces (RQ1.2).
The study did not show a significant impact of compliance type on hold standard deviation, hold range or hold
drift (RQ1.3). However, there was a large and significant difference for hold standard deviation, hold range and
hold drift between the lowest and highest comfortable force ranges.

4.3.1 Lowest and Highest Comfortable Input Force. The lowest and highest comfortable input force commonly
used in prior studies are presented by Fruchard et al. [24]; they use a force range of 0� 5.51N and pointed to other
works with ranges of 0 � 4 N [49], 0 � 10 N [46] and 0 � 3.5 N [98]. This study has established a median highest
comfortable force value of 682 gf (6.69 N) and a median lowest comfortable force value of 205 gf (2.01 N). These
results contrast with the prior work, with the highest input force being higher than most prior studies, indicating
the range over which users can apply comfortable forces is not being fully utilised. Along with this, all prior
work used an input force of 0 N for the lowest level, while our results also show that users do not necessarily find
it comfortable to apply such a low level of force. The use of a threshold for the lowest force input may improve
the user experience. Although our range is for the most common type of touch-input interactions, the input
posture can significantly impact the force users apply to devices [82], therefore it’s likely that the comfortable
force ranges will change depending on posture.

From these results we also see significant variations across participants, highlighted in the large confidence
intervals. This indicates that comfortable force is a personal metric and depends heavily on the individual.
Interestingly, the variation is larger for the highest comfortable force value compared with the lowest comfortable
force value, even as a percentage. Exactly what traits affect preference for the highest comfortable force value
is unclear, but factors could include fingertip surface area, fingertip sensitivity, and finger or arm strength.
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Furthermore, the results from these studies will likely be specific to the demographics and may be skewed because
of the age (Mean = 23.6, f = 5.6) or gender (18 identified as male, 10 as female) distributions of the participants.
Our results provide clear evidence that users should be able to set their own force-input range, especially the
highest force value.

4.3.2 Impact of Sample. Our results reveal a significant difference in the highest comfortable force value set
on deformable vs. movable surfaces, showing that deformable samples allow users to apply higher comfortable
force values before reaching discomfort. As we controlled for the level of hardness, which was validated with
a robotic arm (see Figure 3), we can speculate this difference may be caused by the increased contact area on
deformable surfaces as they are compressed, reducing the pressure on the fingertip. This provides a clear example
of how the different compliance types, which have been used interchangeably, can distinctly alter the force input
experience and therefore must be treated differently. Researchers and practitioners should be mindful that the
highest comfortable force values set on deformable surfaces will likely be uncomfortable on movable surfaces.

Our results for the effect of stiffness differ from those of Fruchard et al. [24] despite some overlap in the
sample stiffness ranges, with medium (Shore Hardness 00-50) and hard (Shore Hardness A-30) samples in this
study being comparable to soft (Shore Hardness A-10) and medium (Shore Hardness A-20) samples in their
paper. Fruchard et al. [24] found higher comfortable forces for their softer samples compared to the medium
and hard samples, whereas our study shows no significant effect of stiffness on the highest comfortable force
levels. There are several potential explanations for this. First, the most likely explanation is that the FSR used to
measure force in their study was placed between the participant’s finger and the surface. This would affect the
surface deformation, and therefore the cutaneous feedback, because the FSR is flexible but not elastic. Second,
we used a clicker to confirm selection whereas Fruchard et al. [24] used the “Quick Release” (QR) technique in
which participants quickly remove the applied force to make a selection. It could be that on softer samples, the
deformation from the applied force and the resultant finger movement alters the QR gesture, or that participants
apply more force to perform the gesture more easily. Finally, it could be that the relationship between comfort
and stiffness is non-linear, and that our samples reflect where this relationship plateaus.

4.3.3 Hold Phase. Our results show that it is much harder to hold higher force levels consistently (Figure 6), as
can be seen by significantly higher ranges and standard deviations of applied force during the highest comfortable
force hold. Along with this, participants drifted downwards much more when applying their highest comfortable
forces, providing further evidence that they find it difficult to maintain these forces for a duration of time. The
study did not find any impact of sample on the hold performance, however the study showed that participants
were applying higher forces on the deformable samples which could have contributed to increased variation.
Therefore, we will consider the relationship between compliance type and hold control in studies 2 and 3.

Recommendations. Based on our results, we draw the following two recommendations for setting force
ranges for force selection applications:

(1) The force input range should not by default begin at zero; instead, it should be defined by user input.
(2) Users should be able to set their own highest input force value to account for large variations between

users.

4.3.4 Limitations. There are several limitations to the results of Study 1. First, although the participants were
provided with some context before completing the task, there was no context within the application and it was
an abstract task. It may be possible that a user’s preferred range varies depending on the context or application.
Next, no longitudinal data was collected, instead all the tasks were completed during a single session. It may also
be the case that user preferences change over time, as they become more familiar with force input interactions.
In addition, a comfortable force is a subjective concept that may vary significantly between individuals. A more
objective measure could be the highest and lowest force a user can apply without significant fluctuations. Finally,
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Fig. 7. The interface for Study 2, shows 20-cell scale (A), 40-cell scale (B) and 60-cell scale (C). The target cell is highlighted in
red and applied force is in blue. (D) shows the interface during the hold phase, after selection.

we only investigated one type of input posture, and prior research has shown that different force input ranges
exist for other postures such as thumb-finger pinching [66].

5 STUDY 2: DISCRETE FORCE SELECTION WITH VISUAL FEEDBACK
Study 1 established the preferred lowest and highest comfortable force values, along with the impact of the
compliance type when applying the highest comfortable force. These findings are used in this Study, as well
as Study 3, which both seek to investigate discrete force selection on compliant surfaces. The use of force for
discrete selection is well established, with various examples in the literature [58, 60]. However, as highlighted in
the introduction, the physical characteristics of a surface can potentially influence force input [12, 24], something
which we sought to understand with the following research question:

• RQ2 How do stiffness and compliance type affect the force input interaction experience with visual
feedback?

We build on prior research [12, 24, 33], expanding in three key ways. First, we consider (i) deformable surfaces,
(ii) movable surfaces and (iii) a rigid surface together, which has not been done before (see Table 1). Second, we
use empirically derived pre-set values for the lowest and highest force levels to control for the effect of input
force on user performance. Third, we conduct a discrete selection and hold task, evaluating users’ ability to locate
and maintain a target force. To answer RQ2, we broke it down into the following research sub-questions:

• RQ2.1 How do the input surface sample, target, and scale affect the users’ accuracy and efficiency of
force selection with visual feedback?

• RQ2.2 How do the input surface sample, target, and scale affect the user’s ability to maintain a
constant force input after selection, with visual feedback?

• RQ2.3 How do the input surface sample and scale impact the demand, workload, and user experience
of a force selection task with visual feedback?

5.1 Study Design
We used a within-participants repeated measures design and, following the approaches of similar studies [24, 66],
we conducted a visual target acquisition and selection task. Participants interacted with the system by applying
force onto the FID described in subsection 3.1: increasing the force raises the selection value, and decreasing the
force lowers it. As the participants changed their applied force, the selected cell moved (shown by the blue bar in
Figure 7A). The scale is mapped linearly over the force range, which was set based on the medium comfortable
values calculated from Study 1. The lower comfortable value of 205 gf was used as the bottom of the first cell,
with the higher comfortable value of 683 gf as the top of the last cell. This mapping was consistent across all trials.
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Following the approach of Schmitz et al. [66] the task required the participant to navigate to the target value,
select it using the clicker and hold the force for three seconds. The participant began the task by resting the index
finger of their dominant hand on the surface without applying force. They were then shown a target value (red)
on the linear scale and had to apply force onto the surface, shown by the force cell (blue), to navigate to the target
cell before using a clicker in their non-dominant hand to select their input. Participants were instructed to reach
the target as quickly and accurately as possible. They were told that if they found the target was impossible to
reach they should get as close as they could and confirm. After the selection, the visual feedback was maintained
and the participant had to hold their final force for three seconds (Figure 7D), after which they were prompted to
release their force. Once they release their force, there is a short pause before they are shown the next target value.
During all tasks, the participant’s dominant hand and the sample are hidden from view to eliminate potential
visual feedback from their finger or the surface, ensuring that the only feedback comes from the on-screen visuals.

Once all the trials for a given combination of surface sample and scale were completed the participant filled
out the NASA TLX questionnaire, and after all scales for a given surface sample the participants filled out a
Likert scale questionnaire and were encouraged to take a short break. Once all surface samples had been seen
the participants completed a short semi-structured interview. The study setup and procedure were followed as
described in subsection 3.4. In total, each study took approximately one hour, with most participants taking two
or three breaks.

5.1.1 Independent Variables. The following independent variables were manipulated:
• Surface sample: We conducted trials with the seven different surface samples described in subsec-

tion 3.2.
• scale: We varied the granularity of the interaction scale, by changing the total number of cells between

20 (Figure 7A), 40 (Figure 7B), and 60 (Figure 7C). We selected these values based on pilot testing, in which
these scales showed significant variance in ease of selection.

• target: There are five different target levels (Low: 10%, Mid-Low: 30%, Mid: 50%, Mid-High: 70%, and
High: 90%), from which participants were shown one per trial. For all scales, the target cell was the one
which occupied the given percentage level (where 0% is the lowest force level and 100% is the highest).

By excluding the rigid sample, the remaining compliant surface samples could be broken into the following two
further independent variables:

• Compliance Type: There are two compliant types; deformable and movable.
• Stiffness: There are three levels of stiffness tested; soft, medium and hard.

For each of the seven surface samples, participants would perform 30 trials, consisting of five targets
repeated twice, on each of the three scales. The order of the surface samples was counter-balanced using a
balanced Latin square. For each surface samples, the scale were shown in order of increasing difficulty (20, 40,
and 60), while the order of targets was randomised for each repetition. This resulted in 7 surface samples ⇥ 3
scales ⇥ 5 targets ⇥ 2 repetitions = 210 trials per participant. This resulted in a total of 5880 trials over all 28
participants.

5.1.2 Dependent Variables. We captured the following dependent variables during the user study.
• Success: Whether the participant was on the target cell when they made their selection.
• Task Completion Time: The time taken by the participant, between applying the minimum threshold

force and pressing the clicker to select the input (B).
• Crossings: The number of times the participant crossed into the target cell. We do not include leaving

the cell as a crossing.
• Hold Range: The difference between the maximum and minimum force applied over the three seconds

after the participant makes their selection (65 ).
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• Hold Drift: The drift in the force level applied over the three seconds after selection, measured in 65 /B .
• Hold Standard Deviation: The average deviation from the mean over the three seconds after selec-

tion (65 ).
To evaluate the impact of the surface on the task, participants were asked to conduct the NASA TLX (Appendix

A.1) after completing each combination of scale and sample (21 questionnaires per participant). After completing
the 30 trials within a given sample, they then completed a short questionnaire consisting of four 7-point Likert
scale questions asking how pleasant, comfortable, stiff, and deformable they perceived the surface (Appendix
A.2). Finally, after completing all trials the participants completed a Sample Perception Survey (Appendix A.3)
– a post-experiment semi-structured interview where the participants ranked the seven samples in order of
their preference for using them during the study. The participants were also asked about their perceptions and
preferences of the stiffness and compliance styles. The semi-structured interviews were audio-recorded with
participants’ consent and the recordings were transcribed.

5.1.3 Participants. We recruited 28 participants (16 identified as male, 12 identified as female), aged between
18 to 38 (Mean = 21.0, f = 4.3). All had full mobility of their index finger on their dominant hands, with 25
right-handed and 3 left-handed. They were compensated with £10 each for taking part in the study.

