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Abstract

Efficiency is an important condderation in the design of industrid usability sudies. One way to
reduce the cost of a usability study isto reduceits sample Sze. However, sample Sze reduction
will improve the efficiency of the study only if it does not lead to a significant loss of information.
Three legitimate uses of smdl samples are described in this report: (1) problem discovery
sudies, (2) criterion-based usability studies in which the criterion is clearly met, and (3) binomia
confidence intervas to describe usability defect rates. In these Stuations, rdlatively small
samples are often adequate to meet the gods of the usability engineer. Therisks of using small
samples in these Stuations are so discussed.
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I ntroduction

To be as cost-effective as possible, indudtrid usability sudies must be efficient (Lewis, 1990;
Virzi, 1990). A study conducted with asmal sampleisless costly than one with alarge sample.
However, sample sze reduction will improve the efficiency of the study only if it does not lead
to aggnificant loss of informetion. Three legitimate uses of small samplesare: (1) problem
discovery studies, (2) criterionbased usability sudiesin which the criterion is clearly met, and
(3) binomia confidence intervas to describe usability defect rates. In these Studtions, rdatively
amd| samples are often adequate to meet the gods of the usability engineer. Therisks of using
smal samplesin these Stuations are dso discussed.






Problem Discovery Studies

The primary god of a problem discovery sudy isto find system usability problems by watching
participants try to use the system. Problems are usudly categorized along two or more
dimensions, such asfrequency and impact. Thisinformation is used to guide system
development and to prioritize the effort expended to correct usability defects. It is the
experience of many usability engineers that the additiond information gained by running more
than five or 9x participantsis smdl redive to that obtained from the initid participants. A
recent empirical sudy (Virzi, 1990) and a mathematical modd based on the binomid probability
distribution (Lewis, 1990) both support this experience. Lewis (1990) published tables based
on the binomid probability digtribution (Bradley, 1976) to hep human factors engineers and
other usability researchers to determine gppropriate sample sizesfor their usability sudies. In
most cases, the diminishing returns after the first few participants suggest that the sample sizes
for problem discovery studies should not exceed ten participants. In many cases, particuatly if
the tegting is iterative, sample sizes as smd| as three participants will be adequate (Lewis, 1982;
Lewis, 1990).

Table 1 illudtrates the diminishing returns predicted by the binomia probability formula. The
datain Table 1 were generated assuming a .50 average likelihood of problem discovery. This
likelihood is cons stent with the rate observed in many usability Sudies. (For example, the
likdihood in the study reported by Virzi, 1990 was .36.) The table shows the following:

1. If you don't run any participants, you cant find any problems. (With asample size of O,
the percentage of problems discovered is 0.0).

2. Becausg, inthis example, the base rate of problem occurrenceis .5, on the average 50
percent of the problems that can be discovered will be discovered with the first
participant. This means that the improvement in problem discovery from no participants
to one participant is 50 percent.

3. Theimprovement from one participant to two participantsis 25 percent. The
improvement from two participants to three participantsis 12.5 percent, and the
improvement from three participants to four participantsis 6.3 percent. The additiona
gan expected from each additiona participant is clearly diminishing.

4. Theimprovement from four participants to an infinite number of participantsis 6.2
percent -- alittle less than the gain from three to four participants.



TABLE 1. Binomid Probability Didribution: Diminishing Returns

Sample Likelihood of Problem Percentage of
Size Discovery Problems Discovered
0 0.000 0.0
1 0.500 50.0
2 0.750 75.0
3 0.875 87.5
4 0.938 93.8
Infinite 1.000 100.0

Thus, Table 1 illugtrates the legitimacy of using smdl samplesin problem discovery usability
dudies, at least when the likelihood of problem occurrence is not too small. However, when the
likelihood of problem occurrence is small, then the product must be well designed and therefore
demands less gpplication of usability resources than other products.

