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ABSTRACT 
Despite widespread development within the technology industry, smartwatches have 

historically been unsuccessful in their sales worldwide. Several factors have contributed to the 

poor sales of smartwatches, namely the lack of an efficient means of text entry. The 2017 release 

of Android Wear and Apple WatchOS 4 addressed this issue as now both operating systems 

support some level of native text entry, albeit through different methods (tap, trace, and 

handwriting). Previous research has consistently shown tap and trace to be efficient means of 

text entry on a smartwatch, yet no studies have directly compared the two input methods to other 

available input methods, such as handwriting. Now that tap, trace, and handwriting input are all 

available for use by the mass consumer market, understanding how they compare is essential to 

ensuring users are receiving the best smartwatch typing experience possible.  

Given the ubiquitous and mobile nature of smartwatches, this study examined typing 

performance using three unique input methods (tap, trace, and handwriting) while standing, 

walking a simple route, and walking a complex route in a naturalistic setting. Results show 

participants typed faster with trace (30 words per minute) than with tap (20 WPM) and 

handwriting (18 WPM), regardless of whether they were standing or walking. The observed 

typing speeds with trace are among the fastest reported in the smartwatch literature. Trace also 

outperformed tap and handwriting across all subjective metrics, regardless of mobility. 

Participants subjectively rated trace as easier and less demanding to use, preferred it over tap and 

handwriting, and suggested they would use trace over tap and handwriting on a smartwatch 

regardless of their mobility. These results suggest smartwatch manufacturers should include 

QWERTY keyboards with trace input as a standard feature in order to provide the best overall 

typing experience for their customers.  
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CHAPTER 1 

INTRODUCTION 
 When the modern smartwatch first hit the consumer market in 2013 it brought with it a 

completely new and untapped area within personal computing. The promise of ushering in the 

next wave of convenient technology soon had companies of all sizes and verticals vying for a 

share of the new market. Pebble, Samsung, Sony, Apple, and many more companies released 

smartwatches by 2015. Despite this widespread interest in smartwatch development within the 

technology industry, by 2016 smartwatch sales worldwide largely failed to meet expectations, 

leading some to conclude that the smartwatch industry was dead (Thompson, 2018). According 

to the International Data Corporation (IDC), smartwatch sales decreased 51.6% from the third 

quarter of 2015 to the third quarter of 2016 (IDC, 2016). Several factors contributed to the 

limited sales of smartwatches including: poor battery life, limited apps, and an inability to 

perform daily activities commonly performed on smartphones (Pulvirent, 2015; Thompson, 

2018). In terms of daily activities, smartwatches have historically failed to provide an efficient 

means of text entry, an extremely common and frequent use of smartphones. The 2017 release of 

Android 2.0 (renamed Android Wear in 2018) and Apple WatchOS 4 addressed this issue as both 

operating systems now support some level of native text entry, albeit through different methods. 

The question of which text entry method is most optimal for use on a smartwatch, and their 

suitability for mobile environments remains unclear.  

 Initial smartwatch designs only provided pre-programmed responses and voice input for 

text entry. Yet, these methods have consistently been shown to be inefficient and impractical for 

real-world use. No smartwatch designs initially allowed for keyboard-based text entry largely 

due to the initial assumption that traditional keyboard layouts, like the QWERTY, would not 
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work for smartwatches given their small screen sizes. The apparent lack of an efficient text entry 

method for smartwatches sparked a bevy of research into novel text input methods optimized for 

the small screen size. Other methods were created to circumvent the limited screen space of 

smartwatches by expanding the input mechanism to outside of the watch face. Subsequent 

research has demonstrated alternative input methods to be unsuccessful at producing efficient 

text entry speeds.  

 Although it was initially assumed that keyboard-based text entry was impossible on a 

smartwatch, numerous studies have since shown its feasibility (Chen, Grossman, & Fitzmaurice, 

2014; Hong, Heo, Isokoski, & Lee, 2015; Komninos & Dunlop, 2014; Oney, Harrison, Ogan, & 

Wiese, 2013). Despite this, the optimal keyboard design and input method has been widely 

contested. Given the small screen size of smartwatches, and the resulting small key size, many 

advocate the need for alternative keyboards that use “zoom” features to enlarge the small keys. 

While this method has been shown to be feasible, resulting text entry speeds are often slow, and 

accompanied by a steep learning curve. Chaparro, He, Turner, and Turner (2015) proposed that 

the creation of novel keyboards and input methods for smartwatches may be unnecessary. The 

authors demonstrated that an existing smartphone keyboard could be adapted for efficient use on 

a smartwatch. Because the keyboard was familiar to users, they were able to circumvent the large 

learning curves associated with the novel, alternative keyboards allowing the users to quickly 

learn how to use the small keyboard and achieve efficient text entry speeds.  

 Turner, Chaparro, and He (2016) extended the work of Chaparro et al. (2015) and 

investigated how the input method (tap or trace), and previous experience with trace input 

(novice or expert), affected typing performance with an existing smartphone keyboard on a 

smartwatch while users were in a seated position (See Chapter 2).  Turner et al. (2016) found 
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using tap and trace with an existing smartphone keyboard to be a viable and efficient means of 

text entry on a smartwatch. Additionally, the authors found that regardless of previous 

experience, users typed faster overall using the trace input method than tap. Furthermore, Turner, 

Chaparro, and He (2018) investigated how user mobility (standing and walking on a treadmill), 

input method (tap or trace), and previous experience with trace input (novice or expert) affected 

typing performance on a smartwatch (See Chapter 3). Results revealed participants typed faster 

with trace than with tap, regardless of whether they were standing or walking, or whether they 

had prior experience with trace. Additionally, participants typed faster overall while standing 

than while walking on a treadmill. 

 Although Turner et al. (2016, 2018) have consistently shown tap and trace to be efficient 

means of text entry on a smartwatch, no studies have directly compared the two input methods to 

other available input methods, such as handwriting. This limitation is especially relevant given 

the 2017 release of Android Wear OS. Wear OS now allows smartwatches to have full texting 

capabilities, allowing users to receive, compose, and send full text messages, just as they would 

on their smartphone, using either tap, trace, or handwriting input. Now that tap, trace, and 

handwriting input are all available for use by the mass consumer market, understanding how they 

compare is essential to ensuring users are receiving the best smartwatch typing experience 

possible. Additionally, it is unknown how typing performance with these different input methods 

is affected by naturalistic walking, instead of walking on a treadmill. Given the ubiquitous nature 

of text entry on a smartphone, understanding how text entry performance on a smartwatch is 

affected by mobile environments is critical if smartwatches are to ever become as commonplace 

as smartphones. 



4 
 

Purpose 

This study is a continuation and expansion of Turner et al. (2016, 2018). The works of 

Turner et al. (2016, 2018) have been included in this document (Chapters 2 and 3, respectively) 

to establish the foundation for the current study. In this study, we investigated participants’ 

typing performance, subjective user ratings, and naturalistic walking behavior while typing using 

three different input methods (tap, trace, and handwriting) while standing, walking a simple 

route, and walking a complex route. This study aimed to answer four primary research questions:  

1. Which input method results in better smartwatch typing performance (i.e., faster 

typing speed, fewer errors) in the different naturalistic mobility conditions?  

2. Which input method results in better subjective ratings in the different naturalistic 

mobility conditions? 

3. What impact does the input method have on walking behavior in naturalistic 

settings (naturalistic walking a simple route vs. naturalistic walking a complex 

route)? 

4. What impact does route complexity (naturalistic walking a simple route vs. 

naturalistic walking a complex route) have on walking behavior? 
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CHAPTER 2 

Study 1: Text Input on a Smartwatch QWERTY Keyboard: Tap vs. Trace 

Full Citation 

Turner, C. J., Chaparro, B. S., & He, J. (2017). Text input on a smartwatch QWERTY keyboard: 

tap vs. trace. International Journal of Human–Computer Interaction, 33(2), 143-150. 

 

Abstract 

This study examines text input performance on a smartwatch using tap and trace input methods 

on a standard QWERTY keyboard (SwypeTM). Participants were either experts or novices to the 

tracing technique on their smartphone. No users had experience typing on a smartwatch. 

Participants were able to type at speeds comparable to, or exceeding, those reported in the 

literature for smartphones and small screen devices. Both novices and tracing experts typed 

faster overall using the trace input method than the tap method and experts typed the fastest 

using trace (37 WPM). Word error rates were also comparable to those reported for smartphone 

text input. These results suggest that using a standard QWERTY keyboard that allows both tap 

and trace for text input is a viable option on a smartwatch.  

 

Keywords: Smartwatch, Text Input, Trace, Tap, Experience, QWERTY Keyboard 
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Introduction 

Smartwatches are currently designed as complementary accessories to smartphones. They 

provide the ability to check text messages, display notifications, read emails, and decrease the 

need for physical interaction with a phone. Bluetooth connection to a smartphone allows users to 

keep their phone in a convenient location while receiving notifications via their watch. However, 

responses to notifications, such as text messages, are primarily limited to voice-based input or 

preprogrammed responses. No manual text entry methods, such as a keyboard, are provided. 

This has been reported as a major inconvenience to consumers (Etherington, 2014). As 

smartwatches gain in popularity, more effective modes of text input are essential (Hayes, 2014). 

Many have been quick to dismiss the idea of adapting a traditional QWERTY keyboard 

for a watch, citing issues with lack of screen space (Hong, Heo, Isokoski, & Lee, 2015), fingers 

being too large for accurate typing on small keys (often referred to as the “fat finger” problem) 

(Kim, Sohn, Pak, & Lee, 2006; Oney, Harrison, Ogan, & Wiese, 2013) and fingers occluding the 

small screen (Funk, Sahami, Henze, & Schmidt, 2014). Prediction of user performance on small 

touchscreen keyboards has been the topic of much research involving refinements to Fitts’ law 

for small touch targets (Song, Clawson, & Radu, 2012; Bi, Li, & Zhai, 2013) and alternative 

keyboards with optimized alphabetic layout based on the Fitts-Digraph model have been 

suggested (Lewis, Kennedy, & LaLomia, 1999, Bi, Smith, Zhai, 2010; Bi, Smith, & Zhai, 2012).  

Examples of alternative keyboards include: an alphabetical sliding keyboard (Tap and 

Slide), a divided QWERTY (Swipeboard), scrolling/ panning QWERTY (Splitboard), one key 

QWERTY (One-Key), full QWERTY with zooming capability (Zoomboard), Quasi QWERTY, 

non-occlusion (Callout & ZShift Keyboards), and handwriting (Romano, Paolino, Tortora, & 

Vitiello, 2014; Chen, Grossman, & Fitzmaurice, 2014; Hong et al., 2015; Kim et al., 2006; Oney 
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et al., 2013; Leiva, Sahami, Catalá, Henze, & Schmidt, 2015; Komninos & Dunlop, 2014; 

Kienzle & Hinckley, 2013, respectively). The fastest typing speeds from these keyboards were 

reported with Swipeboard (19.5 WPM) and Zoomboard (17.8 WPM) when using a 5 letter 

alphabet on a 12mm x 12mm interface after two hours of practice (Chen et al., 2014).  

In addition to alternate keyboards, different methods of input on a small screen device are 

being explored. These include: magnetically driven input (Abracadabra), tilting and button 

tapping (TiltType), and wristband-based input (Harrison & Hudson, 2009; Partridge, Chatterjee, 

Sazawal, Borriello, & Want, 2002; Xiao, Laput, & Harrison, 2014; Funk et al., 2014, 

respectively). Others have attempted to increase the screen size of watches by creating multi-

screened bracelets (Lyons, Nguyen, Ashbrook, & White, 2012) or by using the back of the 

device for interaction (Baudisch & Chu, 2009). As these input methods are still emerging, not all 

studies report actual typing performance data. In a recent study, Vertanen, Memmi, Emge, Reyal, 

and Kristensson (2015) reported typing speeds of 41 WPM for a sentence-based decoder called 

VelociTap on a smartwatch sized display. These typing speeds were demonstrated on a keyboard 

displaying letters A-Z and the space bar (punctuation, digit, and the Enter keys were excluded).  

According to Zhai and Kristensson (2012), for a mobile text entry method to be 

acceptable to the mass consumer market it must meet three requirements. First, the input method 

must be fast, allowing users to type quickly. Second, little to no learning should be required for 

new users to efficiently use the entry method. Third, the input method should support high 

efficiency through practice in use. Novel input methods and alternative keyboards typically do 

not satisfy these stipulations due to their learning curve. In contrast, the familiar QWERTY 

keyboard that is used on a smartphone meets these three requirements for the mass consumer 

market. 
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More research is needed to determine whether the QWERTY keyboard can be a viable 

option for smartwatch typing. Two popular methods of text input on a smartphone QWERTY 

keyboard are traditional point and tap as well as shape writing or trace, on a word-gesture 

keyboard. For the current study we refer to traditional point and tap as “tap” and shape writing as 

“trace”. Tracing requires users to connect all the letters in a word with one continuous finger 

motion. An autocorrect algorithm is used to determine the desired word after the user lifts their 

finger from the screen.  The user does not have to tap every key perfectly, but instead only has to 

be close enough to the intended keys (Zhai & Kristensson, 2012).   

History of Tracing Text Input. The original trace input method, SHARK (shorthand 

aided rapid keyboarding), was designed for stylus keyboarding (Zhai & Kristensson, 2003). 

Since then trace has amassed several different names: shape writing, gesture, stroke, swipe, slide, 

glide or curve, has undergone improvements; and has been adapted for touch based input on 

touchscreen smartphones (Cuaresma & MacKenzie, 2013; Kristensson & Zhai, 2004; Zhai & 

Kristensson, 2012). SwypeTM is perhaps the most commonly known trace application due to its 

availability on Android and more recently iOS devices.  

Several studies have compared tap and trace on smartphone QWERTY keyboards with 

mixed results. Castellucci and MacKenzie (2011) found tap input (20 WPM) to be faster than 

trace (17 WPM), while Smith and Chaparro (2015) found trace (20 AdjWPM) to be faster than 

tap (17 AdjWPM). Cuaresma and MacKenzie (2013) found tap (54 WPM) to be faster than trace 

(35 WPM) although these speeds were achieved by typing the same phrase ten times in a row. 

Reyal, Zhai, and Kristensson (2015) initially found tap (29 WPM) to be faster than trace (26 

WPM), but when participants were observed over a 10-day span, trace (34 WPM) was found to 

be faster than tap (30 WPM) implying that practice with trace can significantly improve typing 



9 
 

performance. Nguyen and Bartha (2012) showed there was no difference between tap (12 WPM) 

and trace (12 WPM) on a tablet when autocorrect was disabled. 

Text Input On A Smartwatch. Given the relatively new market of smartwatches, little 

research has been done regarding text input. In fact, until the 2014 release of the Samsung Gear 

S, most smartwatches did not provide any method of text input other than voice input or a 

selection of pre-defined phrases. A study by Komninos and Dunlop found users achieved 8 

WPM using a split alphabetic keyboard on a Sony Smartwatch 2 (Komninos & Dunlop, 2014). 

Hong et al. (2015) compared five different soft keyboards (standard QWERTY, QLKP, 

Zoomboard, SlideBoard, and SplitBoard) on a Samsung Galaxy Gear 1, and found performance 

with the Splitboard to be the fastest at 15 WPM without an autocorrect system. Hong, Heo, 

Isokoski, and Lee (2016) compared typing performance of three soft keyboards (Zoomboard, 

Splitboard, and a standard QWERTY keyboard) while standing and walking on a treadmill, and 

again found Splitboard to be the fastest (15 WPM standing and 13 WPM walking) without an 

autocorrect system. 

Few studies have examined performance using trace input on a smartwatch. Recently, 

Gordon, Ouyang, and Zhai (2016) created and evaluated a novel smartwatch keyboard, 

WatchWriter. WatchWriter supports tap and trace based input as well as three non-QWERTY 

layouts. Gordon et al. (2016) found users were able to type 22 WPM with tap and 24 WPM with 

trace on a LG G Watch R with a 1.3” display. In a previous study conducted in our lab, users 

typed 29 WPM with trace and 20 WPM with tap, on a Samsung Galaxy Gear 1 (Chaparro, He, 

Turner, & Turner, 2015). These speeds were achieved despite the keyboard’s small key size of 4 

x 3 mm, almost half the recommended size for accurate use, 7 mm x 7 mm (Dunlop, Komninos, 

& Durga, 2014; Parhi, Karlson, & Bederson, 2006). The observed trace speed exceeded trace 
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speeds on a smartphone observed by Castellucci and MacKenzie (2011), as well as, Smith and 

Chaparro (2015). They were also comparable to the trace typing speeds observed by Cuaresma 

and MacKenzie (2013), Reyal et al. (2015), and Gordon et al. (2016).  

However, the findings of Chaparro et al. (2015) were based on the use of two different 

keyboards, SwypeTM for tracing, and Fleksy TM for tapping. While tracing was shown to be 

superior, it is not clear whether it was due to the autocorrect algorithm of the keyboard or the 

input method itself. In addition, experience level with the trace technique on a smartphone was 

not controlled.  

Purpose. This study tests the practicality of typing on a smartwatch QWERTY keyboard 

using two input methods: tap and trace, on the same keyboard among two user groups: those 

with and without experience using trace on a smartphone.  

Method 

Participants. Thirty-two participants (19 Male, 13 Female) recruited from a midwestern 

university, ranging in age from 18 to 33 years old (M= 21.88, SD= 4.20), participated in this 

study for course credit. Participants were recruited based on their experience level with trace on a 

smartphone. Participants rated their experience level with trace on a smartphone on a 1-7 scale (1 

= no experience; 7 = expert). Novices were categorized by a 1 or 2 (M =1.5, SD = 0.52) rating 

and experts by a 6 or 7 (M = 6.63, SD = 0.5) rating. Participants were not made aware of the 

experience criteria prior to giving their rating. Those that identified as a 3-5 were dismissed from 

the study and given partial course credit. Sixteen novices (9 Female, 7 Male) and 16 experts (12 

Male, 4 Female) participated; all were experienced with sending and receiving text messages on 

their touchscreen smartphone. All participants typed on the smartwatch using only their index 

finger. 
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Participants were fluent English speakers, had normal or corrected to normal vision, and 

did not have any physical limitations to their hands that would prevent them from being able to 

text on a smartwatch. No participants had prior experience typing on a smartwatch. 

Materials. A Samsung Galaxy Gear 1 (display size of 1.63”) with the SwypeTM word-

gesture keyboard (version 1.6.5.23769) was used in this study (Figure 1 & 2). The keyboard 

measured 17.5 mm x 30 mm, and each key 4 mm x 3 mm. All 35 keys on the keyboard were 

fully functioning and autocorrect was enabled.  

A subset of phrases was randomly selected from the list of 500 composed by MacKenzie 

and Soukoreff (2003). Ten practice phrases and 15 experimental phrases were randomly chosen 

for each condition, there was no overlap between the practice and experimental phrases. Novices 

and experts of the same participant number received the same phrases (i.e., p1 novice received 

the same phrases as p1 expert, but a different set than p2, p3,…novice and expert).  The phrases 

contained lowercase letters only (no numbers, symbols, punctuation, or uppercase letters). 