5.1.4 Analysis. Success is a dichotomous dependent variable and it was not possible to analyse using an RM-
ANOVA. Instead, we used a binomial logistic generalised linear mixed model (optimised with BOBYQA), with
surface sample, scale and target. We also created a four-way model with the rigid sample removed from
the data set and the remaining six samples decomposed into stiffness and compliance type – the remaining
two factors were scale and target. Following an approach by Nakagawa and Schielzeth [52] we calculate the
explanatory power of the models for both fixed and random effects and for just the fixed effects. We calculated
the chi-square (j2) and the p-values of the individual effects using a likelihood ratio test (LRT). We used an
approach proposed by Stoffel et al. [80] to calculate the semi-partial '2 ('2

B? ) for each effect, which describes
the level of variance explained by the effect. Finally, we conduct pairwise comparisons of the log-odds between
levels of fixed effects with significant differences. We then report the estimated marginal means (`) and the 95%
confidence intervals. The fixed effects were coded as ordinal variables.

All dependent variables apart from success were evaluated using a three-way RM-ANOVA with surface
sample, scale and target as factors to compare compliant versus rigid samples. We also then conducted a
four-way RM-ANOVA with the rigid sample removed and six other samples decomposed into stiffness and
compliance type. For brevity, we only report effects or interactions of stiffness and compliance type for the
four-way RM-ANOVA and four-way generalised linear mixed model.

For the RM-ANOVA, dependent variables which were positively skewed were log-transformed to correct
for this. As with Study 1, we used Winzorastion to reduce the effect of outliers. However, outliers for certain
dependent variables were less common. First, the number of crossings could not increase significantly by accident
(i.e. by pressing the clicker), therefore outliers were less common and it was Winzorised to 1% lower and 99%
upper. Next, although the completion time has a lower limit of zero, there is a risk of outliers at the higher end
from input errors. Therefore, the completion time was Winsorized to 5% lower and 95% upper. Outliers were
more common for all three hold variables, as they could change significantly through a mistaken input (i.e.
releasing the force) and were possible at both the lower and upper ends. Therefore a 5% lower and 95% upper
winsoriations was applied consistently across the three variables. The assumption of normality was tested using
a Shapiro-Wilks test and Mauchly’s test of sphericity was used to check the assumption of sphericity, where it
indicated the assumption was violated, we used Greenhouse-Geisser to correct. We report the effect size of a
factor with the partial eta square ([2? ), this is qualified in terms of small (< .01), medium (< .06) and large (< .14)
based off Cohen [13]. The results of the RM-ANOVA were reported only when there was a significant interaction,
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Table 3. Significant results of the binomial regression and RM-ANOVA, for Study 2. * indicates significant results where
? < .05, ** significant results where ? < .01, *** and significant results where ? < .001

Line # Measure Effect j2 / F DFn DFd ? '2
B? / [2

1 Success Scale 163.34 4 108 < .001*** 0.0296
2 Success Target 360.91 2 54 < .001*** 0.0641
3 Success Scale ⇥ Target 23.07 8 216 0.003** 0.0072
4 Completion Time Scale 104.83 1.53 41.29 < .001*** 0.80
5 Completion Time Target 147.99 2.25 60.81 < .001*** 0.85
6 Completion Time Scale ⇥ Target 2.84 8.00 216.00 0.005 * 0.10
7 Crossings Scale 120.03 1.25 33.78 < .001*** 0.82
8 Crossings Target 6.90 2.23 60.08 0.001 ** 0.20
9 Crossings Scale ⇥ Target 2.26 5.46 147.34 0.046 * 0.08
10 Hold Range Sample 5.65 6.0 162.0 < .001*** 0.17
11 Hold Range Scale 123.20 2.0 54.0 < .001*** 0.82
12 Hold Range Target 89.98 2.2 58.7 < .001*** 0.77
13 Hold Range Scale ⇥ Target 2.60 8.0 216.0 0.01 * 0.09
14 Hold Range Stiffness 9.77 2.00 54.00 < .001*** 0.27
15 Hold Drift Scale 3.89 2.00 54.00 < .001*** 0.13
16 Hold Drift Target 74.73 2.58 69.77 < .001*** 0.74
17 Hold Drift Scale ⇥ Target 6.90 4.36 117.85 < .001*** 0.20
18 Hold Standard Deviation Sample 6.01 6.00 162.00 < .001*** 0.18
19 Hold Standard Deviation Scale 157.30 2.00 54.00 < .001*** 0.85
20 Hold Standard Deviation Target 81.50 2.13 57.40 < .001*** 0.75
21 Hold Standard Deviation Scale ⇥ Target 2.50 8.00 216.00 0.013 * 0.09
22 Hold Standard Deviation Stiffness 10.32 2.00 54.00 < .001*** 0.28

with a summary of them provided in Table 3, however the full tables of results for all studies are included in
the supplementary material. When the RM-ANOVA showed a significant effect for a given factor (? < 0.05), a
Holm-Bonferroni corrected pairwise t-test was used for post hoc-analysis. We either report the mean (`) along
with the 95% confidence intervals, or the median (-̄ ) along with the 95% median confidence intervals.

Responses from the subjective questionnaires were analysed using Friedman tests with the “coin” package
in R [39] to check for effects within each factor in non-parametric data before conducting a post hoc pairwise
Wilcoxon signed-ranked test. This approach did not let us detect interactions. We report the median score for the
questionnaires along with the Mean Absolute Deviation (MAD). Finally, qualitative data was collected from the
semi-structured interviews, transcripts were reviewed, and 94 quotes were extracted. These were categorised
using inductive thematic analysis [7, 8] to iteratively craft themes that comprised participants’ reflections.

5.2 Results
5.2.1 Success. The overall success across all trials was ` = 67%( [60%, 73%]), this ranged from the low-target on
the 20-level scale (` = 89%[84%, 92%]) to the highest target on 60-level (` = 37%[29%, 46%]). The success results
for each sample are shown in Figure 8, success, and for each combination of scale and target in Figure 9, success.
The three-way binomial logistic generalised linear mixed model was created with sample, target and scale as
fixed effects with an interaction between target and scale and participant number as a random effect. This
model yielded the lowest Akaike information criterion (AIC) value when comparing models. The explanatory
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Fig. 8. Median values for (left to right from top left) success rate, completion time, crossings, hold range, hold drift and hold
standard deviation across all seven samples in Study 2. The graph includes 95% upper and lower median confidence intervals.

Fig. 9. Median values for (left to right from top left) success rate, completion time, crossings, hold range, hold drift and hold
standard deviation across each combination of target and scale in Study 2. The graph includes 95% upper and lower median
confidence intervals.
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power of the model was (⇠>=3 .'2 = .256) for both fixed and random effects and ("0A68=0; .'2 = .117) for just the
fixed effects. There was a significant (j28,216 = 23.07, ? = .003,'2

B? = .0072) two-way interaction effect between
target and scale on success. There was a simple main effect (? < .001) of target on all levels of scale, with
performance best on 20-level (` = 81%[76%, 86%]) and worst on 60-level (` = 51%[43%, 59%]). Post hoc tests
showed how performance on the high target was significantly (? < .001) worse compared with all other targets.
Along with this, on the 20-level and 40-level scales, the success rate falls as the target increases. However, this
trend is not seen for the 60-level scale, and instead, success is highest on the mid-target. A four-way model was
also created with fixed effects of stiffness, compliance type, target and scale, with an interaction between
target and scale, and participant number as a random effect, its explanatory power was (⇠>=3 .'2 = .258) for
both fixed and random effects and ("0A68=0; .'2 = .115) for fixed effects. The four-way model did not show
significance for compliance type or stiffness.

5.2.2 Completion Time. Across all trials the median completion time was 2.45 s [2.41 s, 2.50 s]. The completion
time results for sample are shown in Figure 8, completion time, and for scale and target in Figure 9, completion
time. The three-way RM-ANOVA showed a significant (�8,216 = 2.84, ? = .005,[2? = .1) two-way interaction
between scale and target with a medium effect size. There was a simple main effect of target (? < .001) for
all levels of scale, with completion time increasing with scale from 2.07 s [1.99 s, 2.13 s] for 20-level to 2.84 ms
[2.75 s, 2.95 s] at 60-level. The completion time increased with the target level, with a significant difference
between each target for the 20-level and 40-level scales, while the low and mid-low targets were consistent for
the 60-level scale. However, the completion time was the largest on the high target for all scales. The four-way
RM-ANOVA did not show significance for compliance type or stiffness.

5.2.3 Crossings. Across all trials the median number of crossings was 3.0 [3.0, 3.0], the median crossings for
each sample are shown in Figure 8, crossing, and for each combination of scale and target in Figure 9, crossing.
The three-way RM-ANOVA revealed a two-way interaction between target and scale (�5.46,147.34 = 2.26, ? =
.046,[2? = .08), with a medium effect size. There were simple main effects of target for all levels of scale, with
the median number of crossings increasing with scale, from 2.0 [2.0, 2.0] for 20-levels to 4.0 [4.0, 4.0] for 60-levels.
There was also a two-way interaction between stiffness and scale (�4,108 = 2.55, ? = .043,[2? = .09), with a
medium effect size, however there were no simple main effects of stiffness for any level of scale. The post hoc
tests showed that crossings were largest on the high target, while crossings on the mid-target changed depending
on the scale. The four-way RM-ANOVA did not show significance for compliance type or stiffness.

5.2.4 Hold Range. Across all trials, the median hold range was 31 gf [30 gf, 31 gf]. The hold range results for
each sample are shown in Figure 8, hold range, and for each combination of scale and target in Figure 9, hold
range. Example force-input graphs for the three-second hold period are shown in Figure 10, for different level
targets and different scale granularities. There was a significant effect (�6,162 = 5.65, ? < .001,[2? = .17) of
sample on hold range, with a large effect size. Post hoc tests showed that the hold range for soft and medium
deformable samples was significantly lower than hard deformable (?  .046) and rigid (? = 0.046), and that the
soft movable was significantly lower than the hard deformable (? = .014). There was also a significant two-way
interaction (�8,216 = 2.6, ? = .01,[2? = .09) between scale and target on hold range, with a medium effect size.
There was a simple main effect of the target at every level of scale, with the hold range decreasing from the
20-level scale (-̄ = 35 gf [34 gf, 36 gf]) to the 60-level scale (-̄ = 27 gf [27 gf, 28 gf]). The hold range is different
between targets for the three scales, however they all followed the same trend which is that the hold range
increases with the target (i.e. the high target exhibited the largest hold range). Along with this, there was a
significant effect (�2,54 = 9.77, ? < .001,[2? = .27) of stiffness on hold range, with a large effect size. The hold
range was significantly larger for the hardest (-̄ = 33 gf [32 gf, 34 gf]) compared with both the softest (-̄ = 29 gf

ACM Trans. Comput.-Hum. Interact.

 



Investigating the Impact of Deformable, Movable, and Rigid Surfaces on Force-Input Interactions • 23

[28 gf, 30 gf]) and medium samples (-̄ = 30 gf [29 gf, 31 gf]). There was no significant difference between the soft
and medium samples.

