CHAPTER

Background

In this chapter we review some basic statistical concepts, walk you through a few
common statistical procedures, and discuss how to design a well-thought-out
usability study. We won’t burden you with too many formulas or complicated
statistics. Instead, we focus on the practical side to give you a step-by-step guide to
analyzing your usability data in the simplest possible way. We want to get you
comfortable with these methods as easily and quickly as possible before you
continue with the material in the rest of the book.

The first part of this chapter covers basic information about understanding data
and designing a usability study. The second part includes a step-by-step guide to
analyzing different types of usability data. We show you how to calculate and
interpret descriptive statistics, how to compare means, how to examine relation-
ships between variables, and how to use some nonparametric statistics. We
address the techniques you will use most often as part of everyday usability testing.
In our examples, we use Microsoft Excel for our calculations because it is so widely
available. Many similar statistical software packages provide the same calculations
with only minor variations in presentation and use.

2.1 DESIGNING A USABILITY STUDY

Many factors must be considered when you design a usability study. A well-
thought-out study can save you time and effort and answer your research questions
clearly. A poorly designed study can be just the opposite: a waste of time, money,
and effort, without giving you the answers you need. To design a well-thought-out
usability study, you need to answer these questions:

m What type of participants do I need?

= How many participants do I need?

m Am I going to compare the data from a single group of participants or from
several different groups? '

m Do I need to counterbalance (adjust for) the order of tasks?

We examine each of these questions and try to help you find the answers. 15
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2.1.1 Selecting Participants

a usability study should be a set of deliberate decisions
availability, appropriatencss, and study goals, One of
e usability studies is (hat the participants are
ation or don’t match the target audience. You
rticipants for your study and try to get
agree on the sampling strategy before you begin.

The first question you must answer is how well your participants should reflect

your target audience. We recommend you try tO recruit truly representative
participants whenever you can, For example, if you're designing 4 new medlical
tices, try to get practicing physicians as

application for doctors to use in their prac
your participants. In some situations, howevcr, you may have to settle for partici-
s of the target USCErs. In those cases, be

pants who are only close approximation
aware of the limitations of the data you collect. Many of the statistics you will
calculate assume that the sample data reflects the larger population.

The second important question when se¢lecting participants is whether you're
going to divide your data by different types of participants. If you plan to separate
into distinct groups, think about what thosc¢ groups are and

your participants
rticipants you want in each group. In usability, there are 2a

about how many pa
few common types of groups or segments:
= Sclf-rcpm-ted expertise in some domain (novice, intermediate, expert)
s Frequency of use (e.g., number of web visits or interactions per month)
a Amount of experience with something relevant (days, months, years)

a Demographics (gender, age, location, etc.)
s Activities (use of particular functionality or features)

The third question involves sampling strategy. The goal of larger (Of quantita-
tive) usability studies is to be able to generalize the findings to the larger populi-
tion. To attain that goal, you need to develop a sampling strategy that allows you to
say something about the overall user population. Here are some different sampling

techniques:
ughly equal probability of

ling involves numbering
umber generator

Random sampling: Everyonc in the population has a ro
being selected to participate in the study. Random samp
everyone on a list of all potential recruits and using a random n
to select participants according to the desired sample size.

Systematic sampling: You select each participant based on prcdr:t‘mt:d criteria. For

select every tenth person from a list of users or every one

example, you might
hundredth person who passes through a turnstile at a sporting event.
population and ensure

The goal is to ensure
le, you might recruit

Stratified sampling: You create subsamples of the entire
that certain sample sizes arc achieved for each subgroup.
that the sample reflects the larger population. For examp
50 percent males and 50 percent females, or recruit a group of participants in

which 20 percent are older than 65.

2.1 Designing a Usability Study

Samples o ; -
stllljdies, {nccli’éz?ﬁngz' Thlis approach, which is very common is usabili
P — m}il he I;V ling to participate in a study. Locating partici aniy
Seople villdicae toght e done through an advertisement or by using a lIi)st ;
sample of COﬂVCnient ¢ lab for past testing. It’s important to know how Wello
D AT ce reflects the general population and to be aw: i
s that may be reflected in their feedback or data are of any

2.1.2 Sample Size

One of the :
S g;)it Lfs(:llllalirll'mnly asked questions in the usability field concerns th
I e ity study. Everyone involved—usability professionals Ny
o . rket researchers, developers, designers—wants to kn i
don’t have atplir;;i ;rr(: enI())ughfin a usability study. There’s no rule that sa;)’:Vifh}?W
umber of participants in ey
SEblEE a study, the data : i
ple size you choose should be based on two factors: the wonit BeRa i Ths
your tolerance for a margin of error : goals of your study and
If you are i o
iterat?ve o :i glrrllteigscted only in identifying major usability issues as part of
BN particip €ss, }fou can get useful feedback from three or four o
et th(}:ants. .ljhls. small sample means that you will not identifyrelll) =
cant ones. If you llllsg:liw lss?es, but you can identify some of the more si:;ni(f)‘r
: ots of tasks or several di 1-
evaluate, th ; : al different parts of the
rule of thun?lrjl };(Lli.w‘n certainly need more than four participants AEI;.Odlcl e
identify the m,a'or 1:18 1:hf: ez}rly stages of design, you need fewer p'artiCi ganr;eral
plil A r]t o sability issues. As the design gets closer to completilz)n s to
e 1£atr11'ts .to identify the remaining issues. (Chapter 5 ,};ou
: of this issue, as well as some simple statisti prOYl es
sample sizes.) ple statistics for determining
The other issue to consi i
onsider is how much
Table 2.1 sh uch error you're willin
based on an Z:‘;Sr:;";(t)h;eiegree of confidence (or confidence inter%ratl()) Ci;fgp(:s-
cent success rate for diff g
more about - erent sample sizes. ’
proiEc s ccc))rlllﬁdence intervals later, but the basic idea is thI;t thc;sslg:vn tzlk
e g; Sedczln make about the true value of a statistic for the vlvl e
o SFTER] S on w'hat you f)bserved in your sample. For example ifw 'OIC
say that 80 perc elﬁiu:)tfs in a usability test successfully completed a talgk ’ca: lyg: :
users in th ; : : by
No, you can’t, e larger population will be able to complete it?
As Table 2.1 .
between 48 an;ggwse’:;ou can say (with 95 percent confidence) that somewhere
successfully COmple:i thent of the people in the larger population will be able t
the lower 1nd utoer b e task. But you can see that as the sample size increa .
together. So if P;)u rr ounds of tt_le. 95 percent confidence interval move cl -
successfully on Canan 100 participants, and 80 of them completed the (t)selz
able to coml;lete the tassall(y(‘t:::L ;; to 86 percent of the larger population willa;e
1 percent confi ’
how you calculate confidence intervals onfidence). We'll talk more later about
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Table 2.1 Example of How Confidence Intervals Change as a Function
of Sample Size

Number of Lower 95% Upper 95%

Number _
Confidence Confidence

Successful Participants

4 5 36% 98%

o — @ T
d'.l_6—_ _-“_20____-____5_8;________957: -
_24 o B _?30 R - 65% - ._91%____
0 i ""57__"__"6%/:"""_599, o
T e —m | ®%

Note; These numbers indicate how many participants in a usability test successtully completed a given

task and the confidence interval for that mean completion rate in the larger population.
[

_____——___._—____.——

2.1.3 Within-Subjects of Between-Subjects Study

Another important decision to make is whether you are going 1o be comparing
different data for each participant (such as SUCCEss rates for different designs of the
product) or data from each participant to the other participants (such as Success
rates for different age groups). The first approach is commonly referred to as
within-subjects design, and the second is known as a4 between-subjects design.
Both approaches have their strengths and weaknesses.
A within-subjects, or repeated-measures, design is most commonly used in studies
when you want to evaluate how easily a participant can learn to use a particular
product. By comparing metrics such as task completion times or errors ACross several
trials with the same set of participants, you can determine how quickly and easily the
participant becomes familiar with the product. A within-subjects study does not
require as large a sample size, and you don’t have to worry about differences across
groups. Because each participant is being compared to himself, the differences you
observe in the data cannot be attributed to differences between participants. The
downside of a within-subjects design is that you may need to worry about “carryover
effects,” where performance in one condition impacts performance in another condi-
tion. A carryover effect might be the result of practice (improving performance)
or fatigue (decreasing performance). If there is a possible carryover effect, you can
counterbalance for this effect as you design the stucly and analyze the data.

