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Chapter 1: About this Book

This is a companion book to the second edition of Quantifying the User Experience:
Practical Statistics for User Research (Sauro & Lewis, 2016). In that book, we provide
a statistical resource for those who measure the behavior and attitudes of people as
they interact with interfaces, with a focus on methods applicable to practical user
research based on our experience, investigations, and reviews of the latest statistical
literature.

In Quantifying the User Experience: Practical Statistics for User Research (2nd ed.),
we provided over 100 examples and exercises, showing their step-by-step solutions
in detail. To achieve a deep understanding of statistical methods, it’s important to
be able to work them out by hand. In your day-to-day work, however, it’s also
important to have resources that enable you to solve these types of problems
accurately and efficiently.

In this companion book, we document how to solve the examples and exercises from
Quantifying the User Experience: Practical Statistics for User Research (2nd ed.) using
two different custom tools, one based on Microsoft Excel and the other on R, an
open source programming language for statistics. Many of those methods are not
available in standard statistics packages. Some are new; others are older methods
for which new research supports their application to the kinds of data that user
researchers encounter. It is our hope that it will be a valuable companion for
practitioners who need to use the methods taught in Quantifying the User
Experience: Practical Statistics for User Research (2nd ed.).

Chapter 2 documents how to get and use these custom tools. Chapters 3 through 10
correspond to the same chapters in Quantifying the User Experience: Practical
Statistics for User Research (2nd ed.), with a summary description of each example or
exercise, the answer(s), and how to solve the problem using the custom Excel and R
tools. We also show how to solve some of the problems (when possible) using the
Web tools available at www.measuringu.com. We wrap up the book in Chapter 11,

and provide an appendix that documents all of our custom R functions.
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In short, Quantifying the User Experience: Practical Statistics for User Research (2nd
ed.) provides the why for the methods we recommend — the rationale and step-by-
step computations; this companion book provides the how, using Excel and R.

Note: There may be some small discrepancies between the solutions that appear in
Quantifying the User Experience: Practical Statistics for User Research (2nd ed.) and
this companion book. In Quantifying the User Experience: Practical Statistics for User
Research (2nd ed.), we showed how to work out many of the examples and exercises
by hand, and in so doing rounded off values during intermediate steps (especially
when logarithms were involved). In this companion book, we used our computers,
so there was no rounding off until the final answer. The point is, don’t worry about
these small differences —it’s just round-off error.
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Chapter 2: How to Get What You Need

Gettingand usingthe custom Excelool

The Usability Statistics Package Expanded Edition Excel calculator is available for
purchase on the MeasuringUsability.com website:
http://www.measuringu.com/products/expandedStats

The calculator is an Excel file which has been tested and used on the PC and Mac.
You will need to enable macros for some of the functionality to work.

Getting and using the custom R functions

Getting R
The first step is to get and install R. R is a free software environment for statistical
computing and graphics, available at http://www.r-project.org/. To install R:

1. Goto http://www.r-project.org/.

2. Find the Getting Started panel, then click “download R” — this takes you to a
list of CRAN mirrors. CRAN is an acronym for Comprehensive R Archive
Network. Each “mirror” is a website from which you can get R. Go down the
list to find your country (e.g., USA) and select one of the sites (e.g.,
http://cran.case.edu/).

3. Depending on the type of computer you have, select the appropriate version
of R to download (Linux, Mac OS, or Windows).

4. Select “base.” This takes you to the download page for first-time installers.

5. Click the “Download R” link, which downloads an executable (.exe) file that
you can double-click to complete the installation (following the on-screen
instructions).

James R. Lewis & Jeff Sauro
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Getting the custom R functions
The custom R functions are at Jim’s website in a file named PracStats_v20160801.R.
To get this file:

1. Open your web browser and enter the casesensitiveurl (note that there is an
underscore before the version number, not a blank space):
http://drjim.Ocatch.com/PracStatPackV2/PracStats v20160801.R

2. Your browser will display a dialog box for you to open or save the file. Save it.
Windows users — you can put this file in any folder, but if you put it in your My
Documents folder, then it will be easy to select when you start R, which has
default focus on My Documents. If you prefer to put it in a different folder,
that’s fine. You can point to that folder to open the custom functions file using
the R menus: “File > Source R code...”

Starting R and loading the custom functions

For these instructions, we’re assuming that you’ve put the custom functions file in
the default directory (“My Documents” for Windows users). If you put them
anywhere else, we’re assuming that you know enough to be able to navigate to the
file’s location to select it.

1. After you install R, there will be an icon on your desktop, something like:

R

R 2.8.0

2. Double-click that icon to start R (as you can see from the icon, we used Version
2.8.0 for this book). You should see something like:

James R. Lewis & Jeff Sauro
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R RGui

File Edit View Misc Packages Windows Help

ESEEIE R

=

[ R Console

M=%

R wersion 2.8.0 (2008-10-20)
Copyright (C) 2008 The R Foundation for Statistical Computing
ISBEN 3-900051-07-0

R is free software and comes with ABSOLUTELY NO WARRANTY.
You are welcome to redistribute it under certain conditions.
Type '"license ()" or 'licence()' for distribution details.

Natural language support but running in an English locale
R is a collaborative project with many contributors.
Type 'contributors()' for more information and
'citation()"' on how to cite R or R packages in publications.
Type 'demo()' for some demos, "help()' for on-line help, or
'help.=start ()" for an HTHML browser interface to help.

Tyvpe '"gf)' to guit R.

> |

3. From the Main Menu, click “File > Source R code...”

R RGui
File Edit Wiew Misc Pac

ource R code..,

e ]

Open script. ..
Display filz(s)...

Y

Load Workspace. ..
Save Workspace. .,

Load Histary. .. 1
Save History...

sald
Change dir... | '™
Print... ‘
Save to File...

ol
Exit

Mr=Te=TCcorlrarorac:
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4. Then open PracStats v20160801.R :

rR gmmemsnume-. . . u

I'\,____,/'”'\.____,)'I r b} Libraries p Documents b - | 4:, | | Search Documents pe |
Organize - Mew folder =« i @
4 Favorites Documents library

] Arrange by:  Folder =
Bl Deskiop Includes: 2 locations
& Downloads -
B . Mame &
& Coud Drive
- || SoftMaker
& | Woud Photos
o . SonicProjects
=L Recent Places
. SpeechiOrg
7 Libraries \4 SPSSInc
@ Dizcuments L. SYSTATWS
JP? husic |} techreps
[ Pictures : q
|« Think¥antage Access Connections

B videos

.« Triple 5coop Music

;-;‘ Computer 1 TurboTax
E €_Drrive {C) . Updaters
DVD RW Drive (D3 2015 | woc I
J zRoot ]
qh Network 7
2| PracStats_v20160801 R v
4 | 0 b
File name: | - ’F‘.filﬁ ("R ']

| Open | | Concel |

5. In the R console, you'll see something like:
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R R consok =R (ECH =5

-~

R wversion 2.15.1 (2012-06-22) —-- "Roasted Marshmallows"
Copyright (C) 2012 The B Foundation for Statistical Computing
ISBN 3-900051-07-0

Plactform: xSE_E&—pc—minngfoE& {64-bit)

E iz free software and comes with ABSCOLUTELY HO WARRANTY.
You are welcome to redistribute it under certain conditions.
Type 'license()' or 'licence()}' for distribution details.

Natural language support but running in an English locale

R iz a collaborative project with many contributors.

Type 'contributorsz()' for more information and

'gitation()' on how to cite R or R packages in publications.

Type 'demo()' for =some demos, 'help()' for on-line help, or
'help.start ()} " for an HTML browser interface to help.

Type '"gl)' to guit ER.