5.2.5 Hold Drift. A positive hold drift shows that the applied force increases over the three-second hold phase,
while a negative value means the applied force decreases. The median hold drift across the study was 0.1 gf/s
[0.0 gf/s, 0.2 gf/s], with themedian hold drift on each sample shown in Figure 8, hold drift, and for each combination
of scale and target are in Figure 9, hold drift. There was a significant two-way interaction (�4.36,117.85 = 6.90, ? <
001,[2? = .20) between scale and target on hold drift, with a large effect size. There was a simple main effect of
target on all levels of scale, however, there were only simple main effects of scale on the mid-high and high
targets. The applied force increased the most on the low target (-̄ = 1.5 gf/s [1.3 gf/s, 1.8 gf/s]) and decreased the
most on the highest target (-̄ = �1.2 gf/s [�1.5 gf/s, �0.8 gf/s]), with negative drift on the high and mid-high
targets reducing from 20-level to 60-level scales. There was no effect of stiffness or compliance type on hold
drift.

5.2.6 Hold Standard Deviation. The median hold standard deviation was 7.3 gf [7.2 gf, 7.4 gf]. The hold standard
deviation results for sample are shown in Figure 8, hold standard deviation, and for each combination of scale
and target in Figure 9, hold standard deviation. There was a significant effect of sample (�6,162 = 6.01, ? <
001,[2? = .18) on hold standard deviation, with a large effect size. Post hoc tests showed standard deviation on
the rigid and hard deformable samples was significantly higher than the soft deformable (?  .049) and medium
deformable (? = 0.45), and hard deformable was significantly higher than soft movable (? = .004). There was also
a significant two-way interaction (�8,216 = 2.50, ? = 0.013,[2? = .09) between scale and target on hold standard
deviation, with a medium effect size. There was a simple main effect of the target at every level of scale, with
standard deviation decreasing from the 20-level scale (-̄ = 8.5 gf [8.4 gf, 8.8 gf]) to the 60-level scale (-̄ = 6.5 gf

Fig. 10. Example graphs showing the applied force during the three-second hold period, for (from left to right) the lowest
target on the 60 cell scale (P25), middle target for 40 cell scale (P17) and the highest target on the 20 cell scale (P6). The
graphs provide an example of how hold range and hold standard deviation increase with scale size and target force. They
also demonstrate the lower level of drift on the 60-cell scales and at the mid-target.
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[6.3 gf, 6.6 gf]). Last, there was a significant main effect of stiffness (�2,54 = 10 � .32, ? < 001,[2? = .28) on hold
standard deviation, with a large effect size. Post hoc tests showed standard deviation increased with stiffness,
with significant differences between the hard samples (-̄ = 7.7 gf [7.5 gf, 8.0 gf]) and both the soft (-̄ = 7.0 gf
[6.8 gf, 7.2 gf]) and medium samples (-̄ = 7.1 gf [6.9 gf, 7.3 gf]) at ?  0.004.

5.2.7 Demand and Workload Survey. The NASA-TLX questions were used to judge the demand and workload
of discrete force selections on different scales and different samples (see Table 7). The results of the analysis of
the demand and workload survey are shown in Table 5 and Table 6. For all measures of the NASA-TLX, scores
increased with scales, with significant differences between all scales (?  0.001), clearly indicating the increase
in demand and workload as the scale increases. For sample, participants reported differences in physical demand,
temporal demand and performance, however, there were no significant effects seen between individual samples
in the post hoc tests. When evaluating the effects of compliance type and stiffness on demand and workload,
the only significant effect (? = .004) was of compliance type on physical demand, with physical demand being
significantly lower on the deformable samples.

5.2.8 Sample Perception Survey. The results for participants’ perception of the comfort and pleasantness of the
seven samples are shown in Figure 11, while the results of the analysis are provided in Table 8 and Table 9.
Participants answered on a Likert scale from 1 (lowest) to 7 (highest).

The analysis showed a significant effect of sample (?  0.001) and stiffness (?  0.009) on both measures. The
soft samples (-̄ = 4 [MAD = 1.48]) were rated significantly (? = 0.007) more pleasant than the hard samples (-̄ = 3
[MAD = 1.48]), and the hard samples (-̄ = 3 [MAD = 1.48]) was significantly less comfortable (?  0.032) than
both the soft (-̄ = 4 [MAD = 1.48]) and medium samples (-̄ = 4 [MAD = 1.48]). There was also a significant
effect (? = 0.009) of compliance type on comfort. The deformable samples (-̄ = 4 [MAD = 1.48]) were perceived
as significantly more comfortable compared with the movable samples (-̄ = 3 [MAD = 1.48]).

Participants were also asked about their perception of the physical properties of the sample, the results of
which are shown in Table 10. On the whole, participants’ perceptions aligned with the physical properties of the
samples, however, participants perceived the deformable samples (-̄ = 2 [MAD = 1.48]) as softer than movable
samples (-̄ = 4 [MAD = 2.22]).

Fig. 11. Median scores for participant perceptions of how comfortable and pleasant each sample was, along with their
ranking of each individual sample, for Study 2. The graph includes Mean Absolute Deviation (MAD) from the median score.
Scores were given between 1 (lowest) and 7 (highest).
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5.2.9 Individual Sample Ranking. During the post-study interview, participants ranked the seven samples, from
one (least favourite) to seven (most favourite) in terms of their preference for using them during the study. The
rankings are shown in Figure 11 and the results of the Friedman test are presented in Table 8 and Table 9. Overall,
rigid was the least preferred sample, with compliance significantly impacting participants’ ranking, with softer
and medium samples being ranked higher.

5.2.10 Post-Study Interview. We carried out a thematic analysis on the quotes extracted from the semi-structured
interviews conducted with participants after the studies, we have broken up the analysis into three sections
Perceived Performance, Perceived Feeling, and Sample Perception based on the themes discussed by the
participants.

Perceived Performance. More than half of the participants (n = 16) commented on whether a specific compliance
type or stiffness made the study easier or harder (e.g. more difficult to deform, easier to complete task). The soft (5
easier/3 more difficult), medium (3/0), deformable (3/0) and movable (6/3) all leaned towards making the task
easier, while hard (1/4) and rigid (1/4) were perceived as making it more difficult. Over half of the participants (n
= 17) also commented on whether a specific compliance type or stiffness impacted their performance in terms
of “control” or “accuracy”. The control and accuracy of the soft (5 improved/3 reduced), medium (3/0), and
deformable (4/2) samples were somewhat positively viewed, while the results for movable (6/1) were most clear,
with participants commenting on the increased control it provides. For instance, P5 stated “I’d say this one
[Movable], allows you to push down and hold it there. I feel like it was easier to control than any of these.” Twelve
participants provided additional reasons why samples impacted their performance. Most common among these
was how samples improved their awareness of applied force, in particular for soft (3) and movable (3) samples,
with P20 saying about soft “I kind of know how much pressure I’m applying. It’s easier to gauge how much pressure”.
Participants also described how the effort was reduced (soft:1, movable:1) or increased (hard:1, rigid:2).

Participants’ performance perception of different stiffness samples matches the ranking survey results. Rigid is
consistently perceived as reducing performance by lowering control and accuracy. In contrast, soft samples elicit
mixed opinions: some participants believe that increased travel enhances performance, while others disagree.
The medium sample, though less frequently mentioned, is often viewed positively, suggesting it may offer a good
compromise with its reduced travel. Regarding compliance type, perceptions of movable and deformable were
mixed, but movable was more frequently viewed in a positive light.

Perceived Feeling. Participants (n = 17) expressed their preference for the sample based on how it felt to use. Eight
participants mentioned how “comfortable” a sample was, with soft (7) and deformable (4) being mentioned the
most often; while six described samples as uncomfortable, focusing mainly on hard (3) and rigid (2). Participants
also described the hard and rigid samples as “fatiguing” (Hard:2, Rigid:1) as well as “painful” (H:1, R:3). These
illustrate that participants perceived force-input interactions on the hard and rigid samples as negative, calling
them “uncomfortable” or “painful”, and repeatedly describing the soft and deformable samples as “comfortable”.

Sample Perception. Five participants mentioned the amount of travel or motion on the soft samples, with two
being positive towards the motion, such as P4, “travel made it feel like the zone I was trying to hold it in was quite a
lot bigger” ; while the other three disliked it, including P6: “like you’re pressing but [there’s] almost nothing”. Three
participants liked soft (1) and medium (2) movable samples as they were familiar, comparing them to a piano or
keyboard. Finally, several participants discussed conflicts in their preferences, usually between perceived feel and
performance, such as P17: “I’d actually say that despite this being less comfortable [Hard]. I felt like it was easier,
with the precision” ; and P10 stating: “I feel the softer ones are more comfortable, but it’s harder to get exactly at the
right place”.
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Summary. Overall, participants felt the samples impacted their performance, with the hard and rigid samples
being seen as making the task more difficult and reducing performance, while the soft and medium samples were
more divided. Softer and deformable samples were viewed as comfortable while the rigid and hard samples were
painful and fatiguing, demonstrating a consistent impact of sample on perceived feeling. This demonstrates a
consistent preference towards soft and deformable samples and away from hard and rigid samples for conducting
force interactions.

5.3 Summary and Discussion
Study 2 was conducted to answer RQ2, which was divided into research sub-questions RQ2.1–2.3. Our results
show that there is no significant difference of sample on selection performance (RQ2.1), however it has demon-
strated how increases in target detriment success, completion time and crossings, especially at the highest target
level. We also see a reduction in performance across all measures with increasing scale. Study 2 demonstrated,
for the first time, that with visual feedback the choice of sample can significantly reduce the applied range and
standard deviation of force applied during hold interactions (RQ2.2), with the soft deformable sample having the
best hold performance. The range and standard deviation when holding force-input with visual feedback both
increased with target, matching the trend from selection, while participants had positive drift when applying
lower forces and negative drift on higher forces. All the measures of hold performance improved with increases in
scale, likely due to the more granular feedback. Finally, the impact of sample on the user experience (RQ2.3) was
significant. Although the effect of sample on workload and demand was limited, both comfort and pleasantness
were higher on soft samples and lower on hard and rigid samples. This trend was also observed in both the
individual sample rankings, in which rigid was consistently worst, and in the qualitative feedback in which
perceptions of performance and feeling were better for soft samples.

5.3.1 Sample Impact on Hold. This is the first study to establish the impact of stiffness on performance when
holding force-input for short durations. Our findings reveal a significant reduction in hold range and standard
deviation on softer surfaces, suggesting that they facilitate more precise hold input interactions. This observation
is particularly noteworthy as it underscores the potential for optimising hold selection mechanisms in interactive
systems. We speculate that softer samples may dampen small movements or vibrations of a user’s finger during
the hold phase, which would normally be transferred to an applied force on rigid samples. We therefore believe
it’s possible to leverage this dampening effect to enhance the stability and accuracy of force-based interactions.

5.3.2 Sample Impact on Preference. Along with the impact of the sample on hold performance, Study 2 also
established clear user preferences for input surface. The most substantial result is the significant dislike for
conducting force input interactions on rigid surfaces, seen consistently across the majority of participants. This
finding is particularly striking, as the vast majority of force input interactions use rigid surfaces [15, 17, 48, 57].
Participants comment on how conducting force input on a rigid or hard surface is “uncomfortable”, “fatiguing”
and “painful”, yet this is the default approach. These results strongly suggest we should move away from force
input on rigid surfaces and look to provide soft and even deformable interfaces where possible to improve user
force input experience. If this is not possible, designers must be aware that force input interactions on rigid
surfaces will likely become tiring and unpleasant and must reduce the required force input or the time conducting
the input accordingly.

