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Figure 1: Intermanual deictics are referential gestures involving the opposite arm, which serves as both support and reference

for input. Examples include tapping a specific finger (left), drawing a symbol on the forearm (middle-left), hovering the hand

above the forearm (middle-right), or touching the upper arm with the hand forming a specific pose (right). In this work, we

report on user preferences for intermanual deictics involving the opposite palm, forearm, and upper arm, such as the gestures

illustrated in this figure, based on data from an extended end-user elicitation study on on-body input, involving 75 participants.

Abstract

We examine intermanual deictics, a distinctive class of gesture input
characterized by an intermanual structure, asymmetric postural-

manipulative articulation, and a deictic nature, drawing from both

on-skin and bimanual mid-air gestures. To understand user prefer-

ences for gestures featuring these characteristics, we conducted a

large-sample end-user elicitation study with 75 participants, who

proposed intermanual deictics involving the opposite palm, forearm,
and upper arm. Our results reveal a strong preference for physical-

contact gestures primarily performed with the index finger, with

strokes (62.4%) and touch input (28.8%) being most common, com-

plemented by some preference for non-contact gestures (5.2%). We

report similar agreement rates across gestures elicited in the three

arm regions, averaging 26.3%, with higher agreement between the

forearm and upper arm. We also present a consensus set of sixty

gestures for effecting generic commands in interactive systems,

along with design principles encompassing multiple practical im-

plications for interactions that incorporate intermanual deictics.
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1 Introduction

On-body and body-referential input present many distinctive qual-

ities in the landscape of gesture interaction techniques, including

speed [59], always-availability [25], high expressiveness [47,70],

uniform addressability [61], effectiveness in eyes-free input due to

proprioception [14], and dual tactile feedback, both at the interac-

tion location on the support body part and on the hand perform-

ing the gesture [20]. Moreover, specific body parts can be directly

mapped to screen layouts on conventional digital devices, such as

the palm [14,19,68] or forearm [6,48], and offer intuitive support

for interactions in virtual reality environments [33]. Additionally,

the spatial location of the body part receiving input can serve as an
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extra modality [24,45], while anatomical landmarks on the body,

such as finger joints and nails, as well as personal landmarks, such

as scars and tattoos, can be leveraged to further enhance the input

efficiency of on-body input [58] and increase recall rates for vir-

tual content mapped to the body [5]. We refer to Bergström and

Hornbæk [4] and Villarreal-Narvaez et al. [64] for comprehensive

overviews of on-skin, on-body, and whole-body user interfaces.

In this growing landscape of appropriating the human body for

mediating interactions with computer systems, the scientific com-

munity has primarily focused on enabling technology for recogniz-

ing on-body input and designing interaction techniques that utilize

the body as an I/O surface. Notable examples of technology include

depth-sensing systems [14,19,22,59], wrist-mounted sensing with

cameras [69], proximity sensors [68], radiofrequency emitters [75],

armbands with bio-acoustic [25] and photoelectric [42] sensing, and

forearm displays [48], among others. However, users’ preferences

for on-body gesture input have been examined to a significantly

lesser extent. The few studies [8,41,70] that reported on such prefer-

ences have concentrated on the particularities of gestures specific to

skin-based input, e.g., pulling, pinching, or squeezing the skin [70],

bimanual gestures involving the hands touching each other [41],

and differences between on-skin and mid-air gestures [8,27]. Unfor-

tunately, this context has led to uneven progress in on-body user

interfaces. While technology for building interactive systems fea-

turing on-body input has advanced significantly, our understanding

of user preferences for intuitive gestures remains limited.

In this work, we address this imbalance by reporting empirical

results from an extended, large-sample end-user gesture elicita-

tion study involving the body as a reference surface for input. We

specifically focus on gestures involving regions of the opposite arm,

such as the palm, forearm, and upper arm, as prior work [23,52,67]

has shown that input in these regions is consistently preferred and

regarded as the most socially acceptable compared to other body

parts. Moreover, we posit that these gestures form a distinctive

class of gesture input, which we refer to as intermanual deictics, in
which one arm serves as both the support and reference for the

other arm, e.g., tapping on the ring finger, drawing a symbol on the

forearm, hovering the hand above the opposite arm, or touching the

upper arm with the hand forming a specific pose; see Figure 1 for

illustrations. In this context, we make the following contributions:

(1) We formalize intermanual deictics as a distinctive gesture

class in the landscape of gesture-based interaction, and high-

light their quality properties—asynchronicity, deictic nature,

and support-implementer referential action—compared to

on-skin and bimanual gestures.

(2) We report empirical results from an end-user elicitation study

with 75 participants, who proposed intermanual deictics in-

volving the palm, forearm, and upper arm. Our findings reveal

a strong preference for strokes (62.4%) and touch (28.8%) in-

put, primarily performed using the index finger, some prefer-

ence for non-contact gestures (5.2%), and similar agreement

rates across the three arm regions and larger agreement

of gesture characteristics between the forearm and upper
arm. Based on these results, we compile a consensus set of

sixty gestures involving the palm, forearm, and upper arm
for effecting generic commands in interactive systems.

(3) We use our findings to derive a set of eight design principles

encompassing sixteen practical implications for intermanual

deictics, where the palm, forearm, and upper arm serve as

both support and reference for input. Lastly, we capitalize on

our insights to propose directions for future work integrating

intermanual deictics into on-body interaction.

2 Related Work

We relate to prior work on interactions performed on the body

and skin [4,57], and provide an overview of findings from studies

implementing end-user gesture elicitation [64,65,73], which is our

method of choice for the scientific investigation in this work.

2.1 On-Body Interaction

On-body interaction has received considerable attention in recent

years with representative systems such as PALMbit [74], Omni-

Touch [22], Armura [24], or Botential [43] showing clear advantages

over other modalities. Next, we focus on interactions involving the

palm, forearm, and upper arm, in line with our scope.

2.1.1 Palm-based interactions. The palm is an easy-to-reach body

part and a convenient support surface for input, including tap-

ing, touching, grasping, and drawing. Due to these distinctive

affordances, the palm has been largely used for novel interac-

tion techniques, including interactions with mobile devices [19],

wearables [68,69], remote displays [14], and in virtual environ-

ments [33,75]. One early result is PALMbit [74], a video projection

system designed to be worn on the shoulder that transforms the

user’s palm into a touch interface for remote controlling electronic

appliances, with selection performed by touching the fingertips.

OmniTouch [22] adopted a similar design approach for the shoulder,

but added short-range depth sensing to enable multitouch input on

a diversity of everyday surfaces, including the palm. Depth-sensing

technology has been popular for palm-based input [14,19,75]. For

example, Gustafson et al. [19] used it for the “imaginary phone,”

where users interact with their smartphones indirectly by tapping

and sliding on their palms. Similarly, Dezfuli et al. [14] demon-

strated PalmRC, an eyes-free palm-based input technique for TV

control. Other body parts have also been instrumented to detect

palm-based input. For example, Wang et al. [69] introduced Eye-

Wrist, a wrist-mounted device consisting of an infrared micro cam-

era and laser-line projector for eyes-free gesture input on the palm.

PalmType [68] is a text entry technique for smartglasses that uses

wrist-worn proximity sensors to detect finger taps on a QWERTY

layout mapped onto the palm. Skinput [25] resolves the location of

on-skin finger taps by analyzing mechanical vibrations propagat-

ing through the body, detected with a bio-acoustic sensing array

worn as an armband. Zhang et al. [75] introduced ActiTouch, a tech-

nique for on-skin touch detection using a wristband radiofrequency

emitter and detectors integrated into a head-mounted display.

2.1.2 Forearm-based interactions. Unlike the palm, the forearm

provides a significantly larger surface for both input and output

and, thus, new interactive opportunities. For example, Armura [24]

enables interactions that involve the arms, either individually or in

relation to each other, e.g., a crossing gesture of one arm above the

other. Laput et al. [36] introduced “skin buttons” as icons rendered
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on the user’s skin, on the forearm and wrist, by tiny projectors

integrated into a smartwatch. Tapping a skin button launches a

corresponding application, e.g., a music player, on the smartwatch.

