Maximizing the Guessability of Symbolic Input
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ABSTRACT

Guessability is essential for symbolic input, iniethusers
enter gestures or keywords to indicate characters o
commands, or rely on labels or icons to accessiffieat We
present a unified approach to both maximizing and
evaluating the guessability of symbolic input. This
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referents. Examples of symbols and referents are stylus
strokes that enter ASCII characters, command-liames
that execute programs, and graphical buttons tbhe¢ss
features. In these cases, users often know whatergf
they desire (e.g. the letter, program, or feathey twant),
but they do not know what symbol to use (e.g. the

approach can be used by anyone wishing to design aorresponding stroke, command name, or graphidéu

symbol set with high guessability, or to evaluatee t
guessability of an existing symbol set. We alsosen¢
formulae for quantifying guessability and agreenambng
guesses. An example is offered in which the gudyatf
the EdgeWrite unistroke alphabet was improved lgraus
from 51.0% to 80.1% without designer interventidie
original and improved alphabets were then testedHeir
immediate usability with the procedure used by Meacke
and Zhang (1997). Users entered the original akthadih

High guessability is even more important when usinmgll
devices for off-desktop computing. Small devicesame
contrived input schemes, limited screen real estatdelp
screens, and “on the go” mobile use without acdess
unwieldy manuals. Also, the typical intermittenteusf
handheld devices means that users have less tinie-tice
learning. Modern users expect success right franstart.

Experts, not just novices, also need systems wigh h

78.8% and 90.2% accuracy after 1 and 5 minutes ofguessability. When an expert must perform an uncomm

learning, respectively. The improved alphabet lbettehis

action, like entering an obscure character in ssturke

to 81.6% and 94.2%. These improved results werealphabet, his otherwise high performance may be

competitive with prior results for Graffiti, whiclwere
81.8% and 95.8% for the same measures.

Categories & Subject Descriptors: H.5.2 [Information
Interfaces and  Presentation]: User interfaces—
evaluation/methodol ogy, input devices and strategies, user-
centered design.

General Terms: Design, Experimentation, Measurement.

Keywords: Guessability, immediate usability, symbols,
referents, proposals, gestures, commands, comnirand-|
keywords, labels, icons, text entry, unistrokegyd&lirite.

INTRODUCTION

The guessability of a system determines a gredtademaut

its initial user experience. It is unrealistic tgpect that
users will have the time or desire to undergo esiten
training with systems, whether by tutorial, on-lihelp,
printed manual, or human instruction. Thus, a gskitial
attempts at performing gestures, typing commands, o
using buttons or menu items must be met with sicces
despite the user's lack of knowledge of the relévan
symbols. This requires high guessability.

Guessability is particularly important isymbolic input,
where users enter or access symbols to indicateiatsd
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significantly impeded unless the symbol is guessabl

This paper offers an approach to maximizing and
evaluating the guessability of symbolic input. kfides
guessability and offers a formal measure. This @gdgit
can be used in the design of a new symbol setn dhe
evaluation or redesign of an existing symbol sétisl
particularly relevant to designers of symbol skt map to
large numbers of referents—the more referents these
the more important high guessability becomes.

We defineguessability in symbolic input as:

That quality of symbols which allows a user to
access intended referents via those symbols despite
a lack of knowledge of those symbols.

Guessability is contrasted to immediate usabilifyifi that
the latter involves the holistic evaluation of tihdial user
experience after a brief learning period; guesgigbil
evaluates only the input symbols without prior teag.

RELATED WORK

Guessability is crucial in command-line interfac®sior
studies [4,5] show that designers often supply amhg
command-line term per referent. But one term, ndtena
how “natural,” results in guessability failures 80-90%
[3]. A proposed solution is “unlimited aliasing”][4where
the system makes the best guess at the intenda@mefn
the event of an unrecognized symbol. Having mutipl
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synonyms has also been recognized as a key tovauie
high guessability in command-line interfaces [4,5].

The guessability of text labels and graphical ichas also
been studied [8]. Guessable labels and icons goertant
for the usability of buttons, toolbars, and mentibis
paper’'s method for maximizing guessability can ppliad
to studies where participants devise text labelslatch
graphical icons for described features. Procedimesuch

letters, they should not see typeset letters asnpt®
Similarly, if command names are being proposedmpte
containing ideal keywords should be avoided.