> zource ("C:\\Users“\\IBM ADMIN‘‘Documents'‘\PracStats v20l60801.R")
> |

6. To view a list of the custom R functions you’ve just loaded and will work with

throughout this book, use the R command Is():
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R roui (64-5it) - [R Console]

[R Fie Edt View Mic Packsges Windows Help

EREISEE

[1] "analyze.O0lmatrix.fromfile™

[3] "analyze.pssug.fromfile™

[5] "analyze.regression"

[7T] "analyze.sus.Iromwek"

[9] "bench.rate.smallsample™

[11] "bench.t.fromarray.withlogconversion™
[13] "ci.adjwald.fromarray™

[15] "ci.independentproportions.difference™
[17] "ci.median.fromarray"”

[18] "ci.t.fromarray™

[21] "ci.t.fromsummary™

[23] "compute.logcritdiff”™
[25] "compute.mcadjustments"
[27] "compute.padjfromp™
[29] "getdata.fromweb™

[31] "n.bench.rate™

[33] "n.binomial.small=sample™
[35] "n.mcnemar™

[37] "n.prediction”™

[38] "n.t.onesample.givensd"”

[41] "mn.t.twosample.givenegqualsd™
[43] "p.atleastonce”

4

[45] "se.fromarray"™

[47] "test.nminusonetwoproportion.givenpandn™
[49] "test.phi"”

[51] "test.t.independent.fromsummary™

[53] "test.t.paired.fromarrays"

[25] "test.twobytwo.dependent™

>

"analyze.0lmatrix. fromweb"
"analyze.pssug. fromweb™
"analyze.sus.fromfile™
"bench.rate.largesample™
"bench.t.fromarray™
"bench.t.fromsummary™

"ci.adjwald. fromsummary™
"ci.matchedproportions.difference™
"ci.percentile.fromarray"™
"ci.t.fromarray.withlogconversion™
"compute.equivalentconfidence™
"compute.logsummary. fromarray”
"compute.nps.fromarray™
"getdata.fromfile™

"n.atleastonce"
"n.binomial.largesample™
"n.correlacion”
"n.nminusonechisguared™

"n.3lope"

"n.t.onesample ., givenvar™
"n.t.twosample.,givenegqualvar™
"p.Xormore™

"test.correlation™
"test.nminusonetwoproportion.givenxandn™
"test.t.independent.fromarrays™
"test.t.paired.fromarray.ofdifferences"
"test.t.paired. fromsumnmary™
"test.twobytwo.independent™

[

Once you’ve loaded the custom R functions, you’re ready to use them to solve the

m

examples and exercises. Note how the names of the functions categorize them into

groups:

9 analyze comprehensive functions for analyzing sets of problem discovery,

SUS, and PSSUQ scores

= = =A =4

bench functions for assessing data against benchmarks
ci: functions that produce confidence intervals
compute: functions that do various special computations

Nn: functions that estimate sample sizes

James R. Lewis & Jeff Sauro
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9 p: functions that estimate various special probabilities

9 test: functions that perform inferential statistical tests

James R. Lewis & Jeff Sauro
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Chapter 3: How Precise Are Our Estimates?

Confidence Intervals

Abstrad

To assess the precision of an estimate, you need to compute its confidence interval.
Using confidence intervals around point estimates enhances your understanding of
the most likely (plausible) range of the unknown population mean or proportion.
Computing a confidence interval requires four things: an estimate of the mean, an
estimate of the variability (derived from the sample standard deviation), the desired
confidence level and the sample size. We recommend using the adjusted-Wald
binomial confidence interval for binomial metrics such as completion rates. For
satisfaction data using rating scales use the confidence intervals based on the t-
distribution (which takes the sample size into account). For usability data, we’ve
found that the geometric mean is the best estimate of the middle task time from
small sample sizes (less than 25). Because task time data is positively skewed, you
should use a log transformation before computing confidence intervals based on the
t-distribution. For larger samples of task time data (>25), the median is the best
point estimate of the middle task time, so we recommend computing the confidence
interval around the median using the binomial distribution method.

Examplel: Binomial confidence interval around success eat
From page(s): 23

Summary: You’ve observed 7/10 successes and want to compute a 95% adjusted-
Wald confidence interval to assess the precision of the estimated success rate.

Answer: The observed (maximum likelihood estimate) of p is .70 (70%), with an
adjusted-Wald binomial confidence interval ranging from .392 to .897. Given these

James R. Lewis & Jeff Sauro
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data, any success rate between 39.2% and 89.7% (roughly between 39 and 90%) is

plausible, with 95% confidence. This is a wide interval, but indicates that it is unlikely

that the population success rate is below 39.2% or above 89.7%.

Excel solution

1. Click on Completion Rate link under the Confidence Intervals section on the

calculator’s Home tab.

Get Started:

TaskTime

H ! E i

[0 [0 (] Y [y [y ey sy iy [y (S Qe sy
| e SN o e Y I e L S S L _LDCDG:I"-JU'.IU'I#-LAJI\J—\-

2. Enter 7 Successes and 10 Total.

Contents

1
2

3

4

5 * Reguired Fisids
]

7

8 Success”

9 Total

10

11 Benchmark

12

13

14

15 Confidence Level

Completion Rate

Confidence Intervals

Eating Scale Data

Problem Frequency

Enter Data™

What Test Do | Use?

[

4
Resulis
Sample Proportion 0.700
Difference
Confidence Intervals
Low High

a5

39.2% 89.7%

Recommended p-value

Bxoct p-volue
Mid p value®
Normal p-value

3. Set the confidence level drop down to 95%.
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4. The 95% confidence interval ranges from 39.2% to 89.7%.

R solution

Enter the following command (for 7 successes, 10 attempts, and a 95% confidence

interval):

ci.adjwald.fromsummary(7,10,.95)

The result is:

RESULTS

Adjusced p (Wilson): 0.6444934
Margin of error: 0.2521681
95% upper limic: 0.896661
p (maximum likelihood): 0.7

95% lower limic: 0.3923253
Web solution

You can also solve this problem with the confidence interval calculator for a

completion rate at http://www.measuringu.com/wald.htm. Putting in the values for

7 successes out of 10 attempts with 95% confidence, you get:

Input Table
Passed Total Tested
7 10

Calculate

Confidence Level: | 25% | w|

Likely Population Completion Rate

Unknown [l

Results Table

Confidence Intervals Point Estimates

Low High Margin of Emor*
Adiwsls 03923 | 0.8967 0.2522 Best Estimate | 0.6667
Exact . 333 0.2929 Cue  [o7000 T3
see (03968 | |0.8922 0.2477 LeFlsce | 0.6667
waig 04160 | [0.9840 0.2840 sefieys | 0.6818
Using Alphs: .05 Wilson 06445

James R. Lewis & Jeff Sauro
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Example 2: Binomial confidence interval around success rate
From page(s): 26

Summary: You’ve observed 3/5 successes and want to compute a 95% adjusted-Wald
confidence interval to assess the precision of the estimated success rate.

Answer: The observed (maximum likelihood estimate) of p is .60 (60%), with an
adjusted-Wald binomial confidence interval ranging from .23 to .88. Given these
data, any success rate between 23% and 88% is plausible, with 95% confidence.

Excel solution
1. On the “CompRate Cl and Test” tab, enter 3 successes and 5 total.