A between-subjects study is used to compare results for different participants,
such as differences in satisfaction between novices and experts or in task comple-
tion times for younger versus older participants. In another type of between-
subjects design, participants are randomly assigned to groups and then receive

2.1 Designing a Usability Study

different treatm i
Becuee Gleee ey IulE- i HEE Bt m o
s Ce ne ‘cross a group of participant
g ad%,an g;ztlg;p:rll)téta betweef1-sub]ects design requires a larger ssz:u:ll:)alg
e pOtem.alween-subjects design is the elimination of carryover
i ]; ' carryover ef.fcc.ts would impact both groups equally
considon a mixen destan r]Ic:i::{tsdnor ?1 within-subjects design meets your needs‘
e gl Within_.SUb. ed design contains a between-subjects factor such’
g ]CCt.S factor,.such as three trials distributed over’ time
e Womena zlr1fxcd-de51gn study to find out if there is a differencé
it e = e 1o e ;;m .orm §ome task across several trials. Mixed designs
echnique in a usability study, and because they may

2.1.4 Counterbalancing

Sometimes the order in whi

; which participants perfi g

impact on . . perform their tasks ha P

wii)h it grc:s:s r(j:ults. Participants usually learn the product as thesiraeilgzi-f-icam

are collected ;’Vhischa . srej:lizu}'(;ll mucslt consider the order in which It)helec::lct::l

; ’ y the order of tasks. It’ i

improve i . . It’s possible that

yog detef:lnelifgemifptirfc?rmance or satisfaction as the usability session co};l?linrln aY(S:CC

o e ;?eau;lnl?rovement occurs because the fifth task is easier tlf:ﬁ t;n

the fifth task easier to pechg);?ll;e;lf laCr(:lbetween the first and fifth tasks that makez

? The only way to address thi iofl i
for Co(;'lclirel: eliif:lcts through a technique called counterballanlzisn(glueStlon 13 to control
erl ing i . .

performed ’Ihag'zn:fem‘f,owes simply changing the order in which different tasks

“shufflin g,,' the task ii cW Ways to do this. You can randomize the order of task: .

ahead of time so tlsjlatzl;l 61:: il .to each participant, or you can create various or(sl:rz

shows one example o(f: hpamtC ipantperioisicachitaskiifaidigerent andenriabie 22

: ow to counterbalance task i ' '

appear: . order. Notice

Olt)lfy ) Ifcembcach qumon only once. Task 2 (T2) is performed as tll;:W each task
y participant 1. Participant 2 performs task 2 as the last task second task

Table 2.2 Example of How t -
gy oC
Participants and Four Tasks ounterbalance Task Order for Four

articipant First Task Seconi Task Third Task Fourth Task

P - = I 12
= T2 T4 = =
I 1 12 T1
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ect that there might be an order effect, we recommend you counter-

If you susp
balance task order. HOWEVET, there are a few situations when it is not necessary o may

even be detrimental to your findings. First, if the tasks are totally unrelated to each

other, learning between tasks is unlikely. Performing one task successfully will not help
in any other task. Second, counterbalancing is not appropriate when a natural order of

tasks is present. Sometimes the order cannot be juggled because the test session would
not make sense. In this situation, acknowledge order effects as part of the general

jearning process rather than as a symptom of 2 poorly designed usability study.

2.1.5 Independent and Dependent Variables

In any usability study you must identify both independent and dependent variables.
manipulate. Choose the

An independent variable of a study is an aspect that you
independent variables based on your research questions. For exam ple, you may be
concerned with differences in performance between males and females, or between

novices and experts, Or between two dilfferent designs. All of these are independent
variables that can be manipulated to answer specific research questions.

Dependent variables (also called outcome or response variables) describe what
happened as the result of the study. A dependent variable is something you measure
as the result of, or as dependent on, how you manipulate the independent variables.
Dependent variables include metrics of measurements such as SUCcess rates, number
of errors, user satisfaction, completion times, and many more. Most of the metrics We
discuss in this book are dependent variables.

When you design 4 usability study, you must have a clear idea of what you plan
to manipulate (independent variables) and what you plan to measurc (dependent
variables). If you don’t have a clear idea of those, 80 back to the research goals. If
you can draw a fogical connection between the research goals and your indepen-
dent and dependent variables, you and your study should be successful.

2.2 TYPES OF DATA

Data, the cornerstonc of usability metrics, exist in many forms. In the world of

usability, types of data include task completion rates, web traffic, responses to
satisfaction survey, Of the number of problems a participant encounters in a lab test.
To analyze usability data, you need to understand the four general types of data:
nominal, ordinal, interval, and ratio. Each type of data has its own strengths and

analyzing usability data, you should know what type

limitations. When collecting and
of data you're dealing with and what you can and can’t do with each type.

2.2.1 Nominal Data

Nominal data are simply unorde
the categories, you can say only

red groups or categories. Without order between
that they are different, not that one is any better

2.2 Types of Data

than the other. For e
: xample, consider appl
di ) Sl n i pples, oranges, and ban .
ﬁirentiago one fruit is inherently better than any other Anas: They-arcijust
usability, nomi i .
= Windowsttrer:lmﬁl data might be characteristics of different types of users, such
opposed to femal : ;;:1 users, users in different geographic locations, or ma,le;lc
segment the data bs. th ese are typically independent variables that e : °
monly used d y these different groups. Nominal data also include somy N
the number O(f?pen(?ept variables, such as task success. Nominal data could :1 ol
- et S participants who clicked on link A instead of link B, or parti - =
one theuzctaa 3 I;-eizmote control instead of the controls on a DVi) p11;.)yerlcii§:lrf1 °
istics you can use with nomin )
statistics such . ominal data are simple descripti
of the pardcipzt(;o;?fscilni ffequzenClCS- For example, you could say ?hat 45 ;felﬁ:t;i
€, or 00 participan
el G, e Tk participants have blue eyes, or 95 percent were
One importan i
you code trl)1 . datta tl;mg tQ rf?member when you work with nominal data is how
epresent the me .bn stz}tlsFlcal analysis programs such as Excel, it’s common t
code males as ar :111 eislf},lp in each group using numbers. For example, you mi h(;
are not data tg b b I and females as group “2.” Remember that tl;ose fig .
e analyzed as numbers: An m—
: : average of th
meanin : i g€ O ese value
- diici:js. .(Y}'?u could just as easily code them as “F” and “M.”) T;ewo?tléiv be
— numbefsu;ihobsztw;:en rtllumbers used strictly for coding puréoses likS: the:iree
values have true meaning. O ' ’
SUCCESS. g. One useful exception to this i
oy Sagl}e’OU Clcl)de task Su.CCCSS as a “1” and task failure as “Op” the Z\:l ol tas‘k
as the proportion of users who were successful ’ e