It is essential for conflict resolution (below) theaptured
symbols be testable for equality. Testing equatiyy be
trivial, as in the case of keyword symbols, or more
complex, as in the case of ) point traces for unistrokes.
For more complex symbols, designers may alreadye hav
software to interpret them. Human judgment can also

studies have been delineated elsewhere (e.g..[31.6).

The immediate usability of handheld text entry roels)
most notably Graffiti [7], Graffiti 2 [6], and thPalm OS
virtual keyboard [2,6], has also been studied. |uliate
usability has been defined as initial usafter minimal

training. An example is a user acquiring a new Palm PDA,

studying the Graffiti character chart for a minwsed then
trying to write. Results for both Graffiti and Giitif 2

accuracy show respectably high immediate usakbeftegr
minimal practice. Not surprisingly, virtual keybdaralso
have high immediate usability, since the symboldferent
mappings are obvious (i.e.

corresponding ASCII characters).

Although immediate usability is important, it issaparate

metric from guessability. Guessability is focusadyoon
the quality of the input symbols without prior laarg.
Immediate usability assumes prior learning and uatak
the system as a whole, not just its input symbols.

MAXIMIZING GUESSABILITY
It is possible to design a highly guessable synsmtl by

acquiring guesses from participants. With the same

participant data, we can also evaluate the gudigaifian
existing symbol set. The following sections deserilur

procedure. Then a concrete example is given foea r

unistroke symbol set.

Achieving High Guessability with Participants
Participants are first recruited to propose symbials

determine equality among, for example, sketchesoofs.

Resolving Conflicts

One might imagine that we could simply lump togetalié

participants’ proposed symbols as our resultantb®}reet

and trivially achieve 100% guessability for the tidpants

used. In practice, however, this is not usuallysfie due
to conflicts—i.e. the same symbol will have beenduse

indicate different referents. An example from therature

[5] is the email command “To Dennis” being proposed
mean “send a message to Dennis” and also “list agess

labeled buttons enter sent to Dennis.” Similarly, the same unistroke gesimay

be proposed for “h” and “n” [7]. But only one red@it can
be indicated by a given symbol. How do we decidécivh
referent gets the symbol?

Symbols are tested for equality and grouped so that

identical symbols form a “conflict group.” After @uping,
the different referents within each group are idiet and
the number of referring symbols counted. Then aiisgo
function determines which referent within each grda
assigned that group’s symbol. To maximize guessabil
the referent that “wins” the symbol is the one vitie most
proposed symbols. Equation 1 expresses this asctido.

score =|symbolg (1)

For example, in 20 participants, if the same uaisrwere
proposed for “n”, “h”, and “a” with counts of 14, &nd 1,

specified referents within a given domain. The more respectively, the gesture would be assigned toerfén”.

participants, the more likely the resulting symbet will be
guessable to external users. The goal is to oltaich set
of symbols from which to create the resultant syhsiet.

Participants should be informed only of the detestential
to proposing intelligent symbols. For example, nigtroke

In general, the more conflicted the set of propasedbols,
the lower the maximized guessability of the resilta
symbol set. Intuitively, high conflict means paigints are
using identical symbols for different referents.smers

may improve this situation by making referents more

symbols are required, participants must be told twha distinct, by relaxing constraints on symbolic fornos by

unistrokes are so that they refrain from makingtivaitoke

asking participants to resolve all conflicts withireir own

symbols. Participants should not be shown any elamp sets of proposed symbols before they are finished.
symbols or symbols from preexisting symbol sets. Of p,main_gpecific considerations may be accommodaged

course, they must know the referents to which their

symbols refer. Example referents are the ASCletsttto
which unistrokes refer, the functions to which coamas
refer, or the features to which icons or text lalbrefer.

Capturing Symbols
Participants propose a symbol for each referentuin.

Symbols are captured and coupled with their intdnde

referents. It is important not to bias the forms tbé

symbols by displaying the referents. For example, i

participants are proposing unistroke gestures fQCKA

using alternate scoring functions, although gudbksab
may not be maximized. For example, in alphabeticyen

we may wish to favor common letters over uncommon

ones. Equation 2 is an example of an alternateirggor
function that balances both letter frequency (Cadgl the
number of proposed symbols.