Phrases ranged from 16 to 42 characters for all conditions.  

 

 

FIGURE 1: SwypeTM keyboard on smartwatch (drawn to scale). 
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Procedure 

After providing informed consent, participants were given a brief demographics survey 

assessing smartphone texting behavior and input method usage. Based on their experience with 

trace input on a smartphone, participants were placed in either the novice or expert group. 

Participants were then introduced to the first input method, either tap or trace, and given a brief 

tutorial by the experimenter. Next they were given 10 practice phrases to type before the 

experimental trials began. The order of input methods was counterbalanced across all 

participants. 

For the experimental trials, 15 phrases were presented one at a time on a computer screen 

in front of the participants. They were instructed to read each phrase aloud to ensure that they 

understood it, and to verbally indicate when they started and stopped typing (MacKenzie & 

Read, 2007). Time was recorded by a researcher using a digital stop watch. Participants were 

instructed to type the phrases as quickly and accurately as possible. They were allowed to correct 

mistakes, but not required to do so. Phrases were saved as a text files on the watch and later 

scored manually by an experimenter.  

FIGURE 2. SwypeTM keyboard dimensions (mm). 
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Once the participants had completed the 15 phrases on the first input method they 

completed a perceived usability survey and a perceived workload assessment. After finishing the 

perceived workload assessment, participants were introduced to the second input method and the 

steps were repeated. 

After both typing conditions the participants were asked to rate the two input methods on 

a perceived performance and preference scale and an intent-to-use scale. Finally, the 

participant’s hand and finger dimensions were measured. They were then debriefed and thanked 

for their time.  

Design 

A 2 x 2 mixed design was used. The independent variables were input method and 

experience. Input method (tap vs. trace) was the within-subjects factor and experience level with 

trace input on a smartphone (novice vs. expert) was the between-subjects factor.  

The following dependent variables were collected for each condition: 

Typing Performance. Performance was measured by words per minute (WPM) 

(assuming 5-characters equal one word) and word error rate (WER). Word error rate was 

investigated by the type of errors: substitution, insertion, and omission error rate. Substitution 

errors occurred when a word was transcribed other than what was intended. Insertion errors 

occurred when an extra word was transcribed. Omission errors occurred when an intended word 

was omitted from the transcription.  

Perceived Usability. The System Usability Scale (SUS) was used to measure 

participant’s perceived usability of each input method. The SUS is an industry-standard 10-item 

questionnaire with 5 response options (Strongly Disagree to Strongly Agree) that is summarized 
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as a single score between 0-100 (Brooke, 2013). Higher scores indicate higher perceived 

usability.  

Subjective Workload. The raw NASA Task Load Index (NASA TLX - R) (Hart & 

Staveland, 1988) was used to measure participant’s perceived workload and performance after 

using each typing input. Participants provided ratings on a 21-point scale for mental, physical, 

temporal, performance, effort, and frustration. A higher score indicates a more demanding 

experience or worse perceived performance. 

Perceived Performance and Preference. Preference, perceived accuracy, and perceived 

speed with each input method was measured using a 50-point scale with higher scores reflecting 

more preferred or better in terms of accuracy or speed.  

Intent to Use. Participants rated the likelihood they would use each input method on a 0-

10 scale with a 10 being very likely.  

Hand Size. A sliding digital caliper was used to measure the typing hand of each 

participant. Hand measurements included: length and width of hand, length, width, and 

circumference of the index finger and thumb in millimeters (Figure 3). Thumb dimensions were 

later excluded from analysis because no participants used their thumb to type. 
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Results 

All dependent measures were analyzed using a mixed 2 x 2 ANOVA. Partial eta squared 

(ηp
2) was used to estimate effect size for all ANOVA tests. Analyses of simple main effects were 

conducted to follow-up on all significant interactions.  

Typing Performance 

Words Per Minute (WPM). A significant main effect of input method on text entry rate 

was found with participants typing faster using trace (M = 34.11, SD = 3.97) than tap (M = 26.97, 

SD = 0.44); F(1,30) = 31.05, p < .001, ηp
2

 = .51. No significant main effect of experience on text 

entry rate was found; F(1,30) = 1.25, p > .05, ηp
2 = .04. There was a significant interaction 

between input method and experience; F(1,30) = 5.92, p = .02, ηp
2 = .17. Follow-up analyses to 

the interaction revealed both novices and experts typed faster using the trace method than tap, p 

< .001; and experts typed the fastest using trace, p < .001. Figure 4 shows typing speed by input 

method and experience. 

 

FIGURE 3. Hand measurements in millimeters 
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Word Error Rate (WER). No significant main effect of input method, experience, or 

interaction of input method by experience for WER was found, p > .05. When examining error 

rates by type, there was a significant main effect of input method for insertion error rate with tap 

(M = 0.03, SD = 0.008) resulting in more insertion errors than trace (M = 0.01, SD = 0.008); 

F(1,30) = 7.09, p = .01, ηp
2 = .19. No significant main effect of experience for insertion error rate 

or interaction was found, p > .05. No significant main effects or interactions were found for 

substitution or omission rate, p > .05. Figure 5 shows word error rate by error type, input 

method, and experience.  
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Subjective Workload. There was a significant main effect of input method on three of 

the six subjective workload measures when Bonferroni correction was used: physical workload; 

F(1,30) = 14.30,  p = .001, ηp
2 = .32, performance; F(1,30) = 9.30, p = .005, ηp

2 = .24, and 

frustration; F(1,30) = 10.06, p = .003, ηp
2 = .25, with trace being rated better than tap for all three 

measures. No significant main effect for input method on mental, temporal workload, or effort 

was found, p > .008.  

There was no significant main effect for experience nor significant interaction of input 

method by experience on any of the workload measures when Bonferroni correction was used, p 

> .008. Table 1 shows the average and standard deviation of all subjective workload measures. 
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Table 1 

Perceived workload. 

 
Tap Trace 

 
Novice Expert Novice Expert 

Mental 7.63 (4.84) 8.63 (5.11) 8.63 (4.66) 6.81 (5.08) 

Physical*  6.94 (5.00) 7.38 (5.25) 5.13 (3.46) 5.25 (4.60) 

Temporal 9.31 (4.12) 10.50 (6.04) 8.69 (4.56) 8.06 (6.32) 

Performance* 9.50 (3.54) 8.63 (4.56) 7.87 (3.15) 5.19 (3.41) 

Effort  11.50 (4.18) 10.25 (5.45) 10.31 (5.41) 7.13 (3.84) 

Frustration* 8.50 (4.69) 10.44 (5.93) 7.31 (3.77) 5.12 (4.57) 

*p < .008, Participants reported tap to be worse than trace for physical, performance, and 

frustration (21 = Highest). 

 

Perceived Usability. There was a significant main effect of input method on perceived 

usability with trace (M = 74.77, SD = 16.84) being rated as more usable than tap (M = 63.83, SD 

= 18.85); F(1,30) = 6.05, p = .02, ηp
2 = .17. No significant main effect for experience on usability 

was found, p > .05. There was a significant interaction for input method and experience on 

usability ratings, F(1,30) = 5.71, p = .02, ηp
2 = .16. Follow-up analyses revealed experts rated 

trace as more usable than tap, p = .02. All average usability scores fell within the marginally 

acceptable (“Good” for novices and experts using tap, as well as, for novices using trace) to 
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acceptable range (“Excellent” for experts using trace) (Bangor, Kortum, & Miller, 2009). Figure 

6 shows the perceived usability ratings for each input method. 

 

 

Perceived Performance and Preference. There was a significant main effect of input 

method on perceived accuracy, perceived speed, and preference when Bonferroni correction was 

used. In all cases, trace was rated more positively than tap: accuracy, F(1,30) = 10.51, p = .003, 

ηp
2 = .26; speed, F(1,30) = 21.04, p < .001, ηp

2 =. 41; preference, F(1,30) = 36.11, p < .001, ηp
2 = 

.55.  

No significant main effect of tracing experience nor interactions were found for accuracy, 

speed, or preference, p > .02. Table 2 shows the perceived performance and preference of each 

input method. 
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Table 2 

Perceived performance and preference. 

  Tap Trace 

  Novice Expert Novice Expert 

Accuracy* 32.44 (8.20) 29.63 (13.68) 38.38 (5.23) 40.25 (8.30) 

Speed* 29.38 (8.68) 26.00 (13.60) 38.44 (6.80) 40.25 (8.30) 

Preference* 30.38 (10.10) 22.50 (13.38) 40.25 (5.52) 42.63 (8.94) 

*p< .02, Participants reported tap to be worse than trace for accuracy, speed, and preference (50 

= Highest). 

 

Intent to Use. There was a significant main effect of input method for intent to use with 

trace (M = 8.44, SD = 2.03) being rated higher on the intent to use scale than tap (M = 4.28, SD = 

2.79); F(1,30) = 31.18, p < .001, ηp
2 = .51. There was no significant main effect of experience 

nor interaction of input method by experience on intent to use. Figure 7 shows the intent to use 

ratings for each input method. 
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Hand Dimensions. The range of participants’ hand dimensions was representative of the 

normal adult population (White, 1980). Figures 8 and 9 show the distribution of hand width in 

relation to text entry rate (WPM). To determine whether there was a relationship between hand 

dimensions and performance, a series of correlations were conducted (Table 3 & 4). No 

significant correlations were found (p > .05).  

 



22 
 

Table 3 

Correlation between hand dimensions and WPM 

 Tap WPM Trace WPM 

Hand Width -.01 -.05 

Index Finger Length .01 -.03 

Index Finger Width .02 -.13 

No significant correlations between hand dimensions and WPM were found, r(30), p > .05. 

 

Table 4 

Correlation between hand dimensions and WER 

 Tap WER Trace WER 

Hand Width -.15 -.10 

Index Finger Length .02 -.03 

Index Finger Width -.11 .03 

No significant correlation between hand dimensions and WER were found, r(30), p > .05. 

 
Discussion 

This study demonstrated tap and trace are both efficient means of text input on a 

smartwatch. This was true for novice trace users as well as those who had prior tracing 

experience on a smartphone. Novices were able to type 27 WPM when tapping and 31 WPM 
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when tracing; experts typed 26 WPM when tapping and 37 WPM when tracing. These trace 

typing speeds were consistent with the 24-29 WPM observed on a smartwatch by Gordon et al. 

(2016) and Chaparro et al. (2015), and comparable to the smartphone tracing speeds reached 

over a 10-day span observed by Reyal et al. (2015). Interestingly, these speeds were faster than 

the smartphone tracing speeds of 17-20 WPM observed by Castellucci and MacKenzie (2011) 

and Smith and Chaparro (2015).  

Regarding accuracy, novices typed with a word error rate of 8% when tapping and 6% 

when tracing; experts typed with a 5% word error rate for both input methods. Both Novice and 

Experts’ tracing WER were consistent with that of SwypeTM on a watch (Chaparro et al., 2015) 

and smartphone (Castellucci & MacKenzie, 2011). 

The performance of both user groups with the two input methods was comparable, if not 

better, than reported typing speeds with alternative keyboards on smartwatch sized displays in 

which much longer practice periods were provided (Bi et al., 2010; Chen et al., 2014; Kienzle & 

Hinckley, 2013; Kim et al., 2006; Leiva et al., 2015; Oney et al., 2013; Romano et al., 2014). 

Expert SwypeTM users’ performance was comparable to the 41 WPM observed when using the 

sentenced based decoded Velocitap, though the SwypeTM keyboard contained 8 more keys than 

the keyboard used in the Velocitap study (Vertanen et al., 2015).  

Few studies have measured typing performance on a commercially available smartwatch. 

Hong et al. (2015, 2016) observed superior typing speeds with SplitBoard over all other 

keyboards tested (standard QWERTY, QLKP, Zoomboard, and SlideBoard). In contrast to both 

Hong et al. (2015, 2016) studies, our study tested a keyboard that was familiar and commercially 

available. Subjectively, participants in Hong et al. (2016) reported not liking the QWERTY 

keyboard, even though they performed well with it. Users in the present study rated both tap and 
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trace as acceptable and indicated that they would use it if available. The combination of the 

Hong et al. (2015, 2016), Gordon et al. (2016), and our findings demonstrate text input on a 

smartwatch is indeed possible and is comparable to the same text input on a smartphone. In 

particular, the use of trace typing appears to be promising.  

Regardless of the user’s experience level and input method, performance remained at a 

high level with key sizes (4 mm x 3 mm) half the recommended size for accurate use, 7 mm x 7 

mm (Dunlop et al., 2014; Parhi et al., 2006). Performance did not appear to decline due to finger 

sizes being larger than the small keys, as previously suggested (Funk et al., 2014; Hong et al., 

2015; Kim et al., 2006; Oney et al., 2013). This outcome is supported by the findings of Sears 

and Zha (2003) and Hara, Umezawa, and Osawa (2015) in which reduced keyboard and key size 

did not impact user performance.  In addition, no significant correlations were found between 

hand dimensions and performance in the present study. Although participants were initially 

surprised by the small screen and keyboard, they quickly realized they only needed to be close 

enough to the intended key for both input methods, similar to participant behavior observed by 

Zhai and Kristensson (2012). 

By analyzing tap and trace on the same keyboard, we are more confident the differences 

in performance are due to the input method and not due to differences in the keyboard itself 

which was a limitation of Chaparro et al. (2015) and the comparison of Fleksy TM and SwypeTM. 

The mechanics behind trace may be responsible for the superiority of the trace method. Tracing 

automatically inserts a space when the user lifts their finger, eliminating the need for hitting the 

space bar, and further minimizes the number of actions a user must execute. This is especially 

important on a smaller screen where the user has less real estate to type. Because the SwypeTM 

keyboard is capable of gesture recognition, trace users don’t have to be as accurate with each 
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keypress. Instead, the strokes only need to be close to the intended letters, allowing them to be 

inaccurate but fast (Zhai & Kristensson, 2012). 

Subjectively, trace was rated more favorably. Participants rated trace as less physically 

demanding and frustrating than tap. Additionally, they rated trace as more usable and better in 

perceived performance. Both novice and expert groups indicated they would prefer to use trace 

input if they owned a smartwatch with texting capabilities. 

This study was conducted in a laboratory setting, which is not representative of typical 

smartwatch usage. Participants were seated at a desk and tended to rest their arm on a table as 

they typed. Future research should explore typing performance in more mobile environments in 

which users are standing or moving (i.e., walking, running) and with more complex text stimuli 

including digits, symbols, and punctuation. As shown by Hong et al. (2016), accurate typing is 

still possible when walking. Comparing their results with alternative keyboards and trace input in 

mobile conditions would be interesting. For example, comparing typing performance of trace 

(SwypeTM, WatchWriter), SplitBoard, and Velocitap would be interesting given these are among 

the most effective typing methods for smartwatches documented in the literature. 

Conclusion 

As smartwatches gain in popularity, easy to use, easy to learn, and effective modes of text 

input are essential. In this study, we demonstrate both tap and trace input are viable methods of 

typing on a smartwatch QWERTY keyboard. Despite not having any experience typing on a 

smartwatch, participants were able to achieve high text input speeds with little practice. 

Although both input methods are viable means of text entry on a smartwatch, participants 

performed better with, and subjectively preferred, trace across most measures. This suggests 
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smartwatch manufacturers should consider including a QWERTY keyboard with trace input 

capability as a standard text input feature.   
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CHAPTER 3 

Study 2: Texting While Walking: Is It Possible with a Smartwatch? 

Full Citation 
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Abstract 

Smartwatches are quickly becoming a popular complement to smartphones for 

notifications and activity tracking, yet most lack an effective method for text input. Typing on a 

smartwatch with an onscreen keyboard was originally thought to be impractical due to the small 

screen size. As a result, alternative keyboards that use “zoom” features to enlarge key size were 

developed as a potential solution. However, observed typing speeds with alternative keyboards 

are slow, and they often have a steep learning curve. Recent research, in a lab setting using a 

more familiar full QWERTY onscreen keyboard, demonstrated that it is possible to type quickly 

on a smartwatch while seated. Given the ubiquitous and mobile nature of smartwatches, this 

study examines typing performance using a full QWERTY keyboard while mobile. Participants 

typed using two different text input methods—trace and tap—with their index finger while 

standing and while walking. Results show participants typed faster with trace (35 words per 

minute) than tap (30 words per minute), regardless of whether they were standing or walking or 

whether they had prior experience with trace input. These typing speeds are among the fastest 

reported in the smartwatch literature. Typing accuracy was also better for trace than for tap and 

better when standing than while walking. Subjectively, participants rated trace easier to use, 
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preferred it over tap, and suggested they would use it in the future if available. 

Recommendations to include a full QWERTY keyboard on all smartwatch designs are discussed 

Keywords: Smartwatch, Typing, Trace, Tap, QWERTY 

 

Introduction 

In a society that appears to be “always on,” personal computers that offer a unique and 

convenient contribution to consumer lives are of great value. The smartwatch is the latest in a 

line of personal computers that aim to be the next great step in convenient technology. 

Smartwatches are billed with the promise of bringing the power of the smartphone to the 

convenient location of the wrist. However, nearly all smartwatches are lacking one crucial 

feature—typing capabilities—which is a primary function of smartphones. Pre-defined responses 

(e.g., “In a meeting,” “Call you back later,” and “Hello!”) and voice input are the typical 

solutions to this issue, yet these methods lack the versatility and customization that typing on a 

keyboard allows. If smartwatches are to be the next level of convenient technology, then an 

efficient method of keyboard typing is essential.  

Alternative Typing and Interaction Methods for Smartwatches. When smartwatches 

made their debut, early thoughts of including a keyboard for typing purposes faced much 

skepticism for three main reasons. First, the size of the smartwatch screen and resulting size of 

the keyboard was thought to be too small for effective use (Arefin Shimon et al., 2016; Hong, 

Heo, Isokoski, & Lee, 2015). Second, users’ fingers were assumed to be too large in relation to 

the keyboard to accurately hit the small keys, also known as the “fat finger issue” or “fat finger 

problem” (Arefin Shimon et al., 2016; Kim, Sohn, Pak, & Lee, 2006; Oney, Harrison, Ogan, & 
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Wiese, 2013; Siek, Rogers, & Connelly, 2005). Third, the users’ input finger was thought to be 

too large in relation to the size of screen and could occlude the users’ view of the screen (Arefin 

Shimon et al., 2016; Funk, Sahami, Henze, & Schmidt, 2014). In response to these issues 

alternative forms of input, not limited specifically to typing, for small screen devices were 

developed. These include gesture recognition systems, wristband input, and skin-based input 

among others.  