2.2.2 Ordinal Data

Ordinal da
el ;jlaaé‘:ﬂ:ﬁzzd %—Iroups or cate.gories. As the name implies, the data are
et Some peont z.tmg;;vcver, tpe intervals between the measurements are not
rovics et s of .ordmal .data as ranked data. The list of the top 100
iy it Cfl.n Fﬂm Institute (AFD), shows that the tenth best movie
i kaoo,sojz\z[n,;s better than'the twentieth best movie of all time
is twice as good as One Flew Oese;*li‘z:z tgzsc?e;tf;ljg\f dt? nJ W e . Rm"’;
S . est. One film is j
mez;;rflgtﬁllela;toic;::;ndmtg to the AFI l?ecause the distance betwe(];sit?: t::;kﬂsw;rsl rtxl:ft:
- ,better o gv 0say one is thf:e as good as the other. Ordinal data might be
s bl 'rse, more satisfied or less satisfied, or more severe or less
et ranmoksmt gc(the order of the rankings) is the only thing that matters
eponel b ,O  ucstion omon occurrence of ordinal data comes from self:
K e e naires. For example, a participant might rate a website
e e goo,d ! ,nOtpoor. The'se are relative rankings: The distance between
el anOthenecessamy the same distance between good and fair
v _ r eylcample of ordinal data. A usability specialist mi h'
ty rating of high, medium, or low for each problem that f,h(:
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participant encountered. The distance petween high and medium is not necessa-
rily the samc as that between medium and low.

The most comimnon way to analyze ordinal data is by looking at frequencies, For
example, you might report that 40 percent of the participants rated the site as
excellent, 30 percent as good, 20 percent as fair, and 10 percent as poor. Calculat-
ing an average ranking may be tempting, but it’s statistically meaningless.

2.2.3 Interval Data

Interval data are continuous data where the differences between the measurements
are meaningful but there is 0O natural zero point. An example of interval data familiar
to most of us is temperature, either Celsius or Fahrenheit. Defining zero as the
freezing point (in the casc of Celsius) or as the point at which pipes begin to burst
(in the case of Fahrenheit) is completely arbitrary. Zero degrees does not mean the
absence of heat; it only identifies a meaningful point on the scale of temperatures.

In usability, the System Usability Scale (SUS) is one example of interval data. SUS
(described in detail in Chapter 6) is based on self-reported data from a series of
questions about the overall usability of any system. Scores fange from 0 to 100,
with a higher SUS score indicating better usability. The distance between each
point along the scale is meaningful in the sense that it represents an incremental
increase or decrease in perceived usability.

Interval data allow you to calculate a wide range of descriptive statistics (includ-
ing averages, standard deviation, €tc.). There are also many inferential statistics
that can be used to generalize about a larger population. Interval data provide
many more possibilities for analysis than either nominal or ordinal data. Much of
this chapter will review statistics that can be used with interval data.

One of the debates you can get into with people who collect and analyzc
subjective ratings is whether you must treat the data as purely ordinal or you can

treat it as being interval. Consider these two rating scales:

o Poor O Fair o Good © Excellent
Poor 0 © ©0 O O Excellent

At first glance, you might say the two scales are the same, but the difference in
presentation makes them different. Putting explicit labels on the items in the first scale
akes the data ordinal. Leaving the intervening labels off in the second scale and only
labeling the end points make the data more “intervallike.” That's the reason that most
subjective rating scales only label the ends, of «anchors,” and not every data point.
Consider a slightly different version of the second scale:

Poor 0 O © © O OO0 o0 0O Excellent

Presenting it this way, with 10 points along the scale, makes it even more obvious
that the data can be treated as if they were interval data. The reasonable inter-
pretation of this scale by a user is that the distances between all the data points
along the scale ar¢ equal. A question to ask yourself when deciding whether you

2.3 Metrics and Data

can treat so i i
me data like these as interval or not is whether a point halfway betwe
en

any two of the defined data poi
points makes sense. If i i
analyze the data as interval data. S S S ERS S

2.2.4 Ratio Data

Ratio data are i

nado data mea?llihi??ﬁeazs interval flata, with the addition of an absolute zero

These ddta mean that ¢ We/:.r(t)l vahfc ‘1s not arbitrary, as with interval data, but has'

e 5 s, F eI g A Gl SOl

§ 4 ratio. i0 data are i i

In fzcuhs :;(i:ilixslyplt%ez::rfgsind;c?tes the absence of age, heigh:gcf):,r lv};?;l?t.and N

seconds left v’vould meaﬁ r‘l,i)mtlisrnCeX ZTIEIISr:tfi(r)arlltio triting. Ratior s o o o

o - remaining. Ratio data 1

e ogrl 1es rt::;éziai flatsF or h.alf as slow as something else. For example’e;os:lo:ozzl?i’

e rllay adasi tti‘(z)vlll(;(lz as fast as another user in completing a task.

interval dat i westaliy. O analxses You can do with ratio data compared to

e bt - { e .exceptlon is calculating a geometric mean, which
measuring differences in time (Nielsen, 2001a). Aside fr’om thcat

calculation, there reall ’
} y aren’t many differences i
terms of the available statistics. between interval and ratlo daa in

2.3 METRICS AND DATA

g
g S

Data Type  Common Metrics Statistical Procedures

Nominal Task succe i |
. ss (binary), errors i
_ (categories)  (binary), top-2-box scores s
Ordinal i ings, ranki -
i Severity ratings, rankings (designs)  Frequencies, crosstabs, chi-square
Wilcoxon rank sum tests, Spearmar'1 rank
s Sl correlation
nterval Lik
ert scale data, SUS scores All descriptive statistics, #tests, ANOVAs
= correlation, regression analysis ’
atio Completion time, time (visual

All descriptive statistics (including

attention), average task success geometric means), -tests, ANOVAs

(aggregat
_gg gated) correlation, regression analysis
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you are examining will

described in the rest of this chapter. The type of data
you should choose one

dictate different tests. In Chapter 3 we discuss the reasons
metric over another.

2.4 DESCRIPTIVE STATISTICS
jo-level data. Descriptive

Descriptive statistics are essential for any interval or rat
statistics, as the name implies, describe the data without saying anything about the
larger population. Inferential statistics let you draw some conclusions ofr infer
something about a larger population above and beyond your sample. Descriptive
statistics are very €asy to calculate using most statistical software packages. Let’s
assume we have the time data shown in Figure 2.1.

For our examples, we use Excel to analyze the data. First click on “Tools,” then

on “Data Analysis.” (Nofe: If you do not sc€ 2 “Data Analysis” option on the

«“Tools” menu, you must first install it by choosing “Tools” > “Add-ins” and

then checking ‘Analysis Toolpak.”) In the «Data Analysis’ window, choose

“PDescriptive Statistics” from the list of analysis options. Next, define the range of
stics. In our example, W€

data on which you want to run the descriptive stati
identify as the input range of data column B from row 1 through row 13. (Notice
that the first row in the spreadsheet data is the label, so we check the box
indicating “labels in first row.” Including the label is optional, but it helps you
keep your data more organized.) Next, select the output range (the top, left corner
of the area where you want the results to be placed). Finally, we indicate that we
want to see the summary statistics and the 95 percent confidence interval.
(The 95 percent confidence interval is the default selection in Excel.)

The results of the descriptive statistics are shown in Figure 2.2. Our hypothetical
raw task time data for 12 participants arc shown on the left side (columns A and B).
The descriptive statistics are shown on the right side (columns D and E). We will

review this output in the next several sections.