2. Set the confidence level drop down to 95%.

A B C D E F G H
1
2 |
3 ﬂ W Confidence Interval and Test Around a Proportion
4
5 “ Required Fields 3
6
7 Enter Data® Results
8 Success” 3 Sample Proportion 0.600
9 Total = 5 1 Difference
10 Confidence Infervals
1 Benchmark | 1 Low High
12 - 22.9% ssi%
13
14
15 Confidence Level 5% ) 2 Recommended p-value
16
17 Exact p-value
18 Mid g value®
19 Mormal p-value

3. The 95% confidence interval ranges from about 23% to 88%.

R solution
Enter the following command (for 3 successes, 5 attempts, and a 95% confidence
interval):

ci.adjwald.fromsummary(3,5,.95)

James R. Lewis & Jeff Sauro
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The result is:
fdijusted p (Wil=on): 0.5565518
Margion ogf error: 0. 3274816
95% upper limit: 0.8840134
p (maximum likelihood): 0.6
895% lower limit: 0.2290802

Web solution
You can also solve this problem with the confidence interval calculator for a
completion rate at http://www.measuringu.com/wald.htm. Putting in the values for

3 successes out of 5 attempts with 95% confidence, you get:

Input Table Results Table

Passed Total Tested Confidence Intervals Point Estimates

3 3 Low High  Margin of Emor

Calculate

0.8840 0.3275 Best Estimate (0.5714

Adj. Wald 0,2291

9473 0.4003 MLE  0.6000

Scor= 0.2307 0.8824  0.3258 LePlsce  (.5714

o g wsld  0.1706 1.0294  0.4294 Jefeys  (.5833
Using Alpha: .05 Wilsan 0.3566

Likely Population Completion Rate

Unknown -

Example 3Confidence interval for a set of SUS scores
From page(s): 27-29

Summary: Compute a 95% confidence interval for the following SUS scores: 90, 77.5,
72.5, 95, 62.5,57.5, 100, 95, 95, 80, 82.5, 87.5

Answer: The mean SUS score is 82.9, with a 95% confidence interval ranging from
74.31t091.5.

James R. Lewis & Jeff Sauro
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Excel solution
1. Click on the Rating Scale Data link under the Confidence Intervals section on
the Home Tab.

w22

Get Started:  What Test Do | Use? or How my

Confidence Intervals C

Completion Rate

TaskTime

Eating Scale Data 1

Problem Freguency

- !|! \if

= e ] E S R e bl Bl i R Gl el i

2. Click the “Clear Values” button to delete values from the raw data column

(macros must be enabled).

'l Contents

2

3 - Confidence Interval and Test Around Raw Continucus data

4 ' Faste the Raw Data in the 1st Column--Eemove Non Mumenc Valuss

5 * Required Fislds

]

7 | Clear Values | Raw Data* Input

g a0 * Cenfidence Level u 4
g 2 77h

10 725 Test Mean [

1 3 a5

12 G625 Descnptive Stats

13 57.5 Mean 82.9
14 100 standard Deviation 13.5
15 95 n 12
16 95

17 a0

18 825

18 87.5

20

34

3. Enter the raw values in the Raw Data column.
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4. Set the confidence level to 95%.
5. The confidence interval appears in the Results section: 74.3 to 91.5.

6. The calculator generates a graph of the mean and confidence interval.

100.00 -
R 6
esulls 90.00 o
5 80.00 -
Lo High 70.00 4
Confidence Interval T433 21.51
60.00
Margin of Error 10% 50 00 4
40.00 ~
p-values
Population Mean = Test Mean 30.00 ~
Population Mean > Test Mean
Papulation Mean < Test Mean 20.00 +
10.00 1
Fower
0.00 -

R solution
Enter the following commands:

sus <- ¢(90,77.5,72.5,95,62.5,57.5,100,95,95,80,82.5,87.5)
ci.t.fromarray(sus,.95)

The first command uses the R function “c” to assign the array of scores to an R
variable named “sus”. The second uses a custom function that requires as input the
name of the variable and the confidence level (.95 for 95%). The result is:

RESULTS: 95% CCONFIDENCE INTEEVAL

pper limit: 91.50627
ean: £2.91667

Lower limit: 74.32706
Margin of error: E8.589605

James R. Lewis & Jeff Sauro
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Example 4Confidence interval for a summary of SUS scores
From page(s): 27-29

Summary: You have the following information computed from a set of SUS scores:
mean: 82.9; standard deviation: 13.5; sample size: 12. You want to know the
precision of the estimated mean with 95% confidence.

Answer: The 95% confidence interval ranges from 74.3 to 91.5.

Excel solution
1. Click on the Rating Scale Scores against a Criterion (Summary) link under the
Test a Mean or Proportion to Criterion section on the Home Tab.

4
5
6

L Test a Mean or Proportion to Criteron Sa
8

19

0 M Completion Bate against a Criterion

3

12

i3 w Tosk Time against a Criterion

4

i5

16 ﬁ Bating Scale Scores ggainst a Critericn

iT

18

19 W Bating Scale Scores against a Criterion (Summary] 1
10

H

12

13 Sample Data & Excercises

4

15 Exercise 1 Exercise 4

i

= T aim i - ) Casmmmim o

2. Enter the mean, standard deviation and sample size data into the Input fields.

3. Select the 95% level of confidence.
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Contents

1-3ample t-test and Confidence Interval Summary Data
Compars a sampls mean for Satisfaction Scores or other continuous data
* Regquired Fislds

Input
Sample Mean® 329
Sample 3tandard Deviation 13.3 2
Sample Size” 12
Test Mean ©
Confidence Lewvel 95 u

4. The confidence interval is in the Results section: 74.323 to 91.477.

5. The calculator also generates a graph of the mean and confidence interval.

uuug
900 | 5
Results
800 -
- 700 -
Low High
Confidence Interval 74323 91.477 60.0 -
500 -+
p-walues 4 400 -+
Mear = Test Mean
Mean > Test Mean 300 ~
Mean < Test Mean 200 -
Power 100
I, ¢ -

R solution
Enter the following command:

ci.t.fromsummary(82.9,13.5,12,.95)

This command needs the mean (82.9), the standard deviation (13.5), the sample size
(12) and the desired confidence (.95). The result is:

James R. Lewis & Jeff Sauro
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RESULTS: 95% CCHFIDEMNCE INTEERVAL

Upper limit: 91.47748
dean: 82.9
Lower limit: 74.3225]

Margin of error:
Standard error: 3.
Critical wvalue of t: 2.200898

Example 5Compute the standard error for a set of SUS scores
From page(s): 27

Summary: The standard error for a set of scores is the standard deviation divided by
the square root of the sample size. This is an important intermediate calculation for
many inferential statistics. Here, you want to know the standard error for the set of

SUS scores from Example 3.

Answer: The standard error is about 3.9.

Excel solution
1. Enter the values from Example 3 into the 1 Sample t tab.

2. Look in the Calculations Section to see the Standard Error (SE) of 3.9.

Calculations

R solution
Enter the following command:

James R. Lewis & Jeff Sauro
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se.fromarray(sus)

The result is:

5td deviation: 13.

Sample =size: 1
6tanda:d error: 5.9326L§]

Example 6Confidence interval from set ofikert responses
From page(s): 29

Summary: Fifteen users rated the ease of finding information about a mutual fund on
a financial services company website using a 7-point scale for which 1 was “very
difficult” and 7 was “very easy,” producing the following scores: 3,5, 3,7, 1, 6, 2, 5,
1,1,3,2,6,2,2. What is the mean and 95% confidence interval?

Answer: The mean is about 3.27, with a 95% confidence interval ranging from 2.15 to
4.38.

Excel solution
1. Click on the Rating Scale Data link under the Confidence Intervals section on
the Home Tab.

James R. Lewis & Jeff Sauro
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Chapter 3: How Precise Are Our Estimates? Confidence Intervals

v3.22

Get Started:  What Test Do | Use? or How m:

Confidence Intervals

Completion Rate

TaskTime

Rating Scale Data

Problem Freguency

2. Click the “Clear Values” button to delete values from the raw data column

(macros must be enabled).

Contents

Fasts the Raw Datain the 1st Column-—-Remove Non Numenc Values

. n Confidence Interval and Test Around Raw Continuous data

* Regquired Fislds
Clear Values | Raw Data*
2
3

| R S = R e R EE R & ) B L D T R R R N |

Input

* Confidence Level ﬂ 4
Test Benchmark :

Descriptive Stafs

Mean 3.3 5
Stondard Deviation 2.0
n 15

3. Enter the raw values in the Raw Data column.

4. Set the confidence level to 95%.

James R. Lewis & Jeff Sauro
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5. The mean (rounded to the tenths) is 3.3.
6. The 95 confidence interval appears in the Results section: 2.15 to 4.38.