The development of gesture recognition systems is an attempt to circumvent the limited 

screen space of small screen devices, including smartwatches, by expanding interaction to the 

mid-air space around the watch. Examples of gesture recognition systems include HoverFlow 

(Kratz & Rohs, 2009), MagiWrite (Ketabdar, Roshandel, & Yüksel, 2010), Gesture Watch (Kim, 

He, Lyons, & Starner, 2007), zSense (Withana, Peiris, Samarasekara, & Nanayakkara, 2015), 

WristFlex (Dementyev & Paradiso, 2014), Transture (Han, Ahn, & Lee, 2015), Abracadabra 

(Harrison & Hudson, 2009), and mid-air gestural input (Katsuragawa, Wallace, & Lank, 2016; 

Song et al., 2014). Gesture recognition systems paired with finger rings/discs have also been 

explored, such as eRing (Wilhelm, Krakowczyk, Trollmann, & Albayrak, 2015) and Magic Ring 

(Jing, Cheng, Zhou, Wang, & Huang, 2013). Darbar, Sen, Dash, and Samanta (2016) introduced 

a sensor-based mechanism paired with a magnetic disk on the index finger for text input on 

smartwatches; the authors of the study found that users were able to input four words per minute 

(WPM).  

Attempts have also been made to use the wristband and bezel of smartwatches as a means 

of input. Designs for wristband input include BandSense (Ahn, Hwang, Yoon, Gim, & Ryu, 

2015), Watchit (Perrault, Lecolinet, Eagan, & Guiard, 2013), and CircularSelection (Plaumann, 

Müller, & Rukzio, 2016). Funk et al. (2014) evaluated a touch-sensitive wristband and found 
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users were able to type three WPM using an on-band linear keyboard and four WPM using the 

on-band multi-tap keyboard layout. Modified bezel designs use the watch bezel as an interactive 

input method. TiltType (Partridge, Chatterjee, Sazawal, Borriello, & Want, 2002), 2D panning 

and twist with binary tilt and click (Xiao, Laput, & Harrison, 2014), WatchMI (Yeo, Lee, 

Bianchi, & Quigley, 2016), EdgeTouch (Oakley & Lee, 2014), WatchOut (Zhang, Yang, 

Southern, Starner, & Abowd, 2016), and B2B-Swipe (Kubo, Shizuki, & Tanaka, 2016) are all 

examples of modified bezel designs. Kerber, Kiefer, and Löchtefeld (2016) compared the input 

techniques of a digital crown, a rotating bezel, and touch input on a one-dimensional selection 

task using a smartwatch. Kerber et al. (2016) found both the touch input and digital crown were 

rated as more usable than the rotating bezel. Other bezel designs extend input to the side of the 

smartwatch, such as PressTact (Darbar, Sen, & Samanta, 2016).  

Additional input methods include the use of the back of the device for interaction 

(Baudisch & Chu, 2009), a smartwatch camera (WatchMe; Van Vlaenderen, Brulmans, 

Vermeulen, & Schöning, 2015), a non-smartwatch camera based keyboard (CamK; Yin et al., 

2016), thumb slide movement of the watch hand (ThumbSlide; Aoyama, Shizuki, & Tanaka, 

2016), blowing air (Blowatch; Chen, 2015), a non-voice acoustic input (Whoosh; Reyes et al., 

2016), lightful interaction (Yoon, Park, & Lee, 2016), multi-screened bracelets (Facet; Lyons, 

Nguyen, Ashbrook, & White, 2012), a finger-mounted fine-tip stylus (NanoStylus; Xia, 

Grossman, & Fitzmaurice, 2015), single-tap interaction with different areas of finger pads 

(TouchSense; Huang et al., 2014), and gaze interaction (Akkil et al., 2015).  

Even the skin of the user has been utilized as an input area by SkinWatch (Ogata & Imai, 

2015), Skin Buttons (Laput, Xiao, Chen, Hudson, & Harrison, 2014), iSkin (Weigel et al., 2015), 
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and Skinput (Harrison, Tan, & Morris, 2010). Knibbe et al. (2014) combined gesture and skin 

input for a bimanual gesture input system.  

A mobile typing method must meet three requirements to be acceptable to the mass 

consumer market (Zhai & Kristensson, 2012). First, the input method must be fast, allowing 

users to type quickly. Second, it should be intuitive for new users to efficiently use the entry 

method. Third, the input method should support increasing efficiency through practice in use. 

Based on these requirements, it is doubtful the alternative input methods discussed in this section 

may ever be adopted by the mass consumer market for typing on smartwatches as they all fail at 

least one of these requirements. 

Alternative Keyboards for Smartwatches. Despite the original skepticism regarding 

the feasibility of typing on a smartwatch, several studies have shown keyboard-based typing is 

feasible and more effective than alternative input methods. In recent years, numerous keyboards 

have either been designed or adapted for use on smartwatches. In a review of the current existing 

smartwatch keyboards, Arif and Mazalek (2016) provided a summary table and detailed 

descriptions and illustrations of these keyboards. In this study, we updated the summary table 

presented in Arif and Mazalek’s (2016) article with the latest research findings, and we added 

columns for participant mobility (seated, standing, walking) and subjective measures (Study 2 - 

Appendix A). As alternative keyboards continue to be developed, it is important to know how 

participant mobility affects performance, perceived workload, user satisfaction, and intent to use. 

As shown in Study 2 - Appendix A, few studies report detailed subjective ratings for alternative 

input methods, and instead focus primarily on performance metrics. The studies that do report 

subjective ratings tend to be limited to preference ratings and non-standardized questionnaires. 
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We believe solely relying on performance as a measure of keyboard quality is shortsighted; if 

users do not like the keyboard or use it, typing speed is irrelevant.  

Despite all the research done with both non-QWERTY and QWERTY alternative 

keyboards, they have primarily failed at mass adoption largely due to their steep learning curves 

(Bi & Zhai, 2016). In addition, several of these alternative keyboards demonstrate very low text 

entry speeds. According to Arif and Mazalek (2016), most techniques using predictive 

technology achieved about 20 WPM, and for non-predictive, the range was from 4 to 22 WPM. 

The fastest typing speeds observed on a smartwatch have been accomplished with the use of a 

sentence based decoder: Velocitap (41 WPM; Vertanen, Memmi, Emge, Reyal, & Kristensson, 

2015) and trace input (24 WPM and 37 WPM; Gordon, Ouyang, & Zhai, 2016; Turner, 

Chaparro, & He, 2016, respectively). According to the guidelines of Zhai and Kristensson 

(2012), an existing smartphone keyboard that users are already familiar with may be best suited 

for use on a smartwatch, especially if the end goal is mass adoption.  

In this paper, keyboards designed specifically for use on small screen devices, or those 

requiring an extra interaction outside of typing (i.e., zooming or panning), are referred to as 

alternative keyboards. In addition, traditional point-and-tap input is referred to as tap, and gesture  

Figure 1. Examples of standard point-and-tap input (left), trace input (right) 
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input is referred to as trace. Trace is unique over point-and-tap in that it requires the user 

to use one continuous on-screen finger motion to type a word (Figure 1). 

Walking and Typing. The majority of the aforementioned keyboards have only been 

studied with the users in a seated position. Yet, typing on a smartphone is rarely static, in fact, 

typing while standing or walking is quite common (Yatani & Truong, 2009). For example, 

Turner et al. (2016) observed some of the highest reported typing speeds on a smartwatch in a 

seated position. The authors went on to state in their limitations and future studies the importance 

of observing typing performance and garnering user feedback in mobile scenarios to more 

accurately represent normal user typing behavior. They also mentioned that additional research is 

needed to determine how users perform with smartwatch keyboards in mobile conditions. Based 

on the findings of Schildbach and Rukzio (2010), alternative keyboards that utilize zoom or 

panning functions may not be effective for text input while walking; however, little research has 

been done to determine what keyboard may be better suited. Not only do smartwatches need an 

effective typing method, but the method must be versatile and forgiving enough for mobile 

typing.  

Smartphone. Walking and typing on a smartphone is a complex, yet common, task that 

requires the coordination of multiple cognitive and physical resources. To achieve an accurate 

text message when walking and typing, visual-motor coordination, finger movements, and 

cognitive attention must integrate to compensate for hand and body oscillations experienced 

during walking (Agostini, Fermo, Massazza, & Knaflitz, 2015; Bergstrom-Lehtovirta, 

Oulasvirta, & Brewster, 2011). Walking while using a smartphone has been shown to negatively 

affect text legibility (Mustonen, Olkkonen, & Hakkinen, 2004), reading comprehension 
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(Barnard, Yi, Jacko, & Sears, 2007; Schildbach & Rukzio, 2010), working memory (Lamberg & 

Muratori, 2012), target selection (Kane, Wobbrock, & Smith, 2008), and increase mental 

workload and stress (Vadas, Patel, Lyons, Starner, & Jacko, 2006). In addition, walking while 

typing affects user walking behavior, such as walking speed, gait pattern, and situational 

awareness (Agostini et al., 2015; Bergstrom-Lehtovirta et al., 2011; Hatfield & Murphy, 2007; 

Lamberg & Muratori, 2012; Licence, Smith, McGuigan, & Earnest, 2015; Lopresti‐Goodman, 

Rivera, & Dressel, 2012; Plummer, Apple, Dowd, & Keith, 2015; Schabrun, van den Hoorn, 

Moorcroft, Greenland, & Hodges, 2014). Bergstrom-Lehtovirta et al. (2011) showed the 

preferred walking speed of participants dropped from 2.4 mph while undistracted to 1.8 mph 

while interacting with a touchscreen device. In addition, accuracy for the target selection task 

significantly decreased when walking only 20–40% of their preferred walking speed. The 

decrease in walking speed observed by Bergstrom-Lehtovirta et al. (2011) is not surprising as 

typing has been shown to affect walking more than either talking or reading (Lamberg & 

Muratori, 2012; Schabrun et al., 2014).  

Most relevant to our review is walking’s impact on typing. Several studies have shown 

typing on a smartphone declines both in speed and accuracy with walking compared to sitting or 

standing (Clawson, Starner, Kohlsdorf, Quigley, & Gilliland, 2014; Conradi, Busch, & 

Alexander, 2015; Mizobuchi, Chignell, & Newton, 2005; Nicolau & Jorge, 2012; Schildbach & 

Rukzio, 2010; Yatani & Truong, 2009). Attempts have been made to improve typing 

performance when walking such as the exploration of the following technologies: walking user 

interfaces (WUIs; Kane et al., 2008), games to improve the typing and walking experience 

(Rudchenko, Paek, & Badger, 2011), use of a smartphone accelerometer to increase accuracy 

(Goel, Findlater, & Wobbrock, 2012), and feedback of user surroundings (Arif, Iltisberger, & 
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Stuerzlinger, 2011). Other research has studied optimal key size for mobile text input, 

recommendations range from 3 mm to 14 mm depending on the device used (Conradi et al., 

2015; Mizobuchi et al., 2005; Parhi, Karlson, & Bederson, 2006). Lin, Goldman, Price, Sears, 

and Jacko (2007), using Fitts’ Law, stated target size should be dynamic and change for the 

user’s mobility: 4.2 mm in diameter when seated, 5.3 mm when walking on a treadmill, and 6.4 

mm when walking an obstacle course. Optimal key size for use on a smartwatch is thought to be 

5.7 x 5.7mm to 7 x 7mm (Dunlop, Komninos, & Durga, 2014; Shao et al., 2016). 

Smartwatch. It would appear that walking and typing is quite difficult and demanding for 

a user, yet it is a common user behavior on a smartphone. Only two studies have evaluated 

typing on a smartwatch in mobile scenarios: Hong, Heo, Isokoski, and Lee (2016) and Darbar, 

Dash, and Samanta (2016). This is most likely due to the fact that most smartwatches do not 

currently include a keyboard for typing.  

Hong et al. (2016) compared user performance with SplitBoard, Zoomboard, and a 

standard QWERTY keyboard using a Samsung Gear 1 smartwatch with the auto-correct feature 

disabled. Participants in the study completed the study tasks while standing or walking on a 

treadmill. Participants were allowed to set their own walking speed, walking 2.4 mph on average. 

Performance decreased for all three keyboards from the standing to walking condition: 

SplitBoard (15 WPM to 13 WPM), ZoomBoard (10 WPM to 9 WPM), and the standard 

QWERTY (13 WPM to 12.5 WPM). Declines in performance when walking is to be expected, as 

seen in the literature on walking and typing on a smartphone. However, declines observed by 

Hong et al. (2016) on a smartwatch were quite small, refuting the idea that key size has to be 

increased to avoid degraded performance while mobile (Lin et al., 2007).  
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Darbar, Dash, et al. (2016) compared their ETAO keyboard prototype to SplitBoard, 

Zoomboard, and a standard QWERTY keyboard using a LG W100 Watch without an auto-

correct feature. Study participants’ performance was compared when they used the different 

keyboards while sitting or walking in the lab. As with Hong et al. (2016), performance worsened 

with all keyboards from the sitting to walking condition: ETAO (12 WPM to 9 WPM), 

SplitBoard (12 WPM to 9 WPM), ZoomBoard (9 WPM to 8 WPM), and standard QWERTY (7 

WPM to 5 WPM). 

Experience. In addition to mobility, prior experience with text input methods may 

influence typing performance on a smartwatch. Reyal, Zhai, and Kristensson (2015) found that 

novice trace users were able to increase trace typing speed on a smartphone from 26 WPM to 34 

WPM over a 10-day period. Relatively little research has been reported on how prior typing 

experience affects typing performance on a smartwatch. Kim et al. (2006) found entry speeds 

increased 18% over 5 days with no difference in error rate when using the One-Key Keyboard. 

Gupta and Balakrishnan (2016) demonstrated user performance increased over a 10-day span 

with both the DualKey QWERTY and DualKey SWEQTY keyboards. Turner et al. (2016) 

showed that self-reported experts with trace input on a smartphone typed 6 WPM faster, when 

tracing on a smartwatch, than novice trace users. This finding provides evidence that experience 

with trace input may carry over to smartwatch performance. 

Purpose 

This study is a follow-up to Turner et al. (2016). In the current study, we investigated 

participants’ typing performance and subjective user ratings while they performed the study tasks 

on a full QWERTY smartwatch keyboard while standing or walking. This study aims to answer 

four research questions:  
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1. What impact does mobility (standing vs. walking) have on typing performance 

using trace and tap input?  

2. Which input method (trace vs. tap) results in better typing performance when 

walking?  

3. Does prior experience with trace input on a smartphone influence typing 

performance on the smartwatch?  

4. Which input method (trace vs. tap) results in better subjective ratings when 

walking? 

Method 

The metrics gathered in this study mirror those used in Turner et al. (2016) with the 

exception that participants typed while standing and while walking rather than sitting. Mobility 

(standing vs. walking), tracing experience (novice vs. expert on a smartphone), and text input 

method (trace vs. tap) were the independent variables. Typing performance (WPM), accuracy 

(word error rate [WER]), and subjective measures of performance were the dependent variables. 

Multiple hand dimensions were also measured to assess if there was a relationship between hand 

and finger size and typing performance. 

Participants. Thirty-two college age participants (20 female, 12 male), ranging from 18–

34 years of age (M = 22.53, SD = 4.42), participated in this study for course credit. Participants 

were recruited based on their expertise with trace on a smartphone (all had experience with tap). 

None had experience typing on a smartwatch. Participants self-reported their experience level 

with trace on a 1–7 scale (1 = no experience; 7 = expert). Novices were categorized by a 1 or 2 

(M = 1.25, SD = 0.44) and experts by a 6 or 7 (M = 6.38, SD = 0.5) rating. Participants were not 

made aware of the expertise criteria prior to their self-evaluation. Those who identified as a 3–5 
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rating were dismissed from the study and given partial course credit. Two participants were 

dismissed for not meeting the study criteria. Sixteen novices (11 female, 5 male) and 16 experts 

(9 female, 7 male) participated; all typed on the smartwatch using their index finger.  

All participants were fluent English speakers, had normal or corrected to normal vision, 

and did not have any physical limitations to their hands that would prevent them from being able 

to type on a smartwatch. All participants were experienced with sending and receiving text 

messages on their touchscreen smartphone. 

Materials. A Samsung Galaxy Gear 1 (display size of 1.63 inches) with the Swype word-

gesture keyboard (version 1.6.5.23769) was used in this study. The keyboard measured 17.5 mm 

wide x 30 mm high, and each key 4 mm x 3 mm. All 35 keys on the keyboard were fully 

functioning and the autocorrect feature was enabled.  

A subset of phrases were randomly selected from a list of 500 composed by MacKenzie 

and Soukoreff (2003). Ten practice phrases and 15 experimental phrases were randomly chosen 

for each condition; there was no overlap between the practice and experimental phrases. The 

following are some example phrases: “time to go shopping,” “a great disturbance in the force,” 

and “all good boys deserve fudge.” Novices and experts of the same participant number received 

the same phrases (i.e., p1 novice received the same phrases as p1 expert, but a different set than 

p2, p3…novice and expert). The phrases contained lowercase letters only (no numbers, symbols, 

punctuation, or uppercase letters). Phrases ranged from 16 to 42 characters for all conditions. A 

JAS Trackmaster (model number: TX425C) treadmill was used to simulate walking conditions 

(Hong et al., 2016). Participants were allowed to choose their walking speed but instructed to 

select a comfortable speed they could maintain for the entirety of the walking conditions (Hong 
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et al., 2016). Walking speeds ranged from 1.5 to 2.5 mph (M = 2.04, SD = 0.30). Figure 2 shows 

the experimental setup. 

 

Procedure. After providing consent, participants were given a brief demographic survey 

assessing smartphone texting behavior and text input method usage. Based on their experience 

with trace input on a smartphone, participants were placed in either the novice or expert group. 

Participants were then introduced to the first condition, either tap or trace and walking or 

standing, and given a brief tutorial by the experimenter. Next they were given 10 practice 

phrases to type before the experimental trials began. For the walking conditions, participants 

started off at a speed of 1.0 mph and allowed to increase walking speed after each practice phrase 

until a comfortable speed was selected. The order of input method and mobility condition was 

partially counterbalanced across all participants to prevent participants from doing two 

consecutive walking conditions.  

For the experimental trials, 15 phrases were presented one at a time on a computer screen 

in front of the participants. They were instructed to read each phrase aloud to ensure that they 

understood the phrase and to verbally indicate when they started and stopped typing (Arif et al., 

Figure 2. Experimental Setup 
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2011; MacKenzie & Read, 2007). Time was recorded by a researcher using a digital stop watch. 

Participants were instructed to type the phrases as quickly and accurately as possible. They were 

allowed to correct mistakes but not required to do so. Phrases were saved as a text file on the 

watch and later scored manually by an experimenter.  

Once participants had completed the 15 phrases of the condition, they completed a 

perceived usability survey and a mental workload assessment. After finishing the mental 

workload assessment, participants were introduced to the second condition and the steps were 

repeated.  

After all four conditions were completed, participants were asked to rate the four 

conditions on perceived performance and preference scales and an intent to use scale. Finally, the 

participants’ typing hand and finger dimensions were measured. They were then debriefed and 

thanked for their time.  

Design. A 2 x 2 x 2 mixed design was used for this study. The independent variables 

were input method, mobility, and experience. Input method (trace vs. tap) and mobility (standing 

vs. walking) were the within-subjects factors. Experience (novice vs. expert) was the between-

subjects factor. Dependent variables included typing speed, typing accuracy, subjective 

perceptions of usability, workload, performance, and intent to use.  