5.3.3 Impact of Target on Performance. The impact of target on performance is shown in Figure 9, where
performance is worse on the highest target across all measures. Performance normally reduces as the target level,
and therefore force required, increases. However, this is not always the trend and we observed that for success
rates on the 60-level scale and crossings across all scales, performance was best on the mid-target and reduced
towards the lowest and highest targets. This indicates that above a certain force level, accuracy, efficiency and
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control begin to break down. It seems likely that force input interactions should be restricted to a force range
below this breakdown limit. Interestingly this limit is lower than the median higher comfortable force for this
set-up established in Study 1. Our results suggest that the force input range should be limited to 80% of the
comfortable force range. Restricting force input interactions to this range, would increase success, and reduce
completion time, crossings and hold performance.

Recommendations. Based on the findings from Study 2, we present the following three recommendations
for force input interactions with visual feedback:

(1) Force-hold interactions should be conducted on soft deformable surfaces, to optimise performance and
user experience.

(2) Force-input interactions should be avoided on rigid surfaces as participants find them uncomfortable
and unpleasant.

(3) The force range of force input interactions should be limited to 80% of the maximum comfortable
force, to prevent performance breakdown observed at higher target forces.

5.3.4 Limitations. There are several limitations to this study. The first is that within the study each participant
carried out 210 force input trials, spending nearly an hour pressing with the same finger. It’s unlikely a user
would conduct this interaction repeatedly for this amount of time and so will have potentially increased fatigue
and strained the user’s finger. This may have caused participants to mention phases such as “tiring”, “painful” and
“uncomfortable” more often, however as the samples were counterbalanced it should have affected all samples
equally. It is also worth noting that the inclusion of the hold phase likely increased the physical workload,
potentially contributing to overall fatigue. Excluding the hold phase, as in other studies [24], might have mitigated
this effect. Another limitation of the study is that the force-input range is fixed for all samples to prevent force
range from acting as a confounding factor, and we observed large variations in comfortable force-input ranges in
Study 1. This meant some participants were applying forces above or below their comfortable range, which may
have reduced their overall performance. It therefore may have been possible to increase the average performance if
users had used personalised force ranges. Similarly, force input was mapped linearly to the applied force, although
non-linear mappings, such as increasing the target width at higher forces or using “Fisheye levels” [68], could
have improved performance. It is possible that such mapping techniques could provide overall improvements or
make the user more consistent across the force scale.

6 STUDY 3: DISCRETE FORCE SELECTION WITHOUT VISUAL FEEDBACK
In this study, we examine discrete force selection without visual feedback. Our over-arching hypothesis is that
the kinesthetic feedback that a user receives from applying a force to a compliant object improves their ability to
recall the discrete force levels. Whether or not compliance impacts input during gaze-free force-input interactions
has not been addressed in the literature, and we aim to address this by answering RQ3:

• RQ3 How do stiffness and compliance type affect the force-input interaction experience without visual
feedback?

To do so, we conduct a study which investigates how surface sample and the visibility of the participant’s finger
(Finger visibility) affect performance. More specifically, we break RQ3 down into the following three research
sub-questions:

• RQ3.1 How does the surface sample, Finger visibility and input target affect the users’ accuracy and
efficiency of force selection without visual feedback?

• RQ3.2 How does surface sample, Finger visibility, and input target affect a user’s ability to maintain
a constant force input after selection without visual feedback?
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Fig. 12. Study 3 UI. The three screens show the UI during the main study for the Selection (A). Hold (B) and Confirmation
feedback (C) stages. The red cell is the target, while the yellow cell is the feedback, indicating the cell the participant selected.

• RQ3.3 How does the surface sample and Finger visibility impact the demand, workload, and user
experience of a force selection without visual feedback?

6.1 Study Design
Building on the approaches of Wang et al. [91] and Fruchard et al. [24] we conducted a within-participant target
acquisition and selection task without visual feedback. The core input interaction was identical to Study 2, with
the participant applying force to the FID (subsection 3.1) to select a cell, before pressing a clicker with their
non-dominant hand to confirm the selection. However, in contrast with Study 2, the participant did not receive
visual feedback about which cell they were selecting before the confirmation, instead having to rely on their
proprioception and recall to select the correct level.

For each sample, the participant would first go through a set training phase (described in subsubsection 6.1.1)
before beginning the recall phase of the study. The recall phase involved two blocks of 12 trials each, with the
participant’s finger seen and unseen to understand whether or not the visual feedback from the fingertip when
applying force (e.g. visibly depressing and changing colour) would affect input performance. The order of these
blocks was counterbalanced for each participant and was consistent across all of their samples.

The participants were shown (Figure 12 A) a target value (red) on the linear scale and were required to apply
force onto the surface to navigate to it before using a clicker in their non-dominant hand to confirm their input
then hold the force for three seconds (Figure 12 B). Participants were instructed to reach the target as quickly
and accurately as possible. After the selection and hold, a yellow cell showed which level they had selected when
they pressed the clicker, and they were prompted to release their force (Figure 12 C). Once they release their
force, there is a short pause before they are shown the next target value. For all trials, the scale had four levels
and they were mapped linearly over the force range defined in Study 1, however, the top and bottom cells were
unbounded (described in subsubsection 6.1.2).

After all the trials for a given block, the participant completed a short NASA TLX questionnaire covering the
demand and workload during that block. Then, once both blocks for a given sample were complete, a Likert scale
questionnaire was completed on their perceptions of the sample they had just been using. Participants were
then encouraged to take a short break. Once all surface samples were tested the participants completed a short
semi-structured interview. The study setup and procedure were followed as described in subsection 3.4, with the
only difference being that the box was removed during the finger seen condition. Each study approximately took
one hour, and participants normally took two or three breaks.

6.1.1 Training Phase. The training phase was conducted each time the participant was presented with a new
sample and consists of the following three stages with gradually decreasing levels of visual feedback (see
Figure 13):
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Fig. 13. The UI for training during Study 3. The three stages Full Visual, Partial Visual and No Visual are shown for both the
incorrect force being applied (Off Target) and the correct force being applied (On Target).

(1) Full Visual: The current cell selected by the participant is highlighted in blue to inform them of their
applied force at all times (Figure 13, Full Visual).

(2) Partial Visual: The applied force is only shown when they apply a force within the target range and the
target cell changes colour from red to blue (Partial Visual).

(3) No Visual: Their applied force is not indicated at any point during the selection phase, however, they are
still shown their selected level after selection (Figure 13, No Visual).

During all stages of training, participants were shown each target at least once, repeating the target a maximum
of three times or until they selected it correctly. After completing all four targets within a given training stage,
they progressed to the next stage. Once stage three was complete, there was a short pause (five seconds) before
participants began the recall phase.

6.1.2 Scale Selection. The scale comprised four levels centred at 12.5% (low), 37.5% (mid-low), 62.5% (mid-high),
and 87.5% (high), each with a width of 25% of the scale. The total width of the scale was based on the comfortable
ranges established in Study 1 (the same as Study 2) with a minimum force of 205 gf and a maximum force of 683 gf.
The lowest (level 1) and highest level (level 4) are unbounded, meaning that values below 0% (205 gf) and above
100% (683 gf) will be registered as selections for the lowest and highest levels respectively. Choosing unbounded
upper and lower levels significantly reduces the difficulty of selecting these extremes. We adopted this approach
for two reasons: first, it aligns with previous key work [58, 60, 91], and second, it enhances ecological validity,
mirroring how force selection would likely be implemented in real-world applications. A minimum threshold of
50 gf was used to prevent a participant from selecting a level without touching the sample.

6.1.3 Independent Variables. The following independent variables were manipulated:
• Surface sample: We conducted trials with the seven different surface samples described in subsec-

tion 3.2.
• Target: We used four scale levels as described in subsubsection 6.1.2.
• Finger visibility: The participant’s dominant hand used for input is either visible to them (seen) or

obscured from view (unseen).
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When excluding the rigid sample the remaining compliant surface samples are broken down into the following
two independent variables:

• Compliance Type: There are two compliant types; deformable and movable.
• Stiffness: There are three levels of stiffness tested; soft, medium and hard.

The three independent variables were varied in a repeated measures design. For each of the 14 combinations
of surface samples and Finger visibility, participants would perform 12 trials, consisting of 3 repetitions of
4 targets. The seven surface samples were counterbalanced using a balanced Latin square, resulting in 14
distinct orders. Each of the 14 orders was shown with both finger-seen and finger-unseen first, resulting in a
total of 28 unique orders of the surface samples and Finger visibility, one being seen by each participant. This
resulted in 7 surface samples ⇥ 4 targets ⇥ 2 Finger visibility ⇥ 3 (repetitions) = 168 trials per participant.
Along with this, participants conducted at least 12 (3 ⇥ 4 targets) training repetitions for each sample, for a
total of 84 training trials per participant. This gave at least 252 trials in total for each participant, for a total of
7056 trials over all 28 participants.

6.1.4 Dependent Variables. We captured the following dependent variables during the user study:
• Success: Whether the participant was on the target cell when they made their selection.
• Task Completion Time: The time taken by the participant, between applying the minimum threshold

force to pressing the clicker to select the input (B).
• Hold Range: The difference between the maximum and minimum force applied over the three seconds

after the participant makes their selection (65 ).
• Hold Drift: The drift in the force level applied over the three seconds after selection, measured in 65 /B .
• Hold Standard Deviation: The average deviation from the mean over the three seconds after selec-

tion (65 ).
We did not measure crossings in Study 3 because participants may not pass through the target area at all (if

their selection ability is poor) without visual feedback and with significantly fewer levels.
Participants completed the same questionnaires and interviews as in Study 2. This involved a NASA TLX (Ap-

pendix A.1) after completing each combination of scale and sample (21 questionnaires per participant). They also
answered four 7-point Likert scale questions regarding how pleasant, comfortable, and compliant the sample was,
along with the softness of the surface (Appendix A.2). Finally, after completing all the trials, a semi-structured
interview in which the participant ranked all the samples and discussed their preferences for sample stiffness
and surface rigidity was completed (Appendix A.3).

6.1.5 Participants. We recruited 28 participants (15 identified as male, 12 identified as female, and 1 preferred
not to say), aged between 18 to 58 (` = 27.8, f = 12.0). All had full mobility of their index finger on their dominant
hands with 27 right-handed and 1 left-handed. They were compensated with £10 each for taking part in the study.

6.1.6 Analysis. We used the same analysis approach for Study 3 that was used in Study 2, described in subsub-
section 5.1.4. The same bounds for Winsorization as described in Study 2 were used in Study 3. A summary of the
significant results is provided in Table 4.