7. The calculator generates a graph of the mean and confidence interval.

5.00 - 7
Results 450 A
6 4.00 - E
Lowr High 350 4
Confidence Interval 213 438
3.00 A
Margin of Error 34% 280 -
2.00 1
p-values
Population Mean = Test Mean 1.50 A
Population Mean » Test Mean 1.00
Population Mean < Test Mean ’
0.50 4
Power
0.00 -

R solution
Enter the following commands:

responses <-c¢(3,5,3,7,1,6,2,5,1,1, 3, 2,6, 2, 2)
ci.t.fromarray(responses,.95)

The first command assigns the array of scores to a variable named “responses.” The
second command takes as input the name of that variable and the desired level of
confidence (.95 for 95%). The result is:

RESULTS: 55% CONFIDENCE INTERVAL

pper limit: 4.383421
3.266687
2.1459512
1.11&6755

2an:

ower limit:

Margin of error:

James R. Lewis & Jeff Sauro
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Example 7Confidence interval from summary of Likert responses
From page(s): 29

Summary: Suppose instead of having a full set of scores, you only know the mean

(3.27), standard deviation (2.01), and sample size (15). This is all the information you

need to compute a 95% confidence interval.

Answer: This is the same as the previous example. The 95% confidence interval
ranges from about 2.15 to 4.38.

Excel solution

1. From the 1 Sample t (Summary) tab (used in previous examples) enter the

1
2
3
4
5
G
¥
b
g

0
1
12
13
14
15
|6

summary data:

Confents

“ 1-Sample t-test and Confidence Interval Summary Data

Compare a sampls mean for Satisfaction Scores or other conting

* Required Fislds

Input

Sample Mean™
Sample Standard Deviation

Sample Size”

Test Mean ™

3.27
201

Confidence Level

35

James R. Lewis & Jeff Sauro
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50 3
45
Results
40
_— 35
Low High
Confidence Interval 2,157 4.383 3.0
25
p-values 2 2.0
Mear = Test Mean
Mean > Test Mean 13
Mean <Test Mean 10
Power 05
I ¢

2. The 95 confidence interval appears in the Results section: 2.15 to 4.38 (Note
the difference from Example 6 is due to round-off differences using summary
data rather than the raw values).

3. The calculator generates a graph of the mean and confidence interval.

R solution
Enter the following command:

ci.t.fromsummary(3.27,2.01,15,.95)

The result is:

RESULTS: 595% CCMFIDENCE INTEERVAL

pper limit: 4.383101
ean: 3.27

. 7 =]

Margin of error: 1.113101
Standard error: 0.51887588
Critical walue of t: 2.144787

Example 8Mean and median of a set of times
From page(s): 30

Summary: What are the mean and median of 100, 101, 102, 103, and 104?

James R. Lewis & Jeff Sauro
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Answer: Unlike many distributions of completion times, this hypothetical one is
symmetrical (not skewed). The mean and median are the same —102.

Excel solution
1. Click on the Task Time link under the Confidence Intervals section on the
Home Tab.

Get Started:  What Test Do | Use? or How m

Confidence Intervals C

Completion Rate

TaskTime 1

Rating Scale Data

ENEE

Problem Freguency

DA = ] T S T R = e i Bl i B Gl B e

2. Clear out any previous values using the Clear Values button (macros must be
enabled) and enter values in the “Raw Time Data” column.

3. The median appears along with the Arithmetic mean and Geometric means.

James R. Lewis & Jeff Sauro
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Contents

1

2

3 Confidence Interval and Test Around Raw Task Times

4 - Faste the Raw Task Time in the 1st Column-—-Eemove Non Numeric Valuss—-Calol

5 * Required Fialds

3

T | ClearValues Raw Time Data® Input

2 100 * Confidence Lews! | 983 u

9 2 101

10 102 Benchmark [

11 103

12 104

13 Descriptive Stafs

14 Gecmetric Mean 102.0

15 Aritmetic Mean 102.0

16 Median 3 102.0

1 Standard Ceviation 1.6

18 r 5
R solution

Enter the following standard R commands:
times <- ¢(100,101,102,103,104)
mean(times)
median(times)

The result is:

o -

> times <- c(100,101,102,103,104
> mean(times)

[1]

> median(times)

[1]

Example 9Mean and median of a set of times
From page(s): 30

Summary: What are the mean and median of 100, 101, 102, 103, 104, and 2007

James R. Lewis & Jeff Sauro
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Answer: With the addition of 200 to the hypothetical set of times the distribution is
no longer symmetrical, so the mean and median are no longer equal. The median
increases slightly to 102.5. The additional time has a greater effect on the mean,
increasing it to 118.3.

Excel solution
1. From the “Time Cl and Test” tab used in the previous example, clear out any
values using the Clear Values button (macros must be enabled) and enter
values in the “Raw Time Data” column.

2. The mean and median appear in the Descriptive Stats section.

A B C D E F
' Contents
2 2
3 @ {., Confidence Interval and Test Around Raw Task Times
< = Faste the Raw Task Time in the 1st Column—-Remove Nan Numeric Values—-Calol
5 * Required Fields
6
7 | ClearValues Row Time Data® Input
8 100 * Confidence Lewsl | 99X u
9 101
10 1 102 Benchmare [
11 103
12 104
13 200 Descriptive 3tafs
14 Geometic Mean 4.1
15 Aritmetic Mean 8.3
16 Median 1025
17 Standard Deviation 40.0
18 n 2 &
19
20 Best Estimate of Middle 1141

21

R solution
Enter the following standard R commands:

times <- ¢(100,101,102,103,104,200)
mean(times)
median(times)

The result is:

James R. Lewis & Jeff Sauro
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> Times «<- c(100,101,102,103,104, 200

> median (times)

Example 10Computing log times and the geometric mean
From page(s): 31

Summary: Convert the following set of completion times (in seconds) to log-times
and compute their geometric mean: 94, 95, 96, 113, 121, 132, 190, 193, 255, and
298.

Answer: The natural logs of the times (rounded to two decimal places) are 4.54, 4.55,
4.56,4.73, 4.80, 4.88, 5.25, 5.26, 5.54, and 5.70. The mean of the log-times is 4.98.
Exponentiating that value provides the geometric mean, about 146 seconds. Recent
research (Sauro & Lewis, 2010) has shown that for smaller sample sizes (n < 25), the
geometric mean is the best measure of central tendency for completion times,
providing a better estimate of the population median than the sample median itself.

Excel solution
1. From the “Time Cl and Test” tab used in the previous example, clear out any
values using the Clear Values button (macros must be enabled) and enter
values in the “Raw Time Data” column.

2. The Geometric mean appears in the Descriptive Stats section.

James R. Lewis & Jeff Sauro
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W Contents

2 -

3 @ Confidence Interval and Test Around Raw Task Times

4 — Paste the Raw Task Time in the 151 Column-—-Remave Non Numeric Values—-Calculatior
g * Reguired Fieids

6

7 | ClearValues Raw Time Data™ Input

8 G4 * Confidence Lewvel | 954 ﬂ

9 95

10 1 95 Benchmark [ ]

11 113

12 121

13 132 Descriptive Stafs

14 190 Geometric Mean 1457
15 193 Aritmetic Mean 1587
16 255 Median 2 126.5
17 258 Standard Deviation 724
18 n 10
19

20 Best Estimate of Middls 1457

21

x
R solution

Enter the following standard R commands:
raw <- c(94,95,96,113,121,132,190,193,255,298)
lograw <- log(raw)
lograw
logmean <- mean(lograw)
logmean
geomean <- exp(logmean)
geomean

For this exercise we use a series of standard R functions. The first command assigns
the array of time scores into a variable named “raw.” The second uses the standard
R function “log” to assign the log-times to a variable named “lograw.” Typing
“lograw” displays the new array of log-times. The next command assigns the mean
of the “lograw” array to a variable named “logmean.” The sixth command assigns

James R. Lewis & Jeff Sauro
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the exponentiation of “logmean” to a variable named “geomean.” Finally, typing

“geomean” displays its value. The results are:

> raw <—- o©(94,95,96,113,121,132,190,133,

> lograw <- log{raw)

> logray

f'_: 4.543295 4.553877 4.564348 4.727388 4.795791 4.882802 5.247024 5.26269:']
2] S5.541264 5.627093

Example 11Computing the mearand median of a set of raw times
From page(s): 31

Summary: Compute the mean and median of the completion times from Example 10.