——

(i 5]

1 |Participant Task Time

2P 34

-3 |P2 33

4 (P3 28

5 P4 44

B |FS 48

G N

B |P7 2

_9 !PB a3

10 |P9 22

W———-—-——————_‘ 11 P10 29
- - 12.1P11 39
Time to complete a task, in seconds, for12 [33(p12 =0

participants in a usability study. ) SESSSE=

2.4 Descriptive Statistics

L A | B |C D
1 |Participant Task Time, | ] E
il pant Task T|n31: Task Time
3 |P2 3
S "23 r;dean 35.08333333
25 o | tandard Etror 3.246112671
e 44 Median 33.5
T 46|  |Mode ég
Sl 21 Standard Deviation 11.24486415
i 22 ,Semplfe\/ariangﬁe . 126.44696597
[ 10|P3 gg gﬁret\?v::s i,
1Y) s
—1% E;‘U % |enge 0.2514417;3
=51 P1; 33| |Minimum 21
= 50 Maximum 53
T Sum 421
e Count 12
= Confidence Level(85.0%) 7.144645813
FIGURE 2.2

E -
xample data showing the output of the descriptive statistics option in Excel

2.4.1 Measures of Central Tendency

Measur
AeacH Esv of Cel}t{al tendency are the first thing you should look at when yo
distriblljl tiocr:l st;tﬁsucs. Central tendency is simply the middie, or central par}; (;lf run
median anci mofleﬂ};e;- mOStzcommon measures of central tendenc;z are m;f:ly
: . In Figure 2.2, the mean, or ave i '
to comple ; . ? rage, is 35.1, so the average ti
o extrelin ctg’ tll;slz :;lsk v:;as just over 35 seconds. The mean of most usability ilcettlgée
and is probabl e B
- p y the most common statistic cited in a usability
The median i i PR
el e et ;s the midway point in the distribution: Half the participants are
i III-Iarl}d tfla}lf are above the median. In Figure 2.2, the median is equal
. : Half of the participants were f: ’
eras aster than 33.5 seconds, and ha
morg revegiligts :’;rlere slower than 33.5 seconds. In some cases, the median catllf t?f
company are riorean the mean. In an example of salaries, median salaries for z
okew the mean valucommonly reported because the higher executive salaries will
majocity really are Ie SO nllluch that the average salary appears much higher than the
. In such cases involving possibl
B € extreme val i i
theTTlase wgh time data), consider using the median HES (35J1S SomEtimES
e mode is . )
22 seconds: Twothe rT ost commonly occurring value. In Figure 2.2, the mode is
e el dPa_ icipants completed the task in 22 seconds. It’s not comm
i (I)no. e in usability test results, but it may be useful to know it Whon
i thentm:jlm'ls over a broad range, such as the completion times sh'ovvn'?:rl
values (s‘ ch o ls.genemlly less useful. When data have a more limited 5
uch as subjective rating scales), the mode is more useful S
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HOW MANY DECIMAL PLACES TO USE WHEN REPORTING DATA T

One of the most common mistakes usability specialists make is reporting the data froma
usability test (mean times, task completion rates, etc.) with more precision than they
really deserve. For example, Figure 2.2 shows that the mean time was 35.08333333
seconds. s that the way you should report the mean? Of course not. That many decimal
places may be mathematically correct, but it's ridiculous from a practical standpoint.
Who cares whether the mean was 35.083 or 35.085 seconds? When you're dealing with
tasks that took about 35 seconds 10 complete, a few milliseconds or a few hundredths of
a second make no difference whatsoever. So how many decimal places should you use?
There's no universal answer, but some of the factors to consider are the accuracy of
the original data, their magnitude, and its variability. The original data in Figure 2.2
appear to be accurate to the nearest second. One rule of thumb is that the number of
significant digits you should use when reporting a statistic, such as the mean, is no more
than one additional significant digit in comparison to the original data. So in this example,

gu could report that the mean was 35.1 seconds.

2.4.2 Measures of Variahility

Measures of variability show how the dataa
all the data. These measures help answer the question “Do MOSt USErs have similar
completion times, OF is there a wide range of times?” Determining the variability is
critical if you want to know how confident you can be of the data. The greater the
variability or spread in the data, the less dependable the data are relative to under-
standing the general population. The less the variability Of spread, the morc con-
fidence you can have in relating the findings to a larger population. There are three
common measures of variability: the range, the variance, and the standard deviation.

The range is the distance berween the minimum and maximum data points. In
Figure 2.2, the range is 32, with a minimum time of 21 seconds and a maximum time
of 53 seconds. The range can vary wildly depending on the metric. For example, in
many kinds of rating scales, the range is usually limited to five or seven, depending
on the number of values used in the scales. When you study completion imes, the

range is very important because it will identify “outliers” (data points that are at the
f the range). Looking at the range is also a good check to

extreme top and bottom O
make sure that the data ar¢ coded properly. If the range is supposed to be from one

to five, and the data include a seven, you know there is a problen.

vVariance, another common and important measure of variability, tells you how
spread out the data are relative to the average of mean. The formula for calculating
variance measures the difference between each individual data point and the
mean, squares that value, sums all of those squares, and then divides the result
by the sample size minus 1. In Figure 2.2. the variance is 126.4.

Once you know the variance, you can easily calculate the standard deviation,
the most commonly used measure of variability. The standard deviation is simply

re spread or dispersed across the range of

2.4 Descriptive Statistics

the square i
Figurg o irsocl)t1 of the variance. The standard deviation in the example shown in
e intérprctmgs;i::gds: Interpreting this measure of variability is a little easier
ariance, since the unit of the st i
P , anda ion i
as the original data (seconds in this example) e

2.4.3 Confidence Intervals

Confidence i

A irffei:;zaf r:;e ex;remely'r valuable for any usability professional. A con-
For example, assume thagte that estimates the true population value for a statistic
e wan’t e you need to estimate the mean for the entire populatior;
95 percent confidence iﬁfreer;t. c.ertam about what that mean is. In Figure 2.2 the
a 95 percent confidence etll;‘;i E;LUStOOVCIr rseconds. s meagsithayourcaninaye
7 seconds, or between 28 secondslzln%uétl;)et:rllfiin 1552t secoudaiplts erimints

= confidence (alpha, standard deviation, sample size)

The alpha is your signi
gnificance level, which is typicall
our ! : ) y 5 percent
zz:?:zcilr;l;witﬁon is easily calculated using the Excel “stdevauncti(;nOI’.l“l(l)éOsSa.I: t;e
y the number of cases or data poi ] il
' T points you are examinin, ich i i
Cal"crl;,latzc:) LI:Is;nIg the “Count” function. Figure 2.3 shows an examsl,eWhICh o casly
C . . )
s C;lel\ICtEdfuncuon in Excel works a little differently from the con-
Y Remeu ; ed as part of the descriptive statistics function shown in
deViation. (.)f o mber, powever, that this function is based on the standard
e population, which in many cases is unknown. As a result :lli
} , the

‘ HB}? ’ ;. C # =CONFIDENCE(@,05,B16 815
1| Participant Task Time | —
2 |p1 34
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Example of how to calculate a 95 - gt 35.083?3. l
percent confidence interval usin i o5, Cotionce L e
G & 24488 !
CONFIDENCE function in Excel. %95% e i |
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confidence intervals don't quite match up between Figures 2.2 and 2.3. We
recommend that you take a more conservative perspective and use the confi-
dence level as part of the descriptive statistics (Figure 2.2), since this does not
make any assumptions about the standard deviation of the population.
Ultimately, which calculation method you choose does not matter a great deal. As
your sample size increases, the difference between the two calculations gets smaller.
What really matters is that you use one of them. We cannot emphasize enough the
importance of calculating and presenting confidence levels with your metrics.