Performance. Performance was measured by typing speed, words per minute (WPM), 

and typing accuracy as reflected by the word error rate (WER). Typing speed was calculated 

using WPM = 12*(T-1)/S where T is the number of transcribed characters, S is the number of 

seconds, and one word is assumed to be 5 characters (MacKenzie & Tanaka-Ishii, 2010). Typing 
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accuracy, or WER, was calculated using the number of word errors per phrase divided by the 

total number of words per phrase.  

Typing accuracy was investigated by the WER and the type of errors: substitution, 

insertion, and omission error rate. Substitution errors occurred when a word was transcribed 

other than what was intended. Insertion errors occurred when an extra word was transcribed. 

Omission errors occurred when an intended word was omitted from the transcription. 

Subjective Measures. The subjective measures were determined by measuring the 

workload, perceived usability, perceived performance and preference, and intent to use. 

Subjective Workload. The raw NASA Task Load Index (NASA TLX - R; Hart & 

Staveland, 1988) was used to measure participants’ perceived workload and performance after 

each condition. Participants provided ratings on a 21-point scale for perceived mental, physical, 

and temporal effort; performance; overall effort; and frustration. A higher score indicates a more 

demanding experience or worse perceived performance.   

Perceived Usability. An adapted System Usability Scale (SUS) was used to measure 

participants’ perceived usability of each input method with the mobility condition. The SUS is an 

industry-standard 10-item questionnaire with 5 response options (Strongly Disagree to Strongly 

Agree) that is summarized as a single score between 0–100 (Brooke, 2013). Higher scores 

indicate higher perceived usability. The scale was adapted by replacing “system” with “input 

method.” 

Perceived Performance and Preference. Perceived accuracy, perceived speed, and overall 

preference with each input method and mobility condition was measured using a 50-point scale 

with higher scores reflecting more preferred or better in terms of accuracy or speed.   
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Intent to Use. Participants rated the likelihood they would use each input method with 

each mobility condition on a 0–10 scale with a 10 being very likely. 

Anthropometric Measurements. A sliding digital caliper was used to measure the typing 

hand of each participant. Hand measurements included the length and width of hand, length, 

width, and circumference of the index finger and thumb in millimeters. Thumb dimensions were 

later excluded from analysis because no participants used their thumb to type. 

Results 

All dependent measures were analyzed using a 2 x 2 x 2 mixed model ANOVA. Partial 

eta squared (ηp2 ) was used to estimate effect size for all ANOVA tests. Analyses of simple main 

effects were conducted to follow-up on all significant interactions. Bonferroni correction was 

used to control for family-wise Type I error across multiple comparisons.  

Typing Speed. Significant main effects of input method and mobility were found for 

typing speed (WPM) with participants typing faster with trace (M = 35.33, SD = 9.01) than tap 

(M = 29.88, SD = 6.86) and when standing (M = 32.25, SD = 7.76) than walking (M = 29.88, SD 

= 8.21): F(1, 30) = 77.42, p < .001, ηp
2 = .72; F(1, 30) = 19.69, p < .001, ηp

2 = .40, respectively. 

No other main effects or interactions were found for WPM, p > .05. Figure 3 shows typing speed 

by input method, mobility, and experience.  
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Typing Accuracy. Significant main effects of input method and mobility were found for 

typing accuracy (WER) with participants typing more accurately with trace (M = .10, SD = .07) 

than tap (M = .14, SD = .12) and when standing (M = .10, SD = .08) than walking (M = .15, SD = 

.11): F(1, 30) = 5.82, p = .02, ηp
2 = .16; F(1, 30) = 20.57, p < .001, ηp

2 = .41, respectively.  

A significant main effect of mobility was found for substitution error rate with 

participants typing fewer substitution errors when standing (M = .07, SD = .06) than walking (M 

= .11, SD = .08); F(1, 30) = 14.65, p = .001, ηp
2 = .33. 

Significant main effects of experience, input method, and mobility were found for 

insertion error rate with experts (M = .02, SD = .03) committing fewer insertion errors than 

novices (M = .04, SD = .05); F(1, 30) = 4.86, p = .04, ηp
2 = .14. Participants typed fewer 

insertion errors with trace (M = .01, SD = .01) than tap (M = .05, SD = .05) and when standing 

(M = .02, SD = .04) than walking (M = .03, SD = .05): F(1, 30) = 20.45, p < .001, ηp
2 = .41; 

F(1,30) = 6.66, p = .02, ηp
2= .18, respectively. A significant interaction of input method and 

experience for insertion errors was found; F(1,30) = 4.52, p = .04, ηp
2 = .13. Follow-up analysis 
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revealed novice participants made more insertion errors with tap than trace, and novices made 

more insertion errors than experts, p < .05. No other significant main effects or interactions were 

found, p > .05. Figure 4 shows typing accuracy by input method, mobility, and experience. 

 

Subjective Workload. A significant main effect of input method was found for 

frustration with trace (M = 6.73, SD = 4.79) being rated as less frustrating than tap (M = 10.30, 

SD = 5.25); F(1, 30) = 16.38, p < .001, ηp
2 = .35. A significant main effect of mobility was found 

for mental, physical, temporal, performance, effort, and frustration with standing being rated as 

less demanding than walking: F(1, 30) = 31.30, p < .001, ηp
2 = .51; F(1, 30) = 54.49, p < .001, 

ηp
2 = .65; F(1,30) = 19.09, p <. 001, ηp

2 = .39; F(1,30) = 11.24, p = .002, ηp
2 = .27; F(1,30) = 

21.40, p < .001, ηp
2 = .42; F(1,30) = 22.00, p < .001, ηp

2 = .42, respectively. No other main 

effects or interactions were found for subjective workload, p > .05. Figure 5 shows perceived 

workload by mobility.  
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Perceived Usability. Significant main effects of experience, input method, and mobility 

were found for perceived usability with experts (M =75.39, SD = 15.98) reporting higher scores 

than novices (M = 57.50, SD = 17.68); F(1,30) = 22.43, p < .001, ηp
2 = .43. Trace (M = 74.10, 

SD = 16.80) was perceived as more usable than tap (M = 58.79, SD = 18.15) and standing (M = 

67.77, SD = 19.48) was perceived as more usable than walking (M = 65.12, SD = 18.64): F(1, 

30) = 22.53, p < .001, ηp
2 = .43; F(1, 30) = 5.25, p = .03, ηp

2 = .15. No other main effects or 

interactions were found for perceived usability, p > .05. Figure 6 shows perceived usability score 

by input method, mobility, and experience.  
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Perceived Accuracy, Speed, and Preference. Significant main effects of experience, 

input method, and mobility were found for perceived accuracy with experts (M = 37.45, SD = 

7.63) having higher perceived accuracy ratings than novices (M = 29.22, SD = 11.50); F(1, 30) = 

11.57, p = .002, ηp
2 = .28. Trace (M = 36.42, SD = 9.65) was perceived as more accurate overall 

than tap (M = 30.25, SD = 10.61) and standing (M = 35.75, SD = 10.34) more than walking (M = 

30.92, SD = 10.31): F(1, 30) = 11.90, p = .002, ηp
2 = .28; F(1,30) = 24.65, p < .001, ηp

2 = .45. No 

other main effects or interactions were found for perceived accuracy, p > .008. 

Significant main effects of input method and mobility were found for perceived speed 

with trace (M = 40.08, SD = 6.57) having higher perceived speed ratings than tap (M = 29.38, SD 

= 9.12) and standing (M = 36.89, SD = 8.84) higher than walking (M = 32.56, SD = 9.84): 

F(1,30) = 45.77, p < .001, ηp
2 = .60; F(1,30) = 19.48, p < .001, ηp

2 = .39. No other main 

effects or interactions were found for perceived speed, p > .008. 
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Significant main effects of experience, input method, and mobility were found for overall 

preference with experts (M = 34.70, SD = 12.29) having higher overall preference ratings than 

novices (M = 30.02, SD = 11.80); F(1, 30) = 4.32, p = .05, ηp
2 =.13. Trace (M = 38.59, SD = 

9.01) was preferred more overall than tap (M = 26.13, SD = 11.89) and standing (M = 34.52, SD 

= 11.53) more than walking (M = 30.20, SD = 12.62): F(1, 30) = 27.13, p < .001, ηp
2 = .48; F(1, 

30) = 11.51, p= .002, ηp
2 = .28. No other main effects or interactions were found for overall 

preference, p > .008. Figure 7 shows overall preference by input method, mobility, and 

experience. 

 

Intent to Use. Significant main effects of input method and mobility were found for 

intent to use with trace (M = 7.95, SD = 2.48) having a higher intent to use rating than tap (M = 

4.30, SD = 2.88) and standing (M = 6.67, SD = 2.95) higher than walking (M = 5.58, SD = 3.45): 

F(1,30) = 30.29, p < .001, ηp
2 = .50; F(1,30) = 22.33, p < .001, ηp

2 = .43, respectively. A 

significant interaction of input method and mobility also was found; F(1,30) = 9.02, p = .01, ηp
2 

= .23. Follow-up analysis revealed participants rated standing and walking with trace higher on 
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intent to use than standing and walking with tap, and rated tap standing higher than tap walking, 

p < .05. No other main effects or interactions were found, p > .05. Figure 8 shows intent to use 

by input method, mobility, and experience.  

 

Hand Measurements. To determine whether there was any evidence of the “fat finger” 

issue, a series of correlations were conducted between performance, hand width, index finger 

width, and index finger length in both mobile conditions and both input methods The range of 

participants’ hand widths was representative of the 1st – 75th percentile of adult men and women 

(White, 1980). No significant correlations were found, p > .05 (r values ranged from –.27. to 

+.23). 

Discussion 

This study is the first to explore trace input on a smartwatch while walking. Our results 

show both trace and tap are efficient means of typing on a smartwatch while walking and 

standing. Users were able to achieve 35 WPM with trace and 30 WPM with tap, regardless of 

mobility or experience. These observed trace and tap typing speeds are among the fastest 
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observed on a smartwatch even though users were standing or walking (Study 2 - Appendix A). 

The observed superiority of trace over tap is consistent with previous findings (Gordon et al., 

2016; Turner et al., 2016). Surprisingly, experience with trace input on a smartphone had no 

significant impact on entry speed, an effect previously observed by Turner et al. (2016). It is 

possible the lack of difference between experts and novices is due to the increased variability in 

performance in the walking condition (participants were seated for Turner et al., 2016). 

Regardless, this suggests that users completely unfamiliar to trace input are able to quickly reach 

the performance level of trace experts when typing on a smartwatch after very little practice. In 

addition, users typed 32 WPM when standing and 30 WPM when walking; these speeds are 

nearly three times faster than other reported typing speeds on alternative smartwatch keyboards 

in stationary and mobile scenarios (Darbar, Dash, et al., 2016; Hong et al., 2016).  

Prior experience with trace on a smartphone did not seem to have an effect on accuracy. 

Users typed more accurately with trace (10% WER) than tap (14% WER) and more accurately 

when standing (10% WER) than when walking (15% WER). These word error rates are 

consistent with other observed error rates on smartwatches (Study 2 - Appendix A). The 

increased error rate from standing to walking is consistent with the literature (Bergstrom-

Lehtovirta et al., 2011; Darbar, Dash, et al., 2016; Hong et al., 2016). It is possible the higher 

error between trace and tap when walking is because tap input requires users to lift their finger 

before and after each keystroke. When walking, this task is even more difficult due to the 

constant motion of the body with each step. In contrast, trace requires the user to use one 

continuous motion to type, so the finger is always in contact with the screen. This is likely the 

reason why tap was rated as more frustrating than trace; however, future research should 

examine the biomechanics of each interaction method to investigate further. Performance with 
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both input methods and mobility conditions remained high despite key sizes, 4 mm x 3 mm, 

being significantly smaller than the recommended key size range for use with a smartwatch, 5.7 

to 7 mm (Dunlop et al., 2014; Shao et al., 2016). In addition, no evidence of the “fat finger” issue 

or screen occlusion was found as performance was not related to hand or finger size. We believe 

the observed superiority of trace over the alternative keyboards shown in Study 2 - Appendix A 

is attributable to three factors. First, users are already familiar with the QWERTY keyboard 

layout, resulting in a shorter learning curve than alternative keyboard layouts. Second, the small 

screen size required less distance for the user’s finger to travel while typing, resulting in faster 

input. Third, the keyboard used in this study included an effective autocorrect feature. Results of 

this study also add to the limited subjective data typically reported in smartwatch typing studies. 

Subjectively, trace was rated more favorably than tap across all measures. The perceived 

usability scores of both input methods fell within the marginally acceptable to acceptable ranges: 

‘Good’ for trace and ‘OK’ for tap (Bangor, Kortum, & Miller, 2009). With the exception of 

perceived frustration, users reported no difference in perceived workload, a finding supported by 

Sonaike, Bewaji, Ritchey, and Peres (2016). Users also perceived their performance as better 

when using trace and indicated they would prefer to use trace over tap if given the choice when 

typing on a smartwatch. Standing was consistently rated more favorably than walking, as 

expected. Thumb size has been shown to be correlated with user satisfaction when typing on 

smartphone keyboards (Balakrishnan & Yeow, 2008). Interestingly, no significant correlations 

between hand size, or finger size, and any of the subjective measures gathered were found in our 

study. One potential reason for this is that in Balakrishnan and Yeow (2008) all participants 

typed using a 3 x 4 key keypad and not a full QWERTY keyboard. It is likely the 3 x 4 key 

keyboard layout yielded more cumbersome typing behavior for users with larger thumbs. 



57 
 

Conclusion. This study expands upon the limited research on smartwatch typing and is 

the first to explore trace input on a smartwatch while walking. We demonstrated both tap and 

trace are efficient methods of typing on a smartwatch QWERTY keyboard in a mobile scenario. 

Users completely naïve to typing on a smartwatch were able to achieve high typing speeds with 

little practice. Trace input appears to be especially well suited for typing on a smartwatch as 

users were able to type 30–35 WPM depending on the mobility condition, regardless of prior 

experience with trace. In addition, users subjectively rated trace easier to use, preferred it over 

tap, and suggested they would use it in the future. Pulvirent (2015) notes, “To make 

smartwatches a long-term device and not simply a quick hit, manufacturers and developers are 

going to need to make them relevant and necessary for daily activities” (para. 6). We believe the 

addition of a familiar, easy-to-use keyboard that yields accurate typing is both relevant and 

necessary. Smartwatch manufacturers should include QWERTY keyboards with trace input as a 

standard feature. 

Limitations. While this study investigated more realistic smartwatch usage than sitting at 

a desk, it was still conducted as a controlled study in a laboratory setting. A treadmill was used to 

simulate normal walking behavior so we could investigate typing performance in a steady, 

walking condition. Treadmills have been used to simulate walking environments in other studies; 

one benefit of treadmill use is that the participant must maintain a steady walking pace. Walking 

in more natural environments, while more ecologically valid, results in inconsistent gait, as well 

as starting and stopping. More research should be done to examine typing performance in such 

environments where distractions are more likely to occur. In addition, this study evaluated 

college aged individuals who are most likely to be interested in using smartwatch technology. It 

is unknown how the results from this study would transfer to older age groups less familiar with 
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the technology. Future research should include a wider range of ages, experience, and education 

levels to test the generalizability of these results. 

Recommendations. The following are recommendations for the development of 

smartwatch keyboard technology and for future smartwatch studies: 

• Smartwatch manufacturers should incorporate a trace based QWERTY keyboard 

in all smartwatch designs.  

• Developers of novel keyboards should emphasize the importance of gathering 

subjective measures to inform design improvements from the user’s point of view.  

• Future studies should compare trace input against alternative keyboards, such as 

WatchWriter and Swipeboard, in different mobile scenarios on different 

smartwatch designs to see if the superiority of trace generalizes to different 

mobile scenarios and smartwatch designs.  

• Future studies should seek to explore different user age groups, experience, and 

education levels. 

Tips for Usability Practitioners. The following are suggestions for usability 
practitioners: 

• Familiarity with keyboard layout may help new users learn new typing techniques 

quickly. 

• Subjective ratings in addition to performance ratings should be collected when 

studying mobile device text input to provide the maximal insight to user 

satisfaction and acceptance. 