1
| symbols

score = freguency @)
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Calculating Guessability

Guessability has not been formalized in the liteat We
therefore introduce a measure of guessability yonlslic
input. The guessabilit of the resultant symbol s&for
the captured set of proposed symtis:

2P
G==5_[100%

P

In equation 3,P is the set of proposed symbols for all
referents, andPs is the set of proposed symbols using
symbols, which is a member of the resultant symbolSet
For our example of “n”, “h”, and “a” abov&= {"n"} and

G = 14/20- 100% = 70%. This means our resultant symbol

®3)

set S was able to accommodate 70% of the symbols

proposed by the participants.
Agreement

Method

Twenty participants, mostly staff and students froMU,
served as paid volunteers. None had prior expezisvith
EdgeWrite or Graffiti. Participants were told theypuld be
making unistroke gestures on a touchpad to indiedters
for a new alphabet. The unistroke concept was exgdato
prevent multi-stroke symbols. The importance of ther
corners of the square input area was also explasiade
EdgeWrite letters are defined not by their ovepaths of
motion but by their sequences of corner-hits [9. dther
constraints were in place and no examples were show

Participants were verballgrompted to enter each letter of
the alphabetd.z2) and each number (0-9) by a Visual C#
program that also recorded their gestures. An apimnpt
was used to avoid biasing participants by the appea of
typeset letters. Participants were free to redd gymbols
as often as they liked, but once a symbol was cadtadnfor
a character, it could not be changed. To incrdasedriety

We may wish to know the agreement among symbols of proposed symbols, participants were requiretemlve

proposed by the participants. We therefore intredac
formalization of agreemenf among symbols from our
captured setP. Intuitively, agreement should be 100%
when proposed symbols are identical, a88o when they
are unique. For example, in 20 proposals for retereif
15/20 are of one form and 5/20 are of anothergtséould
be higher agreement than if 15/20 are of one f&&0) are
of another, and 2/20 are of a third. Equation 4was this:

5 5[

_ rORROR,

id
In equation 4y is a referent in the set of all refereRsP,
is the set of proposals for referentandP,; is a subset of
identical symbols fronf?,. The range of equation 4 isR/|
- 100%< A < 100%. The lower bound is non-zero because
even when all proposals disagree, each one tyvégtees

with itself. Forr, [(15/20f + (5/20¥] / 1 - 100% = 62.5%
and [(15/20§ + (3/20¥ + (2/20¥] / 1- 100% = 59.5%.

Evaluating the Guessability of an Existing Symbol Set
One may also use the same participant data to aeathe
guessability of amxisting symbol setS. Where a proposed
symbolp O P used an existing symba [0 S that was
correctly intended forss referentr, the proposalp is

(100% 4

conflicts among their own symbols before they were
finished. Thus, each participant contributed 36quai
symbols, forP| = 20- 36 = 720 proposed symbols in all.
Results

Corner sequences fully define an EdgeWrite geg8]reso

the 720 symbols were grouped by identical corner
sequences in preparation for conflict resolutiorheT
agreement oP wasA = 34.9%, meaning about a third of
the proposed symbols for a given referent agreed on
average. After conflict resolution using the maxation
scoring function (equation 1), the ensuingerdesigned
symbol set S, accommodated 577 of 720 proposed
symbols, forG, = 80.1%. The nginal EdgeWrite symbol
set S, was then evaluated for the proposed symipol#t
accommodated only 367 of 720, 85 = 51.0%. Assuming
the participants were representative, the improverfrem

$ to §, should generalize to larger populations of users.

THE IMMEDIATE USABILITY OF EDGEWRITE

In order to validate the improvement fro§ to S, we
replicated a prior study of the immediate usabildf
Graffiti [7] for the two EdgeWrite alphabets. Rddhlat S,
was designeanly by the proposed symbols of participants
without designer intervention, an& was created by
EdgeWrite's designers over many prior studies l{@jeed,
EdgeWrite's designers were skeptical that an amalgé
uninformed participant symbols could actually b®ere

assigned tos. These proposed symbols (i.e. guesses)usable than the product of many hours’ design wéHey
accumulate to forn® in equation 3, the set of proposals were further dubious that either alphabet wouldraagh
using symbols. Then equation 3 is applied, giving the the immediate usability of Graffiti, since Grafftiad been

percentage coverage of the captured symipolby the
symbols in the existing symbol s& If all proposed
symbolsP are covered b$, the guessabilit is 100%.