6.2 Results
6.2.1 Success. The overall success across all trials was ` = 65%( [64%, 66%]). The success results for each combi-
nation of sample and target are shown in Figure 14, success rate. The binomial logistic generalised linear mixed
model was created with sample and target as main effects, finger visibility was excluded from the model as it
reduced model performance and participant number was a random effect. This model yielded a lower AIC value
when comparing models with different interactions. The explanatory power of the model was (⇠>=3 .'2 = .383) for
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Fig. 14. Median values for (top to bottom) success rate, completion time, hold range, hold drift and hold standard deviation
across each combination of sample and target in Study 3. The magnitude of hold range, drift and standard deviation all
consistently increase with target and with stiffness. The graph includes 95% upper and lower median confidence intervals.
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Table 4. Significant results of the RM-ANOVA, for Study 3. * indicates significant results where ? < .05, ** significant results
where ? < .01, *** and significant results where ? < .001

Line # Measure Effect j2 / F DFn DFd ? '2B? / [2
1 Success Sample 14.61 6 162 0.024* 0.0049
2 Success Target 1325.60 3 81 < .001*** 0.2858
3 Success Compliance Type ⇥ Stiffness 12.59 2 54 0.0018** 0.0049
4 Completion Time Target 53.77 2.38 64.23 < .001*** 0.67
5 Completion Time Stiffness ⇥ Finger Visibility 3.30 2.00 54.00 0.044 * 0.11
6 Hold Range Sample 8.77 6.0 162.0 < .001*** 0.25
7 Hold Range Target 288.62 2.3 61.7 < .001*** 0.91
8 Hold Range Sample ⇥ Target 1.98 18.0 486.0 0.01* 0.07
9 Hold Range Compliance Type 12.60 1.00 27.00 0.001** 0.32
10 Hold Range Stiffness 9.88 2.00 54.00 0.001** 0.27
11 Hold Range Compliance Type ⇥ Target 2.86 3.00 81.00 0.042* 0.10
12 Hold Drift Sample 2.32 6.00 162.00 0.035* 0.08
13 Hold Drift Target 94.91 1.42 38.42 0.01* 0.78
14 Hold Drift Compliance Type 8.32 1.00 27.00 0.008** 0.24
15 Hold SD Sample 9.47 6.00 162.00 < .001*** 0.26
16 Hold SD Target 255.07 2.32 62.51 < .001*** 0.90
17 Hold SD Sample ⇥ Target 1.72 18.00 486.00 0.034* 0.06
18 Hold SD Compliance Type 9.97 1.00 27.00 0.004** 0.27
19 Hold SD Stiffness 11.80 2.00 54.00 0.001** 0.30
20 Hold SD Compliance Type ⇥ Target 2.96 3.00 81.00 0.037* 0.10

both fixed and random effects and ("0A68=0; .'2 = .347) for just the fixed effects. The analysis showed a significant
(j23 = 1325.6, ? < .001,'2

B? = .286) main effect of target on success. The post hoc tests showed a significant
difference (? < .001) between all target levels, with performance higher on the lowest (` = 84%[81%, 87%]) and
highest (` = 94%[92%, 95%]) targets, while being considerably lower on medium-low (` = 45%[40%, 50%]) and
medium-high (` = 37%[32%, 42%]). The analysis also showed a significant (j26 = 14.611, ? = .024,'2

B? = .0049)
main effect of sample on success. The post hoc tests showed only a significant difference (? = 0.040) between
medium movable (` = 68%[65%, 72%]) and medium deformable (` = 62%[58%, 65%]). A four-way model was also
created with fixed effects of stiffness, compliance type and target, including an interaction between stiffness,
compliance type and with Finger visibility excluded and participant number as a random effect, its explanatory
power was (⇠>=3 .'2 = .379) for both fixed and random effects and ("0A68=0; .'2 = .345) for just the fixed effects.
The four-way model did show a significant (j22 = 12.591, ? = .0018,'2

B? = .0049) two-way interaction between
compliance type and stiffness on success. There was a simple main effect (j21 = 6.73, ? = .0095,'2

B? = .0050)
of compliance type on the medium stiffness samples, with the post hoc test showing success higher on the
movable (` = 68%[65%, 72%]) compared with the deformable (` = 62%[58%, 65%]), at this level.

6.2.2 Completion Time. Across all the trials, the median completion time was 1.25 s [1.22 s, 1.27 s]. The median
completion time for each combination of sample and target are shown in Figure 14, completion time. The
three-way RM-ANOVA showed the effect of target on completion time was significant (�2.38,64.23 = 53.77, ? <
.001,[2? = .67), with a large effect size. The post hoc tests showed significant differences (? < 0.01) between all
levels, with completion time fastest on low (-̄ = 1.02 s [.97 s, 1.08 s] and slowest on mid-high (-̄ = 1.56 s [1.52 s,
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Fig. 15. Example graphs showing the applied force during the three-second hold period, for SoftMovable andHardDeformable
on (from left to right) the lowest target, and the highest target. The graphs provide an example of the lower range, drift and
standard deviation at the lower force target, and the improved hold performance on softer samples.

1.63 s]). The four-way ANOVA showed a significant (�2,54 = 3.3, ? = .044,[2? = .11) two-way effect between
stiffness and finger visibility. The only significant simple main effect (�1,27 = 6.72, ? = .015,[2? = .20) was of
finger visibility on the soft samples, with a large effect size. The post hoc tests showed completion time faster
on the soft sample with the finger visible (-̄ = 1.24 s [1.18 s, 1.30 s]) compared to without (-̄ = 1.29 s [1.22 s,
1.39 s]).

6.2.3 Hold Range. Overall, the median hold range was 97.5 gf [94.0 gf, 101.0 gf]. The hold range results for
each combination of sample and target are shown in Figure 14, hold range. Example force-input graphs for the
three-second hold period are shown in Figure 15, for different level targets and samples. The analysis showed
a significant two-way interaction between target and sample on hold range (�18,486 = 1.98, ? = .01,[2? = .07),
with a medium effect size. There was a simple main effect of sample at all levels of the target, with hold range
increasing with target. For all targets combined, the hold range was smallest on softmovable (-̄ = 76.0 gf [71.0 gf,
82.0 gf]) and highest on hard deformable (-̄ = 116.0 gf [106.0 gf, 127.0 gf]). There was also a significant two-way
interaction between target and compliance type on hold range (�3,81 = 2.86, ? = 0.042,[2? = .10), with a
medium effect size. There were simple main effects of compliance type for all levels of the target except high. The
post hoc tests showed that for all targets combined, the range was higher on deformable (-̄ = 103.0 gf [98.0 gf,
109.0 gf]) than movable (-̄ = 88.0 gf [83.0 gf, 94.0 gf]). Finally, there was a significant main effect (�2,54 = 9.88, ? <
0.001,[2? = .27) of stiffness on hold range, with a large effect size. Post hoc tests only showed a significant
difference (? < .001) between the soft (-̄ = 84.5 gf [80.0 gf, 93.0 gf]) and hard (-̄ = 111.5 gf [104.0 gf, 118.0 gf])
samples.

6.2.4 Hold Drift. The median hold drift overall was �12.5 gf/s [�13.5 gf/s, �11.6 gf/s], and is shown for each
combination of sample and target in Figure 14, hold drift. There was a significant main effect (�1.42,38.42 =
94.91, ? = 0.01,[2? = .78) of target on hold drift, with a large effect size. Post hoc tests showed significant
differences (? < .001) between all levels, with drift smallest on the low target (-̄ = �2.7 gf/s [�3.7 gf/s, �1.9 gf/s])

ACM Trans. Comput.-Hum. Interact.

 



34 •

Fig. 16. Median scores for participant perceptions of how comfortable and pleasant each sample was, along with their
ranking of each individual sample, for Study 3. The graph includes Mean Absolute Deviation (MAD) from the median score.
Scores were given between 1 (lowest) and 7 (highest).

and largest on the high target (-̄ = �43.5 gf/s [�46.0 gf/s, �40.1 gf/s]). Along with this, there was also a significant
main effect (�6,162 = 2.32, ? = 0.035,[2? = .8) of sample on hold drift, with a medium effect size. However, there
were no significant differences between the samples detected from the post hoc tests. Finally, the four-way ANOVA
showed a significant main effect (�1,27 = 8.32, ? = 0.008,[2? = .24) of compliance type on hold drift, with a large
effect size. The post hoc tests showed the drift was larger on deformable samples (-̄ = �13.6 gf/s [�15.8 gf/s,
�11.9 gf/s]) compared with movable samples (-̄ = �11.4 gf/s [�12.7 gf/s, �10.1 gf/s]) at ? = .008.

6.2.5 Hold Standard Deviation. The median hold standard deviation was 25.1 gf/s [24.3 gf/s, 26.0 gf/s]. The
hold standard deviation results for each combination of sample and target are shown in Figure 14, hold
standard deviation. There was a significant two-way interaction between target and sample on hold standard
deviation (�18,486 = 1.72, ? = 0.034,[2? = .06), with a medium effect size. There was a simple main effect of
sample at all levels of the target, with the standard deviation increasing with target. For all targets combined,
hold standard deviation was lowest on soft movable (-̄ = 19.2 gf [17.7 gf, 21.80 gf]) and highest on hard
deformable (-̄ = 30.0 gf [27.7 gf, 31.9.0 gf]). The four-way RM-ANOVA revealed a significant two-way interaction
between target and compliance type on hold standard deviation (�3,81 = 2.96, ? = 0.037,[2? = .10), with
a medium effect size. There were simple main effects of compliance type on the low and mid-high targets,
with standard deviation higher on deformable for both. Finally, there was a significant main effect (�2,54 =
11.8, ? < 0.001,[2? = .30) of stiffness on hold standard deviation, with a large effect size. Post hoc tests showed
a significant difference (? < .001) between the soft (-̄ = 21.8 gf [20.3 gf, 23.5 gf]) and hard (-̄ = 28.6 gf [27.1 gf,
30.6 gf]) samples, as well as medium (-̄ = 23.4 gf [22.1 gf, 25.0 gf]) and hard.

6.2.6 Demand and Workload Survey. The NASA-TLX questions were used to judge the demand and workload of
force selections on different samples and with and without their hand being obscured (see Table 13). The results of
the analysis, of the demand and workload survey are shown in Table 11 and Table 12. The only significant effect
seen in the Friedman tests was of sample on frustration (j26 = 18.969, ? = .0042). However, the post hoc tests did
not show any significant differences between levels. The Friedman test revealed no significant differences for
compliance type and stiffness for any of the demand or workload measures.
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6.2.7 Sample Perception Survey. The results of the sample perception survey for how pleasant and comfortable
participants judged samples to be are shown in Figure 16, while the results of the analysis are provided in Table 14
and Table 15. Participants answered on a Likert scale from 1 (lowest) to 7 (highest).

The analysis showed a significant effect of sample (?  0.001), stiffness (?  0.005) and compliance
type (?  0.022) on both measures. The deformable samples (-̄ = 5.5 [MAD = 2.22]) were perceived as
significantly more pleasant compared with the movable samples (-̄ = 5 [MAD = 1.48]). For comfort, the
deformable samples (-̄ = 5 [MAD = 1.48]) were also perceived as significantly more comfortable compared
with the movable samples (-̄ = 4.5 [MAD = 2.22]). While for stiffness, the soft samples (-̄ = 6 [MAD =
1.48]) were rated significantly (?  0.004) more pleasant than both the medium (-̄ = 5 [MAD = 1.48]) and hard
samples (-̄ = 4 [MAD = 1.48]). Similarly, for comfort the soft samples (-̄ = 5.5 [MAD = 2.22]) were also ranked
significantly (?  0.032) higher than both the medium samples (-̄ = 5 [MAD = 1.48]) and the hard samples (-̄ = 4
[MAD = 1.48]).

Participants’ perception of sample stiffness and deformability, showed significant differences in line with
expectations (i.e. soft samples were perceived to be softer than hard samples). The significant effects are reported
in Table 14 and Table 15, with the results provided in Table 16.
6.2.8 Individual Sample Ranking. During the post-study interview, participants ranked the seven samples, from
one (favourite) to seven (least favourite) in terms of their preference for using them during the study, with the
results shown in Figure 16, while the results of the Friedman test being provided in Table 14 and Table 15. There
was a significant effect of sample and stiffness on ranking. As shown in the table, the rigid sample was ranked
as the worst sample (-̄ = 2, MAD = 0.0), while softer samples were ranked higher and harder samples lower,
demonstrating a clear participant preference.
6.2.9 Post-Study Interview. The approach to this thematic analysis mirrors Study 2, breaking it into the following
three themes: Perceived Performance, Perceived Feeling, and Sample Perception. In total, 100 quotes were
extracted from the semi-structured interview transcripts.