Lin et al. [40] evaluated an interface for eyes-free tap input on the

forearm and found that, on average, users can discriminate between

seven locations on the forearm with the highest accuracy at elbow

and wrist. Makino et al. [42,47] used armbands with reflective-

type photoelectric sensors to measure slight skin deformations for

swipes [42] and pull, push, and pinch [47] input on the forearm.

Bergström-Lehtovirta et al. [6] examined how users map the sur-

face of their forearms to a computer display, smartwatch, and AR

headset, and delivered corresponding models of those mappings.

2.1.3 Upper-arm interactions. Our literature review revealed that

upper-arm interactions have been considerably less studied com-

pared to the palm and forearm. While the upper arm is more chal-

lenging to reach and not in direct sight as other arm regions, it

presents several input opportunities. In this line, Weigel et al. [70]

reported some user preference for upper-arm gestures (4.4% of the

gestures elicited from 22 participants), such as grabbing the upper

arm, yet the majority of the gestures involved the forearm and palm.

Next, we turn to findings from gesture elicitation studies.

2.2 Gesture Elicitation of On-Body Interactions

We used the most recent systematic literature review on gesture

elicitation [64], comprising 267 studies, to identify prior research on

user-defined on-body input.We found only four studies [8,27,41,70],

which focused on skin-based and bimanual hand gestures—two

gesture categories sensibly different from our scope. For example,

Weigel et al. [70] examined on-skin input to control mobile devices,

and reported a majority of conventional multitouch gestures stem-

ming from users’ familiarity with touchscreens. Since there was

no controlled condition for where gestures could be performed on

the arm, their findings revealed that half of all gestures involved

the forearm, followed by the hand, with only 4.4% using the upper

arm. In contrast, our experiment in Section 4 is designed to elicit

gestures indiscriminately across all palm, forearm, and upper arm

regions with a considerably larger sample of participants—75 vs.

22 in [70]—and no restriction of physical contact with the oppo-

site arm. Bostan et al. [8] also examined on-skin input, elicited

from 19 participants, but restricted their investigation to the palm

only, following an interaction metaphor of “hand as controller.”

In a follow-up study [27], they compared on-skin with free-hand

gestures, and reported the former as less physically demanding

and more socially acceptable. Lastly, Lu et al. [41] explored “hand-

to-hand gestures,” a class of bimanual input involving both hands

moving and making physical contact, and proposed a design space

comprising hand pose, motion, and touch location, informed by a

referent-agnostic elicitation study. Although related to our scope,

the gestures examined in [27,41] are restricted to the palm only,

leaving gaps in design knowledge for forearm and upper-arm input.

2.3 A Knowledge Gap in User Preferences for

On-Body Gestures

Our review of the scientific literature has revealed that, despite

technological advances in developing interactive systems involving

the body for I/O, examination of user preferences for intuitive ges-

tures has not been thoroughly conducted, leaving gaps in scientific

and design knowledge. Furthermore, some arm regions, such as the

upper arm, have been mostly neglected in this process. To address

this aspect, we present in Section 4 an end-user elicitation study

designed to gain insights into user preferences for intermanual

deictics involving equally the palm, forearm, and upper arm. In the

next section, we formalize intermanual deictics to highlight their

unique qualities compared to other gesture types.

3 Intermanual Deictics

We position our research within the scope of bimanual gestures [29,

34], emphasizing input that is entirely defined by and requires

the coordinated use of both hands, whether through synchronized

action [13] or asynchronous movement [16]. However, the gestures

we examine in this work present distinctive nuances in structure,

articulation, and nature within the broader landscape of possible

bimanual gesture types, thus necessitating their own class.

Whereas “bimanual” generally refers to the use of both hands in

performing a task, it is too general a term and does not necessarily

imply interaction occurring between the hands. Similarly, the terms

“on-body” and “on-skin” do not fully capture our scope, as they im-

ply physical contact—a requirement not necessary for our gestures.

What sets these gestures apart from other bimanual and on-body

input is that one arm serves as both the support and reference

for the interaction performed by the other arm. This makes the

gestures intermanual in structure, asynchronous and asymmetric
in articulation, and deictic in nature, without requiring physical

contact. Unlike typical bimanual gestures, intermanual gestures are

defined by the two arms taking on specific roles—support and imple-
menter,—e.g., the index finger of the right hand (the implementer)

taps twice on the forearm of the left arm (the support). Unlike typi-

cal on-body input, intermanual gestures derive their meaning from

a reference point, established either through physical contact or

mid-air pointing, e.g., the index finger (the implementer) draws a

circle the distal region of the opposite forearm (the support).

In this context, we emphasize the need for distinct terminology

to effectively navigate our scope, for which we adopt interman-
ual deictics to refer to articulations that prioritize the referential

relationship between the two arms. To formalize intermanual deic-

tics, we capitalize on existing gesture taxonomies and frameworks

in Human-Computer Interaction, Motor Control, and Psychology

that center on skilled bimanual action [18], body-centric interac-

tion [61,67], gesture form [44], gesture function [32,53], and the sen-

sorimotor attributes of gestures [30]; see Figure 2 for an overview.

For instance, according toWagner et al.’s [67] design space for body-

centric interactions, intermanual deictics can be characterized as

relative to the body, unrestricted by environmental constraints,

involving one arm that acts and another that is affected, and not

necessarily requiring a physical contact. In terms of the articulation

space relative to the body [61], intermanual deictics are performed

within the personal space when involving physical contact and

within the peripersonal space when articulated near the opposite

armwithout touching it. According to Guiard’s [18] kinematic chain

model, intermanual deictics are bimanual asymmetric gestures in

which the differentiated motor activities of the two arms serve to
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Intermanual 

deictics

On-body/skin 

gestures

Hand-to-hand 

gestures
Bimanual gestures

Input relative to body Yes Yes Yes Not required

Involved body part Hand Hand 1-2 hands 1-2 hands/arms

Affected body part Opposite arm Any body part 1-2 hands 0-2 hands/arms

Physical contact Not required Required Required Not required

Skin contact Not required Required for on-skin Required Not required

Karam & 

schraefel 

(2005)

Taxonomy of gesture styles for HCI: 

gesticulation, deictic, manipulative, 

semaphoric, sign language, mixed

Gesture style

Deictic-first, 

Manipulative, 

Semaphoric, Mixed

Deictic, 

Manipulative, 

Semaphoric, Mixed

Deictic, 

Manipulative, 

Semaphoric, Mixed

Deictic, Signs,  

Manipulative, 

Semaphoric, Mixed

Quek et 

al. (2002)

Taxonomy of gestures based on 

purpose in multimodal interaction
Gesture purpose

Semaphoric, 

Manipulative

Semaphoric, 

Manipulative

Semaphoric, 

Manipulative

Semaphoric, 

Manipulative

Body-level articulation 

space

Personal space,            

Peripersonal space
Personal space Personal space

Personal space,            

Peripersonal space

Referenced body part Opposite arm Any body part Opposite hand Not required

Hand form 2DH* 2DH* 2SH, 2DH* 2SH, 2DH*

Direction of motion 2DM** 2DM** 2SM, 2DM** 2SM, 2DM**

Hand motion
Toward the body             

(opposite arm)

Toward the body                    

(any body part)

Toward the body, 

away from,          

parallel to body

Toward the body, 

away from,          

parallel to body

Place in gesture space Center, Periphery

Center-Center, 

Center, Periphery, 

Extreme Periphery

Center-Center, 

Center

Center-Center, 

Center, Periphery, 

Extreme Periphery

Involves both arms Yes Not required
† Yes Yes

Symmetry Asymmetric Asymmetric
Symmetric, 

Asymmetric

Symmetric, 

Asymmetric

Body spatial reference Yes Yes Not required Not required

Arm spatial reference Yes Not required
† Not required Not required

Hand role distinction Yes Not required
† Not required Not required

Jones & 

Lederman 

(2006)

The sensorimotor continuum: tactile 

sensing (hand receives information), 

active sensing (hand collects 

information), prehension, non-

prehensile movements (pointing)

Sensorimotor function 

of the hand

Tactile sensing, 

Active haptic 

sensing, Prehension, 

Non-prehensile 

skilled movements

Tactile sensing, 

Active haptic 

sensing, Prehension

Tactile sensing, 

Active haptic 

sensing, Prehension

Tactile sensing, 

Active haptic 

sensing, Prehension, 

Non-prehensile 

skilled movements

Guiard 

(1987)

Reference

Taxonomy of gestures articulated in 

relation to speech and a coding 

procedure for describing gestures 

according to their type, form, 

meaning, and location in gesture 

space, from center-center to extreme 

periphery

McNeill 

(1992)

A body-centric interaction design 

space focusing on the relationship 

between the user's body and the 

environment during gesture input

Wagner 

et al. 