Therisk associated with usng asmal sample for a problem discovery study has been described
by Lewis (1990, p. 6):

It isimportant to understand the risks aswell asthe gainsif asmdl sampleisusaed in an
observationd usability study. ... The only characterigtic that can cause aproblem to
turn up early isits frequency of occurrence in the user population. ... Therefore, there
isaways arisk that alow-frequency but important problem will go undetected with a
amal sample. However, in many circumstances (especidly if the problems are not
expected to have a great cost and testing isiterative), sudying asmdl sampleis
reasonable and efficient.

The importance of iterative testing to the development of usable productsis well known (Gould,

1988).

For efficient iterative problem discovery sudies, | recommend the following iterative

testing cyde:

1.

Start with an expert evauation or one- participant pilot study to uncover the mgority of
high-frequency problems (J. H. McTyre, persona communication, February 15, 1991).
Asmany of these problems as possible should be corrected before starting the iterative
cycleswith Step 2. All unresolved problems should be listed and be carried to Step 2.

Weatch a sample of three participants use the system. Record al observed usability
problems.

Redesign based on the problems discovered. Fix dl problems that were experienced
by two or more participants during the studies. Fix as many of the remaining problems
aspossble. Any outstanding problems should be recorded and should remain open for
al following iterations.

If there are any outstanding problems and there istime for another iteration, go back to
Step 2. If there are no outstanding problems or there isinsufficient time for another
iteration, then sop. Maintain a running average of usability measures (such astime-or-
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task and user satisfaction scores) based on the last three participants. If the running
averages at the end of testing do not meet the established criteria, then inform
management that additiond design and tests are required.

5. Any outstanding problems at the end of testing should be recorded and

This strategy blends the benefits of large and amdl sample studies. During each iteration, only
three participants are observed before the system isredesigned. Therefore, the most frequent
problems are quickly identified and corrected. With five iterations, for example, the tota
sample size would be 15 participants. With severd iterations many less frequent problemswill
also beidentified and corrected because uncorrected problems are recorded and tracked
through dl iterations. (From thetablesin Lewis, 1990, a problem discovery study with 15
participants should uncover dmogt al of the problems that would affect 25 percent or more of
the user population. The same study would be expected to uncover about 80 percent of the
problems that would affect as few as 10 percent of the user population.)






Criterion-Based Usability Studies: Criterion Clearly M et

Usability criteria can be established in a number of ways. For example, they may represent a
development group's best guess at acceptable user performance, they may be derived from
recommendations by customers, or they may be based on studies of competitive sysems
(Lewis, 1982). Regardless of the source of the criteria, there are some casesin which a
criterion is clearly met, based on sample Szes as samdl astwo.

In arecent user-oriented systems te<t, participants were asked to ingtal an optionin aPS/2
Modd 90. The criterion time was 60 minutes. The two participants completed the task in 35
and 37 minutes, respectively. The obtained mean time of 36 minutes was datisticaly
ggnificantly fagter than the criterion (t(1)=24, p=.013). In the same study, two participants
ingtaled an option card in Six and ten minutes respectively. The observed mean of 8 minutes
was sgnificantly fagter than the criterion of 30 minutes (t(1)=11.0, p=.03).

When the difference between the observed mean and the criterion is large, the difference can be
reliably detected with asfew as two participants. The minimum number of participantsis two
because the t gatistic cannot be cal culated without an estimate of varigbility. The formulafor
the sample variance (Wa pole, 1976) from arandom sample x4, X», . . ., X, iSgiven in Equation
1. If thesample szeis 1, then the denominator of Equation 1 will be 0, and the varianceis
undefined. If the sample Szeis 2, then the denominator will be equd to 1.

g ={Sx-X3}/(n-1) @)

Theformulafor at-test to compare a sample mean to acriterion (Walpole, 1976) isgivenin
Equation 2.
t= (x-w)(sn'?) )

The numerator of Equation 2 is the difference between the sample mean (x) and the criterion
(w). Thisdifferenceis sometimes abbreviated d. The denominator is the sample standard
deviation (s, the square root of the sample variance, &) divided by the square root of the sample
gze(n).