Perceived performance. Nearly half of the participants (n = 12) described how a sample affected task difficulty.
Eight participants noted a sample made the task easier, with soft (3) being mentioned the most. In contrast, six
participants commented that the task was more challenging due to the sample, with hard (2) and rigid samples (3)
mentioned most often.

Over half of the participants (n = 16) explained how the sample influenced their ability to perceive their applied
force, using terms such as “force awareness” or “feedback”. Soft was seen to benefit force awareness the most (4),
while rigid was seen to negatively impact force awareness (6). The most notable results were for surface type,
with movable consistently described as improving force awareness (7), for instance: “I could kind of gauge what
amount of pressure I was adding on, because I could just feel it move” (P27). The impact of the sample on “accuracy”
was mentioned by five participants, with four of them ascribing improved accuracy due to the movable samples.

Overall, participants perceived their performance as enhanced on softer samples and reduced on harder and
rigid samples. In particular, they perceived soft and movable samples as providing more feedback and force
awareness. This aligns with the responses from the individual sample ranking in subsubsection 6.2.8, in which
participants consistently ranked soft samples highly. However, these results were not observed in the quantitative
data for the selection phase.

Perceived Feeling. Participants also ranked samples based on how they felt. Nearly half of them described a
sample as “comfortable” (11), while only five described a sample as “uncomfortable”. The soft sample was most
frequently perceived as comfortable (6), followed by the deformable surface (4) and the medium (4). While
rigid (2) and hard (4) were most commonly described as uncomfortable. Eight participants made general positive
comments about the samples, describing them as “nice” or “liking” them. The soft and deformable samples were
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each mentioned by five of these participants, making comments such as “I like the soft one, but I don’t know if
that was in terms of how useful it was. It was more just fun to push.” (P1) and “I think it was just sort of, how nice
it was for my finger to move through” (P26). Finally, only two participants described the samples as “fatiguing”
or “painful”, though these comments were exclusively directed at the hard (2) and rigid (1) samples. Overall,
participants show consistent preferences for softer and deformable samples, describing them as “comfortable”
and “nice”, in contrast to the hard and rigid samples which are viewed negatively and described as “painful”,
“fatiguing”, and “uncomfortable”.

Sample Perception. Five participants described the medium sample as having a good balance, making comments
similar to (P22) “I prefer the medium because it’s not too soft, not too hard.” or (P28) “I suppose it’s a mixture of the
comfort and feeling of control.” Seven participants referred to the travel of a sample. Three participants discussed
the travel of the soft samples positively, such as “There’s more freedom to move, more feedback” (P5). In contrast,
two participants described disliking the amount of travel on the soft samples, including “The soft I think it gave
way a bit too much” (P11). Three mentioned movable positively, for instance, “the entire thing goes down rather
than just, a tiny bit” (P18).

Summary. This analysis highlights the preferences expressed by participants within the sample ranking, in
which soft samples were ranked top and the hard and rigid samples were worse. While participants generally felt
their performance improved with soft and movable samples, there were notable variations between participants.
Nonetheless, when it comes to the feeling of samples, soft samples were clearly preferred over hard samples,
which strongly aligns with the overall ranking of the samples.

6.3 Summary and Discussion
Study 3 was designed and carried out to address RQ3 which was broken into RQ3.1–3.3. RQ3.1 considered the
impact of the sample, target and finger visibility on force-selection performance (success and completion
time) without visual feedback. The results showed a significant effect of sample on success, however this was
limited to higher success rates for movable compared with deformable on the medium stiffness samples. The only
effect of stiffness on completion time, was that it was lower for softer samples during the finger visible condition.
The impact of target on performance was significant, with both higher success rates and lower completion
times on the outer two unbounded cells (high and low), compared with the inner bounded cells. Performance on
the mid-high cell was worse across both measures, while success peaked on the high target and completion time
was faster on the low target. The effect of finger visibility was limited, with the only significant effect being
faster completion times on the soft samples when the participant could see their finger. RQ3.2 addressed the
user’s ability to maintain a constant force input after selection, without visual feedback. The range and standard
deviation of force values when holding followed similar patterns, increasing with stiffness and target. Along
with this range and standard deviation were higher on the deformable samples for all the targets apart from
high. The drift of the hold values was impacted by the sample compliance type, and was larger on deformable
surfaces. Drift also increased with target, ranging from nearly zero (-̄ = �2.7 gf/s [�3.7 gf/s, �1.9 gf/s]) at
the low target to �43.5 gf/s [�46.0 gf/s, �40.1 gf/s] on the high target. Finger visibility had no significant
effect on input performance while maintaining force. Combined with the selection results, this suggests that
performance remains consistent regardless of the user’s perception of their finger. Finally, for RQ3.3, our results
show that sample has a limited impact on workload and demand, however there was a significant effect of sample,
stiffness and compliance type on perceived comfort and pleasantness. Participants found deformable and softer
samples to be more comfortable and pleasant and tended to view force-awareness and feedback as improved on
soft samples but worsened on hard samples. Within the study, the rigid and hard samples were ranked lowest
while the softer and deformable samples were ranked higher. Participants also described the physical properties
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of the softer and deformable samples more positively, while the rigid and hard samples viewed more negatively,
using words such as “fatiguing” and “uncomfortable”.

6.3.1 Impact of Sample on Selection and Hold. The study revealed that sample affected success, with post hoc
tests showing a significantly higher success rate for the medium stiffness movable sample compared with the
equivalent deformable. One potential explanation for this is that the increased kinesthetic and cutaneous feedback
from the deformable sample may be distracting or overwhelming, making it harder to recall the different levels.
However, further investigation is needed to confirm this and consider why this trend is not seen at other stiffness
levels.

The study also showed two examples of how sample significantly impacts hold performance, both of which
are significant and previously unreported. First, softer samples resulted in lower range and standard deviation
of values during the hold period, and second, all measures of force control during the hold phase improved on
movable surfaces, including the total drift during the hold period. We speculate that the effect of stiffness on
hold range and standard deviation could be caused by damping out micro-vibrations in a user’s finger, resulting
in less transfer of force input to the device. This would explain why stiffness has an effect on range and standard
deviation, but not drift. The reason for the effect of compliance type on all three hold measures is less clear. It
could be that the one-dimensional mechanical movement of the movable device provides more focused feedback
compared with the more complex feedback for deformable which is in multiple dimensions and depends on the
direction of the force vector. This may be exacerbated by small changes when pressing into the surface of the
deformable samples that are distracting or inconsistent between inputs.

6.3.2 User Preferences for Soft and Deformable Samples. Study 3 demonstrated a clear user preference for soft,
deformable samples during force-input interactions without visual feedback, echoing findings from Study 2.
These samples reduce discomfort and fatigue without affecting selection performance, although participants
perceived better force awareness on soft and movable samples, despite actual selection performance not aligning
with these perceptions. This relationship between stiffness and force awareness is logical, as softer samples
enhance kinesthetic feedback. However, the increased force awareness on movable samples compared with
deformable is less expected and suggests that physical movement may be easier to perceive than deformation.
The divergence between actual performance and perceptions of performance should be considered carefully.
Although participants perceived force awareness as best on soft and movable samples, we did not see this trend
in the success rate of the task. However, improving participants’ perception of their ability is a crucial factor
in the design of input devices. This is further evidence indicating that soft samples should be preferred when
designing force-input devices, while the surface type of the devices should be selected based on the balance
between comfort and pleasantness versus perceptions of performance and awareness.

6.3.3 Limitations of Eyes-free Force Input. The limited performance of force input interactions without visual
feedback is a significant limiting factor in their wider adoption. This study aligns with prior work [60, 91],
which showed that practical selection performance is restricted to two to three levels, depending on accuracy
requirements. It has shown that within this context, conducting force input on compliant surfaces is not able to
overcome this limitation. The ability of a user to make multi-level discrete gaze-free selections would greatly
expand their application space. Achieving this may still be possible, but by using alternative approaches. It could
be possible to use haptic feedback, such as signifying levels with vibrotactile or force-feedback clicks [88, 105], or
audio-cues. Alternatively, relative force-input interactions, where users make relative changes from an arbitrary
starting point to reach different levels, instead of absolute force values relating to specific input levels, could be
used. This would leverage a user’s ability to maintain a force value without visual feedback, especially on soft
and movable surfaces, to make accurate selections.
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Recommendations. We present three recommendations for force input interactions without visual or
any other form of feedback, based on our findings from Study 3:

(1) Force hold interactions without feedback are best suited to soft and movable surfaces, which reduce
the total range, drift and standard deviation during the force input.

(2) Where possible, force input interactions without feedback should be conducted on softer surfaces to
improve the experience. Deformable surfaces can enhance comfort and pleasantness, and movable
surfaces increase the perceived performance.

(3) To ensure accurate and consistent force inputs without feedback, the number of input levels should be
limited to three.

6.3.4 Limitations. Our selection of the target cell boundaries is a limitation of this study; while un-bounding
the top and bottom cells increases the ecological validity of the design, it does have drawbacks. First, as the
selection performance was greatly improved on the unbounded cells, this made it very difficult to detect the
impact of target force on performance. Based on the results of Study 2, we would have expected performance to
be worse at the highest force input level, instead, performance was best at this point. The second challenge is that
participants may have been applying significantly different forces, due to the lack of visual feedback, something
which would have been more prevalent on the top and bottom cells. This has a particular impact on the hold
interactions because the applied force at the beginning of the hold may vary between participants, this could
impact hold performance. A future study, similar to Chen [12], in which visual feedback is provided to allow
the participant to apply the correct starting force before it’s removed during the hold phase could address this
limitation. Finally, although there was no feedback of any type during Study 3, the lack of visual feedback has
been focused on, because of the contrast with Study 2. It may be possible to include other types of feedback, such
as audio or haptic to improve performance without visual feedback.

7 DISCUSSION, LIMITATIONS, AND FUTURE WORK
This work systematically investigated the impact of stiffness and compliance type on force-input interactions.
Within this section, we consolidate the findings from the three studies and discuss their impact on the design of
force-input interactions and compliant devices. This section is organised into three segments: i) Beyond the Rigid
Force-Input Device Paradigm, ii) Reshaping our Understanding of Compliance Characteristics, and iii) Designing
Better Force-Input Interactions.

7.1 Beyond the Rigid Force-Input Device Paradigm
Across Studies 2 and 3, the rigid surface was consistently outperformed in both user preference and force-hold
performance, while soft surfaces performed best. These findings challenge the current focus on rigid devices for
force-input interactions [91, 92, 97]. Rather than improving force-input interactions, our studies show how rigid
surfaces actually increase discomfort and fatigue and reduce participants’ ability to maintain a constant force.
Based on our results, soft and deformable surfaces should be considered for force-input selection using a
finger. Instead, extending force-input interactions to compliant surfaces, especially for force-hold interactions,
can enhance both performance and user experience. It should be noted these results are for a single use case
of a user applying force onto a flat horizontal device, further testing is required for different contexts, such
as holding a device, as well as standing or walking [82]. This shift from the rigid force-input device paradigm
poses several challenges and questions. First, rigid devices are more accessible and cost-effective than complex
tangible compliant devices [38], creating a tradeoff between the interaction benefits of compliant devices and
the ubiquity of rigid ones. However, compliant interaction devices [23, 54, 103] are becoming prevalent, with
movable examples already common in our everyday lives [1, 9, 67]. Furthermore, advances in ubiquitous sensing
technologies could also facilitate this shift by leveraging the compliant devices we already use daily as untapped
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soft interfaces for force input, such as furniture [11] or wearables [62, 94]. Thus, despite initial challenges, the rise
of soft interfaces and technological advances are making compliant devices increasingly accessible and integrated
into daily life. Resulting in the move away from rigid devices and towards compliant devices becoming more
feasible.