2.5 COMPARING MEANS

One of the most useful things you can do with interval or ratio data is to compare
different means. If you want to know whether one design has higher satisfaction
rates than another, or if error rates are higher for one group of participants
compared to another, your best approach is through statistics. This is quite easy
using Excel or many other analysis packages. Therefore, instead of providing all the
formulas for the various ways of comparing means, we will explain when to use
each, how to use each, and how to interpret the results.

There are several ways to compare means, but before you jump into the
statistics, you should know the answers to a few questions:

1. Is the comparison within the samc set of participants or 4cross different
participants? For example, if you are comparing some data for men and
women, it is highly likely that these arc different participants. Comparing
different samples like this is called independent samples. But if you're compar-
ing the same group of participants on two different products or designs
(a within-subjects design), you will use something called repeated measures

analysis or paired samples.

2. What is the sample size? If the sample size is less than 30, use a test. If the
sample is 30 or more, use a z-test.

3. How many samples are you comparing? If you are comparing two samples, use
a t-test. If you are comparing three or more samples, use an analysis of variance

(also called ANOVA).

2.5.1 Independent Samples

Frequently in usability studies you're comparing means based on independent sam-
ples. This only means that the groups are different. For example, you might be
interested in comparing satisfaction rates between expert and novice participants.
The most common question is whether the two groups are different. Doing this is casy
in Excel. First, go to “Data” > “Tools” and choose the option of “#test: Two Samples

2.5 Comparing Means

Ao el D | E F
1 E)_(pen_tlme‘Novice_time [t-Test: Two Samples Assuming Equal Variance
2 34 45 )
% gg‘ gg' EM | Expert_time | Novice_time
4 ean 35.08333333| 49.33333333
5| 44| 66| Variance | 1264459697 | 229.6969697
| 6 | 46| 67| Obserations ' 12| 12
7| 21 35| Pooled Variance | 178.0719897 |
8 22 39 Hypothesized Mean Diffarence | 0
9 | 53 21| o ] 22|
10 2 34 tStat | -2,61572676
1] 29 86 |P(T<=t) one-tail | 0.007892632
12 39 59 i Critical one-tail | 171714433
3] 50 70 IP(T<=t) two-tail | 0.015785285
14 |t Critical two-tail | 2.073873058
FIGURE 2.4

Output from an independent samples ttest in Excel.

Assuming Equal Variances” (of course, assuming that the two variances are roughly
equal). Next, input the data for both variables. In this example, the data are coming
from columns A and B in our Excel spreadsheet (Figure 2.4). We decided to include the
labels in each row, so we check the label option. Because we hypothesize that there is
no difference in means, we enter 0. (You might hear this called the “null hypothesis.”)
This means we are testing whether there is a difference between the two variables. We
select an alpha level equal to 0.05. This means we want to be 95 percent confident of
our results. Another way to think of this is that we are willing to be wrong 5 percent of
the time by concluding there is a difference when there really is not one.

The output from this analysis is shown in Figure 2.4. The first thing you might notice
is the difference in means between the novices and the experts. Experts are faster (35
seconds) compared to novices (49 seconds). The other very important piece of data
here is the p-value. Because we aren’t making any assumptions ahead of time about
who might be faster (experts or novices), we look at the p-value for the two-tailed
distribution. The p-value is about 0.016, which is well below our 0.05 threshold.
"l?hereforc, we can say there is a statistically significant difference in completion
times between novices and experts, at the 0.05 level. It's important to remember to
state the alpha level because it shows how much error you are willing to accept.

2.5.2 Paired Samples

A p@ed samples #test is used when you're comparing means within the same set of
pfn‘tlcipants. For example, you may be interested in knowing whether there is a
difference between two prototype designs. If you have the same set of participants
perform tasks using prototype A and then prototype B, and you are measuring vatiables
such as selfreported ease of use and time, you will use a paired samples #test.
Running this test is simple in Excel. On the main menu, go to “Tools” > “Data
Analysis.” Choose the option “#Test: Paired Two Samples for Means.” Next, select
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A | 8 ! c [ E 1 F G ]
1 |Participant  Design A _SUS Design B_SUS 1-Test: Twa Samples for Means
2 [P 80 48
3|P2 88 5] Design A_SUS  Design B SUS
4 |P3 | 76! 53 Mean 77 7500000 A7.08333313
5 P4 j 9ai B0 Varlance 1264773727 183.7198970
Gl 93, g1 Obsenvations 120000000 12.0000000
7 |F& &7 &1 Pearson Correlation 0.8521213
GG 5] 61 Hypothesized Mean Difierence 00000000
4 \pa 51 41 df 11.0000000
G 77 5 1Sl 7 2295917
11 |F10 71 &7 P(T<=1) ane-tail 0.0000084
12 P11 =53] 59 1 Critical ane-tall 1 7950648
13(P12 80! 44 P(T<=1) two-tail 0.0000169
14 t Critical two-tail 22009852
FIGURE 2.5

Output from a paired samples ttest in Excel.

the two columns that will be compared. In this example, columns B and C
are being compared, from row 2 through row 13 Figure 2.5). Next, indicate the
“Hypothesized Mean Difference.” In this example, we chose 0 because we are
hypothesizing that there is no difference between the means of columns B and C.
Next, we set an alpha value to 0.05, saying that we want to be 95 percent
confident in our findings. The output options are where you want to see the
results. This dialog box is set up exactly like the independent samples -test. The
main difference, of course, is that the comparisons are within the same participant
as opposed Lo ACross different participants.

The outcome is shown in Figure 2.5. The raw data are on the left side, and the
results are on the right side. As with the independent samples output, it's impor-
tant to look at the mean and the variance. The p-value of 0.0000169 indicates that
there is a significant difference between the two designs, since this number is
considerably smaller than 0.05.

Notice that in a paired samples test, you should have an equal number of values in
each of the two distributions you're comparing (although it is possible to have missing
data). In the case of independent samples, the number of values does not need to be
equal. You might happen to have more participants in one group than the other.

2.5.3 Comparing More Than Two Samples

We don’t always compare only two samples. Sometimes we want 10 compare
three, four, or even six different samples. Fortunately, there is a way to do this
without a lot of pain. An analysis of variance (commonly referred 1o as an ANOVA)
lets you determine whether there is a significant difference across more than two
groups.

Excel lets you perform three types of ANOVA. We will give an example for just
one type of ANOVA, called a single-factor ANOVA. A single-factor ANOVA is used

2.6 Relationships Between Variables

A T

- TARTTHTTRAD o g H_ |

1 [Design 1_time iDesign 2_time Design 3_time Anova: Single Factar ' =1z J |
'zi = T jbesign3tng Sing <
3 | f‘é 8 45 SUMMARY

5| 1 SE' Eg T ?EL,'.L*‘—————'.,"’ Cout _ Sun  Average | Varianca

T s e Dosian 1_time 2 421 350833 126407

7 = = sg 12 592 4933333 229697

(3 4 £ n 2 602 E6.03333 373 4242

:3 5 21 43

_1.‘13 :; ' 56 ANOVA

" :-p:‘1 gg gg Source of Vanation 58 of Ms F Fvalue F

o £ 0 at s " vEL Font
13 an 70 o7 &T:‘;‘*‘--ﬂ Groups 6069 5 2 303475 1320283  0.00006 a“é::am-
1] ilhin Groups 758525 [ X656 -

5] .

15| Total 13654.75 3
FIGURE 2.6

Output from a single-factor ANOVA in Excel.