Answer: The mean is about 159 seconds; the median is about 127.

Excel solution
1. Using the same values from Exercise 10, the mean and median are in the

Descriptive Stats section along with the geometric mean.

James R. Lewis & Jeff Sauro
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94
95

113
121
132
190
193
255
298

C D E F

Confidence Interval and Test Around Raw Task Times

Paste the Raw Task Time in the Ist Column--Remove Non Numeric Values--Calculatior

Input :
* Confidence Leve! |9%5% 7[2]

Benchmark [:

G

Contents R

Descriptive Stats

Geometric Mean 9S.7
Aritmetic Mean 158.7
Medion 1 126.5
Stondaord Deviation 72.4
n 10
Best Estimate of Middie 1457

Enter the following standard R commands (assuming you’ve already done Exercise

A B
1
2
3
4
S * Required Fields
6
7 | ClearValues | Raw Time Data®
8
9
10
11
12
13
14
15
16
17
18
19
20
21
2
R solution
10):
mean(raw)
median(raw)
The result is:
> mean|raw)
L CED)
> median (raw)
2
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Example 12Computing logtime mean and standard deviation

From page(s): 32

Summary: Continuing to work with the data from Example 10, what are the mean,

standard deviation, and sample size of the log times?

Answer: The mean of the log-times is 4.98. The standard deviation is .426. The

sample size is 10.

Excel solution

1. Using the data from Exercise 10, the mean and standard deviation of the log-

times are in the calculations section as “Transformed Mean” and

“Transformed SD.”

Calculations
£l
Transformed Test Walue
Transformed SO

1 [|Transformed Mean

Uszing Difference
SEn

F e E LA
Marain

Lo

High

0.05

0
0425321676
4951557144
435156
013455526
2. 262137135
0. 304656012
107 4334073
137.5336731

2. The sample size is in the Descriptive statistics section.

A B
1
2
3
4
5 * Required Fields
6
7 | ClearValues Raw Time Data”
8 94
9 95
10 96
1 113
12 121
13 132
14 190
15 193
16 255
17 298

C D E E G

Gonient; R

$ = Confidence Interval and Test Around Raw Task Times

Paste the Raw Task Time in the Ist Column--Remove Non Numeric Values--Calculatior

Input
* Confidence Leve! |95% E]
Benchmark [:
Descriptive Stats
Geometric Mean 9s.7
Aritmetic Mean 158.7
Median 126.5
Stondord Deviation 724 2
n 10
Best Estimate of Middie 145.7
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R solution
Enter the following command:

compute.logsummary.fromarray(raw,0)

This custom R function needs two inputs: the name of the array of raw times (“raw”
— from Example 10) and a value to use for the log critical difference — not needed for
this exercise, so the value is 0. Don’t worry about that second value for now, but it
will be important in later exercises, and you have to put something there for the
function to work. The result is:

RESULTS

Arithmetic mean: 158.7
Median: 126.5

Geometric Mean: 145_7011

Mean of log data:

Standard deviation of log data:

Variance of log data: 0.18140%53

Standard error of the mean of the log data: 0.13468E83
Sample size:

Value to use for log critical difference: 0O

Example 13Confidence interval of log times from summary
From page(s): 32

Summary: You can compute a 95% confidence interval for the times provided in
Exercise 10 using the summary data from Example 12.

Answer: The 95% confidence interval for the log-times ranges from about 4.68 to
5.29.
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Excel solution

RS QRS R L S R — Y
m#wm_kgtﬂmﬂmﬂ'l-ﬁ-wm-k

1. Click on the “Rating Scale Scores against a Criterion (Summary) link under the
Test a Mean or Proportion to Criterion heading.

Test a Mean or Proportion to Criteron

Completion Baote against a Criterion

' TaskTime against a Iéri’re-ricr.

. Eating Scale Scores ggainst a Criterion

' Eating Scale Scores ggainst a Criterion (Summary)

2. Enter the Mean (4.98), standard deviation (.426) and sample size (10) in the

input section.

A B C D

Contents

1-Sample t-test and Confidence Interval Summary Data
Compars a sample mean for Satisfaction Scores or other confinuc

* Reguired Fislds

Input

Sample Mean™
Sample Standard Deviation

Sample Size”

Test Benchmark =

498
0.424

10

Confidence Lewvel 95

3. Set the confidence level to 95%.
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Results

Low High
Confidence Interval 4,675 5.285

4. The confidence interval is in the Results section (4.675 to 5.285).

R solution
Enter the following command:

ci.t.fromsummary(4.98,.426,10,.95)

The first value is the mean, the second is the standard deviation, the third is the
sample size, and the fourth is the desired level of confidence (.95 for 95%). The

result is:

RESULTS: 95% CONFIDENCE INTERVAL

Upper limit: {5.284742

Mean: 4.98

Lower limit:

Margin of error: 0.3047420
Standard error: 0.1347130
Critical walue of t: 2.262157

Example 14Confidence interval of times after log conversion
From page(s): 32

Summary: Continuing from Example 13, it isn’t very useful to know the confidence
interval of the log-times — you really need to convert those log-times back to times.

Answer: Using exponentiation, the upper and lower bounds of the 95% confidence
interval of log-times from Example 13 are, respectively, about 108 and 198 seconds.
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Excel solution
1. Note: The calculator does not provide summary log intervals. You can get
around this by entering the raw data from Exercise 10.

2. The confidence intervals along with a graph are in the Results section.

Results
Average Time 14570 200 A
Cifference (Sample Mean - Test Mean)

Loww High 50 A
Confidence Interval 107.43 197.40
Margin of Ercr <k
100
I I p-values

L)
Fopulation Mean = Test Mean
Fopulation Mean < Test Mean:

50

Population Mean > Test Mean:

Power

o -

R solution
Enter the following command (note that we are still using the variable “raw” created
in Exercise 10 and using .95 to specify 95% confidence):

ci.t.fromarray.withlogconversion(raw,.95)

The result is:

RESULTS: 95% CONFIDENCE INTERVAL

Arithmetic mean: 158.7
Median: 126.5

Upper limit:
Geometric Mean: 145.7011

Lower limit:{107.4334

Critical wvalue of t: 2.262157

James R. Lewis & Jeff Sauro
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Example 15Converting raw times to log times
From page(s): 32

Summary: This is another example of converting raw times to log times, using the
following raw times (in seconds): 40, 36, 53, 56, 110, 48, 34, 44, 30, 40, and 80.

Answer: The log-times (rounded to three decimal places) are 3.689, 3.584, 3.970,
4.025, 4.700, 3.871, 3.526, 3.784, 3.401, 3.689, and 4.382.

Excel solution

1.

From the “Time Cl and Test” tab as used in the previous examples, clear out

any values using the Clear Values button (macros must be enabled) and enter

values in the “Raw Time Data” column.

Conienis

@ m Confidence Interval and Test Around Raw Task Times

Faste the Eaw Task Time in the 1st Column--Eemave Nan Numeric Values--Caicl

* Required Fields

Clear Values Raw Time Data®

a0

56
110
48
34
44
30
40
80

I I

P | T et | ] R | M| R | e
p—

The log values are in column N which is normally hidden to prevent accidental

Input
* Confidence Lewvel
Benchmark :
Descripfive 3tafs
Geometric Mean 452
Aritmetic Mean 513
Median d4d.0
Standard Dewiaticn 237
n 1
Best Estimate of Middle 45.2

overwrites. By un-hiding the column you can see the log values.