The criticd vadue of t isthe vaue that is conddered satisticdly sgnificant. When the observed
t-vaueis obtained from a sample, it is compared to the criticd t-vadue. If the magnitude of the
observed t is greater thanthe criticd t, then the t-test indicates a gatistically sgnificant
difference,

The criticd vadue of t changes depending upon the degrees of freedom (v) and thea leve used
to determine the acceptable Type | error rate. The Type | error rateis the likelihood of
mistakenly rgecting the hypothesis that the observed mean and the criterion are essentidly equd
(usualy called the null hypothesis). The degrees of freedom are directly related to the sample
gze(n). For thetype of test illustrated in Equation 2, the degrees of freedom are equd to n-1
(Walpole, 1976). For atest with few degrees of freedom, the critical vaue of t will befairly
large. Asthe degrees of freedom gpproach infinity, the t-digtribution gets smdler and
approaches the z-didribution. For example, the critical vaue of the t-digtribution with one



degree of freedom and a equd to .05 (a common criterion for Satistica sgnificance) is 6.314
(Wapale, 1976). For an infinite number of degrees of freedom, the critica t is 1.645.

The obtained vaue of t is affected by three characteristics of the sample. The larger the
numerator of Equation 2 (d, the difference between the obtained mean and the criterion), the
larger the obtained t will be. The smaller the sandard deviation (s), then the smaller the
denominator of Equation 2, and the larger will be the obtained t. Findly, the larger the sample
gze (n), the smdler the denominator of Equation 2, and the larger will be the obtained value of
t.

In both of the examples cited a the beginning of this section, the observed times were closein
vaue (35 and 37 minutes for the first example, 6 and 10 minutes for the second example),
resulting in smdl variances and standard deviaions (s). Both means were consderably smaler
than their respective criteria (amean of 36 minutes againgt a criterion of 60 minutes for the first
example, and a mean of 8 minutes againg a criterion of 30 minutes for the second example,
both large ds). These two conditions (large d, amdl s) result in asgnificant t-test with a sample
gze of two. The caculation of the observed t-vaues for these examplesis shown in Table 2.

TABLE 2. Cdculation of t for Two Examples

Calculation Step Example 1 Example 2
Sample size 2 2
Degrees of freedom 1 1
Alpha (a) 0.05 0.05
Critical t value 6.314 6.314
Observed values 35, 37 minutes 6, 10 minutes
Observed mean 36 minutes 8 minutes
Criterion 60 minutes 30 minutes
Difference (d) 24 minutes 22 minutes
Sample variance 2 8
Standard deviation 1.414 2.828
Obtained t value 24 11
Significant? Yes Yes

These examples, taken from a recent usability test, show that it is possible to determine from a
smdl sample that user performance is Sgnificantly better than a given criterion. Therisk
involved in planning to use asmal sampleisthat it isimpossble to predict that the conditions
required to achieve satigtical sgnificance with asmall sample (large d, smdl s) will occur ina
study. If these conditions do not occur and the t-test is not Sgnificant, there are two possible
explanations.

1. Thereredly isnt any difference between the observed mean and the criterion. The null
hypothesisistrue.

2. Thereisadifference, and if the sudy is continued and the sample Size isincreased
(making the denominator of the obtained t-vaue smdler and, thus, the obtained t larger)
then the difference will be proven to be datidicaly significant. The null hypothesisis
redly fase, but more information must be obtained in order to establish sufficient proof.
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| recommend the following strategy for industrid usability studiesin which an observed mean
will be compared to a criterion.

If previous studies are available from which the sample mean and standard deviation can be
estimated, and the criterion is known or can be estimated, then use Equation 3 (Diamond,
1981) to estimate the sample size required.