(2013)

Kinematic chain model for skilled 

bimanual action, emphasizing the 

different roles of the hands and the 

intermanual division of labor during 

task performance

Gesture class
Differentiation 

criteria

Overview of gesture 

taxonomy/framework

Taxonomy of gestures according to 

the index finger-centric perspective 

and the body scale of input

Vatavu 

(2023)

*2SH=two same hands, 2DH=two different hands; **2SM=two same motion, 2DM=two different motion; †If input is outside the arm. 

Taxonomy/framework from Human-Computer Interaction Psycholinguistics Motor control Neuropsychology 

Figure 2: Intermanual deictics compared to on-body/skin, hand-to-hand, and bimanual gestures. Note: blue cells highlight

differences based on gesture taxonomies and frameworks in HCI [32,53,61,67], Psychology [30,44], and Motor Control [18].

specify steady states (the support) and create changes (the imple-

menter). Furthermore, this model posits a postural-manipulative

division of action, where the contribution of the support arm begins

earlier than that of the implementer, which finds its spatial refer-

ences in relation to the support. In this process, intermanual deictics

exhibit two distinct motion patterns (2DM) and hand poses (2DH),

and are performed in the center and periphery zones of the gesture

space, according to McNeill’s [44] notations and classification of

bimanual gesture articulation.

These characteristics specify a distinctive class of gestures fea-

turing asynchronicity, a deictic nature, and support-implementer

referential action. Unlike on-body/skin gestures [4,57,64], inter-

manual deictics do not necessarily require physical contact, e.g.,

the index finger can perform a mid-air tap above the opposite arm.

Additionally, they are not limited to skin manipulation [70], e.g.,

a grasp can be performed on the upper arm covered by clothing.

Unlike hand-to-hand gestures [41], intermanual deictics do not

require a mid-air articulation component to convey meaning and

are not limited to the hands only; instead, they can address the

entire arm. These characteristics warrant a thorough examination

of this class of gesture input to identify new opportunities for inter-

active systems. In the next section, we present a study specifically

designed to uncover users’ preferences for intermanual deictics.
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4 Experiment

We conducted a controlled experiment to collect users’ preferences

for gesture input relative to the opposite arm. An institutional

ethics protocol was in place at the Ştefan cel Mare University of

Suceava for our experiment implementing the end-user gesture

elicitation method [73], in its most recent formalization [62] based

on dissimilarity-consensus analysis [60].

4.1 Participants

Seventy-five participants, all young adults aged 22 to 35, were

recruited through mailing lists and convenience sampling from the

university’s student body and teaching staff. Of these, sixty-one self-

identified as male and fourteen as female. No compensation was

provided to participants, except for the opportunity to learn about

new interactive technologies involving the human body during

the experiment. All participants were regular smartphone users

and, thus, familiarized with touch input. We randomly assigned the

participants to one of three equally-sized groups corresponding to

different conditions of intermanual deictics performed relative to

the opposite palm, forearm, and upper arm, respectively.

4.2 Design

Our experimental design was mixed with two factors:

• Region, nominal variable with three categories—palm, fore-
arm, and upper arm, administered between participants, rep-

resenting the region on the support arm in relation to which

gesture input was performed.

• Referent, nominal variable with ten categories, adminis-

tered within participants, representing common system com-

mands—“next,” “previous,” “increase,” “decrease,” “OK,” “can-

cel,” “menu,” “help,” “home,” and “undo”—selected from the

most influential end-user gesture elicitation studies [31,35,

37,51,55,73], according to the systematic reviews in [64,65].

4.3 Procedure

The participants were asked to propose gestures, relative to the

opposite arm, to effect the ten referents. The instructions were

minimal since our goal was to uncover intuitive preferences for in-

termanual deictics, e.g., “Propose a gesture, relative to the opposite

forearm, that you consider intuitive and suitable for executing next,
meaning moving to the next item in a list.” We did not use or imply

any gesture recognition technology to avoid imposing constraints

on the participants’ proposals. Furthermore, as in prior elicitation

studies [70], the participants were allowed to freely choose between

their dominant and non-dominant hands to act as implementer and

support. The order of Referent was randomized per participant.

All gestures were performed with the participants seated, and were

recorded on video. The duration of the experiment for each partici-

pant ranged from 30 to 40 minutes, which included a welcome and

briefing about intermanual deictics, providing instructions, and the

actual gesture elicitation procedure just described.

4.4 Measures

We used the video recordings to extract characteristics of our partic-

ipants’ gestures through the prism of three categories of measures

targeting specific aspects of gesture articulation, intermanuality,

and consensus among participants, as follows.

4.4.1 Measures of gesture articulation. The following measures,

adopted from prior work that examined users’ preferences for ges-

ture input [1,7,15,55], are designed to differentiate gesture articula-

tions according to their type, scale, and complexity:

• Gesture-Type, with six categories—touch, grasp, pose, stroke,
hover , andmixed—was inspired from [1,4,7,22]. The first four

categories represent gestures involving physical contact with

the opposite arm, ranging from a brief tap to a prolonged

stroke representing symbolic input. The hover category rep-

resents non-contact gestures, for which we drew inspiration

from [1,22]. In these gestures, one hand points to or performs

a pose or motion near, but not touching, the support arm.

Finally, mixed gestures involve a combination of the previ-

ous categories, such as a tap on the index finger followed by

drawing the “question mark” symbol on the palmar surface.

• Gesture-Scale, with three categories—small (gestures tar-
geting a specific point or points, e.g., a tap on the middle

finger or a three-finger tap in the palm for “next”), medium
(gestures covering an area up to 50% of the support region,

e.g., drawing a circle on the distal forearm for “undo”), and

large (gestures using more than 50% of the support region,

e.g., a swipe from elbow to shoulder for “increase”). These

categories were inspired by Weigel et al.’s [70] contact area

for on-skin input and Gheran et al.’s [15] scale measures.

• Gesture-Complexity, comprising two categories—simple
and compound —adopted from [15,55]. Simple gestures are

standalone movements with inherent meaning, e.g., a circle

for “undo,” whereas compound gestures can be decomposed

into individually meaningful gestures, e.g., a tap and a circle.

4.4.2 Measures of intermanual articulation. To characterize the

various ways in which intermanual deictics can be implemented

by involving the implementer and support arms, we measured:

• Implementer refers to the region of the moving arm used

to perform the gesture on the support. For example, touch

input might involve the index finger, both the index and

middle fingers, or all fingers.