THE GUESSABILITY OF EDGEWRITE

As an example, we applied our approach to incre¢lase
guessability of the unistroke alphabet EdgeWritd. [9
Intuitively, one would not expect EdgeWrite to bighty
guessable since its letters are made along thesedgkinto
the corners of an area bounded by a physical square

shown to be “very respectable” in this manner [7].

Method

Our testing of immediate usability followed thegorstudy

of Graffiti by MacKenzie and Zhang [7]. Twentyew
participants served as paid volunteers. Like befooae of
them had prior experience with Graffiti or Edge\WriThe
unistroke concept and importance of corner sequeneee
described to them. The same computer apparatus and
touchpad were used as before.
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As in the study of Graffiti [7], participants enger the
alphabet &..2) five times. This occurred twice in two
separate phases of testing: the first after 1 rainoft
studying a 26-letter EdgeWrite character chart, #mel
second after 5 minutes of freeform practice wite #ame
chart. Entered letters appeared in a Notepad damuime
Times 36pt font. Participants were not allowed torect
erroneous entries. Ten of the 20 participants uthed
original EdgeWrite alphabe®, and 10 used the user-
designed alphabef,. Thus, for each alphabet, there were
26-5-2-10 = 2600 letters entered.

Results

As in the prior study, we measured the “accurataireble
after minimal exposure” [7]. Figure 1 shows ourutesand
those for Graffiti. After 1 minute of chart study,
participants were 78.8% (12.6 stdev) accurate \tlih
original alphabe&,. This improved to 81.6% (12.8) for the
user-designed alphab&,. This was very near the prior
average for Graffiti of 81.8% (12.1). A one-way ANA
shows no statistical differences for the three @atages
(F2,47=.23,p=.80), and no paired contrasts are significant.

After 5 minutes of freeform practic&, was 90.2% (11.0)
accurate.S, improved this to 94.2% (7.2). The latter was
competitive with the prior result for Graffiti 06538% (4.0).

A one-way ANOVA is nearly significant for the three
percentages (75-2.43, p=.10). A paired contrast shows
Graffiti was significantly more accurate th&n(F; 4~4.85,
p<.05), but not significantly more accurate thaig,
(F1,47.40, p=.53).§, was not significantly more accurate
thanS,, but the trend is in this directiony(l=1.73,p=.19).

100

'[ [ Original
EdgeWrite
(So)

M User-
designed
EdgeWrite
(Su)

[ Graffiti

Guessability Imm.Use 1 min.  Imm.Use 5 min.

Figure 1. Guessability and immediate usability results. Ebars
represent standard deviations. Graffiti data avff7].

DISCUSSION

It was surprising that strict adherence to the galgitity
maximization procedure resulted in an alphals)} (ith
higher average immediate usability than a highéyaited
designer-made alphabeg). Although this improvement
was not quite significant after 5 minutes, that #werage
immediate usability increased at all shows the poufe
using participants to improve even refined symist$ $5].
Furthermore, after examining the immediate usahbdita,
we believeS, could be improved even more by changing a
few problematic symbols. For example, the “q” fra@n
was only 57% accurate, while the “q” fro& was 75%
accurate. Other letters that were betteGjrthan S, were

“t" (61% vs. 80%) and “y” (78% vs. 90%). It was als
interesting that the standard deviations were amfdr the
three alphabets after 1 minute=1@), but shrank
considerably after 5 minutes f&; (7.2) and Graffiti (4.0)
but not for § (11.0), indicating more consistent
performance for the more refined symbol sets. Bina
was pleasing that EdgeWrite could be made competiti
with Graffiti’'s laudable immediate usability [7].

CONCLUSION

High guessability is essential in today’s computing
systems, particularly for symbolic input. We haefinked
guessability and offered a procedure for its ew@munaand
maximization for symbolic input. The procedure ddsed

in this paper can be applied to a variety of domain
including gestures, voice commands, command keysyord
text labels, and the design of icons. Through figieation

of this procedure, guessability can be quantifiet a
compared, and the learnability of systems can lpedwed.
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