N = (to+t,) /(S (3)
1. Usethe standard deviation from the previous study to estimate s.

2. Deeminethe vaue of d, the difference between the obtained mean and the criterion,
whichit isimportant to be able to detect. Increasing the vaue of d will lead to asmdler
n.

3. taisthet-vaue associated with the Type | error, the likelihood that the
.10 asadefault setting for a. Use the degrees of freedom from the previous study to
select the specific t, from the t-table (found at the back of most introductory statistics
textbooks).

4. tpisthet-vaue associated with the Type Il error, the likelihood that the null hypothesis
will not be rgected when it isactualy fase. For indudtria usability studies, |
recommend .20 as a default setting for b. Again, use the degrees of freedom from the
previous study to select the specific t, from the t-table.

5. Although | have recommended default settingsfor a and b, these defaults should be
carefully examined for gpplicability to any specific Situation. To properly set thet-
vaues, the expected costs of Type | and Type Il errors should be estimated and
compared.

If no previous studies are available, plan to run ardatively smal sample. Sx participants would
be reasonable, but the time required to observe a participant should be consdered. If the effort
isamdl, plan to observe afew more participants, but if the effort is great, plan to observe fewer
participants. If sgnificant results are obtained with thisinitid sample, stop the study. I
sgnificant results are not obtained, use theinitid sample to derive esimates of s and d, then use
Equation 3 to edtimate the sample size that would be required to achieve datisticad sgnificance.
If the additiond sample required is smal, continue the sudy. If the additiond sample required is
large, consult with management to determine if the study should be continued or abandoned.

A Numerical Example

Suppose a previous study of six participants installing an option showed that the option required
an average of 20 minutesto indall. The standard deviation was five minutes. To drive for
congtant improvement, the new criterion value is st for 15 minutes. An andlysis of the new
inddlation procedures has indicated that participants may ingal the option in aslittle asten
minutes. Because the sample size from the previous study was six, the degrees of freedom were
five. Therefore, t=.10=1.48 and t,=.20=0.92. d, the difference between the expected mean
and the criterion is five minutes, and s, the estimate of the standard deviation is aso five minutes.
Putting these vaues into Equation 3, the estimate for n is(1.48+0.92)2/(52/52)=5.76

9



participants. For sample sze formulas, dl fractiona vaues of n should be rounded up to the
next whole number (Wapole, 1976). In other words, given the assumptions derived from the
previous study, a study of sx participants shoud be adequate for the current study to determine
datigicd dgnificance aslong as the true mean is five minutes (or more than five minutes) better
than the criterion.

In conclusion, if the difference between the true mean and a criterion islarge, then that
difference can be detected by astudy with rlaively few participants. If the differenceis amdl,
then alarger number of participants would be required to prove that the difference is Satisticaly
ggnificant. However, if the difference is smdl, it may not be of any practicd sgnificance. The
drategy described above should help in the design of efficient and reasonable usability testsin
which observed means are to be compared to criteria.
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Binomial Confidence Intervalsfor Usability Defect Rates

A problem observed during a usahility study may be an indication of adefect in the design of the
system (Norman, 1983). In usability studies, ausability defect rate for a specific problem is the
number of participants who experience the problem divided by the total number of participants.
Usahility defect rates can be measured as proportions or percentages. A percentageisa
proportion multiplied by 100. (I usudly use percentagesin reports to decison makers because

| believe most non-scientific business professionas understand percentages more easily than
proportions.)