James R. Lewis & Jeff Sauro
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measuringusability.com

Ln|Data) DO NOT EDIT
3.689
2.564
3.970
4025
4.700
2.871
3.526
2.754
3.401
3.689
4.382

R solution
Enter the following standard R commands:

raw?2 <- ¢(40,36,53,56,110,48,34,44,30,40,80)
lograw?2 <- log(raw?2)
lograw?

See Example 10 for an explanation of the commands. The result is:

> raw? <- c(40,36,53,56,110,48,34,44,30,40,30)
> lograw2 <- log(raw2)
> lograwd

[1] 3.688879 3.58351% 3.570252 4.025352 4.700480 3.871201 3.52636l1 3.784150
[9] 3.401187 3.68B8875 4.382027

Example 16Computing log time mean and standard deviation
From page(s): 32

Summary: What are the mean, standard deviation, and sample size of the log-times
from Example 15?

James R. Lewis & Jeff Sauro
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Answer: The mean is about 3.87. The standard deviation is about .384. The sample

sizeis 11.

Excel solution

1. Assuming the values from Example 15 are still in the “Time Cl and Test” tab,
the mean and standard deviation of the log values are in the Calculations
section as the “Transformed Mean” and “Transformed SD” respectively.

Calculations
i 0.05
Transformed Test Walue 0 Descriptive Stafs
Transformed S0 0. 334541504 1 Geometic Mean 45z
Transformed Mean 3.8Td4TER4E Adtmetic Mean 513
Using Difference 3.87475 Median 4.0
SEas 0115943626 Standard Dewviation 237 2
P vaas 2 228138842 n 1
Margin 0. 258335495
Low 3T.2047517R Best Estimate of Middle 482

High B2 37037513

2. The sample size is in the Descriptive Stats section.

R solution
Enter the following command:

compute.logsummary.fromarray(raw2,0)

We're continuing to use the variable “raw2” from Exercise 15 and using 0 as a
placeholder for the second value (not needed for this problem — see Example 12).

The result is:

RESULTS

Erithmetic mean: 51.309%90%9

Median: 44

Geometric Mean: 48.17121

Mean of 1log data:

Standard deviation of log data:

Variance of log data: 0.1478722

Standard error of the mean of the log data: 0.115943¢6
Sample size:

Value to use for log critical difference: 0O

James R. Lewis & Jeff Sauro
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Example 17Confidence interval of log times from summary
From page(s): 33

Summary: Compute a 95% confidence interval for the completion times from
Example 15.

Answer: The confidence interval of the log-times ranges from about 3.62 to 4.13.
Converted back to times, the confidence interval ranges from about 37 to 62
seconds.

Excelsolution
1. Assuming the values from Example 15 are still in the “Time Cl and Test” tab,
the confidence intervals and graph appear in the Results section.

e FEIormMSaa an Log Iransiormeda vaives 1or d3Qmpies LESs Inan £3 -
60 A
Results
Average Time 4317
Difference (Sample Mean - Test Mean) 30 1
Lo High 1 40
Confidence Interval 3720 6237
flargin of Eror 28R 30 -
p-values
Fopulation Mean = Test Mean 20 1
Fopulation Mean < Test Mean:
Fopulation Mean : Test Mean: 10 4
Power
0 -

R solution
First enter the following command to get the confidence interval of log-times:

ci.t.fromsummary(3.87,.384,11,.95)

With the result:

James R. Lewis & Jeff Sauro
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RESULTS: 95% CONFIDENCE INTERVAL
Upper limit:

Mean: 3.87

Lower limit m

Margin of error: 0.25379747
Standard error: 0.1157804

Critical wvalue of t: 2.22813%

Then enter the following command to get the confidence interval of times (still using

the variable “raw2” from Exercise 15):

ci.t.fromarray.withlogconversion(raw?2,.95)

With the result:

Median: 44
Upper limit:

Critical walue of t:

Arithmetic mean: 51.9030%

Geometric Mean: 48.17121

Example 18Confidence interval around median task time

From page(s): 34

Summary: When sample sizes are larger (n > 25), the median time becomes a better
measure of central tendency than the geometric mean (Sauro & Lewis, 2010). What
is the 95% confidence interval around the median for the following times (in
seconds): 167, 124, 85, 136, 110, 330, 76, 57, 173, 76, 158, 77, 65, 80, 95, 96, 100,
122,115,152, 136, 317, 120, 186, 109, 116,248, 96, 137, and 149?

Answer: The median is 118 seconds with a 95% confidence interval ranging from 96-

137 seconds.

James R. Lewis & Jeff Sauro
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Excel solution

1. From the “Time Cl and Test” tab used in the previous examples, clear out any
values using the Clear Values button (macros must be enabled) and enter

values in the “Raw Time Data” column.

2. Set the confidence level drop down to 95%.

ClearValues |

1

* Required Fieids

Raw Time Data®

167

124
85
136
110
330
[
a7
173
[
158
T
63
i
95

100
122
115
152
136
nT
120
186
105
116
248

137
145

Confidence Interval and Test Around Raw Tazk Times
Faste the Raw Task Time in the 1sT Calumn--Remove Non Numeric Values-—-Cai

Q™| NN || LM =000~ NN LI M= 0000~ ML= 2™ | ™

Transformed Mean

zing Difference
==y 11

4. 80125143
4.8301355

0 aFTTedc A4

James R. Lewis & Jeff Sauro

Input
* Confidence Lewel | 35X u
2
Benchmark ]
Descriptive 31afs
Geometric Mean 1217
Aritmeatic Mean 133.6
Median E.0
Standard Deviaticn G627
n a0
Best Esfimate of Middie 1180
How to Report
We can be FTER
We can be FE0%
We can be FE0%
ThersisQ M Test Value ¢
ThersisQ M Test Value ¢
Calculations
ETCE) 0.05
Transformed Test Value ]
Transformed S0 0.4223905576
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3. The 95% confidence interval around the median is in the Results section (both
numeric and graphical forms).

b b i et ALy fe RS ALEAR SR LA AR L Benr s s SR e s A
140
Results

Average Time 11800 120 -

Cifference (Sample Mean - Test Mean)
_ 100

Lo High 3
Confidence Interval 24.00 137.00
80
Vlargin of Bro 7%
60 1
p-values

Fopulation Mean = Test Mean 40 -

Fopulation Mean < Test Mean:

Fopulation Mean » Test Mean:
20 +

Power
0 -

R solution
Enter the following commands:

raw3 <- c(167, 124, 85, 136, 110, 330, 76, 57, 173, 76, 158, 77, 65, 80, 95, 96,
100, 122, 115, 152, 136, 317, 120, 186, 109, 116, 248, 96, 137, 149)

ci.median.fromarray(raw3,.95)

The first standard R command puts the times in a variable named “raw3.” The
second custom command takes as input the variable name for the array of times and
the desired level of confidence (.95 for 95%). The result is:

RESULTS: 95% CCONFIDENCE INTERVAL

edian: 118

pper limit: 137
Lower limit: 96

James R. Lewis & Jeff Sauro
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Example 19Confidence interval around median task time
From page(s): 35

Summary: This is another example of computing a confidence interval around a
median of a set of completion times with n > 25. What is the 95% confidence
interval around the median for the following times (in seconds): 82, 96, 100, 104,
105,110,111, 117,118,118, 118, 127, 132, 133, 134, 134, 139, 141, 141, 150, 161,
178, 201, 201, 211, 223, and 2567

Answer: The median is 133 seconds with a 95% confidence interval ranging from 118-
141 seconds.

Excel solution
1. From the “Time Cl and Test” tab used in the previous examples, clear out any
values using the Clear Values button (macros must be enabled) and enter the
26 values in the “Raw Time Data” column.