• Treadmills can be used in lieu of more natural walking tasks to provide a 

controlled simulation of walking.  
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• Partial counterbalancing of experimental conditions should be used to minimize 

participant fatigue in mobile conditions.  
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Study 2 - Appendix A 

Observed typing performance and subjective measures on smartwatch sized keyboards  
 

Keyboard Reference P
a
r
tic

ip
a
n

ts
 

Participant 

Mobility 

Entry 
Speed 

(WPM) 

Error 
Rate 

% 

Subjective Measures 

Callout 
Leiva, Sahami, Catalá, 

Henze, & Schmidt, 2015 
20 Seated 

4.31 2.6CER 

NASA-TLX, SUS 7.11 0.8 CER 

8.31 0.7 CER 

DriftBoard Shibata et al., 2016 10 * 9.72 0.6 ER - 

DualKeyQWERTY Gupta & Balakrishnan, 2016 10 * 19.63 5.3TER Q & A 

DualKeySWEQTY Gupta & Balakrishnan, 2016 8 * 7.11 0.8 CER Q & A 

ETAO 
Darbar, Dash, & Samanta, 

2016 
10 

Seated 8.31 0.7 CER 
Perceived Learning Time 

Walking 9.43 7.1TER 

Fleksy 
Chaparro, He, Turner, & 

Turner, 2015 
18 Seated 20.33 16.0TER 

NASA-TLX, SUS, Perceived 
Performance & Preference 

ForceBoard Hsiu et al., 2016 12 * 12.41 9..2TER User Preference 

Invisiboard 
Mottelson, Larsen, Lyderik, 
Strohmeier, & Knibbe, 2016 

12 * 9.52 3.2MWD - 

Optimized 
Alphabetic 
Layout (OAL)4 

Komninos & Dunlop, 2014 20 * 8.13 - NASA-TLX, Qualitative Feedback 

QWERTY-like 

Keypad (QLKP) 
Hong et al., 2015 12 * 9.23 4.3TER Questionnaire, Preference Ratings 

SlideBoard Hong et al., 2015 12 * 12.13 7.9TER Questionnaire, Preference Ratings 

SplitBoard 

Hong, Heo, Isokoski, & Lee, 
2016 

12 
Seated 

14.83 9.0 TER 

Questionnaire, Preference Ratings 

18 10.53 14.0 TER 

 

 

 

12 

 

Standing 

11.53 11.0 TER 

15.03 8.0 TER 

14.53 7.0 TER 

Walking 13.03 12.0 TER 

Hong et al., 2015 24 * 14.83 7.5 TER Questionnaire, Preference Ratings 

Hsiu et al., 2016 12 * 11.93 10.1TER User Preference 

Darbar, Dash, & Samanta, 
2016 

10 
Seated 12.23 10.5 TER 

Perceived Learning Time 
Walking 9.33 12.8 TER 
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Standard 
QWERTY 

Hong et al., 2016 

12 

Seated 

13.73 21.0 TER 

Questionnaire, Preference Ratings 
18 

10.03 28.0 TER 

12.03 20.0 TER 

14.53 20.0 TER 

12 
Standing 13.03 23.0TER 

Walking 13.03 23.0TER 

Hong et al., 2015 12 * 12.93 21.4 TER Questionnaire, Preference Ratings 

Darbar, Dash, & Samanta, 
2016 

10 
Seated 7.13 22.1 TER 

Perceived Learning Time 
Walking 5.23 28.5 TER 

Swipeboard 

Alphabetical 
Shao et al., 2016 12 * 7.33 9.0 CER Questionnaire, Interview 

Swipeboard 

QWERTY 

Chen, Grossman, & 
Fitzmaurice, 2014 

8 * 19.62 17.5 TER - 

Shao et al., 2016 12 * 7.23 10.0CER 
Questionnaire, Interview,  

Preference 

SwipeKey4 Shao et al., 2016 12 * 11.03 4.4 CER 
Questionnaire, Interview,  

Preference 

SwipeKey5 Shao et al., 2016 12 * 10.93 7.4 CER 
Questionnaire, Interview,  

Preference 

Swype 

Tap 

Turner, Chaparro, & He, 
2016 

16 
Seated 

27.03 8.0 TER NASA-TLX, SUS, Intent to Use, 
Perceived Performance & 

Preference 16 26.03 5.0 TER 

Swype 

Trace 

Chaparro et al., 2015 18 

Seated 

29.33 9.0 TER 
NASA-TLX, SUS, Perceived 

Performance & Preference 

Turner et al., 2016 
16 31.03 6.0 TER NASA-TLX, SUS, Intent to Use, 

Perceived Performance & 
Preference 16 37.03 5.0 TER 

UniWatch4 Poirier & Belatar, 2016 5 Seated 9.83 - - 

Virtual Sliding 
QWERTY 

(VSQ) 

Cha, Choi, & Lim, 2015 20 Seated 

10.82 - 

Preference, Ease of Use 

11.72 - 

11.32 - 

10.62 - 

10.02 - 

WatchWriter 

Gesture 

Gordon, Ouyang, & Zhai, 
2016 

18 Seated 24.03 3.7 CER - 

WatchWriter 

Tap 
Gordon et al., 2016 18 Seated 22.03 1.5 CER - 
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ZoomBoard 

Oney et al., 2013 6 * 9.32 - Qualitative Survey 

Chen et al., 2014 8 * 17.12 19.6TER - 

Mottelson et al., 2016 12 * 9.31 2.1MWD - 

Hong et al., 2015 12 * 9.23 7.1 TER Questionnaire, Preference Ratings 

Leiva et al., 2015 20 Seated 

6.02 1.1 CER 

NASA-TLX, SUS 7.82 1.2 CER 

8.22 1.4 CER 

Hong et al., 2016 

12 

Seated 

9.83 7.0TER 

Questionnaire, Preference Ratings 
18 

8.03 10.0 TER 

9.03 6.0 TER 

9.03 7.0 TER 

12 
Standing 9.03 5.0 TER 

Walking 8.53 8.0 TER 

Hsiu et al., 2016 12 * 9.53 6.1TER User Preference 

Darbar, Dash, et al., 2016 10 
Seated 8.73 8.6 TER 

Perceived Learning Time 
Walking 8.03 9.8 TER 

ZShift Leiva et al., 2015 20 Seated 

5.41 1.3 CER 

NASA-TLX, SUS 7.21 1.3 CER 

9.11 0.9 CER 

* Mobility not specifically stated, 1 Observed on a smartphone, 2 Observed on a tablet, 3 Observed on smartwatch,  4 Did not 
use phrase set from Mackenzie and Soukoreff (2003) 
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CHAPTER 4 

LITERATURE REVIEW 
Conclusions from Studies 1 & 2 

 The work of Turner et al. (2016, 2018) revealed several important findings. First, text 

input on a smartwatch using a standard QWERTY keyboard is feasible regardless of a user’s 

mobility (sitting, standing, or walking). The feasibility of the QWERTY layout for use on a 

smartwatch is especially important from an industry standpoint. According to Zhai and 

Kristensson (2012), for a mobile text entry method to be acceptable to the mass consumer market 

it must allow users to type quickly, have little to no learning curve, and support high efficiency 

through practice in use. Novel input methods and alternative keyboards typically do not satisfy 

these stipulations due to their learning curves and inefficiencies. In contrast, the familiar 

QWERTY keyboard meets these three requirements for integration in the mass consumer 

market.  

Second, tap and trace input are both viable means of text input on a smartwatch. In fact, 

average observed typing speeds with both tap (27 WPM) and trace (34 WPM) are among the 

fastest typing speeds reported in the smartwatch literature. The observed typing speeds with tap 

are consistent with those reported by Dunlop, Roper, and Imperatore (2017) who found users 

were able to type 29 WPM when standing using tap input on a standard QWERTY smartwatch 

keyboard. Third, trace input seems to be particularly well suited for text input on a smartwatch as 

it has consistently been shown to be superior, both objectively and subjectively, to tap in the 

literature (Chaparro et al., 2015; Gordon, Ouyang, & Zhai, 2016; Turner et al., 2016, 2018). 

Fourth, typing performance with both tap and trace is better when users are standing than when 

walking. Better typing performance while standing versus walking is a consistent trend in the 
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literature (Clawson, Starner, Kohlsdorf, Quigley, & Gilliland, 2014; Conradi, Busch, & 

Alexander, 2015; Darbar, Dash, & Samanta, 2016; Hong, Heo, Isokoski, & Lee, 2016; 

Mizobuchi, Chignell, & Newton, 2005; Turner et al., 2018).  

 However, the studies by Turner et al. (2016, 2018) were not without limitations. First, 

both studies used the commercially available Swype keyboard for both tap and trace input. It is 

unknown if the superiority of trace over tap was due to the trace technique itself or some other 

underlying facet of the Swype keyboard (i.e., superior autocorrect algorithm), and if that 

superiority transfers over to other trace-based keyboards (e.g., Google keyboard). Second, both 

studies used a smartwatch with a square-face design. It is unknown if the superiority of trace 

over tap persists across other watch displays of different sizes and shapes. The findings of Kim, 

Ahn, and Lee (2018) suggest that typing performance with tap-based input methods may differ 

between round- and square-faced watch designs, but the findings of Gordon et al. (2016) suggest 

trace outperforms tap regardless of a square- or round-face design. Third, a treadmill was used to 

simulate walking by Turner et al. (2018). Although treadmills can be used to establish a measure 

of baseline walking and typing performance, they are limited in external validity and may not 

replicate naturalistic walking. It is unknown how typing performance on a smartwatch is affected 

by more naturalistic walking scenarios (e.g., walking down a hallway or street, avoiding 

obstacles, etc.). It is also unknown how walking behavior is affected by typing on a smartwatch 

(e.g., slowed walking speed, glance frequency, and other compensatory behaviors). Moreover, 

both studies have been limited to comparisons of only tap and trace input and have not 

considered any other input methods, such as handwriting.  
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 However, the 2017 release of Android Wear 2.0 and Wear OS offers a new and unique 

opportunity to expand upon the limitations of Turner et al. (2016, 2018). Wear OS offers a native 

Google keyboard that supports both tap and trace input (Lamkin, 2018). This presents the 

opportunity to compare tap and trace input on a commercially available keyboard other than the 

Swype keyboard. This is especially relevant as the Swype keyboard is no longer commercially 

available as of early 2018, although its underlying functionality has been incorporated into other 

keyboards, such as the current Google keyboard (Kastrenakes, 2018). Additionally, Wear OS 

also supports the Google Handwriting input app. This provides an opportunity to compare three 

diverse, commercially available input methods (tap, trace, and handwriting) across the same 

operating system. Not only will this research contribute to the literature, but it will also have real 

world implications due to the commercial availability of all three input methods.  

Summary of Alternative Keyboards and Input Methods for Smartwatches  

Although tap and trace with a full QWERTY keyboard have consistently been shown to 

be feasible and efficient means of text entry, some skeptics remain. As previously discussed in 

Chapters 2 and 3, skeptics primarily cite issues with the small size of the keyboard, the fat finger 

problem, and screen occlusion due to the user’s input finger as reasons why a full QWERTY 

keyboard cannot be used on a smartwatch (Arefin Shimon et al., 2016; Funk, Sahami, Henze, & 

Schmidt, 2014; Hong et al., 2015; Kim, Sohn, Pak, & Lee, 2006; Oney et al., 2013). In hopes of 

addressing these concerns, numerous keyboards have been designed or adapted for use on 

smartwatches over the recent years. In a review of the existing smartwatch keyboards at the time, 

Arif and Mazalek (2016) provided a summary table and detailed descriptions of these keyboards. 

Turner et al. (2018) provided an updated version of the table by Arif and Mazalek (2016) with 
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the latest research findings, and added columns for participant mobility (seated, standing, or 

walking) and subjective measures (see Study 2 - Appendix A). Table 1 has been updated further 

with the most recent literature. 

Handwriting  

  Perceived issues with onscreen smartwatch keyboards and learning curves associated 

with novel methods have led some to believe the solution to text input is handwriting 

(Costagliola, De Rosa, & Fuccella, 2017; X. Lin, Chen, Chang, Liu, & Wang, 2018). Costagliola 

et al. (2017) explains that handwriting is especially well suited for text entry on smartwatches 

because it is a natural input method, taking advantage of knowledge most users acquire early in 

life. Handwriting also has the additional benefit of not requiring total commitment of vision, 

allowing users to enter text accurately even when they are not looking at the screen (van Doorn 

& Keuss, 1992). Traditional paper and pen handwriting yields a writing speed of approximately 

18 WPM (Connor, 1995; Dutton, 1990). Handwriting text entry speeds for touchscreen devices 

tends to vary by device; ranging from 16 to 25 WPM for smartphones and tablets (Castellucci & 

MacKenzie, 2008; Kristensson & Denby, 2009; MacKenzie & Chang, 1999). In a comparison of 

tap, trace, and handwriting on a smartphone, Castellucci and MacKenzie (2011) found that users 

typed 10-13 WPM faster with tap and trace than with handwriting. Additionally, the authors 

reported that users largely disliked handwriting in comparison to other methods, specifically due 

to the higher incidence of errors and slow typing speed. Observed handwriting speeds on a 

smartwatch range from 15-19 WPM, similar to the speeds observed with alternative keyboards 

on a smartwatch (Table 1) (Costagliola et al., 2017). 



82 
 
 

However, the handwriting keyboard used in Costagliola et al. (2017) only offered a static, 

writing area in which users had to write a whole word before being able to submit the text and 

move on to a new word. This style of handwriting does not match the style of the two 

commercially available handwriting apps: Google Handwriting and Apple Scribble. Google 

Handwriting implements an automatic horizontal scroll, or dynamic flow. As users write 

characters, the screen automatically scrolls to the left continuously creating a blank writing area 

for new characters to be written. In addition, the Apple Watch Series 3, running WatchOS 4, 

supports its own native handwriting input, known as Scribble. Scribble uses a static, non-flow 

design allowing text to be entered by drawing overlapped letters on top of each other, one at a 

time. As handwriting is now commercially available in multiple forms, it is important to 

understand how these methods compare to tap and trace input both objectively and subjectively, 

and in a variety of mobile environments. 

Dual-Task Walking 

 Posture, Attentional Control, and Dual-Task Paradigm. Walking is an extremely 

common and highly practiced task performed daily. Given its ubiquity, it is often assumed that 

walking is a simple task requiring few cognitive resources. On the contrary, walking is a 

complex process that requires the integration of visual, proprioceptive, and vestibular sensory 

information, as well as, the cognitive ability to synthesize this sensory information in order to 

walk efficiently and safely (Beurskens & Bock, 2012). Everyday life often requires walking to be 

integrated with secondary activities, known as dual task walking, such as watching for hazards, 

having a conversation, or interacting with a mobile device (Beurskens & Bock, 2012). However, 

the integration of these secondary tasks is not without cost as they compete for the same 

attentional resources used when walking. As a result, secondary tasks have been shown to 
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negatively impact walking performance and vice versa (Lindenberger, Marsiske, & Baltes, 2000; 

Lundin-Olsson, Nyberg, & Gustafson, 1997). 

Proprioception, and more specifically posture control, is one stream of sensory 

information that is affected by dual walking task. Posture control, defined as the control of the 

body’s position in space for the purpose of balance and orientation, has traditionally been 

considered an automatic task requiring few attentional resources (Shumway-Cook & Woollacott, 

2000; Woollacott & Shumway-Cook, 2002). However, subsequent research has since shown that 

posture control actually requires a significant amount of attentional resources (Woollacott & 

Shumway-Cook, 2002). Dual task paradigms have been used to show that the amount of 

resources required to maintain posture control can be significantly affected by a secondary task. 

Additionally, posture control, such as maintaining balance and limiting body sway, have been 

shown to be negatively affected by secondary tasks (Maki & Mcllroy, 1996; McIlroy et al., 1999; 

Yardley, Gardner, Leadbetter, & Lavie, 1999). Furthermore, the magnitude of the effect is 

dependent on the type and complexity of the secondary task (Ebersbach, Dimitrijevic, & Poewe, 

1995; Kerr, Condon, & McDonald, 1985; Lajoie, Teasdale, Bard, & Fleury, 1993).  

Dual task paradigms are often implemented to study the effects of walking on secondary 

task performance, or vice versa. However, it is possible to use the dual task paradigm to examine 

performance changes in both tasks (Maylor & Wing, 1996; Rankin, Woollacott, Shumway-Cook, 

& Brown, 2000). Beurskens and Bock (2012) support the need to examine performance changes 

in both tasks as opposed to only examining one or the other. The authors conclude studies that 

only evaluate walking will overestimate dual task deficits, and those that only evaluate the 

secondary task will underestimate those deficits.  
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Typing on a smartphone while standing or walking is a common dual task behavior 

(Yatani & Truong, 2009). Based on the recommendation of Beurskens and Bock (2012) any 

study investigating walking and typing should investigate both the impact of walking on the 

typing task, as well as, the impact of the typing on the walking task. 

Walking and Typing on a Smartphone and Smartwatch. Given the ubiquitous nature 

of text entry on a smartphone, understanding how text entry performance on a smartwatch is 

affected while walking in a naturalistic environment is critical if smartwatches are to ever 

become as commonplace as smartphones for text entry. In an effort to gain an understanding of 

the resources required to type on a smartphone while walking, Turner et al. (2018) presented a 

detailed review of the walking and typing literature. In summary, it was concluded that walking 

and typing on a smartphone is a complex task that requires the coordination, and integration, of 

several cognitive and physical resources. Namely, in order to achieve accurate and efficient text 

entry while walking, visual-motor coordination, finger movements, and cognitive attention must 

all integrate to compensate for hand and body oscillations experienced during walking (Agostini, 

Fermo, Massazza, & Knaflitz, 2015; Bergstrom-Lehtovirta, Oulasvirta, & Brewster, 2011). 

Additionally, walking and typing has been shown to slow walking speed (Bergstrom-Lehtovirta 

et al., 2011; Hatfield & Murphy, 2007; Lamberg & Muratori, 2012; Lopresti‐Goodman, Rivera, 

& Dressel, 2012; Plummer, Apple, Dowd, & Keith, 2015), increase difficulty of target selection 

(Kane, Wobbrock, & Smith, 2008), and increase mental workload and stress (Vadas, Patel, 

Lyons, Starner, & Jacko, 2006). More specifically, several studies have shown typing 

performance on a smartphone declines both in speed and accuracy with walking compared to 

sitting or standing  (Clawson et al., 2014; Conradi et al., 2015; Mizobuchi et al., 2005; Nicolau & 

Jorge, 2012; Yatani & Truong, 2009). Furthermore, Schildbach and Rukzio (2010) state that 
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input methods that require very accurate finger movements, such as tap, cannot be used 

effectively while walking. Given this information, it is likely that an input method that requires 

fewer precise key presses, such as trace, may be better suited for typing while walking.  

Although walking and typing is a common user behavior with a smartphone, only three 

studies to date have evaluated typing performance on a smartwatch in mobile scenarios: Hong et 

al. (2016), Darbar et al. (2016), and Turner et al. (2018). In depth reviews of Hong et al. (2016) 

and Darbar et al. (2016) can be found within Turner et al. (2018). In summary, all three studies 

found that typing on a smartwatch while standing, and while walking, is feasible using a variety 

of input methods, although trace input seems to be particularly well suited. Additionally, all three 

studies found typing performance significantly worsened while walking than when standing, as 

is does on a smartphone. Hong et al. (2016) and Darbar et al. (2016) reported typing speeds 

ranging from 8-15 WPM when walking or standing with alternative keyboards, and 5-13 WPM 

with a standard QWERTY keyboard using tap input. Turner et al. (2018) reported typing speeds 

of 35 WPM with trace and 30 WPM with tap using a standard QWERTY keyboard when 

walking or standing. However, the walking scenarios used varied by study. Hong et al. (2016) 

and Turner et al. (2018) simulated the walking task using a treadmill. Darbar et al. (2016) had 

participants perform a naturalistic walking scenario, but the details of the walking scenario were 

not presented. 

Treadmill versus Naturalistic Walking. Treadmills are commonly used when 

investigating the effects a secondary task has on walking performance (Bergstrom-Lehtovirta et 

al., 2011; Clawson et al., 2014; Hong et al., 2016; M. Lin, Goldman, Price, Sears, & Jacko, 2007; 

Plummer et al., 2015). Treadmills allow for an added level of experimental control that is not 
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provided when evaluating walking in more naturalistic scenarios. Namely, treadmills allow 

researchers to effectively control walking speed and prevent other extraneous variables from 

interfering, as is commonly experienced in naturalistic walking scenarios. However, the 

questions of if, and how, treadmills vary user gait patterns is contested. Proponents indicate gait 

patterns do not vary when walking on a treadmill compared to walking naturalistically on a flat 

surface (Lee & Hidler, 2008; Riley, Paolini, Della Croce, Paylo, & Kerrigan, 2007), while others 

say it does (Dingwell, Cusumano, Cavanagh, & Sternad, 2001).  

The main disadvantage of using a treadmill is that it forces participants to maintain a 

fixed walking pace which is an uncommon behavior in true naturalistic walking (Clawson et al., 

2014). Clawson et al. (2014) states the importance of observing typing performance in 

naturalistic walking in that, “Without allowing participants the flexibility to set their own pace 

and walk their own path researchers are unable to accurately measure the full potential impact of 

mobility on an individual’s ability to interact with mobile technology while on-the-go.” 

Furthermore, Lin et al. (2007) report that using treadmills to simulate walking scenarios may not 

be appropriate when accuracy measures are of interest, such as word error rates for text input 

studies. Instead, Lin et al. (2007) recommends the use of naturalistic walking scenarios. 

Additionally, Schildbach and Rukzio (2010) conclude that evaluations of walking and its effects 

on the usage of mobile services should be conducted in realistic settings and not on a treadmill. 