When you have just one variable you want to examine. For example, you might b
interested in comparing task completion times across three differen,ty rotolg o
“DTO run an' A:%\IO\‘IA in Excel, first select “ANOVA: Single Factor” froxi “Totgll;fi
h ;:la ?hnaly&s. This just means that you are looking at one variable (factor). Next
efine the range of data. In our example (Figure 2.6), the data are in columns A, B d’
C. };(ge have set an alpha level to 0.05 and have included our labels in the ﬁrst, rc;v?rn
o :t;eilslt; jlieczl:lo:s;r; ntl htZV;)VLG);rts (i.ee Fifgure 2.6). The top part is a summary of
. . ; age time for Design 3 i i i
}Z::lgfn 1 I;ompletion times are faster. Also, the variarglccsislsg?;z::raf(l))rl tl)i:i‘;fré :ﬁg
. or Design 1. The second part of the output le i
difference is. significant. The Fvalue is equal to ;)3.20. Els"hzscfi?igjll \?L?liﬂtlﬁ;t e
n.ee(.1 to achieve significance is 3.28. The p-value of 0.00006 reflects the stati t'W(;
significance of this result. Understanding exactly what this means is im rtls I'Ca
means tl'lat there is a significant effect due to the “designs” variable If (c)i o not
necessarily mean that each of the design means is significantly differer'lt fr o nolz
of the others—only that there is an effect overall. To see if any two m(e):lrxl'n: 2:1Cre

significantly different from each oth
er, you could do a tw - j
those two sets of values. © samples frest on Just

2.6 RELATIONSHIPS BETWEEN VARIABLES

ig;g:_tlvlzfl:’i, f1:tsse :I'ilﬁzlrtant to know about the relationship between different vari-
s e ve scen Whnzf cas§s .VVhCI'C someone observing a usability test for the first
it remarks th a par.t1?1pants say and what they do don’t always correspond
e ‘.Vheﬁyals)lilztéctlgarriz vlzlll struggle ,t((; l;tc‘)mplete just a few tasks with a
e, ! . ow easy or difficult it was, they often give i
;gr?‘ic;tfatmgs. In thl.S section wc? proxfide examples of how to perfornf analysegs“;;;ﬁ
igate these kinds of relationships (or the lack thereof).
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2.6.1 Correlations

When you first begin examining the relationship between two variables, it's
important to visualize what the data look like. In Excel, it's easy to creatc a
scatterplot of the two variables. Figure 2.7 is an example of a scatterplot that
shows the relationship between months of experience (x-axis) and average errors
per day (y-axis). Notice that as the months of experience increase, the average
qumber of errors drops. This is called a negative relationship because as one
variable increases (months of experience), the other variable decreases (errors
per day). The line that runs through the data is called a trend line and is easily
added to the chart in Excel by right-clicking on any one of the data points and
selecting “Add Trend Line.” The trend line helps you to better visualize the
relationship between the two variables. You can also have Excel display the R*
value (a measure of the strength of the relationship) by clicking on the “Options”

tab and checking the box next to “Display R-squared value on chart.”

Plotting your data in a scatterplot is just the first step. You also want to under-
This can be done by

stand the degree of association between the two variables.
choosing the CORRE LATION function in the “Data Analysis” tool.

Next, specify the range of data. In Figure 2.8, the data are in columns B and C.
We have also included the first row, which is the label for the row. The only
decision here is to choose the output range (where you s¢€ the results). The output
from the correlation is something called a correlation coefficient, or ¥ value.
A correlation coefficient is a measure of the strength of the relationship between
the two variables and has a rangc from — 1 to -+1. The stronger the relationship, the
closer the value is to —1 or +1, and the weaker the relationship, the closer the
correlation coefficient is to 0.

Figure 2.8 shows a correlation coefficient of —0.76. The negative correlation
coefficient means that it is a negative relationship (as experience increases, errors
decrease), This correlation also tells us that there is a pretty strong relationship

—_ =

Average Errors per Day

1 3 5 7 9 11
Months of Experience

FIGURE 2.7
An example of a scatterplot (with trend line) in Excel.

2.7 Nonparametric Tests

A | B 1
2} e |lo
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L=l Ve,
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FIGURE 2.8 :

Output data from a correlation in Excel.

betw i hinkin,
knewez?leex?eﬁencc and errors. Another way of thinking about it is that if
of the two values, you could predict the other one reasonably wellyou

2.7 NONPARAMETRIC TESTS

Nonpara i i

Yo l;m glr::egl:nieit)s li:leousei;l for ana.lyzmg. nominal and ordinal data. For example
it lapldigtey fzvil there is a. significant difference between men anci
e vt (e ur.e on a' particular task. Or perhaps you're interested in
e o nkredlz i?f difference .between experts, intermediates, and
e ordinalycmal (< f:rent websites. To answer questions that involve

rem——— Statisti(,: Syou alv{vﬂl r'med to use some type of nonparametric test.
-l form € d}fferent assumptions about the data than the
i it S comparing means and describing relationships between
it ace nommally dism:bute 51 Wg run tests and correlation analysis, we assume that
clta are normaly distribute an vapances are approximately equal. The distribution
e i datao'r ordinal data. _Therefore, we don’t make the same
G e e therem nonparametric tests. For example, in the case of
i distribl;tion g arelon'ly two possibilities, the data are based on the
il s Theré 0 ?eop 'e like to refer to nonparametric tests as “distribu-
st e .hi_ ¢ a few different types of nonparametric tests, but we will
chi-square test because it is probably the most commonl;f used "

2.7.1 The Chi-Square Test

The chi-squar i

g Concslidc : :;ste is used when you want to compare categorical (or nominal) data

] xamp'le. Assume you're interested in knowing whether there is.
gnifi rence in task success between three different groups: novices




—

34

CHAPTER 2 Background

- . . " .
intermediates, and experts. You run a total of 60 r:-arttapa.ma \:n::z; ;t:ttl]}; ;3 ::b:?-i i
group. You measure task success or failure on a smg‘lt: task. Yo e %0
icipants who were successful in each group. For the noOvices, .} Lo
e essful. 12 out of 20 intermediatcs wWere successful, and 18 ‘.)Ul of 20 expe 1
:Ei Sr::l(;:ccessful‘. ‘;t-)ll want to know if there is @ statistically significant difference
>en the groups. ‘ .
bet'?:e;erforgl 4 lchi-square test in Excel, you use the CH];.)E‘Eﬁ;I‘d f;r;t:;;i:h’([::r;
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thre were no diferences berweeh ¥ 0L he output rom the CHITEST
sieure 2.9 shows what the data 100 ‘ c output from th ’ L
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about 2.9 percent (0.028856). Because this numt?cr 1sdli(§s :;::e m i g
confidence), we can reasonably say that there is a ere
betweler'l th:a;?rfl:: xg;f :5::81:&' just examining the distribution of succes‘s rates aca:o;sl
a silj?gti::a‘iiablé) (experience group). There are some situm?(?ns 1-11 :,l::c;h aj;{:ludrz?g I:
want to examine more than one variable, isuch :15.(':xp:nct:ilrcl:tgwa I sy
prototype. Performing this type of evaluation works the s Y.

[ e - f =CHITEST(B2:B4,62:C4)
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Mavice [ 1_1__I
3 |Intermediate | 9 1!

FIGURE 2.9
Qutput from a chi-square test in Excel.
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Qutput from a chi-square test with two
variables.

|Chi-est

2.8 Presenting Your Data Graphically

shows data based on two different variables: group and design. For a more detailed

example of using the chi-square to test for differences in live website data for two
alternative pages (so-called A/B tests), see section 9.1.4.