Second, although these studies focus on force input applied with the index finger, our findings could also be
relevant to a variety of other force-input techniques. As demonstrated by Taher et al. [82], the finger or hand used
and a user’s posture can significantly impact the force input interaction. Force input is also not limited to normal
pressure; shearing [31, 40], pinching [66], and bending [10] are viable force input methods. We believe that the
benefits of compliant devices during normal force input, such as tactile feedback and increased finger-pad contact,
may extend to these other contexts, offering similar improvements. Future studies should investigate a diverse
array of force input techniques on compliant surfaces, comparing them with rigid devices, to fully uncover the
potential and advantages of these underutilised interfaces.

Finally, there is a rising trend in leveraging pseudo-haptics to simulate compliance through methods such as
manipulating the control-to-display ratio [78, 95], using electrotactile grains [37, 42] or with skin-streching [55].
Additionally, there is potential to create semi-compliant devices by overlaying a thin, compliant layer on rigid
surfaces, thereby introducing a degree of softness to existing rigid devices [103]. The relationship between our
findings and the potential of pseudo-haptics or semi-compliant devices is promising but still needs further
exploration. Future research could focus on evaluating whether these methods can achieve the same benefits we
observed with fully compliant surfaces. In particular, they should investigate if similar improvements in hold
force control and user preference can be achieved.

7.2 Reshaping our Understanding of Compliance Characteristics
The results from all three studies shed light on previously unreported impacts of compliance characteristics.
Study 1 found that deformable surfaces allowed for higher maximum comfortable force compared to movable
ones. Studies 2 and 3 revealed that soft surfaces reduced hold range and drift compared to hard surfaces, with
Study 3 demonstrating that movable surfaces outperformed deformable ones on all hold measurements. Soft
and deformable surfaces also performed best in surveys and post-study interviews. As a result of these distinct
differences, it is important that we reshape our understanding of compliant devices.

7.2.1 Movable vs Deformable: Examining the Differences. Previous work has often treated movable and deformable
devices interchangeably [6, 56, 61, 84]. However, our findings reveal significant differences between them, showing
how movable and deformable devices provide distinct user experiences and impact performance differently.
Researchers should avoid equating or grouping them without careful consideration. While Boem and Troiano
[6] highlighted the need to differentiate in the context of “deformable inputs”, our work underscores the larger
differences between movable and deformable devices. Deformable devices can expand the comfortable force
input range and enhance user experience, whereas movable devices excel at providing precise force-hold inputs.
Therefore, we propose that it is essential that designers focus on desired interaction characteristics when
choosing the type of compliance for a force-input device.

Although these studies have demonstrated the differences between movable and deformable in one context,
the choice between them is more complex. First, movable devices have distinct benefits which have not been
explored in these studies, such as their improved capability of rendering detailed haptic feedback [28, 88, 104].
Furthermore, movable devices are more common and easier to design and build, as they align with component-
centric design [29]. However, recent advancements in material-centric approaches [30, 75, 96] and 3D printing [64]
technologies are making soft, elastic interactive devices more accessible. As these trends continue, deformable
devices may become more common in our everyday lives, and we can further leverage their unique advantages.
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7.2.2 Leveraging the Benefits of Variable-Stiffness Devices. Variable stiffness devices can dynamically change their
stiffness, which is normally used to provide haptic feedback [18, 19] or to simulate objects [69], materials [47, 51]
or even medical procedures [73, 85]. Variable stiffness can also create passive haptics, which has been used in
improving input performance in devices such as sliders [45], dials and knobs [5, 86]. Notably, Studies 2 and 3
demonstrate that varying stiffness can significantly enhance force input interactions, improving performance
and user experience, such as, with soft samples offering greater comfort, pleasantness, and better hold control.
This opens up a novel way of utilising these types of devices, changing stiffness to facilitate specific interactions.
We believe this shows how variable-stiffness devices can be leveraged to maximise user performance and
experience during force-input. Building on prior work, which has demonstrated how stiffness can impact
the interaction potential [43, 87] and users’ emotional response [74, 76], our results continue to expand the
potential of variable stiffness devices. Furthermore, hard and rigid surfaces are likely better suited for traditional
touch-screen gestures, such as swiping or pinching, which users are accustomed to on glass screens. Therefore,
to improve user experience, consider designing flat solid surfaces that can dynamically adjust their stiffness.
For example, such surfaces could become softer at specific locations or under the user’s finger to support more
accurate force input and reduce discomfort. After the interaction, the surface could return to its original stiffness
or adjust to provide haptic feedback, indicating that the input is complete. Further investigation into dynamic
compliance could reveal novel ways to leverage the advantages of variable stiffness devices for improved force
input interactions.

7.2.3 Dynamic Stiffness during Interaction. With the increasing prevalence of variable-stiffness devices, it will
become important to understand the impact of stiffness change during force-input interactions. Within these
studies, the sample properties were only changed between interactions when a participant was not touching the
device, however, some devices [50, 54] can alter the stiffness while the user is applying force. Future work should
evaluate how this impacts user force input and whether haptic force feedback can be provided during a force
input interaction.

7.3 Designing Better Force-Input Interactions
Throughout the three studies, the results have demonstrated the impact of variables such as visual feedback and
force range on user performance. We synthesise the findings from across the three studies to aid the design of
force-input interactions more broadly.

7.3.1 The Impact of Input Range on Performance. In Studies 2 and 3, increasing applied force consistently reduced
performance, with the most significant reductions at the highest force levels. These findings align with Schmitz
et al. [66] and Mizobuchi et al. [49], who both showed the detrimental impact of increased input force on the
force-input interaction. We attribute this performance decline to the increased physical demand of the input task
as the applied force rises, making it more challenging. Study 1 also revealed substantial variation in comfortable
force values between participants, which is likely caused by individual differences. Together, these finding strongly
suggests that force-input range should be user-defined and lowered where possible to avoid performance
breakdown seen at higher input forces. Our studies did not account for individual participant factors, such as
fingertip surface area, sensitivity, or finger and arm strength. Future research should investigate the impact of
these factors on both the comfortable force input range and the relationship between target force and performance.
This can be used to tailor force-input interactions to individual user differences and improve performance and
experience further.

7.3.2 Force-Input Selection with and Without Visual Feedback. This work adds to the existing literature [58, 91],
which highlights the limitation of force-input without visual feedback. With visual feedback, participants could
select the target at least half the time on the 60-level scale. In contrast, when selecting from just four levels
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without visual feedback, participants’ success on the mid-high target was below 40%, although the performance
was much higher when selecting the unbounded upper and lower cells. Combined with the prior work, this
indicates that without additional feedback, force input selection without visual feedback is practically limited
to two or three levels, depending upon the accuracy required. The results from Studies 2 and 3 show that the
additional kinesthetic and cutaneous feedback from compliant samples is not enough to overcome this reliance
on visual feedback, and force-input without visual feedback is still limited. While tactile cues can provide valuable
feedback, relying solely on users to remember specific force levels is challenging. We still believe that achieving
reliable force input without visual feedback can lead to interesting and novel opportunities for gaze-free
force inputs, however additional feedback modalities are likely required to enhance the user experience .
Future research should explore alternative methods, and one promising avenue is the integration of multimodal
feedback such as vibrotactile clicks or dynamic force-feedback [28].

8 CONCLUSION
Within this paper, we conducted three comparative studies investigating how compliance and stiffness affect force-
input selection.This work is the first to directly compare deformable, movable, and rigid samples, and to investigate
the impact of sample compliance on force input without visual feedback. We quantify lower (205 gf [196 gf,
216 gf]) and higher (439 gf [410 gf, 467 gf]) comfortable force levels and identified a statistically significant
increase (17.2%) in the higher comfortable force applied to deformable samples compared with movable samples.
This is important to consider when designing force-input interactions because what is comfortable on one type
of compliance may not be on another. Although traditionally force-input interactions are studied and deployed
on rigid surfaces, our results demonstrate that they are the least favoured surface which are consistently ranked
lowest and described negatively. In addition, the stiffness of a surface can significantly improve force-input
interactions when users have visual feedback, with softer samples reducing the user force input range and
standard deviation compared with harder samples. Similar trends are also present with force-input without
visual feedback. Softer samples reduce the range and standard deviation while holding a force input. At the
same time, movable samples performed better when holding force-input interactions than deformable samples.
Despite this, compliant surfaces still suffered from severe performance limitations when providing force-input
without any visual feedback, with accurate selection limited to two or three items. This needs to be addressed for
this to be a viable interaction technique in the future. Overall, these previously unreported differences between
movable, deformable and rigid surfaces on force-input interactions should be taken into account when designing
force-input interactions and how we view the relationship between force-input interactions and compliant
devices.
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A APPENDIX: QUESTIONNAIRES
A.1 NASA TLXQuestionnaire
Below are the six NASA TLX questions the participants completed after finishing each block in Studies 2 and 3.
The participants rated their experience on a scale of 1– 20. Before the questions, the participant saw the following
introductory statement: ”Click on each scale at the point that best indicates your experience of this part of the
task”

NASA TLXQuestion 1 - Mental Demand
Question: “How much mental and perceptual activity was required (e.g. thinking, deciding, calculating,
remembering, looking, searching, etc)? Was the task easy or demanding, simple or complex, exacting or
forgiving?”

NASA TLXQuestion 2 - Physical Demand
Question: “How much physical activity was required (e.g. pushing, pulling, turning, controlling, activating,
etc)? Was the task easy or demanding, slow or brisk, slack or strenuous, restful or laborious?”

NASA TLXQuestion 3 - Temporal Demand
Question: “How much time pressure did you feel due to the rate of pace at which the tasks or task elements
occurred? Was the pace slow and leisurely or rapid and frantic?”

NASA TLXQuestion 3 - Performance
Question: “How successful do you think youwere in accomplishing the goals of the task set by the experimenter
(or yourself)? How satisfied were you with your performance in accomplishing these goals?”

NASA TLXQuestion 3 - Effort
Question: “How hard did you have to work (mentally and physically) to accomplish your level of perfor-
mance?”

NASA TLXQuestion 3 - Frustration
Question: “How insecure, discouraged, irritated, stressed and annoyed versus secure, gratified, content,
relaxed and complacent did you feel during the task?”

A.2 Likert Scale Questionnaire
Below are the four seven-point Likert scale questions the participants completed after finishing each sample
in Studies 2 and 3. The third and fourth questions were accompanied by a short context statement to provide
additional clarity.