• Support specifies the region on the opposite arm refer-

enced by the implementer, e.g., the elbow in the forearm
condition. Informed by categorizations used for on-body

input [4,5,25,70], we coded Support into four high-level cat-

egories for each of the palm, forearm, and upper arm regions;

see Figure 4c. On the palm, we differentiate among the pal-

mar surface, fingers, interdigital spaces, and wrist. On the

forearm, we distinguish among the distal forearm (near the

wrist), mid-forearm, proximal forearm (near the elbow), and

elbow. On the upper arm, we differentiate among the distal

upper arm (near the elbow), mid upper arm, proximal upper

arm (near the shoulder), and shoulder. While other studies,

with different goals, have explored these regions in various

detail—finger phalanges and joints [5], areas of the palmar

surface [22,75], or landmarks across the palm [5,20,58]—we

preferred only four zones in each Region for simplicity and

ease of coding. Moreover, there are known benefits in using
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fewer regions for on-body input, e.g., Lin et al. [40] found that

five locations, from wrist to elbow, can be quickly reached

during eyes-free input with near 100% accuracy.

• Handedness indicates the roles of the two arms, reflect-

ing the percentage of instances where the left or right arm

functioned as either the implementer or the support.

4.4.3 Measures of agreement. To understand the similarity among

the intermanual deictics elicited from our participants, we employed

agreement (AR𝜖 ) and coagreement (CR𝜖 ) rate measures, computed

according to the most recent formulation of the elicitation method

and the “computer” model of agreement analysis [62]:

• Agreement-Rate, AR𝜖 [60,62], reports the level of agree-

ment in a set of gestures:

𝐴𝑅𝜖 (𝑅) =
∑
𝑝

∑
𝑞≠𝑝 [𝛿 (𝑝, 𝑞) ≤ 𝜖]
𝑁 (𝑁 − 1) · 100% (1)

where 𝑁 is the number of gestures elicited for referent R, 𝛿

is a function for evaluating the dissimilarity between any

two gestures 𝑝 and 𝑞, and 𝜖 a positive value representing

the tolerance below which two gesture descriptions are sim-

ilar enough to be considered equivalent, according to the

dissimilarity-consensus method [60]. 𝐴𝑅𝜖 takes values be-

tween 0 and 100, representing the percentage of pairs of

participants in agreement. To evaluate 𝛿 , we represented

gestures with their Gesture-Type, Gesture-Scale, and Sup-

port attributes
1
as 𝑝= {𝑝𝑘 , 𝑘=1..3}, e.g., 𝑝 may be (touch,

small, palmar surface) for a tap on the palmar surface, and

we used the expression in [62]:

𝛿 (𝑝, 𝑞) = 1 −
3∑︁

𝑘=1

𝑤𝑘𝑆𝑘 (𝑝𝑘 , 𝑞𝑘 ) (2)

where 𝑆𝑘 (𝑝𝑘 , 𝑞𝑘 ) is the per-attribute similarity between any

two values of the 𝑘-th categorical attribute and 𝑤𝑘 is the

weight assigned to the 𝑘-th attribute, according to [39]:

𝑆𝑘 (𝑝𝑘 , 𝑞𝑘 ) =
{
2𝑙𝑜𝑔 (𝜋𝑘 (𝑝𝑘 )) 𝑝𝑘 = 𝑞𝑘

2𝑙𝑜𝑔(𝜋𝑘 (𝑝𝑘 ) + 𝜋𝑘 (𝑞𝑘 )) otherwise

(3)

𝑤𝑘 =
1∑𝑑

𝑘=1
𝑙𝑜𝑔(𝜋𝑘 (𝑝𝑘 )) + 𝑙𝑜𝑔(𝜋𝑘 (𝑞𝑘 ))

(4)

In Eqs. 3 and 4, 𝜋𝑘 (𝑥) is the sample probability of the 𝑘-th

gesture attribute to take value 𝑥 , estimated from the collected

data, e.g., in the above example, 𝜋1 (touch)=.288, 𝜋2 (medium)
=.431, and 𝜋3 (𝑝𝑎𝑙𝑚𝑎𝑟 𝑠𝑢𝑟 𝑓 𝑎𝑐𝑒)=.231; see Figure 3.

• Coagreement-Rate, CR𝜖 [62], reports the coagreement

among gestures elicited in different Region conditions:

𝐶𝑅𝜖 (𝑅1, 𝑅2) =
∑
𝑝

∑
𝑞 [𝛿 (𝑝, 𝑞) ≤ 𝜖]

𝑁 2
(5)

where 𝑝 and 𝑞 enumerate gestures elicited for referents R1

and R2 in different conditions, e.g., palm and forearm.

1
We excluded Implementer from the gesture description in this analysis because

our results showed that the index finger was highly preferred, being used in 94.3%

of the elicited gestures; see Figure 4 and the discussion from Section 5. We also

excluded Gesture-Complexity because of the large prevalence of simple (88.9%) over
compound (11.1%) gestures; see Figure 3c and Section 5 for a discussion of these results.

In contrast, the Gesture-Type, Gesture-Scale, and Support measures showed the

largest variation in our data and were thus used for dissimilarity analysis.

4.5 Statistical Analysis

To analyze categorical and ordinal variables with polytomous re-

sponses in our mixed-design experiment, e.g., Gesture-Type and

Gesture-Scale, we employed Cumulative Link Mixed Models [11]

with maximum likelihood estimates of the parameters provided by

the Laplace approximation method [12] with participants nested

within Region, and Referent treated as a random effect. We also

used Wilcoxon tests to compare observed percentages against ex-

pected ones. Lastly, we employed growth rates 𝑟 and dissimilarity-

consensus 𝜏-𝐶 logistic modeling [60,62] for agreement analysis.

5 Results

We report results on users’ preferences for intermanual deictics

involving the opposite palm, forearm, and upper arm, based on a

dataset of 750 gestures collected from 75 participants.

5.1 Gesture Type

We observed a high prevalence of strokes, accounting for 62.4% of all

the elicited gestures, followed by touch input at a notable distance

with 28.8% occurrence. The other gesture categories collectively

accounted for just 8.8% of all the elicited gestures, wherein 2.0%

were mixed; see Figure 3a. The observed percentages of Gesture-

Type significantly deviated from those expected by chance (𝑝<.001),

except for touch (𝑉=1674, 𝑝=.188), while both strokes and touch
gestures were significantly more prevalent than all other gesture

categories (𝑝<.001, FDR 𝑝-value corrections applied).

We found a statistically significant effect of Region on Gesture-

Type (𝜒2(2)=7.235, 𝑝=.027) with post-hoc tests (FDR 𝑝-value adjust-

ments applied) revealing differences between the palm and forearm
(𝑝=.019), and palm and upper arm (𝑝=.001). The palm exhibited

the highest percentage of touch gestures (49.6%), which decreased

by a factor of three to 19.6% and 17.2% for the forearm and upper
arm. Additionally, the palm showed similar percentages of stroke
(44.8%) and touch (49.6%) gestures, which diverged considerably

for the forearm and upper arm. The other gesture types were little

represented. For example, hover gestures, performed without mak-

ing contact with the support arm, accounted for only 5.2% of all

the elicited gestures, with the highest occurrence observed in the

forearm condition (10.0%) and the lowest in the upper arm (0.8%).

Figure 3e shows that the distribution of elicited gestures by

their type, observed overall, is also consistent across the individual

referents, e.g., the dichotomous referents “next”−“previous” and
“increase”−“decrease” were assigned gestures with the same at-

tributes. Three notable exceptions deviate from the general trend:

“home,” “OK,” and “menu” involved more touches and fewer strokes.