The gatitical term for a study to estimate a defect rate is a binomia experiment, because a
given problem ather will or will not occur during the sudy. For example, a participant either
will or will not ingtal an option correctly. The point estimate of the defect rate is the observed
percentage of fallures. However, the likeihood is very smdl that the point estimate from a sudy
is exactly the same as the true percentage of failures, especidly if the sample szeissmal
(Wdpole, 1976). To compensate for this, interva estimates that have aknown likelihood of
containing the true percentage can be caculated. These binomia confidence intervals can be
used to describe the percentage of usability defects effectively, often with asmdl sample. (See
Appendix A for aBASIC program for binomia confidence intervals) The report of abinomia
confidence interva usudly takes the form of:

The observed percentage of (a particular usability defect) was PP percent. The
lower limit of the CC-percent binomia confidence interval was XX percent and the
upper limit was Y'Y percent,

where:
The percentage PP is the observed percentage of failures.

The vaue of CC isthe likdlihood (confidence) thet the interva will contain the
true defect rate.

XX isthelower limit of theinterva.
YY isthe upper limit of theinterva.

"Idedly, we prefer ashort interva with ahigh degree of confidence” (Wapole, 1976, p. 123)
The factors that affect the width of a confidence interva are very smilar to those that affect the
sample sze estimates discussed in the previous section. All other factors being equd, a
confidence interva computed from alarge sample will be shorter than one computed from a
amdl sample. A confidence interva with a high degree of confidence will be wider than one
with alower degree of confidence. The effects of these factors areillugtrated in Table 3.
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TABLE 2. Effect of Varying Sample Sze and Degree of Confidence on Interva Width

Sample Confidence Lower | Observe Upper | Interval
Size Level Limit d Value Limit Width
8 90 40 75 96 56
80 90 66 75 83 17
8 95 35 75 97 62
80 95 64 75 84 20

For a 95- percent binomid confidenceintervad, it is 95 percent likely that the interva contains the
true percentage of defects. If the true percentage is high, then the lower limit of a 95-percent
binomid confidence interva will be high, even with asmdl sample.  If the lower limit of the
confidence interva is unacceptable, then it is legitimate to conclude that the defect rateis
unacceptable, regardiess of the sample 9ze. The following examplesillustrate the use of this
technique.

Errata Sheet Effectiveness. A Risk Assessment

King, Lee and Lewis (1990) studied the effectiveness of an errata sheet placed on top of the
documentation ship group of aproduct. The primary variable of interest was whether a user
unpacking the system would use the errata sheet. The errata sheet was designed to attract the
user's atention, and large (24-point) print at the top of the page stated "DO THIS FIRST!" Six
out of eight participantsignored the errata sheet. Ignoring the errata sheet was defined asa
usability defect, so the observed defect rate was 75 percent. A 95-percent binomia confidence
interva for this defect rate ranged from 35-percent to 97-percent fallures. Even with thissmal
sample, it was possible to predict that a 35-percent defect rate was the lowest rate of failure
that could be obtained with this type of errata sheet. We concluded that the use of an errata
sheet will generdly be an unacceptable srategy, and cannot be recommended.

Evaluation of Graphic Symbolsfor PHONE and LINE

Lewisand Pallo (1991) studied the effectiveness of graphic symbaols for phone and phone line
connection for attaching telephony equipment to a computer. Computer-naive participants were
asked to attach a telephone to a computer with only the proposed graphic symbols to guide the
instalation. Nine of eeven ingdlations (82 percent) were incorrect. The 95-percent
confidence interva for this percentage ranged from 48 percent to 98 percent, and was
considered to be unacceptably high. We were 95-percent confident that unless additiona
information was provided to users, the failure rate for ingtdlation would be at least 48 percent.