Likert ScaleQuestion 1 - Pleasant
Question: “How pleasant did you find this surface for making a force input”
Options: ”Very unpleasant”, ”Moderately unpleasant”, ”Slightly unpleasant”, ”Neutral”, ”Slightly pleasant”,
”Moderately pleasant”, ”Very pleasant”

Likert ScaleQuestion 2 - Comfort
Question: “How comfortable did you find this surface for making a force input”
Options: ”Very uncomfortable”, ”Moderately uncomfortable”, ”Slightly uncomfortable”, ”Neutral”, ”Slightly
comfortable”, ”Moderately comfortable”, ”Very comfortable”

Likert ScaleQuestion 3 - Stiffness
Context Statement: “Stiffness is the extent to which an object resists deformation (e.g., being squashed) in
response to an applied force (e.g., your finger). Compliance is the opposite of stiffness”
Question: “Describe the Stiffness of the Sample from 1-7, where 1 is very compliant and 7 is very stiff”
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Options: ”Very compliant”, ”Moderately compliant”, ”Slightly compliant”, ”Neutral”, ”Slightly stiff”, ”Moder-
ately stiff”, ”Very stiff”

Likert ScaleQuestion 4 - Deformable
Context Statement: “The surface of an object can vary from deformable (such as jelly, fruits, etc.) to rigid
(such as a key in a piano or keyboard).”
Question: “Ignoring the stiffness/compliance of the objects, please describe the surface of the sample from
deformable to rigid”
Options: ”Very deformable”, ”Moderately deformable”, ”Slightly deformable”, ”Neutral”, ”Slightly rigid”,
”Moderately rigid”, ”Very rigid”

A.3 InterviewQuestionnaire
After the participants finished all trials in Studies 2 and 3, they completed a short semi-structured interview. This
began with ranking the seven samples, before discussing their preferences.

Interview Question 1a Please rank the seven samples which you have interacted with today in order of your
preference for using them. – Participants will rank the samples by physically selecting and arranging them.

InterviewQuestion 1b Could you please elaborate on why you selected this ranking?
Interview Question 2a Did you have a preference between the three types of surfaces rigidity you have

used (Solid, Deformable and Movable, No preference)? – Participants will be shown example samples during this
question.

Interview Question 2b What did you like and dislike about the three types of surface rigidity you have used
and what effect did they have on your ability to perform the task? – Participants will be shown example samples
during this question.
InterviewQuestion 3a Did you have a preference between the four levels of stiffness you have used (Solid,

Hard, Medium, Soft, No preference)? – Participants will be shown example samples during this question.
InterviewQuestion 3b What did you like and dislike about the four levels of stiffness you have used and

what effect did they have on your ability to perform the task? – Participants will be shown example samples
during this question.

InterviewQuestion 4 Would you like to adjust your ranking preference from question 1?
InterviewQuestion 5 Do you have any other comments which you want to share?
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B APPENDIX: TABLES

Table 5. Results of the Friedman tests, showing the effect of scale and sample on the NASA TLX demand and workload
measures, for Study 2. * indicates significant results where ? < .05, ** significant results where ? < .01, *** and significant
results where ? < .001

Line # Measure Effect j2 DFn ?
1 Mental Demand Sample 12.06 6.00 0.06
2 Scale 29.01 2.00 <.001 ***
3 Physical Demand Sample 16.82 6.00 0.001 **
4 Scale 26.25 2.00 <.001 ***
5 Temporal Demand Sample 15.43 6.00 0.0172 *
6 Scale 21.26 2.00 <.001 ***
7 Effort Sample 7.14 6.00 0.31
8 Scale 16.89 2.00 <.001 ***
9 Performance Sample 15.11 6.00 0.0194 *
10 Scale 34.84 2.00 <.001 ***
11 Frustration Sample 8.62 6.00 0.20
12 Scale 27.29 2.00 <.001 ***

Table 6. Results of the Friedman tests, showing the effect of compliance type and stiffness on the NASA TLX demand and
workload measures, for Study 2. * indicates significant results where ? < .05, ** significant results where ? < .01, *** and
significant results where ? < .001

Line # Measure Effect j2 DFn ?
1 Mental Demand Compliance Type 0.93 1.00 0.34
2 Stiffness 1.92 2.00 0.38
3 Physical Demand Compliance Type 7.00 1.00 0.0082 **
4 Stiffness 1.67 2.00 0.43
5 Temporal Demand Compliance Type 3.57 1.00 0.06
6 Stiffness 0.71 2.00 0.70
7 Effort Compliance Type 1.96 1.00 0.16
8 Stiffness 1.74 2.00 0.42
9 Performance Compliance Type 2.46 1.00 0.12
10 Stiffness 4.89 2.00 0.09
11 Frustration Compliance Type 1.81 1.00 0.18
12 Stiffness 0.85 2.00 0.65
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Table 8. Results of the Friedman tests, showing the effect of sample on the likert measures and the sample ranking, for Study
2. * indicates significant results where ? < .05, ** significant results where ? < .01, *** and significant results where ? < .001

Line # Measure Effect j2 DFn ?
1 Pleasant Sample 36.56 6.00 <.001 ***
2 Comfort Sample 35.25 6.00 <.001 ***
3 Stiffness Sample 92.56 6.00 <.001 ***
4 Deformablity Sample 107.88 6.00 <.001 ***
5 Ranking Sample 40.36 6.00 <.001 ***

Table 9. Results of the Friedman tests, showing the effect of compliance type and stiffness on the likert measures and
the sample ranking, for Study 2. * indicates significant results where ? < .05, ** significant results where ? < .01, *** and
significant results where ? < .001

Line # Measure Effect j2 DFn ?
1 Pleasant Compliance Type 3.24 1.00 0.07
2 Stiffness 12.00 2.00 0.0025 **
3 Comfort Compliance Type 6.76 1.00 0.0093 **
4 Stiffness 9.37 2.00 0.0093 **
5 Stiffness Compliance Type 16.33 1.00 <.001 ***
6 Stiffness 30.40 2.00 <.001 ***
7 Deformablity Compliance Type 26.00 1.00 <.001 ***
8 Stiffness 35.48 2.00 <.001 ***
9 Ranking Compliance Type 2.29 1.00 0.13
10 Stiffness 6.29 2.00 0.043 *

ACM Trans. Comput.-Hum. Interact.

 



Investigating the Impact of Deformable, Movable, and Rigid Surfaces on Force-Input Interactions • 53
Ta
bl
e
10
.
D
es
cr
ip
tiv

e
re
su
lts

fo
rt
he

Li
ke
rt
su
rv
ey

an
d
sa
m
pl
e
ra
nk

in
g,
fo
rS

tu
dy

2.
Th

e
m
ed
iu
m

an
d
M
A
D
ar
e
sh
ow

n
fo
re

ac
h
le
ve
li
n
sa
m
pl
e,
co

m
pl
ia
nc

e
ty
pe

an
d
st
if
fn
es
s.

Pl
ea

sa
nt

Co
m
fo
rt

St
iff
ne

ss
De

fo
rm

ab
lit
y

Ra
nk

Li
ne

#
M
ea

su
re

M
ed

iu
m

M
AD

M
ed

iu
m

M
AD

M
ed

iu
m

M
AD

M
ed

iu
m

M
AD

M
ed

iu
m

M
AD

1

Sa
m
pl
e

So
ft
de

fo
rm

ab
le

6
1.4

8
6

1.4
8

2
0.7

4
2

0.0
0

4.5
2.9

7
2

M
ed

iu
m

de
fo
rm

ab
le

5
1.4

8
5

1.4
8

3
1.4

8
3

0.0
0

5
2.9

7
3

H
ar
d
de

fo
rm

ab
le

5
1.4

8
5

1.4
8

6
0.7

4
5

2.2
2

4
1.4

8
4

So
ft
m
ov

ab
le

5
1.4

8
5

1.4
8

5
1.4

8
6

1.4
8

5.5
2.2

2
5

M
ed

iu
m

m
ov

ab
le

5
1.4

8
4

1.4
8

5
2.9

7
6

1.4
8

4
1.4

8
6

H
ar
d
m
ov

ab
le

4
1.4

8
3

1.4
8

6
1.4

8
7

0.0
0

3
1.4

8
7

Ri
gi
d

4
1.4

8
3

0.7
4

6
1.4

8
7

0.0
0

1
0.0

0
8

Co
m
pl
ia
nc

eT
yp

e
De

fo
rm

ab
le

5
1.4

8
5

1.4
8

3
1.4

8
3

1.4
8

5
2.9

7
9

M
ov

ab
le

5
1.4

8
4

1.4
8

5
2.2

2
6

1.4
8

4
1.4

8
10

St
iff
ne

ss
So

ft
5

1.4
8

5
1.4

8
2.5

0.7
4

2.5
2.2

2
5

2.9
7

11
M
ed

iu
m

5
1.4

8
5

1.4
8

3
1.4

8
3

1.4
8

5
1.4

8
12

H
ar
d

4
1.4

8
4

1.4
8

6
1.4

8
6

1.4
8

3.5
2.2

2

ACM Trans. Comput.-Hum. Interact.

 



54 •

Table 11. Results of the Friedman tests, showing the effect of finger visibility and sample on the NASA TLX demand and
workload measures, for Study 3. * indicates significant results where ? < .05, ** significant results where ? < .01, *** and
significant results where ? < .001

Line # Measure Effect j2 DFn ?
1 Mental Demand Sample 2.77 6.00 0.84
2 Finger Vis 0.33 1.00 0.56
3 Physical Demand Sample 5.72 6.00 0.46
4 Finger Vis 1.81 1.00 0.18
5 Temporal Demand Sample 3.48 6.00 0.75
6 Finger Vis 0.05 1.00 0.83
7 Effort Sample 7.71 6.00 0.26
8 Finger Vis 1.50 1.00 0.22
9 Performance Sample 10.39 6.00 0.11
10 Finger Vis 1.96 1.00 0.16
11 Frustration Sample 18.97 6.00 0.0042 **
12 Finger Vis 1.50 1.00 0.22

Table 12. Results of the Friedman tests, showing the effect of compliance type and stiffness on the NASA TLX demand and
workload measures, for Study 3. * indicates significant results where ? < .05, ** significant results where ? < .01, *** and
significant results where ? < .001

Line # Measure Effect j2 DFn ?
1 Mental Demand Compliance Type 0.14 1.00 0.71
2 Stiffness 1.69 2.00 0.43
3 Physical Demand Compliance Type 0.33 1.00 0.56
4 Stiffness 4.56 2.00 0.10
5 Temporal Demand Compliance Type 0.18 1.00 0.67
6 Stiffness 0.88 2.00 0.64
7 Effort Compliance Type 0.00 1.00 1.00
8 Stiffness 1.87 2.00 0.39
9 Performance Compliance Type 0.36 1.00 0.55
10 Stiffness 1.38 2.00 0.50
11 Frustration Compliance Type 0.15 1.00 0.69
12 Stiffness 3.86 2.00 0.14
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Table 14. Results of the Friedman tests, showing the effect of sample on the likert measures and the sample ranking, for
Study 3. * indicates significant results where ? < .05, ** significant results where ? < .01, *** and significant results where
? < .001

Line # Measure Effect j2 DFn ?
1 Pleasant Sample 33.16 6.0 <.001 ***
2 Comfort Sample 32.09 6.00 <.001 ***
3 Stiffness Sample 74.57 6.00 <.001 ***
4 Deformablity Sample 100.03 6.0 <.001 ***
5 Ranking Sample 36.92 6.00 <.001 ***

Table 15. Results of the Friedman tests, showing the effect of compliance type and stiffness on the likert measures and
the sample ranking, for Study 3. * indicates significant results where ? < .05, ** significant results where ? < .01, *** and
significant results where ? < .001

Line # Measure Effect j2 DFn ?
1 Pleasant Compliance Type 7.35 1.00 0.0067 **
2 Stiffness 13.55 2.00 0.0011 **
3 Comfort Compliance Type 5.26 1.00 0.022 *
4 Stiffness 10.51 2.00 0.0052 **
5 Stiffness Compliance Type 1.96 1.00 0.162
6 Stiffness 41.22 2.00 <.001 ***
7 Deformablity Compliance Type 17.64 1.00 <.001 ***
8 Stiffness 32.76 2.00 <.001 ***
9 Ranking Compliance Type 0.04 1.00 0.847
10 Stiffness 14.61 2.00 <.001 ***
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