5.2 Gesture Scale

The elicited gestures were uniformly distributed in terms of scale,

with no significant differences among the percentages of small,
medium, and large-scale gestures (𝑝>.05, FDR 𝑝-value adjustments

applied), ranging from 27.3% to 43.1%; see Figure 3b. Yet, both the

percentages of small and medium-scale gestures turned out signifi-

cantly different from those expected by chance (29.6%, 𝑉=1011.0,

𝑝=.028 for small and 43.1%, 𝑉=1862.0, 𝑝=.020 for medium). Over-

all, the gestures utilized an area on the support arm (70.4% of the
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Figure 3: An overview of the Gesture-Type, Gesture-Scale, and Gesture-Complexity characteristics of the intermanual

deictics elicited in our study. Note the large preference for stroke gestures (a), relative uniform distribution of gesture scales (b),

propensity for simple gestures (c) across all gesture types (d), overall similar input behavior for intermanual deictics involving

the forearm and upper arm (a-c), and the overall consistent distribution of gesture characteristics across referents (e).

cases) rather than a specific point (29.6%). We also found a signif-

icant effect of Region on Gesture-Scale (𝜒2(2)=11.759, 𝑝=.003),
confirmed by post-hoc tests for all pairs of conditions (𝑝<.001) ex-

cept for forearm and upper arm (𝑝=.882, 𝑛.𝑠.); see Figure 3b. The

palm condition stands out with similar percentages of small and
large-scale gestures (51.2% and 46.4%), indicating that our partic-

ipants either targeted specific points or used more than half of

the palm’s surface during their gesture articulations. In contrast,

medium-scale gestures were most prevalent in the forearm and up-
per arm regions (64.0% and 62.8%). The large majority of small-scale
gestures were represented by touch input, whereas medium and

large-scale gestures were mostly implemented with strokes; see
Figure 3d. Additionally, Figure 3e shows that the distributions of

Gesture-Scale percentages are generally similar across different

referents with three exceptions represented by “home,” “OK,” and

“menu,” which received more small-scale gestures.



CHI ’25, April 26-May 1, 2025, Yokohama, Japan Radu-Daniel Vatavu and Bogdan-Florin Gheran

0 1 2 3 4 5
0

20
40
60
80

100 0.4%

72.8%

0.8%

5.6%

5.2%

5.2%4.8%

27.6%

76.0%

32.4%

2.4%

4.0%

0 1 2 3 4 5
0

20
40
60
80

100
89.6%

32.4%

13.2%

0 1 2 3 4 5
0

20
40
60
80

100

0.0%

83.6%

14.0%

11.2%

u
p

p
er

 a
rm

fo
re

ar
m

p
al

m

95.2%

6.8%

3.2%

0.8%4.8%

17.6%

19.6%

98.0%

26.0%

7.2% 14.0%

15.6%

h
o

ve
r

proximal
forearm

distal
forearm

mid
forearm

interdigital
space

0.0%

83.6%

14.0%

11.2%

ge
st

u
re

 o
n

fo
re

ar
m

ge
st

u
re

 o
n

p
al

m

0.4%

72.8%

0.8%

24.8%

ge
st

u
re

 o
n

u
p

p
er

 a
rm

ge
st

u
re

 o
n

fo
re

ar
m

ge
st

u
re

 o
n

p
al

m

ge
st

u
re

 o
n

u
p

p
er

 a
rm

27.6%

76.0%

32.4%

2.4%

(d) Combinations of fingers on the implementer

(f) Combinations of regions on the support arm

(a) Use of fingers (b) Number of fingers (c) Use of regions on the support arm

(e) Handedness

implementer
support

proximal forearm

distal forearm

mid forearm

wrist

fingers

elbow

interdigital space

palmar surface

4.8%

num. fingers

84.0%

8.0% 2.4% 0.4% 0.4%

10.0%

55.6%

12.8%
4.4% 9.6% 7.6%

2.0%

70.4%

11.6% 2.0% 8.8% 5.2%

num. fingers

num. fingers

74
.0

%
9

.2
%

4
.8

%
1.

6
%

0
.4

%
10

.0
%

(h
o

ve
r)

6
9

.2
%

21
.2

%
3.

6
%

4
.8

%
(h

o
ve

r)

69.7% 8.0% 6.3% 4.5% 2.8% 2.0% 1.0% 0.1% 5.6%

0
.4

%
0

.8
%

shoulder

proximal
upper arm
mid
upper arm

distal
upper arm

elbowwrist

fingers

palmar
surface

shoulder

proximal
upper arm

mid
upper arm

distal
upper arm

4
6

.8
%

12
.0

%
10

.8
%

9
.6

%
9

.2
%

8
.4

%
1.

2%
0

.4
%

0
.4

%
0

.4
%

0
.8

%
(h

o
ve

r)

implementer arm

right left90.9% 9.1%

support arm

right left9.1% 90.9%

Figure 4: An overview of Implementer and Support results. Note the large preference for the index finger of the implementer

(a,b,d) and the prevalence of the palmar region, mid forearm, and mid upper arm of the support arm (c,e).

5.3 Gesture Complexity

Our participants overwhelmingly preferred simple (88.9%) over

compound (11.1%) gestures (𝑝<.001), with both percentages signif-

icantly deviating from those expected by chance (𝑉=2848.5 and

𝑉=1.5, 𝑝<.001, respectively); see Figure 3c. We also found a sig-

nificant effect of Region on Gesture-Complexity (𝜒2(2)=6.852,
𝑝=.033) with post-hoc tests (FDR 𝑝-value adjustments applied) re-

vealing statistically significant differences only between palm and

forearm (𝑝=.006). Most of the compound gestures were observed in

the upper arm condition as variations of touch input, with a consid-

erably smaller percentage involving strokes; see Figure 3d for details.
Figure 3e shows that the distribution of the gestures by complexity,

observed overall, is consistent across individual referents.

5.4 Aspects of Intermanual Gesture Articulation

We found an asymmetrical Handedness distribution of the Imple-

menter and Support roles of the two arms, with the right arm

predominantly used as the implementer in 90.9% of the elicited

gestures, and the left arm in 9.1%. These percentages align with the

estimated left-handedness prevalence in humans, of about 10%, as

reported in the meta-analysis by Papadatou-Pastou et al. [49]. Next,

we detail on specific Implementer and Support regions.

At the level of Implementer, we observed intermanual gestures

involving from one to five fingers (M=1.5, SD=0.8, Mdn=1) in con-

tact with the support arm; see Figures 4a and 4b for finger use

percentages and finger count histograms according to each Re-

gion. The majority (70.0%) of the elicited gestures involved one
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finger only, while 10.8% used combinations of two fingers, and

4.4% involved all five fingers, respectively; see Figure 4d. The over-

whelmingly strong preference for the index finger (94.2%) is readily

apparent in Figures 4a and 4d, followed by the middle finger at a

considerable distance (21.7%). All the hover gestures and a small

portion of the mixed gestures, respectively, accounting for 5.6% of

all the elicited gestures, involved no physical contact at all with the

support arm. For intermanual deictics involving the palm, our par-

ticipants used the fewest number of fingers (M=1.1, Mdn=1), with

84% of the proposed gestures involving one finger only. In contrast,

the forearm condition saw the highest finger usage (M=1.7, Mdn=1),

with 34.4% of the elicited gestures involving at least two fingers and

17.2% four or five fingers. For example, a pinch gesture performed

with the thumb and index fingers was proposed by one participant

to effect “increase” and “decrease” on the forearm, whereas another

participant performed “undo” with a swipe towards the ulnar side

of the upper arm using the index, middle, ring, and little fingers. Ex-

amples of five-finger gestures include touching the palmar surface

with all the fingers for “home,” grasping the upper arm for “help,”

or swiping towards the wrist with all five fingers for “menu.”

We found different preferences for the Support region on the

opposite arm relative to which gestures were performed; see Fig-

ure 4c. In the palm condition, gestures predominantly targeted the

palmar surface (74.4%) followed by the fingers (24.4%), with similar

distributions observed across individual fingers, between 4.3% for

the thumb and 5.4% for the little finger. For example, one partic-

ipant proposed touching the index finger to effect “OK” and the

little finger for “cancel,” while another participant swiped on the

ring finger in opposite directions to effect “increase” and “decrease.”