Given this information, it would appear that gathering typing performance data using a treadmill 

for the walking task may be feasible to gather general baseline measures of performance, but in 

order to increase external validity and to gain a better understanding of how walking effects 
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typing performance in the real world, observing typing performance in naturalistic walking 

scenarios is essential. 

Naturalistic walking, itself, is a very broad and variable task. Walking in a naturalistic 

setting can involve many complexities that result in sudden changes to walking behavior, such as 

going from walking in a straight line (down a hallway), to making subtle changes in direction 

(avoiding obstacles), to making drastic changes in direction (making a 90-degree turn). The 

complexity of a walking route has been shown to impact performance on a secondary task. 

Turano, Geruschat, and Stahl (1998) observed participants walking two different routes of 

varying complexities (simple route or complex route) while responding to a secondary task. The 

simple route consisted of a straight hallway with no turns or obstacles. The complex route 

consisted of straight hallways clear of obstacles, and other sections with four right-angle turns 

with chairs and tables as potential obstacles. Participants walked each route twice, with the 

direction through the route reversed the second time. Turano et al. (1998) found that complexity 

of the route had a significant impact on secondary task performance with participants performing 

worse when walking the complex route. However, the authors also found an effect of familiarity 

with the walking route. Overall, participants walked faster the second time they walked the route 

leading the authors to conclude that participants were remembering enough of the spatial layout 

to help them navigate more efficiently after just one time walking the route, even though their 

second trial was done in the reverse direction of the first. The effect of familiarity has been 

reported in other studies as well. Turano, Geruschat, Stahl, and Massof (1999) reported 

participants perceive walking in a familiar area as having ‘no difficulty’, but perceive walking in 
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an unfamiliar area as ‘extremely difficult’. Shingledecker (1978) showed walking in an 

unfamiliar route results in poorer secondary task performance than walking a familiar route.  

Plummer et al. (2015) investigated walking and texting behavior on a smartphone 

between a laboratory environment and a naturalistic environment. The laboratory environment 

was a quiet indoor corridor. The naturalist environment was an indoor corridor in the university’s 

student center. Participants walked a continuous 30 meter straight-line in each environment. The 

results showed participants typed faster in the laboratory environment than in the naturalistic 

environment. The authors speculate that this difference was due to the frequency at which 

participants looked up from the phone in the naturalistic environment to ensure they would not 

collide with any obstacles, such as other people.  

In summary, it is clear that walking is a simple, yet complex task that requires the 

integration of numerous psychological and physiological resources. The addition of secondary 

tasks while walking can cause degradations to both tasks. These degradations may be further 

amplified by the difficulty of the walking task. Furthermore, the difficulty and complexity of 

walking in the real world is constantly changing and requires constant attentional resources. 

Given this information, in order to have the highest external validity, research examining typing 

performance should implement naturalistic walking tasks of varying difficulty and complexity.  

Mechanics of Tap, Trace, and Handwriting 

It is likely the underlying physical mechanics of tap and trace are responsible for the 

observed performance differences across the literature. Tap input requires users to lift their finger 

before and after each keystroke (Figure 1). Additionally, each keystroke has to be close enough 

to the intended letter to allow the autocorrect algorithm to disambiguate a target word from other 
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potential words, creating the opportunity for error during each individual keystroke. When 

walking, this task is even more difficult as both the keyboard and the user’s input finger are in 

unsynchronized motion due to the constant movement of the body with each step (Kane, 

Wobbrock, & Smith, 2008). Traditional tap input also requires users to hit the space bar to insert 

a space after each typed word. Although some tap keyboards do allow for a space to be inserted 

using a gesture, such as a left to right swipe across the screen (e.g., Fleksy).  In contrast, trace 

requires users to commit only one initial keystroke. From there, the user connects all the letters 

in an intended word with one continuous finger motion, allowing the user’s input finger to 

always be in contact with the screen (Figure 1). After the user has passed through all of the 

intended letters in a word, the user lifts their finger from the screen and an autocorrect algorithm 

is used to determine the desired word. A space is also automatically inserted after the user lifts 

their finger. Similar to tap, the user does not have to tap every key perfectly, but instead only has 

to be close enough to the intended keys for the autocorrect algorithm to function properly (Zhai 

& Kristensson, 2012).  

Figure 1. Examples of trace input (left) and standard 
point-and-tap input (right). 

Shocker Shocker 
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It is likely the decreased number of keystrokes required with trace is one reason for its 

superiority over tap. Additionally, it is suspected that the user’s constant contact with the 

keyboard while tracing is one reason why it is better than tap while walking. With trace, the 

user’s constant contact with the keyboard likely diminishes the difficulty of making accurate 

keystrokes due to the unsynchronized movement of the keyboard and the user’s input finger. 

Furthermore, there is evidence to suggest that trace may actually be less physically exerting for 

muscles in the lower arm than tap which may also account for some of the observed differences 

between the two input methods (Sonaike, Bewaji, Ritchey, & Peres, 2016). 

 Physically, handwriting can mirror the mechanics of either tap or trace depending on the 

writing style and handwriting app used. For example, the Google Handwriting app supports both 

print and cursive writing. Cursive writing more closely mirrors the physical aspects of trace input 

as the user writes all the letters of an intended word with one continuous motion. This allows the 

user to stay in constant contact with the screen, which as discussed previously, may be beneficial 

when walking. In contrast, print writing more closely resembles tap input. With print writing, 

letters can be written with one distinct motion (e.g., ‘o’, ‘l’, ‘s’), or a combination of multiple 

distinct motions (e.g., ‘t’, ‘x’, ‘k’). Each distinct motion used to print a letter, or a word as a 

whole, resembles each keystroke committed during tap input. Similar to tap, each motion 

committed during print writing requires the user to lift their finger from the screen before and 

after each motion, be it when writing one complex letter or when transitioning from one letter to 

the next. Based on the differing mechanics of cursive and print writing, and their underlying 

similarities to tap and trace, it is likely that cursive writing is better suited for use when walking 

than print writing. However, this conclusion is based on the assumption that the writing area is 

static. As discussed previously, the Google Handwriting app uses a dynamic flow design that 
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horizontally scrolls the writing area as text is written. It is currently unknown how the dynamic 

flow of the Google Handwriting app affects typing performance with either style of writing.   
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Table 1. Observed objective and subjective measures of text entry on smartwatches and 
smartwatch sized displays, updated from Turner et al. (2018) 
 

Keyboard Reference Input 
Method 

Participant 
Mobility 

Entry 
Speed 
(WPM) 

Error 
Rate 
% 

Subjective Measures 

Callout 
Leiva, Sahami, Catalá, 

Henze, & Schmidt, 2015 
Tap Seated 

4.31 2.6CER 

NASA-TLX, SUS 7.11 0.8CER 

8.31 0.7CER 

DiaQwerty Kim et al., 2018 Tap Seated 
24.63 4.0CER Perceived Accuracy, Speed, 

Comfort, Preference 21.13 8.0CER 

Di-Type 
Gil, Lee, Im, & Oakley, 

2017 
Tap * 8.13 1.7WKE - 

DriftBoard Shibata et al., 2016 Tap * 9.72 0.6ER - 

DualKeyQWERTY Gupta & Balakrishnan, 2016 Tap * 19.63 5.3TER Q & A 

DualKeySWEQTY Gupta & Balakrishnan, 2016 Tap * 7.11 0.8CER Q & A 

ETAO Darbar et al., 2016 Tap 
Seated 8.31 0.7CER 

Perceived Learning Time 
Walking 9.43 7.1TER 

Fleksy Chaparro et al., 2015 Tap Seated 20.33 16.0TER 
NASA-TLX, SUS, Perceived 
Performance & Preference 

Flickey 
Ishii, Hakoda, & Shizuki, 

2018 
Tap * 

8.71 0.0CER 

9.41 0.0CER SUS, NASA-TLX 

8.81 3.0CER 

ForceBoard Hsiu et al., 2016 Tap * 12.41 9.2TER User Preference 

Invisiboard 
Mottelson, Larsen, Lyderik, 
Strohmeier, & Knibbe, 2016 

Tap * 9.52 3.2MWD - 

MyScript 
Handwriting 

Costagliola et al., 2017 Writing Seated 

8.03 7.8TER 
SUS, Questionnaire, 

Interview 

7.03 12.0TER 
SUS, Questionnaire, 

Interview 

Optimized 
Alphabetic 
Layout (OAL) 

Komninos & Dunlop, 20144 Tap * 8.13 - NASA-TLX, Qualitative 
Feedback 

QWERTY-like 
Keypad (QLKP) 

Hong et al., 2015 Tap * 9.23 4.3TER Questionnaire, Preference 
Ratings 

QWERTY-Like 
Qin, Zhu, Lin, Ko, & Bi, 

2018 
Tap Seated 15.23 2.5WER 

NASA-TLX, Preference 
Ratings 

Optimal-T9 Qin et al., 2018 Tap Seated 19.23 1.9WER 
NASA-TLX, Preference 

Ratings 

SlideBoard Hong et al., 2015 Tap * 12.13 7.9TER 
Questionnaire, Preference 

Ratings 
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SplitBoard 

Hong et al., 2016 

Tap 

Seated 
14.83 9.0TER 

Questionnaire, Preference 
Ratings 

10.53 14.0TER 

 
Standing 

11.53 11.0TER 

15.03 8.0TER 

14.53 7.0TER 

Walking 13.03 12.0TER 

Hong et al., 2015 * 14.83 7.5TER Questionnaire, Preference 
Ratings 

Hsiu et al., 2016 * 11.93 10.1TER User Preference 

Darbar et al., 2016 
Seated 12.23 10.5TER 

Perceived Learning Time 
Walking 9.33 12.8TER 

Costagliola et al., 2017 Seated 

10.03 15.3TER 
SUS, Questionnaire, 

Interview 

10.03 12.7TER 
SUS, Questionnaire, 

Interview 

Kim et al., 2018 Seated 
19.133 5.5CER Perceived Accuracy, Speed, 

Comfort, Preference   17.593 6.0CER 

Standard 
QWERTY 

Hong et al., 2016 

Tap 

Seated 

13.73 21.0TER 

Questionnaire, Preference 
Ratings 

10.03 28.0TER 

12.03 20.0TER 

14.53 20.0TER 

Standing 13.03 23.0TER 

Walking 13.03 23.0TER 

Hong et al., 2015 * 12.93 21.4TER Questionnaire, Preference 
Ratings 

Darbar et al., 2016 
Seated 7.13 22.1TER 

Perceived Learning Time 
Walking 5.23 28.5TER 

Dunlop et al., 2017 Standing 

29.23 1.0CER 

NASA-TLX 27.23 1.0CER 

26.73 1.0CER 

Kim et al., 2018 

Seated 

25.63 8.5CER Perceived Accuracy, Speed, 
Comfort, Preference 18.33 15.0CER 

Qin et al., 2018 19.83 7.0WER 
NASA-TLX, Preference 

Ratings 

Swipeboard 
Alphabetical 

Shao et al., 2016 Tap * 7.33 9.0CER Questionnaire, Interview 

Swipeboard 
QWERTY 

Chen et al., 2014 Tap * 19.62 17.5TER - 

Shao et al., 2016 Tap * 7.23 10.0CER Questionnaire, Interview,  
Preference 

SwipeKey4 Shao et al., 2016 Tap * 11.03 4.4CER 
Questionnaire, Interview,  

Preference 

SwipeKey5 Shao et al., 2016 Tap * 10.93 7.4CER 
Questionnaire, Interview,  

Preference 
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Swype 
Tap 

Turner et al., 2016 

Tap 

Seated 
27.03 8.0TER NASA-TLX, SUS, Intent to 

Use, Perceived Performance 
& Preference 26.03 5.0TER 

Turner et al., 2018 

Standing 27.8 16.0TER 

NASA-TLX, SUS, Intent to 
Use, Perceived Performance 

& Preference 

Walking 26.1 20.0TER 

Standing 27.9 7.0TER 

Walking 25.3 14.0TER 

Swype 
Trace 

Chaparro et al., 2015 

Trace 

Seated 

29.33 9.0TER 
NASA-TLX, SUS, Perceived 
Performance & Preference 

Turner et al., 2016 
31.03 6.0TER NASA-TLX, SUS, Intent to 

Use, Perceived Performance 
& Preference 37.03 5.0TER 

Turner et al., 2018 

Standing 34.43 9.0TER 

NASA-TLX, SUS, Intent to 
Use, Perceived Performance 

& Preference 

Walking 33.03 15.0TER 

Standing 38.83 7.0TER 

Walking 35.13 10.0TER 

T9 

Costagliola et al., 2017 

Tap Seated 

13.03 15.6TER SUS, Questionnaire, 
Interview 10.03 20.8TER 

Qin et al., 2018 16.53 2.6WER 
NASA-TLX, Preference 

Ratings 

Tri-Type Gil et al., 2017 Tap - 7.53 1.0WKE - 

UniWatch Poirier & Belatar, 20164 Tap Seated 9.83 - - 

Virtual Sliding 
QWERTY 
(VSQ) 

Cha, Choi, & Lim, 2015 Tap Seated 

10.82 - 

Preference, Ease of Use 

11.72 - 

11.32 - 

10.62 - 

10.02 - 

WatchBoard 

Alphabetic 
Lockerman et al., 2017 Tap 

* 8.33 - 
- 

* 14.13 - 

WatchBoard  

C-QWERTY 
Lockerman et al., 2017 Tap 

* 7.93 - 
- 

* 15.23 - 

WatchBoard 

Mnemonic 
Lockerman et al., 2017 Tap * 7.33 - - 

WatchBoard 

Optimized 
Lockerman et al., 2017 Tap * 7.13 - - 

WatchWriter 
Gesture 

Gordon et al., 2016 Trace Seated 24.03 3.7CER - 

WatchWriter 
Tap Gordon et al., 2016 Tap Seated 22.03 1.5CER - 
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ZoomBoard 

Oney et al., 2013 

Tap 

* 9.32 - Qualitative Survey 

Chen et al., 2014 * 17.12 19.6TER - 

Mottelson et al., 2016 * 9.31 2.1MWD - 

Hong et al., 2015 * 9.23 7.1TER 
Questionnaire, Preference 

Ratings 

Leiva et al., 2015 Seated 

6.02 1.1CER 

NASA-TLX, SUS 7.82 1.2CER 

8.22 1.4CER 

Hong et al., 2016 

Seated 

9.83 7.0TER 

Questionnaire, Preference 
Ratings 

8.03 10.0TER 

9.03 6.0TER 

9.03 7.0TER 

Standing 9.03 5.0TER 

Walking 8.53 8.0TER 

Hsiu et al., 2016 * 9.53 6.1TER User Preference 

Darbar et al., 20164 
Seated 8.73 8.6TER 

Perceived Learning Time 
Walking 8.03 9.8TER 

Ishii et al., 2018  

7.51 0.0CER 

SUS, NASA-TLX 8.71 6.0CER 

8.91 0.0CER 

ZShift 

Leiva et al., 2015 

Tap 

Seated 

5.41 1.3CER 

NASA-TLX, SUS 7.21 1.3CER 

9.11 0.9CER 

Ishii et al., 2018 * 

8.51 6.0CER 

SUS, NASA-TLX 10.11 4.0CER 

12.41 3.0CER 

* Mobility not specifically stated, 1 Observed on a smartphone, 2 Observed on a tablet, 3 Observed on smartwatch, 4 Did not 
use phrase set from Mackenzie and Soukoreff (2003) 
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Purpose 

This study is a continuation and expansion of Turner et al. (2016, 2018) (see Chapters 2 

and 3 respectively). We investigated participants’ typing performance, subjective user ratings, 

and naturalistic walking behavior while they typed text phrases using three different input 

methods (tap, trace, and handwriting) while standing, walking a simple route, and walking a 

complex route.  

Hypotheses 

H1. Input method will impact typing performance (both typing speed and typing 

accuracy), regardless of mobility. 

H1a. Input method will impact typing performance for the standing condition. 

H1b. Input method will impact typing performance for the simple walking 

condition. 

H1c. Input method will impact typing performance for the complex walking 

condition. 

H2. Route complexity will impact typing performance (both typing speed and typing 

accuracy), regardless of input method. 

H2a. Route complexity will impact typing performance for tap input. 

H2b. Route complexity will impact typing performance for trace input. 

H2c. Route complexity will impact typing performance for handwriting input. 
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H3. Input method will impact walking behavior (walking speed, walking distance, 

lane deviations, obstacles hit), regardless of mobility. 

H3a. Input method will impact walking behavior for the standing condition. 

H3b. Input method will impact walking behavior for the simple walking 

condition. 

H3c. Input method will impact walking behavior for the complex walking 

condition. 

H4. Route complexity will impact walking behavior (walking speed, walking distance, 

lane deviations), regardless of input method. 

H4a. Route complexity will impact walking behavior for tap input. 

H4b. Route complexity will impact walking behavior for trace input. 

H4c. Route complexity will impact walking behavior for handwriting input. 

H5. Input method will have an impact on subjective ratings, regardless of mobility 

H5a. Input method will have an impact on perceived workload. 

H5b. Input method will have an impact on perceived usability score. 

H5c. Input method will have an impact on preference ratings. 

H5d. Input method will have an impact on perceived accuracy ratings. 

H5e. Input method will have an impact on perceived typing speed ratings. 

H5f. Input method will have an impact on intent to use ratings. 
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H6. Mobility will have an impact on subjective ratings, regardless of input method. 

H6a. Mobility will have an impact on perceived workload. 

H6b. Mobility will have an impact on perceived usability score. 

H6c. Mobility will have an impact on preference ratings. 

H6d. Mobility will have an impact on perceived accuracy ratings. 

H6e. Mobility will have an impact on perceived typing speed ratings. 

H6f. Mobility will have an impact on intent to use ratings. 
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CHAPTER 5 

METHOD 
The metrics gathered in this study replicate and expand upon those used in Turner et al. 

(2016, 2018). Text input method (tap vs. trace vs. handwriting) and mobility (standing vs. 

walking a simple route vs. walking a complex route) were the independent variables. Typing 

speed (words per minute; WPM) and accuracy (word error rate; WER), walking behavior, and 

subjective measures of performance were the dependent variables. As an exploratory measure, 

multiple hand dimensions were also gathered to assess if there was a relationship between hand 

and finger size and typing performance. 

Participants 

Twenty college-aged participants (12 female, 8 male), ranging from 19 – 25 years of age 

(M = 21.60, SD = 2.06), participated in this study in exchange for course credit. All participants 

typed on the smartwatch using the index finger of their dominant hand. Only participants without 

prior experience typing on a smartwatch were recruited for this study. All participants were naïve 

to these criteria prior to their screening. 