2.8 PRESENTING YOUR DATA GRAPHICALLY

You might have collected and analyzed the best set of usability data ever, but it’s of
little value if you can’t communicate jt effectively to others. Data tables are
certainly useful in some situations, but in most cases youw’ll want to present your
data graphically. A number of excellent books on the design of effective data

GENERAL TIPS FOR DATA GRAPHS

Label the axes and units. It might be obvious to you that a scale of O to 100 percent
represents the task completion rate, but it may not be obvious to your audience. Or you
might know that the times being plotted on a graph are minutes, but your audience may
be left pondering whether they could be seconds or even hours. Sometimes the labels
on an axis make it clear what the scale is (e.g., “Task 1,” “Task 2," etc.), in which case
adding a label for the axis itself (e.g., “Tasks”) would be redundant.

Don't imply more precision in your dala than they deserve. Labeling your time data with
“0.00" seconds to “30.00” seconds is almost never appropriate, nor is labeling your
task completion data with “0.0%" to “100.0%.” Whole numbers work best in most
cases. Exceptions include some metrics with a very limited range and some statistics
that are almost always fractional (e.g., correlation coefficients).

Don't use color alone to convey information. Of course, this is a good general principle for
the design of any information display, but it's worth repeating. Color is commonly used
in data graphs, but make sure it's supplemented by positional information, labels, or
other cues that help someone who can't clearly distinguish colors to interpret the graph.

Display labels horizontally whenever possible. When you try to squeeze too many items onto
the horizontal axis, you may be tempted to display the labels vertically. But you don't
want to give your audience a sore neck from constantly tilting their heads to read the
axis! An exception is that the main title for the vertical axis is normally shown vertically.

Show confidence intervals whenever possible. This mainly applies to bar graphs and line
graphs that are presenting means of individual participant data (times, ratings, etc.).
Showing the 95 or 90 percent confidence intervals for the means via error bars is a
good way to visually represent the variability in the data.

Don't overfoad your graphs. Just because you can create a single graph that shows the
task completion rate, error rate, task times, and subjective ratings for each of 20 tasks,
broken down by novice versus experienced participants, doesn't mean you should.

Be careful with 3D graphs. If you're tempted to use a 3D graph, ask yourself whether it really

helps. In some cases, the use of 3D makes it harder to see the values being plotted.
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graphs are available, including those written by Edward Tufte (1990, 1997, 2001,
2006), Stephen Few (2004, 2006), and Robert Harris (1999). Our intent in this
section is simply to introduce some of the most important principles in the design
of data graphs, particularly as they relate to usability data.

We've organized this section around tips and techniques for five basic types of
data graphs:

s Column or bar graphs
m Line graphs

m Scatterplots

m Pie charts

m Stacked bar graphs

We will begin each of the following sections with one good example and one bad
example of that particular type of data graph.

2.8.1 Column or Bar Graphs

Column graphs and bar graphs (Figure 2.11) are the same thing; the only difference
is their orientation, Technically, column graphs are vertical and bar graphs are
horizontal. In practice, most people refer to both types simply as bar graphs,
which is what we will do.

Bar graphs are probably the most common way of displaying usability data. Almost
every presentation of data from a usability test that we've seen has included at least
one bar graph, whether it was for task completion rates, task times, selfreported data,
or something else. The following are some of the principles for using bar graphs:

m Bar graphs are appropriate when you want to present the values of continuous
data (e.g,, times, percentages, etc.) for discrete items or categories (e.8., tasks,
participants, designs, etc.). If both variables are continuous, a line graph is
appropriate.

m The axis for the continuous variable (the vertical axis in Figure 2.11) should
normally start at 0. The whole idea behind bar graphs is that the lengths of
the bars represent the values being plotted. By not starting the axis at 0,
you're artificially manipulating their lengths. The bad example in Figure 2.11
gives the impression that there’s a larger difference between the tasks than
there really is. A possible exception is when you include error bars, making
it clear which differences are real and which are not.

= Don’t let the axis for the continuous variable go any higher than the maximum
value that's theoretically possible. For example, if you're plotting percentages
of users who successfully completed each task, the theoretical maximum  is
100 percent. If some values are close to that maximum, Excel and other packages
will tend to automatically increase the scale beyond the maximum, especially if
error bars are shown.

2.8 Presenting Your Data Graphically

Successful Completion Rate, by Task
(Error bars represent 90% confidence interval)
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Bad Example

FIGURE 2.11

Good andl bad examples of bar graphs for the same data. The mistakes in the bad version
(bottom) include failing to label the data, not starting the vertical axis at O, not showing

Icobnflldence intervals when you can, and showing too much precision in the vertical axis
abels.
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LINE GRAPHS VERSUS BAR GRAPHS 30 Mean Times (sec) across Trials
Some people have a hard time deciding whether it's appropriate to use a line graph or a
bar graph to display a set of data. Perhaps the most common data-graph mistake we see o5
is using a line graph when a bar graph is more appropriate. If you're considering
presenting some data with a line graph, ask yourself a simple question: Do the places 20
along the line between the data points make sense? In other words, even though you oy
don't have data for those locations, would they make sense if you did? If they don't make @ 15
sense, a bar graph is more appropriate. g
For example, it's technically possible to show the data in Figure 2.11 as a line graph, =
as follows. 10
Successful Completion Rate 5
80% f
70% - 0 .
i T
Trial 1 Tri .
60% | . rial 2 Trial 3 i
° —&@— Design1 —M— Design2 —&— Design 3 WSS
o/ .
50% Good Example
40% -
30% 30
20%
25 - S
10% ]
0% L T T T T T T T e 20 T R —r—
Task1 Task2 Task3 Task4 Task5 Task6 Task7 Task8 § T
—
< 15 ——
However, you should ask yourself whether things like *Task 11" or “Task 6%" make E \
any sense, because the lines imply that they should. Obviously, they don't, so a bar 10
graph is the correct representation. The line graph might make an interesting picture,
but it's a misleading picture. 5
0 L
Trial 1 Trial 2 Trial 3 | Trial 4
. Bad Example
2.8.2 Line Graphs —— )
Line graphs (Figure 2.12) are most commonly used to show trends in continuous Good and bad examples of line gra .
) phs for the same data. i :
variables, often over time. Although not as common 4s bar graphs in presenting (bottom) include failing to label the vertical axis noi sr?ct):virrg ?hr;“;taikes . e ba<;| g
usability data, they certainly have their place. The following are some of the key a legend, not showing confidence intervals, and' using lines that are taoc? Tgrtiwzgﬁp S

principles for using line graphs:

= Line graphs are appropriate when you want to present the values of one contin-
uous variable (e.g., percent correct, number of errors, etc.) as a function of another
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continuous variable (e.g., age, trial, etc.). If one of the variables is discrete (e.g.,
gender, participant, task, etc.), then a bar graph is more appropriate.

m Show your data points. Your actual data points are the things that really matter, not
the lines. The lines are just there to connect the data points and to make the trends
more obvious. You may need to increase the default size of the data points in Excel.

s Use lines that have sufficient weight to be clear. Very thin lines are not only hard
to see, but it’s harder to detect their color and they may imply a greater precision
in the data than is appropriate. You may need to increase the default weight of
lines in Excel.

# Include a legend if you have more than one line. In some cases, it may be clearer
to manually move the labels from the legend into the body of the graph and put
each label beside its appropriate line. It may be necessary to do this in Power-
Point or some other drawing program.

m As with bar graphs, the vertical axis normally starts at 0, but it’s not as important
with a line graph to always do that. There are no bars whose length is important,
so sometimes it may be appropriate to start the vertical axis at a higher value. In
that case, you should mark the vertical axis appropriately. The traditional way of
doing this is with a “discontinuity” marker on that axis: * Again, it may be
necessary to do that in a drawing program.

2.8.3 Scatterplots

Scatterplots (Figure 2.13), or X/Y plots, show pairs of values. Although they’re not
very common in usability reports, they can be very useful in certain situations.
Here are some of the key principles for using scatterplots:

» You must have paired values that you want to plot. A classic example is heights
and weights of a group of people. Each person would appear as a data point, and
the two axes would be height and weight.