If astudy is planned in which the percentage of usability defects will be measured, | recommend
adrategy Smilar to that described for sudiesin which amean is compared to acriterion. Study
asmdl sample of participants and record the number of usability defects (such asincorrect
ingdlations or failures to complete assigned tasks). Use the procedure described in Wapole
(1976) or the program listed in Appendix A to caculate the binomid confidence interval.
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Report the observed defect percentage and the lower limit of the binomid confidence interva to
the product developer. AsK if the lower limit is an acceptable defect rate because the 95-
percent confidence interval indicates that it is 95-percent likely that the true defect rate will be at
least as high asthe lower limit of the interval. When the defect rateis high, this can be avery
convincing argument for redesigning the product or system that has been studied. When the
defect rate islow, this procedure may not work without alarger sample size. The decision to
continue collecting samples or to stop the study should be determined by a reasonable business
case that balances the cost of continued data collection againgt the potentid cost of dlowing the
defect to go uncorrected.
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Discussion

It would be mideading to suggest that dl types of usability studies can be effectively conducted
with smdl samples. However, these three types of studies (problem discovery studies, sudies
to compare amean to a criterion, and binomia experiments to estimate usability defect rates)
comprise alarge proportion of the usability studies conducted in industria settings. Asagenerd
rule, efficiency is better accomplished by using the smalest sample possible while iill gathering
enough data to allow decision makers to make informed judgments regarding the usahility of
products and systems.
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Appendix A. A BASIC Program for Binomial Confidence Intervals

5" Approximate binomia confidence limits: Leve 2.0, 8/29/90

10"

11" Z and P9 (line 15) are set for calculating 2-9ded limits

15 2(1)=1.645:2(2)=1.96:Z(3)=2.575

16 ds

17 Print "Approximate 2-sded binomid confidence intervals (90%, 95%, 99%)"
19 print: Print "Enter the observed number of occurrences (x) and the number of "
20 print "opportunities for occurrence (n, the sample size) separated ™

21 print "by acomma. The results displayed are proportions. "

22 print "Move the decimd place over two positions (i.e., multiply by 100)
23 print "to convert to percentages. ":print:print

30 INPUT "Enter x,n: ", X1,N:print:print

40for cnt=1t0 3

50 let z=z(cnt)

70 X=X1L:IF X=N THEN p2=L1:if p2 = 1 then goto 95

75 GOSUB 5815

80 P2=P8

95" Get lower limit P1 by replacing x1 by n-x1 and

96" carry out calculation as before ; then PL=1 - P8.

100 IF X1=0 THEN p1=0:if p1=0 then goto 130

103 x=n-x1

105 GOSUB 5815

110 P1=1-P8

130 print

132 if ent=1 then print "90% confidence interva: *;

133 if cnt=2 then print "95% confidence intervd: "';

134 if ent=3 then print "99% confidence interva: *;

135 print using "###E"pL;print " - siprint usang "#A##E XU

136 print " - ";:print usng "#444";p2

137 next cnt

138 print:print:print "(Use Print Screen if hardcopy is required.)”

139 PRINT:print:INPUT "Do you want to do more caculations? (Y/N)",A$
140 IF leftS(A$,1)="y" THEN LET A$="Y"

145 IF |eft$(A$,1)="Y" THEN 16

150 system

155"
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5800 ***** Approximate binomia confidence limits *****

5801 ' Use the Paulson Takeuchi gpproximation described in:

5802 ' Y aritake Fujino: Approximate binomia confidence limits,
5803 ' Biometrika (1980) 67, 677-681.

5804 ' Line 5830 cdculates the upper binomid probability limit,
5805 ' where F2 is an gpproximeation to the requisite upper

5806 ' percentage point of an F-datistic with degrees of freedom of
5807 ' 2* (x+1) and 2* (n-x)

5808 ' The gpproximation to the inverse of the cumulaive F is

5809 " derived from Paulson's approximation to the cumulative F.
5810 If desired the user may input the exact F percentage point
5811 " prior to line 5830.

5812

5815 A=1/(9* (X+1)):A1=1-A

5820 B=1/(9*(N-X)):B1=1-B

5825 F2=((A1* B1+Z* SQR(A1"2* B+A* B12-A* B* Z/2))/(B1"2-B* Z2))"3
5830 P8=(X+1)* F2/((N-X)+(X+1)*F2)

5835 RETURN

5840 ***** END BINOMIAL CONFIDENCE LIMITS *****
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