All participants were fluent English speakers, had normal or corrected-to-normal vision, 

did not have any physical limitations to their hands that would prevent them from being able to 

type on a smartwatch, and were able to walk and stand unassisted. All participants were 

experienced with sending and receiving text messages on a touchscreen smartphone. Participants 

self-reported their experience level with tap, trace, and handwriting on a smartphone on a 1–7 

scale (1 = no experience; 7 = expert). Turner et al. (2018) categorized participants with a self-

report experience rating of a 1 or 2 as ‘Novices’ with a given input method on a smartphone, 

‘Experts’ were categorized by a 6 or 7 rating. Using this same classification, the present study 
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had 20 tap experts, 0 handwriting experts, and 0 trace experts in terms of their experience with 

each input method on a smartphone. Walking and typing behavior was also assessed. All 

participants indicated walking and typing on a smartphone was a common behavior in which 

they engaged. 

Materials  

A Mobvoi Ticwatch E smartwatch (display size of 1.4 inches) running the Android 2.0 

operating system was used in this study (Figure 2). The Ticwatch was equipped with the native 

Android 2.0, full QWERTY Google keyboard that supports both tap and trace input. 

Additionally, the watch was equipped with the Google Handwriting Input app (referred to as 

handwriting). The Handwriting app supported both print and cursive writing, participants were 

instructed to use print writing for this study.  

A subset of phrases were randomly selected from a list of 500 composed by MacKenzie 

and Soukoreff (2003). Ten practice phrases and 15 experimental phrases were randomly chosen 

for each condition; there was no overlap between the practice and experimental phrases. Phrases 

were randomly selected for all participants across all conditions. The phrases contained 

Figure 2. QWERTY Google Keyboard (left) Google 
Handwriting Input App (right). 



101 
 
 

lowercase letters only (no numbers, symbols, punctuation, or uppercase letters). Phrases ranged 

from 16 to 42 characters for all conditions.  

For the walking conditions, participants walked two pre-defined walking routes 2 feet 

wide, 85 feet long, and of varying complexity. The walking routes were setup inside a quiet, 

well-lit lab space. Both routes were designed to be long enough so as to prevent participants 

from reaching the end of the route before they finished typing an intended phrase. Each route 

was delineated by two blue lines marking the borders of the route. In addition for the complex 

route, desks were used on the perimeter of the route to prevent participants from seeing the 

obstacle arrangements prior to encountering them during the typing task. This was also done to 

reduce the likelihood of participants memorizing the spatial layout of the obstacles between trials 

(Turano et al., 1998).  

In order to ensure participants were actively engaged in walking before beginning the 

typing task, they were given a buffer zone of 5 feet at the beginning of each route. Participants 

were not be allowed to start typing the phrase until they exited the buffer zone. The simple route 

was a straightaway without any obstacles (Figure 3).  

The complex route was a serpentine route with 4 possible 90 degree turns and obstacles 

every 7 to 12 feet that participants were instructed to walk around (Figure 4). The obstacles 

consisted of three blocks, three foam pads, and three office chairs (nine obstacles in total). The 

obstacles varied in height and width (Table 2). The arrangement of the obstacles was changed 

after every five typing phrases. Participants were not allowed to watch as the obstacles were 

rearranged. The blocks and office chairs were always positioned on the perimeter of the track 

and occupied 12 inches of space, leaving 12 inches of open space for participants to walk passed 
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the obstacles. The foam pads were placed in the center of the route and occupied 8 inches of 

space, leaving 8 inches of space on either side of the pad for participants to walk passed the 

obstacle. Participants were able to choose to walk passed the foam pads on either the left or right 

side.  

An Ames Instruments 100 ft. laser tape measure was used to measure the distance 

participants walked while typing each phrase. The Ames laser tape measure is accurate within ± 

1/16 of an inch. 

 

Figure 3. Simple walking route 



103 
 
 

 

  TABLE 2. 
COMPLEX ROUTE OBSTACLES  

  
Block Foam Pad Office Chair 

# of Obstacles 3 3 3 

Height 10 in 5 in 48 in 

Width 12 in 8 in 12 in 

Position on Route Perimeter Middle of Route Perimeter 

 

 

Figure 4. Example obstacle arrangement within the complex walking route 
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Procedure 

This study was conducted over a two-day span in order to minimize fatigue from 

effecting performance. Day 1 consisted of participants completing either one or two conditions. 

The subsequent condition(s) were completed on Day 2. All conditions were partially 

counterbalanced across participants. Conditions were partially counterbalanced in order to 

prevent the two walking conditions from occurring on the same day. 

On Day 1, after providing consent, participants completed a brief background survey. 

The survey assessed demographic information including: smartphone typing behavior, text input 

method usage, experience with smartwatches, and physical activity level (namely, walking/ 

running exercise habits).  

Participants were then introduced to their first condition. For each input method, 

participants were given a brief typing tutorial by the experimenter. The participants were then 

given 10 practice phrases to type before the experimental trials began. For the experimental 

trials, 15 phrases were presented verbally one at a time to the participants by the experimenter. 

Participants were instructed to listen to the phrase as the experimenter read it, and then asked to 

repeat the phrase back to the experimenter to ensure they understood it. Once the participant felt 

prepared to begin typing, they verbally indicated so by saying ‘Start’ and once they had finished 

typing the phrase they verbally indicated so by saying ‘Stop’ (Arif, Iltisberger, & Stuerzlinger, 

2011; MacKenzie & Read, 2007). Participants were instructed to type the phrases as quickly and 

accurately as possible. They were allowed to correct mistakes but were not required to do so. 

Typing time was recorded by a researcher using a digital stop watch. Phrases were saved as a 

text file to an online repository and later scored manually by an experimenter. In total, each 
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participant typed 225 phrases (25 per input method, 75 per condition). After completing the Day 

1 condition(s), participants were asked to schedule a separate time to complete the Day 2 

condition(s). Participants were required to participate in the Day 2 condition(s) within 7 days of 

their Day 1 participation.  

For the standing condition, participants were asked to stand, unassisted, in the same spot 

during the typing of all phrases. The participants were not be allowed to lean or stabilize 

themselves on any objects or furniture. They were allowed to sit and rest at the conclusion of 

each condition if they wished to do so.  

For the walking conditions, participants were made aware if they were walking a route 

with or without obstacles. For the route with obstacles, participants were instructed to walk 

around the obstacles and to avoid contacting them. Participants were allowed to set their own 

walking speed, but were instructed to walk at a comfortable pace. In order to ensure participants 

were actively engaged in walking before beginning the typing task, they were given a buffer 

zone of 5 feet. Participants were not allowed to start typing the phrase until they exited the buffer 

zone. Once a participant had finished typing a phrase, they were instructed to stop walking and 

their distance from the start point was recorded using a laser tape measure. This measure, 

coupled with their typing time, allowed for their walking pace to be calculated per trial. Once a 

participant’s walking distance had been recorded, they returned to the beginning of the route for 

the start of a new phrase. Prior to the typing conditions, a baseline walking speed was gathered at 

the beginning of both walking conditions by having participants walk each route three times. 

Once participants completed the 15 experimental phrases of a condition, they completed 

a perceived usability survey (System Usability Scale) and a subjective workload assessment 
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(NASA TLX-R). After finishing the subjective workload assessment, participants were 

introduced to the second condition and the steps were repeated.  

At the end of each mobility condition, participants were asked to rate their experiences on 

perceived performance, preference, and intent to use scales. After all conditions had been 

completed, typing hand and finger dimensions were measured. Participants were then debriefed 

and thanked for their time.  

Design 

A 3 x 3 repeated measures design was used for this study. Text input method (tap vs. 

trace vs. handwriting) and mobility (standing vs. walking a simple route vs. walking a complex 

route) were the independent variables. Dependent variables included typing performance, 

walking behavior, and subjective perceptions of: usability, workload, performance, accuracy, 

speed, and intent to use.  

Typing Performance. Typing performance was measured by typing speed (WPM; 

Corrected Speed (CS), and typing accuracy (WER). Typing speed was calculated using WPM = 

12*(T-1)/S, where T is the number of transcribed characters, S is the number of seconds, and one 

word is assumed to be 5 characters (MacKenzie & Tanaka-Ishii, 2010). Typing accuracy, WER, 

was calculated using the number of word errors per phrase divided by the total number of words 

per phrase. Typically, typing speed corrected for error is measured using adjusted words per 

minute (AdjWPM). AdjWPM assumes a character-level analysis without auto-correct. Given that 

the present study allowed for auto-correct, CS was used to measure typing speed corrected for 

error. CS was calculated using CS = WPM – (WPM*WER). 
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Typing accuracy was investigated by the WER and the type of errors: substitution, 

insertion, and omission errors. Substitution errors occur when a word is transcribed other than 

what was intended. Insertion errors occurred when an extra word is transcribed. Omission errors 

occurred when an intended word was omitted from the transcription. 

In order to determine if any practice or learning effects occurred with any of the input 

methods over time, the 15 experimental typing phrases for each condition were divided into 

blocks of 5 phrases (Block 1, Block 2, Block 3).  WPM and WER were then calculated and 

compared across the blocks. 

Walking Behavior. For the walking conditions, walking behavior was measured by 

using: walking speed (WS), lane deviations (line steps), and frequency of obstacle hits. Walking 

speed was calculated using WS = D/T, where D is the distance a participant walked during a 

given phrase and T is the time it took to type the phrase. Line steps were calculated by recording 

the frequency of which participants stepped on/outside the outlined walking route while typing a 

phrase. Frequency of obstacle hits was calculated by recording the frequency of which 

participants made contact with an obstacle. Line steps and frequency of obstacles hit were 

removed from the analysis due to the extreme rarity of which they occurred.   

Subjective Measures. The subjective measures were determined by measuring the 

subjective workload, perceived usability, perceived performance and preference, and intent to 

use. 

Subjective Workload. The raw NASA Task Load Index (NASA TLX – R) (Hart & 

Staveland, 1988) was used to measure participants’ perceived workload and performance after 

each condition. Participants provided ratings on a 21-point scale for perceived mental, physical, 
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and temporal effort; performance; overall effort; and frustration. A higher score indicates a more 

demanding experience or worse perceived performance.   

Perceived Usability. An adapted System Usability Scale (SUS) was used to measure 

participants’ perceived usability of each input method within each mobility condition. The SUS 

is an industry-standard 10-item questionnaire with 5 response options (Strongly Disagree to 

Strongly Agree) that is summarized as a single score between 0–100 (Brooke, 1996). Higher 

scores indicate higher perceived usability. The scale was adapted by replacing “system” with 

“combination”, where combination indicates the use of an input method during a given mobility 

condition. 

Perceived Performance and Preference. Perceived accuracy, perceived speed, and 

overall preference with each input method and mobility condition was measured using a 50-point 

scale with higher scores reflecting more preferred, or better in terms of accuracy or speed. 

Intent to Use. Participants rated the likelihood they would use each input method with 

each mobility condition using a 0–10 scale, with a 10 being ‘very likely’. 

Anthropometric Measurements. A sliding digital caliper was used to measure the 

typing hand of each participant. Hand measurements included the length and width of hand, 

length, width, and circumference of the index finger and thumb in millimeters. Thumb 

dimensions were later excluded from analysis because no participants used their thumb to type. 
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CHAPTER 6 

RESULTS 
All dependent measures of typing performance and subjective ratings were analyzed 

using a 3 x 3 repeated-measures ANOVA. All walking metrics were analyzed using a 2 x 3 

repeated-measures ANOVA. One-way ANOVA’s were conducted in order to determine if any 

practice or learning effects occurred with any of the input methods over time. Partial eta squared 

(ηp2 ) was used to estimate effect size for all ANOVA tests. Analyses of simple main effects 

were conducted to follow-up on all significant interactions. Bonferroni correction was used to 

control for family-wise Type I error across multiple comparisons.  

Typing Speed 

A significant main effect of input method was found for typing speed (WPM). 

Participants typed faster with trace (M = 30.92, SD = 8.45) than with tap (M = 19.88, SD = 4.02) 

and handwriting (M = 17.98, SD = 3.32). Participants also typed faster with tap than with 

handwriting; F(2, 38) = 63.86, p < .001, ηp
2 = .77. No main effect of mobility was found, p > .05. 

A significant interaction of input method and mobility was also found; F(4, 76) = 3.09, p 

= .02, ηp
2 = .14. Follow-up analysis revealed participants typed faster with trace than with both 

tap and handwriting in each of the mobility conditions. Additionally, participants typed faster 

with trace when standing (M = 33.06, SD = 9.15) than when walking the complex route (M = 

29.23, SD = 8.08), p < .05. Figure 5 shows typing speed by input method and mobility. 
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Typing Speed Corrected For Error  

 Significant main effects of input method and mobility were found for typing corrected for 

error (CS). Participants typed faster with trace (M = 26.21, SD = 7.36) than with tap (M = 17.23, 

SD = 3.95) and handwriting (M = 13.48, SD = 3.18). Participants also typed faster with tap than 

with handwriting; F(2, 38) = 80.63, p < .001, ηp
2 = .81. Additionally, participants typed faster 

when standing (M = 20.48, SD = 5.17) than when walking the complex route (M = 17.51, SD = 

4.74); F(2, 38) = 11.18, p < .001, ηp
2 = .37. 

A significant interaction of input method and mobility was also found; F(4, 76) = 3.43, p 

= .01, ηp
2 = .15. Follow-up analysis revealed participants typed faster with trace than with both 

tap and handwriting in each of the mobility conditions. Additionally, participants typed faster 

with tap than with handwriting in each of the mobility conditions. Participants typed faster with 

tap when standing and when walking the simple route than when walking the complex route. 

Participants also typed faster with trace when standing than when walking the complex route, p < 

.05. Figure 6 shows typing speed adjusted for error rate by input method and mobility. 

Figure 5. Typing Speed. Error bars represent ± 1 standard error. 
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Typing Speed Over Time 

Multiple one-way ANOVA’s were conducted in order to determine if any practice or 

learning effects occurred with any of the input methods over time with respect to typing speed. 

No significant main effects were found for typing speed over time, p > .05. 

 

Typing Accuracy 

Significant main effects of input method and mobility were found for typing accuracy 

(WER). Participants typed more accurately with tap (M = .14, SD = .10) and trace (M = .15, SD = 

.11) than with handwriting (M = .25, SD = .11); F(2, 38) = 24.03, p < .001, ηp
2 = .56. Participants 

also typed more accurately when standing (M = .14, SD = .08) than when walking the complex 

route (M = .21, SD = .13); F(2, 38) = 8.98, p = .001, ηp
2 = .32.  

Significant main effects of input method and mobility were found for substitution error 

rate (SER). Participants committed fewer substitution errors when typing with tap (M = .11, SD 

= .08) than when typing with handwriting (M = .16, SD = .09), and when standing (M = .10, SD 

Figure 6. Typing Speed Corrected For Error Rate. Error bars represent 
± 1 standard error. 
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= .07) than when walking the complex route (M = .16, SD = .11): F(2, 38) = 5.50, p = .008, ηp
2 = 

.22; F(2, 38) = 8.46, p = .001, ηp
2 = .31, respectively.  

A significant main effect of input method was found for insertion error rate (IER). 

Participants committed fewer insertion errors when typing with tap (M = .02, SD = .08) and trace 

(M = .01, SD = .08) than when typing with handwriting (M = .06, SD = .09); F(2, 38) = 45.47, p 

< .001, ηp
2 = .71. 

A significant main effect of input method was found for omission error rate (OER). 

Participants committed fewer omission errors when typing with tap (M = .01, SD = .02) and trace 

(M = .01, SD = .01) than when typing with handwriting (M = .04, SD = .03); F(2, 38) = 24.76, p 

< .001, ηp
2 = .57. A significant interaction of input method and mobility for omission errors was 

also found; F(4, 76) = 2.68, p = .04, ηp
2 = .57. Follow-up analysis revealed participants made 

fewer omission errors with tap and trace than with handwriting when standing and when walking 

the simple route. Additionally, participants made fewer errors with trace than handwriting when 

walking the complex route, p < .05. 

No other significant main effects or interactions were found for WER, SER, IER, or 

OER, p < .05. Figure 7 shows typing accuracy by input method and mobility. Table 3 shows 

typing accuracy by error type.  
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TABLE 3. 
Typing Accuracy By Error Type 

Mobility Input Method WER SER IER OER 

Standing 
Tap 9% (8%) 7% (6%) 1% (1%) 1% (2%) 
Trace 13% (9%) 11% (9%) 1% (1%) 1% (1%) 
Handwriting 21% (8%) 12% (6%) 6% (5%) 3% (3%) 

Walking Simple 
Tap 13% (10%) 11% (8%) 2% (3%) 1% (1%) 
Trace 15% (12%) 13% (11%) 1% (2%) 1% (1%) 
Handwriting 26% (11%) 17% (7%) 5% (3%) 5% (4%) 

Walking Complex 
Tap 19% (13%) 14% (11%) 2% (2%) 2% (3%) 
Trace 18% (11%) 15% (10%) 2% (2%) 1% (1%) 
Handwriting 27% (16%) 18% (13%) 6% (4%) 3% (2%) 

 
Typing Accuracy Over Time 

Multiple one-way ANOVA’s were conducted in order to determine if any practice or 

learning effects occurred with any of the input methods over time with respect to typing 

accuracy. No significant main effects were found for typing speed over time, p > .05.  

 

Figure 7. Typing Accuracy. Error bars represent ± 1 standard error. 
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Subjective Workload 

Significant main effects of input method and mobility were found for mental demand. 

Participants rated their mental demand lower when using trace (M = 8.67, SD = 4.22) than when 

using tap (M = 11.23, SD = 4.59) and handwriting (M = 10.72, SD = 4.02); F(2, 38) = 5.85, p = 

.006, ηp
2 = .24. Participants also rated their mental demand lower when standing (M = 8.35, SD = 

4.32) than when walking the simple (M = 10.80, SD = 4.03) and complex routes (M = 11.47, SD 

= 4.48); F(2, 38) = 9.73, p < .001, ηp
2 = .34.  

A significant main effect of input method was found for physical demand. Participants 

rated their physical demand lower when using trace (M = 8.32, SD = 3.69) than when using tap 

(M = 11.07, SD = 3.79) and handwriting (M = 10.82, SD = 4.01); F(2, 38) = 15.16, p < .001, ηp
2 

= .44. 

A significant main effect of input method was found for performance. Participants rated 

their performance better when using trace (M = 8.65, SD = 3.93) than when using handwriting 

(M = 11.30, SD = 4.12); F(2, 38) = 4.10, p = .02, ηp
2 = .18. 

Significant main effects of input method and mobility were found for effort. Participants 

rated their effort lower when using trace (M = 9.18, SD = 4.02) than when using tap (M = 11.83, 

SD = 3.87) and handwriting (M = 12.15, SD = 3.39); F(2, 38) = 10.81, p < .001, ηp
2 = .36. 

Participants also rated their effort lower when standing (M = 10.13, SD = 4.32) than when 

walking the complex route (M = 11.62, SD = 3.60); F(2, 38) = 4.60, p = .02, ηp
2 = .20.  

A significant main effect of input method was found for frustration. Participants rated 

their frustration lower when using trace (M = 7.27, SD = 4.75) than when using tap (M = 9.45, 

SD = 4.42) and handwriting (M = 9.72, SD = 4.98); F(2, 38) = 3.25, p = .05, ηp
2 = .15. 
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No other significant main effects or interactions were found for mental, physical, 

temporal, performance, effort, or frustration, p < .05. Figure 8 shows ratings for all six NASA-

TLX dimensions by input method. 