= Normally, both of the variables would be continuous. In Figure 2.13, the vertical
axis shows mean values for a visual appeal rating of 42 web pages (from Tullis &
Tullis, 2007). Although that scale originally had only four values, the means come
close to being continuous. The horizontal axis shows the size, in & pixels, of the
largest nontext image on the page, which truly is continuous.

= You should use appropriate scales. In Figure 2.13, the values on the vertical axis can’t
be any lower than 1.0, so it’s appropriate to start the scale at that point rather than O.

m Your purpose in showing a scatterplot is usually to illustrate a relationship
between the two variables. Consequently, it’s usually helpful to add a trend
line to the scatterplot, as in the good example in Figure 2.13. You may want to
include the R? value to indicate the goodness of fit.

2.8 Presenting Your Data Graphically
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3.5

3.0

2.5

2.0

Visual Appeal Rating (1-—4)

1.5

1.0 T 1 .
0 100 200 300 400

Largest Nontext Image Area (k pixels)
Good Example

4.0

3.5 L

L 4

&

L 2
3.0 3 * 5 ..

2.0

15 1 —@—¢ 8§

Visual Appeal Rating

1.0

0.5

0.0

T T T
0 100 200 300 400
Bad Example
FIGURE 2.13

Qood and bad examples of scatterplots for the same data. The mistakes in the bad version
Inglude an inappropriate scale for the vertical axis, not showing the scale for the visual appeal
ratings (1-4), not showing a trend line, and not showing the goodness of fit (R%).
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2.8.4 Pie Charts

Pie charts (Figure 2.14) illustrate the parts or percentages of a whole. They can be
useful any time you want to illustrate the relative proportions of the parts of a
whole to each other (e.g., how many participants in a usability test succeeded,
failed, or gave up on a task). Here are some key principles for their use:

a Pie charts are appropriate only when the parts add up to 100 percent. You have
to account for all cases. In some situations, this might mean creating an “other”

category.

s Minimize the number of segments in the pie chart. Even though the bad example
in Figure 2.14 is technically correct, it's almost impossible to make any sense of
it because it has so many segments. Try to use no morc than six segments,
Logically combine segments, as in the good example, to make the results clearer.

s In almost all cases, you should include the percentage and label for each
segment. Normally these should be next to each segment, connected by leader
lines if necessary. Sometimes you have to manually move the labels to prevent

them from overlapping.

% of Pages with Accessibility Errors % of Pages with Accessibility Errors

0 Errors

10% @0 Errors

@1 Error

02 Errors

@ 34 Errors

m 5-6 Errors
m7-8 Errors
m9-10 Errors
m11-15 Errors
m > 15 Errors

>10 Errors

O
o 1-2 Errors

12%

3-10 Errors
53%

Good Example
FIGURE 2.14

Good and bad examples of pie charts for the same data. The mistakes in the bad version (right) include
too many segments, poor placement of the legend, and not showing percentages for each segment.

Bad Example

2.8.5 Stacked Bar Graphs

Stacked bar graphs (Figure 2.15) are basically multiple pie charts shown in bar form.
They’re appropriate whenever you have a series of datasets, each of which represents
parts of the whole. Their most common use in usability data is to show different task
completion states for each task. Here are some key principles for their use:

= Like pie charts, stacked bar graphs are only appropriate when the parts for each
item in the series add up to 100 percent.

2.8 Presenting Your Data Graphically
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FIGURE 2.15

G
( ;);(:Oan)dv bad examples of stacked bar graphs for the same data. The mistakes in the bad version
m) include too many segments, poor color coding, and failing to label the vertical axis.
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= The items in the series are normally categorical (e.g., tasks, participants, etc.).

« Minimize the number of segments in each bar. More than three segments per bar P | ann | N g a U Sa b | | |ty St u d y

can make it difficult to interpret. Combine segments as appropriate.

s When possible, make use of color coding conventions that your audience is
likely to be familiar with, For many U.S. audiences, green is good, yellow is
marginal, and red is bad. Playing off these conventions can be helpful but don’t
rely solely on them.

2.9 SUMMARY

In a nutshell, this chapter is about knowing your data. The better you know your The Boy Scouts’ motto is “Be Prepared.” This is true not only when head
data, the more likely you are to clearly answer your research questions. The into the wilderness but also when you collect usability data P};e aratizou' ;a kOff
following are some of the key takeaways from this chapter. to any successful usability study. If nothing else, we hope .this lc::,hapte;l éf)rtlvfnc?s,

you to plan ahead when runnin, ili i
S g a usability study, particularly where data collec-
. A few high-level questions must be answered when planning any usability stud
First, you need to understand the goals of the study. For example, are you tryin, ty ‘
2. Knowing your data is critical when analyzing your results. The specific type of ensure optimal usability for a new piece of functionality, or are ou banh n kgiﬂo
data you have will dictate what statistics you can (and can’t) perform. the user experience for an existing product? Next, you neied to ur}lrderstand tIlT: i oali
of the users. Are users looking to simply complete a task and then stop using the
product, or will they use the product many times on a daily basis? Knowing both the
study goals and the user goals will lead toward choosing the right metrics.
Many practical details come into play as well. For example, you must decide on
the most appropriate evaluation method, how many participants are enough to get

1. It's important to consider questions about how to select participants for your
study, how to order tasks, what participants perform what tasks, and how many
participants you need to get reasonably reliable feedback.

3. Nominal data are categorical, such as binary task success or males and females.
Nominal data are usually expressed as frequencies or percentages. Chi-square
tests can be used when you want to learn whether the frequency distribution is
random or there is some underlying significance to the distribution pattern.

4. Ordinal data are rank orders, such as a severity ranking of usability issues. reliable feedback, how collecting metrics will impact the timeline and bud,

Ordinal data are also analyzed using frequencies, and the distribution patterns how the data will be collected and analyzed. By answering these uesli'oget’ and
. . . g ion

can be analyzed with a chi-square test. will be well prepared to carry out any usability study involving metr?cs N th::’ e};)(;l

. \ , ou will li i .
5. Interval data are continuous data where the intervals between each point are v ill likely save time and money and have a greater impact on the product.

meaningful but without a natural zero. The SUS score is one example. Interval
data can be described by means, standard deviations, and confidence intervals.

Means can be compared to each other for the same set of users (paired samples 3

t-test) or across different users (independent samples r-test). ANOVA can be -1 STUDY GOALS

used to compare more than two sets of data. Relationships between variables The first decision to make when planning a usability study is how the data will
: - . a

can be examined through correlations. ultimately be used within the product development life cycle. There are esse;ti:lvlly

. ; i ) two gen . ; .
6. Ratio data are the same as interval data but with a natural zero. One example is general ways to use data: formative and summative.

completion times. Essentially, the same statistics that apply to interval data also
‘

apply to ratio data. 3.1.1 Formative Usability
7. When presenting your data graphically, use the appropriate types of graphs. When runnin .
; : g a formative study, ili ialist i .
Use bar graphs for categorical data and line graphs for continuous data. Use pie periodically checks a dish vsvll:ilz i:'suts)i?xlllgypigggzgsgrﬁi r?nui(h hkg' e
akes adjustments to

charts or stacked bar graphs when the data sum to 100 percent. positively impact the end result. The chef might add a little salt, then a fi 45
: ) ew more




	2324_001
	2325_001
	2326_001
	2327_001
	2328_001
	2329_001
	2330_001
	2331_001
	2332_001
	2333_001
	2334_001
	2335_001
	2336_001
	2337_001
	2338_001
	2339_001