2. Set the confidence level drop down to 95%.

James R. Lewis & Jeff Sauro
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'l Contents

2

3 . . Confidence Interval and Test Around Raw Tazk Times

4 Paste the Faw Task Time in the 15T Column-—-Ramove Non Numeric Values--C
1 * Required Fields

]
7 | ClearValues Raw Time Data® Input
3

on

8z * Confidence Lewsl | 983 u

9 1 96 2

10 100 Benchmark [

11 104

12 105

13 110 Descriptive Stafs

14 111 Geometric Mean 1375
15 17 Aritmetic Mean 32
16 118 Median 1335
17 118 Standard Dewviaticn 436
12 127 n 26
19 132
20 133 Best Esfimate of Middle 133.5
21 134
22 134
23 139
24 141 We can be ?75R
25 141 We can be 75.0%
26 150 We can be 75.0%
2T 161
28 178 Thersisa Mo Test Value
20 201 Thersisa Mo Test Value
30 2
3 21
32 223 Calculations
33 256 Aha 0.05
34 Transformed Test Walus 0
a5 Trarcfarmad S0 n #RAPFERT

3. The 95% confidence interval around the median is in the Results section (both
numeric and graphical forms).

James R. Lewis & Jeff Sauro
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i are Femormea an Log (ransiormea vaives ror JQImMpies LESS INan £3 ror
140 ~
Resulis
Average Time 133.50 135 -
Difference (3ample Mean - Test Mean) 3
. 130
Low High
Confidence Interval 118.00 141.00
125
C of Brror %
120
p-values
Fopulation Mean = Test Mean 115 A
Fopulation Mean < Test Mean:
Fopulation Mean > Test Mean:
110 A
Power
105 -

R solution
Enter the following commands:

raw4 <- c¢(82, 96, 100, 104, 105, 110, 111, 117,118, 118, 118, 127, 132, 133,
134,134,139, 141, 141, 150, 161, 178, 201, 201, 211, 223, 256)

ci.median.fromarray(raw4,.95)

The first standard R command puts the times in a variable named “raw4.” The
second custom command takes as input the variable name for the array of times and
the desired level of confidence (.95 for 95%). The result is:

RESULTS: 3953% CONFIDENCE INIERVAL

pper limit: 141
edian: 133
Lower limit: 118

James R. Lewis & Jeff Sauro
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Exercise 1Confidence interval for completion rate
From page(s): 37

Problem: Find the 95% confidence interval around the completion rate from a
sample of 12 users where 10 completed the task successfully.

Answer: The 95% adjusted-Wald confidence interval ranges from about 54.0 to
96.5%.

Excel solution
1. Click on the Completion Rate link under the Confidence Intervals section on
the Home Tab.

Get Started:  What Test Do | Use? or How m:

LT=Ti = =R B = AR R S S B L6 D

Confidence Intervals C

Completion Rate 1

Task Time

Rating Scale Data

=k
%]

Problem Freguency

2. Enter 10 Success and 12 Total in the Enter Data section.

3. Set the confidence level to 95%.

James R. Lewis & Jeff Sauro
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Contents

* Required Fislds

Enter Data*
Success” 10
Total ® 12 2
Benchmark I:
Confidence Level 3= u

Y [ 0] [P [ () Y T (Y QY Y Y
S| o |~ | B | R 2| | @) 00| = N ) L2 P

. . Confidence Interval and Test Around a Completion Rah

4. The 95% confidence interval (along with a graph) is in the Results section.

IJU¥0
90%
Results 80%
Sample Proportion 0.833 T0%
Difference
Confidence Intfern-als 60%
Low High 4 50%
34.0% FE60%
Margin of Error 21.3% 40%
Recommended p-value 30%
20%
Exoct p-value
Mid p value® 10%
Mormal p-value 0%
R solution

Enter the following command:
ci.adjwald.fromsummary(10,12,.95)

The result is:

James R. Lewis & Jeff Sauro
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RESULTS

Adjusted p (Wil=on) :
Margin of error:

95% upper limit:
p (maximaom likelihood) :
95% lower limit:

Web solution

You can also solve this problem with the confidence interval calculator for a
completion rate at http://www.measuringu.com/wald.htm. Putting in the values for
10 successes out of 12 attempts with 95% confidence, you get:

Input Table Results Table
Passed  Total Tested Confidence Intervals Point Estimates
10 12 Low High Margin of Emor®
sswasf(05400 | Jo9eso || (02125 Best Estimate |0.7857
Exee 05159 | |0.9791 02316 me  0.8333
Score 0.5520 0.9530 0.2005 LaFlace 0.7857
Confidencs Leval:| S2% v weis 06225 | [10442 | [02109 Jetreys 08077
Using Alpha:| .05 Wilson 0.7525
Likely Population Completion Rate
Unknawn v

Exercise 2Confidence interval for median task time (small sample)
From page(s): 37

Problem: What is the 95% confidence interval around the median for the following
12 task times: 198, 220, 136, 162, 143, 130, 199, 99, 136, 188, and 1997

Answer: The log-times are 5.288, 5.394, 4.913, 5.088, 4.963, 4.868, 5.293, 4.595,
4.913,5.236, and 5.293. Because the sample size is less than 25, use the geometric
mean as a proxy for the median. The geometric mean is 160.24 seconds. The 95%
confidence interval around the geometric mean ranges from 136 to 189 seconds.

James R. Lewis & Jeff Sauro
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Excel solution
1. Click on the Task Time link under the Confidence Intervals section on the
Home Tab.

w22

Get Started:  What Test Do | Use? or How my

Confidence Intervals C

Completion Rate

H TaskTime 1

H Eating Scale Data

n Problem Freguency

= e ] E S R e bl Bl i R Gl el i

2. Clear out any values using the Clear Values button (macros must be enabled)
and enter values in the “Raw Time Data” column.

3. Set the confidence level drop down to 95%.

A B C D E E
' Contents
2
3 m Confidence Interval and Test Around Raw Task Times
4 FPaste the Raw Task Time in the 1st Column--Remove Non Humeric Values--Calculat
5 * Required Fields
(3
T | Clearvalues Raw Time Data® Input
g8 198 * Confidence Lewel |39 3
9 2 220
10 135 Benchmark ]
11 162
12 142
13 130 Descriptive Stats
14 199 Geometric Mean 1602
15 59 Aritmetic Mean 164 5
16 136 Median 162.0
1F 188 Standard Dewviation 35.4
18 199 n il
19
20 Bect Estimote of Middie 160.2
|

]
a

James R. Lewis & Jeff Sauro
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4. The confidence interval appears along with a graph in the Results section.

180 ~
Results
160
Average Time 18024
Cifference [Sample Mean - Test Mean) 140
Lo High 120
Confidence Interval 135.7% 18807
100 ~
a of Brc 17%
80 -
p-values 60 -
Fopulation Mean = Test Mean
Fopulation Mean < Test Mean: A0 4
Fopulation Mean > Test Mean:
20 +
Power
0 -

R solution
Enter the following commands:

raw5 <- ¢(198,220,136,162,143,130,199,99,136,188,199)
lograw5 <- log(raw5)

lograw5

compute.logsummary.fromarray(raw5,0)
ci.t.fromsummary(5.08,.246,11,.95)
ci.t.fromarray.withlogconversion(raw5,.95)

In addition to showing the answer to the problem, these commands show many of
the intermediate computational steps, with the answers circled. The result is:

James R. Lewis & Jeff Sauro
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75 <- c(198,220,136,162,143,130,199,99,136,188,199)

43 <— log(rawi)

I
L
I8
I
o

>

>

> 0

[?l: 5.288267 5.393628 4.912655 5.087596 4.962845 4.867534 5.293305 4.555120 ]
>

[9] 4.912655 5.236442 5.293305
compute, logsumnnary. fromarray (raws

o
[

RESULTS

Arithmetic mean: 164.5455
Median: 162

Geometric Mean: 160.2393
Mean of log data: 5.076668

Standard dewviation of log data: 0.2464
Variance of log data: 0.06071235

Standard error of the mean of the log data:
Sample =ize: 11

Value to u=se for log critical difference: 0

0.07429239

> ci.t.fromsummary (5.08, .246,11, .95)
RESULTS: 95% CONFIDENCE INTERVAL

Upper limit: 5.245265
Mean: 5.08

Lower limit: 4.914735
Margin of error: 0.1652650
Standard error: 0.07417173

Critical wvalue of t: 2.22813%9

> ci.t.fromarray.withlogconverzsion(raws, .253)
RESULTS: 95% CONFIDENCE INTERVAL

Arithmetic mean: 164.5455

Median: 162

pper limit: 189.0860

Geometric Mean: 160.2393

ower limit: ;35.7934
Critical walue of t:

2.228138

James R. Lewis & Jeff Sauro
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Exercise 3Confidence interval for median taskme (large sample)
From page(s): 37

Problem: What is the 90% confidence interval around the median time for the
following 32 task times:

251 21 60
108 43 34
27 47 48
18 15 219
195 37 338
82 46 78
222 107 117
38 19 62
81 178 40
181 95 52
140 130

Answer: Because the sample size is greater than 25, compute a confidence interval
around the actual median. The sample median is 70 seconds, with a 90% confidence
interval ranging from 47 to 107 seconds.