 

Perceived Usability 

A significant main effect of input method was found for perceived usability. Participants 

reported higher scores when using trace (M = 74.17, SD = 20.87) than when using tap (M = 

57.96, SD = 21.11) and handwriting (M = 57.17, SD = 25.85); F(2, 38) = 3.80, p = .03, ηp
2 = .17. 

No other significant main effect or interaction was found for perceived usability, p > .05. Figure 

9 shows perceived usability scores by input method and mobility. 
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Figure 8. NASA-TLX dimensions by input method. Error bars 
represent ± 1 standard error. 
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Perceived Accuracy, Speed, and Preference 

Significant main effects of input method and mobility were found for perceived accuracy. 

Participants reported higher perceived accuracy ratings when using trace (M = 35.28, SD = 8.51) 

than when using handwriting (M = 27.67, SD = 12.39); F(2, 38) = 3.34, p = .05, ηp
2 = .15. 

Participants also reported higher perceived accuracy ratings when standing (M = 33.08, SD = 

10.56) than when walking the complex route (M = 28.97, SD = 9.86); F(2, 38) = 4.27, p = .02, 

ηp
2 = .18. 

A significant main effect of input method was found for perceived speed. Participants 

reported higher perceived speed ratings when using trace (M = 38.25, SD = 7.47) than when 

using tap (M = 26.60, SD = 10.73) and handwriting (M = 25.62, SD = 11.06); F(2, 38) = 14.39, p 

< .001, ηp
2 = .43. 

A significant main effect of input method was found for overall preference. Participants 

reported higher preference ratings when using trace (M = 37.10, SD = 10.42) than when using tap 

(M = 24.37, SD = 14.37) and handwriting (M = 25.98, SD = 13.53); F(2, 38) = 5.59, p = .01, ηp
2 

Figure 9. Perceived Usability. Error bars represent ± 1 standard error. 
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= .23. No other significant main effects or interactions were found for perceived accuracy, speed, 

or preference, p > .05. 

 

Intent to Use 

A significant main effect of input method was found for intent to use. Participants 

reported higher intent to use ratings for trace (M = 7.82, SD = 2.58) than for tap (M = 4.48, SD = 

3.36) and handwriting (M = 4.52, SD = 3.22); F(2, 38) = 7.24, p = .002, ηp
2 = .28. No other 

significant main effect or interaction was found for intent to use, p > .05. Figure 10 shows intent 

to use ratings by input method and mobility. 

 

Walking Speed 

A significant main effect of input method and mobility was found for walking speed. 

Participants walked faster when using trace (M = 1.71, SD = 0.30) than tap (M = 1.91, SD = 0.31) 

F(2, 38) = 3.37, p < .05, ηp
2 = .15. Participants also walked faster when walking the simple route 

(M = 1.91, SD = 0.37) than when walking the complex route (M = 1.46, SD = 0.31); F(1, 19) = 

52.98, p < .001, ηp
2 = .74. 

Figure 10. Intent to Use. Error bars represent ± 1 standard error. 
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A significant interaction of input method and mobility was also found; F(2, 38) = 4.90, p 

= .01, ηp2 = .15. Follow-up analysis revealed participants walked faster when walking the simple 

route across all of the input methods than when walking the complex route, p < .05.  Figure 11 

shows walking speed by input method and mobility. 

 

Walking Speed: Simple Route Baseline Comparison 

A significant main effect of mobility was found for walking speed and the baseline 

comparison of the simple route. Participants walked faster for their baseline walking speed 

(using no input method) (M = 2.53, SD = 0.67)  than they did while using any of the input 

methods; F(3, 57) = 21.14, p < .001, ηp
2 = .53. Figure 12 shows baseline walking speed for the 

simple route by input method. 

Figure 11. Walking Speed. Error bars represent ± 1 standard error. 
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Walking Speed: Complex Route Baseline Comparison 

A significant main effect of mobility was found for walking speed and the baseline 

comparison of the complex route. Participants walked faster for their baseline walking speed 

(using no input method) (M = 2.53, SD = 0.67)  than they did while using any of the input 

methods; F(3, 57) = 75.97, p < .001, ηp
2 = .80. Figure 13 shows baseline walking speed for the 

simple route by input method. 

Figure 12. Baseline Walking Speed for the Simple Route. Error bars 
represent ± 1 standard error. 
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Figure 13. Baseline Walking Speed for the Complex Route. Error bars 
represent ± 1 standard error. 
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Walking Distance 

Significant main effects of input method and mobility were found for walking distance. 

Participants walked a shorter distance when using trace (M = 367.10, SD = 102.35) than when 

using tap (M = 513.14, SD = 128.07) and handwriting (M = 564.53, SD = 152.60); F(2, 38) = 

40.05, p < .001, ηp
2 = .68. Participants also walked a shorter distance when walking the complex 

route (M = 428.47, SD = 135.07) than when walking the simple route (M = 534.71, SD = 

120.27); F(1, 19) = 38.12, p < .001, ηp
2 = .67. No significant interaction was found, p > .05. 

Figure 14 shows walking distance by input method and mobility. 

 

Hand Measurements 

To determine whether there was any evidence of the “fat finger” issue, a series of 

correlations were conducted between WPM, WER, hand width, index finger width, and index 

finger length for all conditions. The range of participants’ hand widths was representative of the 

1st – 75th percentile of adult men and women (White, 1980). No significant correlations were 

found, p > .05 (r values ranged from –.35 to +.36).  

Figure 14. Walking Distance. Error bars represent ± 1 standard error. 
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CHAPTER 7 

DISCUSSION 
The purpose of this study was to expand upon the work of Turner et al. (2016, 2018) 

through investigating typing performance, subjective user ratings, and naturalistic walking 

behavior while using three different input methods (tap, trace, and handwriting) while standing, 

walking a simple route, and walking a complex route.  

The results show tap, trace, and handwriting are all viable means of text entry on a 

smartwatch, yet they are not equally efficient, nor effective, in comparison to each other. 

Participants were able to achieve the fastest typing speeds with trace across all three mobility 

conditions (29-33 WPM), while participants were only able to achieve 18-20 WPM for both tap 

and handwriting across all three mobility conditions. The observed typing speeds, and observed 

superiority, of trace are consistent with previous findings and continue to be among the fastest in 

the reported literature regardless of participant mobility (sitting, standing, walking on a treadmill, 

naturalistic walking) (Table 1). Observed typing speeds for tap are consistent with most other tap 

input methods observed in the literature, while the findings with handwriting are nearly double 

those currently reported in the literature for a smartwatch (Costagliola et al., 2017; Gordon et al., 

2016; Kim et al., 2018; Qin et al., 2018) (Table 1). Furthermore, the observed differences 

between trace and handwriting are consistent with the previous findings of Castellucci and 

MacKenzie (2011) which found participants typed 10-13 WPM faster with trace than with 

handwriting on a smartphone. Interestingly, the observed tap speeds in the present study are 

nearly 10 WPM slower than tap speeds previously observed in Turner et al. (2016, 2018). One 

potential explanation for this difference is the size of the space bar on the Google keyboard used 

in the present study was smaller than the size of the space bar on the Swype keyboard used in 
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Turner et al. (2016, 2018), and it was located at the bottom of the circular watch-face. While 

using tap, participants commonly reported they struggled to hit the space bar consistently, noting 

the space bar was too small and difficult to touch with their finger tip. It may also be possible 

that the naturalistic walking nature of this study impacted tap performance more than the 

treadmill walking in Turner et al. 2018. 

Across all mobility conditions, participants did not differ in their typing accuracy 

between tap and trace (14-15% WER), yet participants were significantly less accurate with 

handwriting (25% WER). The observed word error rates for tap and trace are consistent with 

other observed error rates on smartwatches, but the observed word error rates for handwriting are 

somewhat higher than what is reported in the literature (Table 1). It is likely the different error 

rates for handwriting are due to the handwriting keyboard used in Costagliola et al. (2017), as it 

only offered a static writing area in which participants had to write a whole word before being 

able to submit the text and move on to a new word. This style of handwriting does not match the 

style of the Google Handwriting used in this study. Google Handwriting implements an 

automatic horizontal scroll, or dynamic flow. As participants are writing characters, the screen 

automatically scrolls to the left continuously creating a blank writing area for new characters to 

be written. It is possible this difference in the handwriting keyboards also contributed to the 

faster handwriting speeds observed in this study than in Costagliola et al. (2017), but may have 

also limited the handwriting speeds from being faster. Subjectively, some participants 

commented the flow of the writing surface was not fast enough to allow for them to write at a 

natural pace, ultimately limiting them from writing faster. Additionally, participants commented 

on the inefficiency of the auto-correct for handwriting, while they praised the auto-correct 
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abilities of trace and tap. These are some of the same reasons why users preferred tap and trace 

input over handwriting on a smartphone (Castellucci & MacKenzie, 2011). 

Based on the results of Turner et al. (2018) it was expected participants would have 

higher word error rates with tap and handwriting than with trace when walking. Mechanically, 

tap and handwriting input (participants were instructed to use print handwriting, not cursive) 

require the user to lift their finger before and after each keystroke. When walking, accurately 

inputting text is even more difficult due to the constant motion of the body with each step. In 

contrast, trace requires the user to use one continuous motion to type, so the finger is always in 

contact with the screen. According to Schildbach and Rukzio (2010) input methods that require 

very accurate finger movements, such as tap and handwriting, cannot be used effectively while 

walking. Given this information, it was hypothesized that an input method that requires fewer 

precise key presses, such as trace, may be better suited for typing while walking. Interestingly, 

word error rate did not differ between tap and trace in the present study, as they did in Turner et 

al. (2018), but both input methods had significantly lower error rates than handwriting. Future 

research should examine the biomechanics of each input method to investigate further. 

Given that all participants were naïve to typing on a smartwatch, typing speed and 

accuracy over time were analyzed in order to determine if any learning effects occurred. No 

learning effects were found for any of the input methods. This result is especially interesting for 

trace as none of the participants indicated more than minimal experience with trace prior to the 

study. Despite a lack of prior experience with trace, participants were quickly able to achieve an 

extremely high rate of typing speed and high accuracy with minimal practice across all three 

mobility conditions. This ability to quickly learn and be efficient with a new input method meet 
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the three-key requirements for an input method to be accepted by the mass consumer market 

according to Zhai and Kristensson (2012).  

Better typing performance while standing versus walking is a consistent trend in the 

literature (Clawson, Starner, Kohlsdorf, Quigley, & Gilliland, 2014; Conradi, Busch, & 

Alexander, 2015; Darbar, Dash, & Samanta, 2016; Hong, Heo, Isokoski, & Lee, 2016; 

Mizobuchi, Chignell, & Newton, 2005; Turner et al., 2018). Yet, interestingly, typing speed 

differed very little for all input methods across the three mobility conditions: 4 WPM for trace, 2 

WPM for tap, and less than 1 WPM for handwriting. One possible explanation for the lack of 

change in WPM across the mobility conditions is that participants were typing quickly, but less 

accurately across the mobility conditions. Word error rates varied across all input methods across 

each mobility condition increasing as the complexity of the mobility condition increased: 6% 

WER for trace, 10% WER for tap, and 6% WER for handwriting. As a whole, however, 

participants typed more accurately when standing (14% WER) than when walking the complex 

route (21% WER), yet there was no difference between these two conditions and typing accuracy 

when walking the simple route. This is a somewhat surprisingly finding. It was expected that 

typing accuracy would decrease from standing to walking the simple route, as is consistent with 

the literature (Bergstrom-Lehtovirta et al., 2011; Darbar, Dash, et al., 2016; Hong et al., 2016). It 

is possible walking a straight route, free of obstacles is not actually more difficult than standing 

and typing.  

Furthermore, no evidence of the “fat finger” issue or screen occlusion was found as 

performance was not related to hand or finger size. We believe the observed superiority of trace 

over other keyboards and input methods listed in the literature is attributable to three factors 
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listed in Turner et al. (2018). First, participants are inherently familiar with the QWERTY 

keyboard layout as they generally use it with their primary input method. This results in a shorter 

learning curve than alternative keyboard layouts or alternative input methods allowing 

participants to immediately be effective and efficient. Second, the small screen size of the 

smartwatch is actually a benefit to trace input as it requires less distance for the participant’s 

finger to travel while typing, resulting in faster input. Third, the keyboard used in this study 

included an effective autocorrect feature.  

In addition to its superior objective performance, trace was also subjectively superior to 

tap and handwriting, regardless of mobility. With the exception of temporal demand and 

performance, participants rated trace more favorably than tap and handwriting across all 

workload dimensions. Participants found trace to be less mentally and physically demanding, and 

less effortful and frustrating to use than tap and handwriting. Participants rated their performance 

with trace better than their performance with handwriting. The perceived usability scores of all 

input methods fell within the marginally acceptable to acceptable ranges: ‘Good’ for trace and 

‘OK’ for tap and handwriting (Bangor, Kortum, & Miller, 2009). Participants also perceived 

their accuracy with trace as being better than with tap and handwriting, and indicated they had a 

better overall typing experience with trace than with tap and handwriting. Interestingly, 

participants perceived their typing speed with trace to be faster than with handwriting, but did 

not report a difference in typing speed between trace and tap although their objective typing was 

much faster with trace. Finally, participants indicated they would prefer, and be more likely, to 

use trace over tap and handwriting when typing on a smartwatch. In fact, average intent to use 
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ratings for trace input were extremely high even though this was the participants’ first exposure 

to it. 

In terms of walking performance, participants walked faster while using all input 

methods when walking the simple route than when walking the complex route. Additionally, 

they walked faster when using trace than tap. Participants also walked a shorter distance when 

walking the complex route than when walking the simple route, and while using trace than when 

using tap or handwriting. It is presumed that the shorter walking distance and slower walking 

speed in the complex route is due to the complex route being more difficult to maneuver and it 

required participants to avoid obstacles. Turano, Geruschat, Stahl, and Massof (1999) reported 

participants perceive walking in a familiar area as having ‘no difficulty’, but perceive walking in 

an unfamiliar area as ‘extremely difficult’. Shingledecker (1978) showed walking in an 

unfamiliar route results in poorer secondary task performance than walking a familiar route. The 

addition of obstacles, and the rearrangement of obstacles between every 5 trials in the present 

study was meant to create a more difficult environment as well as meant to prevent participants 

from becoming too familiar with the obstacle layout. Although the complex course was designed 

to create a more difficult walking environment, participants were able to walk the course without 

any measurable issues. In fact, the instances of participants touching an obstacle or stepping 

outside the delineated walking route were so rare the data was not sufficient for statistical 

analysis. Participants did still however subjectively report that the complex route was much more 

difficult navigate while walking and typing than the simple route. Likewise, participants walked 

a shorter distance when using trace because they were typing faster and ultimately finishing 

phrases quicker allowing them to stop walking sooner.  
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Walking is a simple, yet complex task that requires the integration of numerous 

psychological and physiological resources. The addition of secondary task while walking can 

cause degradations to both tasks. These degradations may be further amplified by the difficulty 

of the walking task. Furthermore, the difficulty and complexity of walking in the real world is 

constantly changing and requires constant attentional resources. The dual-task paradigm of 

typing and walking was used to evaluate both typing performance while walking, and walking 

performance while typing. The results show participants were able to perform both tasks 

extremely well with trace input. There is no evidence to show that participants compromised 

performance on one task in order to bolster performance on the other. Furthermore, participants 

still subjectively rated trace more favorably across the majority of the subjective measures with 

very little variability in their ratings across the mobility conditions, implying there was no 

difference in their typing experience between the mobility conditions. Further evidence to show 

that trace input is the best suited input for typing performance regardless of the mobility 

scenario. 

Conclusion 

This study expands upon the limited scope of research on smartwatch typing and is the 

first to compare tap, trace, and handwriting inputs within the same study, and within naturalistic 

walking scenarios. This study is especially relevant given that smartwatches now have full 

texting messaging capabilities, just as smartphones, due to releases of Android Wear and Apple 

Watch OS 4. Now that tap, trace, and handwriting input are all available for use by the mass 

consumer market understanding how they compare is essential to ensuring participants are 

receiving the best typing experience possible. Additionally, given the ubiquitous nature of text 
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entry on a smartphone, understanding how text entry performance on a smartwatch is affected by 

mobile environments is critical if smartwatches are to ever replace smartphones.  

We demonstrated all three input methods are viable means of inputting text in naturalistic 

scenarios. Participants completely naïve to typing on a smartwatch were able to achieve typing 

speeds consistent, or superior, to speeds achieved with other methods listed in the literature with 

little practice (Table 1). Trace input appears to be especially well suited for typing on a 

smartwatch regardless of mobility as participants were able to type 29-33 WPM depending on 

the mobility condition with minimal error (15% WER), while only achieving 18-20 WPM with 

tap and handwriting. In addition to performance metrics, trace also outperformed tap and 

handwriting across all subjective metrics. Participants subjectively rated trace as easier and less 

demanding to use, preferred it over tap and handwriting, and suggested they would use trace over 

tap and handwriting on a smartwatch regardless of their mobility scenario.  

Turner et al. (2016, 2018) has consistently stated the need for a familiar, easy-to-use 

keyboard that yields accurate typing on smartwatches. The present study, and that of Turner et al. 

(2016, 2018), has consistently shown trace input is a familiar and easy-to-use input method 

regardless of a participant’s previous experience or their mobility (i.e., walking on a treadmill, 

naturalistic walking). It is our recommendation that smartwatch manufacturers should include 

QWERTY keyboards with trace input as a standard feature in order to provide the best overall 

typing experience for their customers. 

 
Limitations 

This study, like many others in the literature, utilized a participant pool of college-age 

individuals. Little data has been collected on how well different age groups may perform with 
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different smartwatch text input methods. Lin, Zhu, Ko, Cui, and Bi (2018) and Smith and 

Chaparro (2015) found older adult participants were able to type more quickly with trace than 

tap on a smartphone. Based on these findings, the findings of Gordon (2016); Turner et al. (2016, 

2018) and the findings of the present study, it is expected older adults would also type better with 

trace than tap or handwriting on a smartwatch. However, it is possible the inherently small text 

size associated with trace-based smartwatch keyboards may be too small for older users to use. 

In which case keyboards that utilize ‘zooming’ may be necessary. 

In addition, this study, like many others in the literature, assumes texting is only the 

entering of short, text-only phrases. When in fact, text messaging is a highly variable task 

depending on the situation and the user. Entering digits, symbols, long text phrases, and adding 

emoticons are also highly common and normal texting behaviors. Future research should 

investigate which input methods and keyboard layouts allow for the best, holistic texting 

experience.  

This study was also limited in that it only evaluated handwriting as it is presented via the 

Google Handwriting app. It is currently unknown how users perform with other handwriting 

input methods, such as Apple’s Scribble. It is important to understand how other handwriting 

methods compare to tap and trace input both objectively and subjectively, and in a variety of 

mobile environments (sitting, standing, and walking), to ensure users are receiving the best 

possible typing experience. 
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