In the forearm condition, the majority of the gestures employed the

mid forearm region (74.5%), whereas in the upper arm condition,

gestures predominantly involved the mid upper arm (55.4%). For

example, a swipe towards the radial side of the forearm was pro-

posed for “next.” The joints of the support arm—wrist, elbow, and

shoulder,—were rarely used, with only 0.4%, 0.0%, and 0.9% of the

proposed gestures targeting them. Example gestures that used these

regions comprise touching the wrist or swiping on the shoulder for

“menu.” These findings correspond to intermanual deictics being

performed from a seated position, for which we observed that the

support arm was held approximately perpendicular to the body

(portrait mode) in 56.0% of the articulations, angled relative to the

body (diagonal mode) in 33.3%, and held relatively parallel to the

body (landscape mode) in 10.7% of cases. Figure 4f shows combina-

tions of various support regions targeted in conjunction, e.g., the

fingers and palmar surface were used in 3.6% of the gestures in the

palm condition, and the proximal and mid upper arm were used

together in 10.8% of the gestures involving the upper arm.

5.5 Consensus Gesture Set

To understand the level of consensus among our participants’ ges-

ture articulations, we computed the agreement rate measure (𝐴𝑅𝜖 )

for each combination of Region × Referent using the procedure

described in Subsection 4.4.3. Figure 5, top shows agreement rate

results for the tolerance level 𝜖=0, meaning that two intermanual

deictic gestures are considered equivalent if and only if they exhibit

the same Gesture-Type, Gesture-Scale, and Support attributes.

Using this procedure, we found an overall agreement rate of 24.5%

in the palm, 34.1% in the forearm, and 20.2% in the upper arm condi-

tions. Figure 5, bottom shows the relationships between AR𝜖 and 𝜖

for each Referent, representing similarity evaluations under less

strict tolerance requirements (𝜖>0), following analysis recommen-

dations from [60]. Logistic modeling applied to these relationships

revealed a good fit with average growth rates 𝑟 of 14.9 (SD=10.4),

18.9 (SD=5.0), and 16.0 (SD=6.3) in the palm, forearm, and upper arm
conditions and no significant effect of Region (𝜒2(2)=5.000, 𝑝=.082),
showing similar growth behavior of AR𝜖 with increasing 𝜖 levels.

Figure 6 presents a consensus set of intermanual deictics, based

on themost conservative threshold (𝜖=0), involving all three regions

on the opposite arm. In this figure, the implementer and support,
key to intermanual deictics, are visually emphasized through color,

contrasting with the gray background of the other, non-involved

body parts. Two choices are offered for each referent: the winning

gesture, shown on the first row in each region, which is based on the

most frequently elicited gesture articulations for that referent, along

with an alternative gesture, shown in the second row in each region,

representing the second most frequently observed articulation in

our dataset. For example, the “next” and “previous” referents were

mostly performed in the palm condition with swipes toward the

ulnar and radial sides (the first-option gestures in Figure 6, first

row), but some participants preferred performing taps on the little

and ring fingers (our second gesture options, presented in Figure 6,

second row). The colored boxes shown on the right side of each

gesture encode its attributes, e.g., the “swipe toward ulnar side”

gesture proposed to effect “next” is classified as a large-scale (L)

stroke (St) involving the palmar (Pa) surface. The alternative for

“next” in our set is “tap on the little finger,” a small-scale (S) touch (T)

gesture on the finger (F). To complement these results, though not

contributing to the consensus set, Figure 7 illustrates examples of

hover gestures identified in our study. Given their rarity (5.2%), these
gestures are presented solely for exemplification purposes, andwere

selectively chosen from our dataset. Nonetheless, note articulation

similarities with the contact-based gestures from Figure 6.

Directional swipes are prevalent in the consensus set for the

four referents with a directional connotation—“next,” “previous,”

“increase,” and “decrease,”—and were consistently proposed across

all three regions. Other strokes, such as letters, e.g., “X” for “cancel,”

and symbols, e.g., “checkmark” for “OK” or “question mark” for

“help,” were also observed across all regions. Variations of tap-based

input are equally represented in our set. For example, in the palm
condition, participants often tapped with a single finger at different

locations, such as at the bottom of the palm for “menu.” In the

forearm and upper arm conditions, tap gestures included multi-

finger taps, such as four-finger or three-finger taps for “menu.”

Overall, these preferences leverage intuitive connotations in the

referents while exploiting participants’ familiarity with touch-based

interactions, prevalent on personal digital devices.

We also observed instances where identical gestures were occa-

sionally proposed for different referents by different participants,

e.g., tapping in the palm center for both “home” and “menu” (Fig-

ure 6, top two rows) or drawing a circular shape for both “undo”

and “cancel” (Figure 6, last two rows). To find out more, we com-

puted coagreement rates CR𝜖 , following the procedure described in
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Figure 5: Agreement ratesAR𝜖 [62] computed for the tolerance level 𝜖=0 (top) and growth rate dissimilarity-consensus curves [60]

(bottom), illustrating the effect of 𝜖 on the agreement among elicited gestures. Note the similar behavior of the AR𝜖 dependence

on 𝜖 across various referents, confirmed by non-significant differences among the average growth rates 𝑟 in each Region.

Subsection 4.4.3, which quantify the degree of similarity between

intermanual deictic gestures elicited for different referents; see

Figure 8. Notable is the considerably higher coagreement rate ob-

served for the forearm and upper arm (39.2%) compared to the palm
and forearm (14.1%) and palm and upper arm (15.9%), respectively,

revealing that the forearm and upper arm elicited more similar ges-

tures, most likely due to their structural and area size similarities

compared to the palm. The coagreement rates in the diagonals of

the matrices in Figure 8 are especially interesting since they show

how the same referent, e.g., “next” or “undo,” received gestures hav-

ing the same attributes, although they were performed in different

regions. These findings suggest important implications regarding

the interchangeability of intermanual deictics across different arm

regions, which we further explore in Section 6.

6 Design Implications for Interactions

Incorporating Intermanual Deictics

Our findings revealed user preferences for intermanual deictics cen-

tered around touch and stroke input, exhibiting similar agreement

rates across the opposite palm, forearm, and upper arm regions,

with larger coagreement observed between the latter two. Next,

we capitalize on our empirical findings to outline a set of design

principles and corresponding practical implications for interactions

that incorporate intermanual deictics.

➊ Design interactions based on intermanual deictics that

leverage the entire support arm, from fingers to shoulder.

Prior work on on-body input has focused on gestures performed

at specific arm regions, such as the palm [8,27,41], or treated the

arm as a whole [70], without accommodating alternative user pref-

erences for input involving other regions, not designer-chosen, or

multiple regions of the arm. In our study, which indiscriminately

addressed three distinct regions, we found that gestures with simi-

lar attributes emerged across them. Supporting data: The analysis
from Subsection 5.5 revealed comparable average agreement rates,

from 20.2% to 34.1%, and comparable growth rates, from 14.9 to 16.0,

for input involving the palm, forearm, and upper arm. Practical
implications: (I1) Design intermanual deictics that fully utilize the
available surface area of the support arm for input. For example, con-

trolling a music application could utilize the entire arm—tapping on

the palm to play and pause, swiping on the forearm to skip to the

next song, and pinching in and out on the upper arm to adjust the

volume—where the various controls are evenly distributed across
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Figure 6: Consensus gesture set. Notes: two options, the winning gesture and the next-best alternative, are presented for each

referent; the colored boxes indicate gesture attributes, e.g., a large-scale stroke in the palmar surface is represented as St-L-Pa.

the arm. (I2) Foster a mental model of interaction involving interman-
ual deictics where different regions on the support arm offer equal
opportunities for input. For example, provide recommendations for

users to switch between different arm regions when performing

the default gestures provided by the application, and encourage

them to create personalized gestures without prioritizing specific

regions of the opposite arm.



CHI ’25, April 26-May 1, 2025, Yokohama, Japan Radu-Daniel Vatavu and Bogdan-Florin Gheran

Swipe above fo. 

toward wrist 

Swipe above fo. 

toward elbow 

Swipe above palm 

toward ulnar side 

Swipe above palm 

toward radial side 

“OK” sign  

above forearm 

Zig-zag swipe 

above forearm 

Swipe upward 

above forearm 

Pinch out  

above forearm 

Draw half circle 

above forearm 

Draw symbol “?” 

above forearm 

Hover gesture set 

ex
am

p
le

 

Next Previous Increase Decrease OK Cancel Menu Home Undo Help Next Previous Increase Decrease OK Cancel Menu Home Undo Help 

H 

M 

Fo 

H 

M 

Fo 

H 

L 

Fo 

H 

L 

Fo 

H 

L 

Fo 

H 

M 

Fo 

H Hover L Large M Medium Fo Forearm GESTURE-TYPE GESTURE-SCALE SUPPORT-REGION Legend 

H 

L 

Pa 

H 

L 

Pa 

Pa Palm 

H 

L 

Fo 

H 

M 

Fo 

Figure 7: Illustrative examples of hover intermanual deictics. Note similarities with the contact-based gestures in Figure 6.

palm vs. forearm palm vs. upper arm forearm vs. upper arm

Next

Previous

Increase

Decrease

Home

OK

Cancel

Menu

Help

Undo

N
ex

t

P
re

vi
o

u
s

In
cr

ea
se

D
ec

re
as

e

H
o

m
e

O
K

C
an

ce
l

M
en

u

H
el

p

U
n

d
o

M=14.1% (SD=6.5%) M=15.9% (SD=7.4%) M=39.2% (SD=12.4%)

0.0%

100%N
ex

t

P
re

vi
o

u
s

In
cr

ea
se

D
ec

re
as

e

H
o

m
e

O
K

C
an

ce
l

M
en

u

H
el

p

U
n

d
o

N
ex

t

P
re

vi
o

u
s

In
cr

ea
se

D
ec

re
as

e

H
o

m
e

O
K

C
an

ce
l

M
en

u

H
el

p

U
n

d
o

Figure 8: Coagreement rates (CR𝜖 ) computed for the tolerance level 𝜖=0, showing users’ preferences for intermanual deictics

across the palm, forearm, and upper arm regions.

➋ Use the forearm and upper arm interchangeably for

input. The forearm and upper arm present similarities in form,

structure, and size, indicating their potential to serve alike as sup-

port references for intermanual deictics. The shared characteristics

of the gestures elicited in these regions suggest users’ perception

of such similarities. Supporting data: The Gesture-Type and

Gesture-Scale measures revealed many similarities across the

gestures involving the forearm and upper arm compared to the

palm. For instance, touch input comprised 19.6% and 17.2% of the

gestures on the forearm and upper arm, vs. 49.6% on the palm.

Furthermore, medium-scale gestures amounted to 64.0% and 62.8%

on the forearm and upper arm, compared to just 2.4% on the palm

(Figures 3a and 3b). These similarities were also present at the level

of the individual referents (Figure 3e). Practical implications: (I3)
Reuse intermanual deictics designed for the forearm on the upper arm
and vice versa. For example, directional swipes or pinches on the

forearm to navigate through a list of items could also be recognized

to effect the same command when performed on the upper arm.

(I4) Favor user personalization of intermanual deictics by allowing
flexibility in where input is performed, enabling the same gesture to
be used interchangeably involving both the forearm and upper arm.
For example, a pinch gesture configured to adjust the volume on the

upper arm could also be recognized on the forearm, allowing users

to choose the most comfortable location as per their preferences or

specific contexts of use.

➌ Favor intermanual input involving the central areas of

the palm, forearm, and upper arm. Our findings revealed that

intermanual deictics were predominantly concentrated in the cen-

tral area of each arm region, likely due to ease of reach. Supporting
data: Of all the elicited gestures in the palm condition, 72.8% were

performed on the palmar surface; 83.6% of the gestures elicited

relative to the forearm involved the mid forearm; and 76.0% of the

upper-arm gestures involved the mid upper arm (Figure 4c). Prac-
tical implications: (I5) Design intermanual deictics centered in the
specific target region on the support arm. This implication facilitates

effective reaching and alignment with observed user preferences,

such as taps in the palm or swipes in the mid of the forearm and

upper arm, as shown in Figure 6. (I6) Use the non-central areas for
input that occurs less frequently or requires greater attention. For
instance, a long tap or series of taps could be required on the outer

edge of the upper arm to delete a file or confirm a purchase, where

users are less likely to trigger it accidentally. Such a design also

ensures that users are deliberate in their actions, minimizing the

risk of unintended consequences.
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➍ Expand the set of intermanual deictics with cross-region

input. The similarities observed in gesture characteristics across

different arm regions suggest practical benefits of expanding input

opportunities without considerable requirements for memorizing

new gestures. Supporting data: The forearm and upper arm re-

vealed the highest average coagreement rate (39.2%) across all ten

referents considered in our study, and over 45.0% for a subset of

five referents (Figure 8, right). Practical implications: (I7) Design
gestures that begin in one region and end in another, i.e., cross-region
deictics. For example, a swipe that starts on the forearm and ends in

the palm could mean advancing five items in a list, compared to a

swipe solely on the forearm that advances one item at a time. This

design allows different effects by reusing the same gesture across

two connected arm regions. (I8) Design gestures performed sequen-
tially across regions, such as starting on the forearm and repeating
on the upper arm, i.e., sequential-region deictics. Building on the

previous example, if the forearm swipe is repeated, not continued,

the result could be fast-forwarding to the end of the list.

➎ Favor designs of intermanual deictics that leverage users’

prior experience with touchscreen devices. The vast majority

of the gestures elicited in our study were represented by touch

and stroke input, indicating a legacy bias of how users interact

with their personal devices. Supporting data: Across all regions,
91.2% of the gestures were either touches or strokes (Figure 3a).

Practical implications: (I9) Design intermanual deictics that build
on conventions from touchscreen input to increase the adoption of
on-body interactions. For example, use a double tap to open an

app or a four-finger swipe to move between apps—two gestures

reflective of interactions performed on prevalent digital devices.
2

(I10) Use the region on the support arm as a contextual element for
touch input, associating it with the functionality of different digital
devices. For instance, the palm can be intuitively likened to a smart-

phone [19], while the forearm and upper arm can be conceptually

associated with larger devices, such as remote controls, tablets, and

displays [48]. Based on such associations, tapping the palm can ini-

tiate a phone call, swiping across the forearm might scroll through

a list of movies, and using the upper arm to pinch can zoom in on

a map shown on a remote display. Unlike Weigel et al. [70], who

focused on the novelty of skin-specific gestures, and Lu et al. [41],

who explored hand-to-hand gestures as a novel input modality com-

pared to conventional touch input, we recommend capitalizing on

users’ familiarity with touchscreen devices as a transitional phase

for shifting interactions from devices to the body.

➏ Design intermanual deictics that capitalize on users’

preference for the index finger. The index finger has several

distinctive capabilities compared to the other fingers [30]: it is the

most spatially acute finger of the hand, is used in many prehensile

patterns, and, along with the thumb, is the most independent digit

of the hand. Furthermore, prior work has shown that gesture input

performed with the index finger is highly distinctive and easy to

perform [10,56,61]. Supporting data: Our results revealed that the
index finger was used in 94.3% of the elicited gestures, with 69.7%

utilizing it exclusively (Figure 4d). Practical implications: (I11)De-
sign intermanual deictics based on the perspective of the index finger.

2
Use multi-touch gestures on your Mac, https://support.apple.com/en-us/102482;

Touch gestures for Windows, https://support.microsoft.com/en-us/windows/touch-

gestures-for-windows-a9d28305-4818-a5df-4e2b-e5590f850741.

For example, this perspective can influence the choice of technology

to sense gestures, e.g., using an electronic ring with motion sens-

ing [15] vs. instrumenting the wrist [69] or arm [42]. (I12) Utilize
interconnected abilities in humans that incorporate the index finger
for more expressive interactions. Since eye gaze is known to fixate

near the index finger’s contact point on grasped objects [9], we sug-

gest applying existing design knowledge on combined touch+gaze

input for conventional touchscreens [50] to explore opportunities

in multimodal deictics. For example, tapping with the index finger

on the opposite arm, observed repeatedly in our study across all

regions (Figure 6), could activate a menu, while shifting gaze could

select a specific menu item. Such designs open new opportunities

for on-body interactions that leverage the referential abilities of

multiple modalities, which we leave for exciting future work.

➐ Enhance the expressiveness of intermanual deictics by

complementing index-finger-based input with design that

incorporates other fingers. To complement the previous guide-

line, we suggest designing intermanual deictics that leverage other

fingers for parametrized input. Supporting data:We observed that

some finger combinations occurred repeatedly in our study, such

as the index and middle fingers occurring in 8.0% of the gestures,

or input involving at least four fingers being observed in 10.8% of

the elicited gestures (Figure 4d). Practical implications: (I13) Use
additional fingers as parameters for input. For example, a two-finger

swipe with both the index and middle fingers could advance more

quickly through a list of items compared to a swipe performed with

just the index finger. (I14)Adopt design approaches from conventional
touchscreen interactions that involve multiple fingers. These may in-

clude the finger-count technique [3] or combined touch+hand pose

input [38]. For instance, a three-finger tap in the palm could be used

to directly select the third option in a menu, such as the third song

in a playlist. The configuration of the other fingers could specify

the intensity of an “increase” action, e.g., the fully stretched middle

finger indicates a small increase, while spreading all the fingers

apart signifies a larger increase.

➑ Complement contact-based with hover gestures per-

formed in mid-air around the opposite arm. According to our

formalization of intermanual deictics in Section 3, these gestures do

not require physical contact with the opposite arm, but can instead

perform referential input from mid-air. Although none of these

gestures made it into the consensus set (Figure 6), they highlight

an interesting space for intermanual deictics where the support

arm serves not as a touch surface, but as a pure point of reference.

Supporting data:We found that 5.2% of the gestures elicited in our

study were performed without making contact with the support

arm (Figure 3a) with a notable preference in the forearm condition.

Practical implications: (I15) Use the space around the opposite arm
for novel interactions by adopting designs from around-device input.
These may include designs inspired by off-loading digital content

around a mobile device [26] or implementing off-screen menus [54],

adapted to the space around the opposite arm. In this context, we

recommend aligning interactions with observed user preferences

for the longitudinal (elbow to wrist) and transversal (ulnar to radial)

axes. For example, tapping on the forearm could select a song in

a music application, followed by a second tap at another location

to play it, while the mid-air trajectory of the finger between the

two taps—whether longitudinal or traversal,—could indicate “play

https://support.apple.com/en-us/102482
https://support.microsoft.com/en-us/windows/touch-gestures-for-windows-a9d28305-4818-a5df-4e2b-e5590f850741
https://support.microsoft.com/en-us/windows/touch-gestures-for-windows-a9d28305-4818-a5df-4e2b-e5590f850741
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now” or “queue to play next.” (I16) Expand the set of intermanual
deictics by duplicating physical-contact gestures in hover mode. For
example, a clockwise circular motion on the forearm could adjust

the volume, increasing it incrementally, while the same motion

above the forearm could switch between audio presets, such as

“bass boost,” “vocal mode,” or “concert hall.”

7 Limitations

Our study has uncovered many insights into intermanual deictics,

but it also presents limitations, which we address in the following.

First, our findings are based on a set of ten generic referents only,

whereas more particular referents, related to specific application

areas—such as mobile computing (e.g., placing a call) [55], ambient

intelligence (e.g., remote control of devices) [15], or mixed reality

(e.g., summoning virtual objects) [51]—warrant further examina-

tion. This includes evaluating the suitability of intermanual deictics

and the forms they might take in other contexts, beyond the seated

position in our experiment, regarding type, scale, and complexity.

Second, we did not address the recognition accuracy of intermanual

deictics, as our goal was to explore gesture possibilities without

imposing any technology-induced constraints on their articula-

tion. Thus, the technical feasibility of implementing our gesture

set using existing sensing and recognition technology remains to

be verified. Third, our sample consisted mostly of males, with low

female representation (19%). Although we did not intend to include

this factor in our analysis, investigating potential sex differences in

user preferences for intermanual deictics could be insightful, e.g.,

through a type-7 replication [17] involving the same method but

new participants. To assist researchers in addressing these limita-

tions and facilitate comparison with our findings, we provide our

dataset at http://www.eed.usv.ro/~vatavu. Based on the most recent

systematic review on gesture elicitation [64], this dataset—collected

from 75 participants—represents the largest sample to date for on-

body input. Next, we build on our insights into intermanual deictics

to propose additional directions for future work.

8 Future Work

We envision promising future work on integrating intermanual

deictics, as a distinctive class of gestures, into on-body interaction.

We structure these opportunities around two main directions: en-

hancing wearable technologies to support intermanual deictics and

exploring novel interactions that leverage their unique traits.

First, we believe that future explorations of intermanual deic-

tics could also drive advances in engineering wearables to support

their implementation. These may include new technology build-

ing on wrist-worn sensing [41], index-finger augmentation [61],

radar systems [21], or computer vision [19,22] designed to enhance

the body regions involved in intermanual deictics as well as new

recognition algorithms tailored to their specific articulation. Such

advancements would enable investigation of in-the-wild use cases

with varying mobility conditions, such as running or cycling [63],

limited upper-body mobility due to motor impairments [7], or en-

cumbrance [46]—scenarios that may limit accessible regions on the

support arm, thereby influencing the forms of intermanual deictics.

Examining the accessibility of interactions integrating intermanual

deictics represents interesting future work involving ability-based

design [72] in the specific context of on-body input. To this end,

we recommend conducting comparisons between our gesture set

and the on-body gestures preferred by users with various upper-

body motor abilities [7] to facilitate interactions with computer sys-

tems. Furthermore, future work on sensing and recognition should

examine use cases where gestures need to be detected through

clothing [28], which may present challenges of lower sensing rates.

This also includes addressing aspects of societal perception of in-

teractions involving textile interfaces [52] as well as of interactions

implemented with a device-augmented support arm [48].

Second, the specifics of intermanual deictics can inspire interac-

tion techniques that leverage the intuitiveness of proprioception,

the familiarity of pointing, and the dexterity of the index finger to

expand current on-body input designs through meaningful gestures

performed across various regions of the opposite arm or near it.

Such interactions hold promise for applications in mixed reality

that integrate virtual content with the user’s body, e.g., virtual ob-

jects attached to the forearm [24], placed near the open palm [2],

or traversing across the user’s hands [71]. In this context, the loca-

tion on the support arm could be used to summon different virtual

objects, the choice of implementer could correspond to various

manipulations of those objects, while the reference system of the

support arm would anchor both the virtual content and the interac-

tion, strengthening their connection and potentially enhancing per-

ceived immersion and presence [66]. These design possibilities arise

from leveraging the qualities of intermanual deictics—their biman-

ual structure, deictic nature, and asymmetric articulation—through

the complementary roles of the support and implementer arms.

9 Conclusion

We reported empirical results on user preferences for intermanual

deictics, a distinctive gesture class in the landscape of gesture-based

interaction, characterized by a referential structure and asymmetri-

cal postural-manipulative action. Our analysis unveiled user pref-

erences for gestures that leverage the directional connotations in

referents and exploit familiarity with touchscreen interactions, re-

sulting in highly-consistent gesture input across the three regions

we examined on the support arm. Based on these findings, we com-

piled a consensus set of intermanual deictics involving the palm,

forearm, and upper arm, along with design principles and practical

implications for interactive systems. Our contributions add to the

existing body of knowledge for designing on-body interactions with

insights from the largest-sample gesture elicitation study in this

area. We look forward to innovations enabled by our findings and

free dataset toward intuitive gesture-based input that effectively

references the user’s body in novel interactive systems.
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