Excel solution
1. From the “Time Cl and Test” tab, clear out any values using the Clear Values
button (macros must be enabled) and enter values in the “Raw Time Data”
column.

2. Set the confidence level drop down to 90%.

James R. Lewis & Jeff Sauro
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Contents

Confidence Interval and Test Around Raw Task Times

FPaste The Raw Task Time in the 15T Column--Remave Non Numeric Values--Caic

* Required Fields

Clear Values Raw Time Data®

1 108

Input
* Confidence Lews! | 90 u
2
Benchmoark ]
Descriptive Stafs
Geometric Mean TO.7
Aritmetic Mean b il
Median TO.0
Standard Deviation a0
n 32
Best Estimate of Middle 700

3. The confidence interval and graph are in the Results section.

Results
Average Time 70.00
Cifference (3ample Mean - Test Mean)

Lowwy

Confidence Interval 47 00

Margin of Bror 43%

Fopulation Mean = Test Mean

Fopulation Mean < Test Mean:

Fopulation Mean : Test Mean:

Power

100 A
80 1
High 3
107.00

60 -

p-values 40 4
20 -

n 4

James R. Lewis & Jeff Sauro
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Rsolution
Enter the following commands:

rawé <- c(251, 108, 27, 18, 195, 82, 222, 38, 81, 181, 140, 21, 43,47, 15, 37,
46, 107, 19, 178, 95, 130, 60, 34, 48, 219, 338, 78, 117, 62, 40, 52)

ci.median.fromarray(rawe,.9)

The first command gets the data into a variable named “raw6.” The second
command takes as input the variable name and the desired level of confidence (.9 for

90%). The result is:

RESULTS: 90% CONWNFIDENCE INTERVAL

I'I::Tpper limit: 107 b
Median: 7O
L'_cwer limit: 47

Exercise 4Confidence interval for SUS scores
From page(s): 37

Problem: Find the 95% confidence interval around the average SUS score for the
following fifteen scores from a test of an automotive website: 70, 50, 67.5, 35, 27.5,

50, 30, 37.5, 65, 45, 82.5, 80, 47.5, 32.5, and 65.

Answer: The mean and standard deviation are, respectively, 52.3 and 18.2. The 95%

confidence interval ranges from 42.2 to 62.4.

Excel solution
1. Click on the Rating Scale Data link under the Confidence Intervals section on

the Home Tab.

James R. Lewis & Jeff Sauro
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v3.22

Get Started:  What Test Do | Use? or How m:

Confidence Intervals

u Completion Rate

H TaskTime

n Rating Scale Data

. Problem Freguency

2. Clear out any values using the Clear Values button (macros must be enabled)

and enter values in the “Raw Time Data” column.

3. Select a 95% confidence level.

Contents

n ' Confidence Interval and Test Around Raw Continuocus data

Faste the Raw Datain the 1st Column-—-Eemaowve Non Numenc Valuss

* Required Fields

Clear Values Raw Data™

70

50
67.5
35
275

50
a0

375
65
45

82.5

475

325
65

Input

* Confidence Lewvel | 95K

Test Benchmark 1 3

Descriptive Stats

Mean 80.34
Standard Deviation 17.18
n 14

James R. Lewis & Jeff Sauro
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4. The confidence interval and graph are in the Results section.

70.00
Results
G0.00
LI:W High 50.00 A
Confidence Interval 422 £2.43
40.00 1
Margin of Errcr 19% 4
30.00 A
p-values
Population Mean = Test Mean 20.00 +
Population Mean > Test Mean
Population Mean < Test Mean 10.00
Power 000 4

R solution
Enter the following commands:

sus2 <- ¢(70,50,67.5,35,27.5,50,30,37.5,65,45,82.5,80,47.5,32.5,65)
ci.t.fromarray(sus2,.95)

The result is:

RESULTS: 95% CONFIDENCE INTERVAL

ean: 52.33333
ower limit: 42.23445
Margin of error: 10.09888

pper limit: 52.43221]

James R. Lewis & Jeff Sauro
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Exercise 5Confidence interval for problem occurrence rate
From page(s): 37
Problem: With 90% confidence, if 2 out of 8 users experience a problem with a

registration element in a web-form, what percent of all users could plausibly
encounter the problem should it go uncorrected?

Answer: The 90% adjusted-Wald binary confidence interval ranges from 8.0 to 54.6%.

Excel solution
1. Click on the Problem Frequency link under the Confidence Intervals section on

the Home Tab.

Get Started:  What Test Do | Use? or How m:

LT=Ti = =R B = AR R S S B L6 D

Confidence Intervals C

Completion Rate
Task Time

Rating Scale Data

=k
%]

Problem Freguency 1

1. Clear out any values using the Clear Values button (macros must be enabled)
and enter values in the “Raw Time Data” column.

2. Select a 90% Confidence Level.

3. Enter 2 users Encountering the Problem and 8 Total Users Tested.

James R. Lewis & Jeff Sauro
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A B

4. The confidence interval is in the

Results
-
Probability
Confidence [ntervals
Low High
8.0% 54 6%
R solution

Enter the following command:

ci.adjwald.fromsummary(2,8,.9)

C O

-1
2 Estimating a Problem's Impact on all Users from a Sz
3 Enter the number of users who enocuntered the problem, the fota
4 *Required Fields
5
i Input
T Humber of Users Encountering Problem * 2 3
3 Total Users Tested * &

|
g Test Percentage
10 .
11 Confidence Level 30 n 2
12

Results section.

The result is:

RESULTS

Adjusted p (Wilson): 0.313180%8
Margin of error: 0.2331534
90% upper limit: 0.5463343
p (maximuom likelihood): ©0.25

90% lower limit: 0.08002752

James R. Lewis & Jeff Sauro
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Web solution

You can also solve this problem with the confidence interval calculator for a

completion rate at http://www.measuringu.com/wald.htm, using it to compute the
problem occurrence rate rather than a success rate. Putting in the values for 2 users
experiencing a particular problem (into the “Passed” field) out of 8 users attempting

the task (“Total Tested”) with 90% confidence, you get:

Input Table

2 8

Passed Total Tested

Calculate
‘Confidence Len'el:

Likely Population Completion Rate

Linknown

W

Results Table

Confidence Intervals

Low

Point Estimates

High Margin of Emror*

Adj. Wald (D_I}BDD

Exact

0.5463 ] 0.2332

0.0464
0.0865
-0.0018

0.5957 0.2767
0.5398 0.2267
0.5018 0.2518

Using Alpha: a0

Best Estimate
MLE
LaPlace

Jeffrey's

Wilson

0.3000
0.2500
0.3000
0.2773
0.3132
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Chapter 4: Did We Meet or Exceed Our Goal?

Abstract

A common user research problem is determining whether a design has met or
exceeded a specific goal. The statistical test you use for completion rates depends
on the sample size. A sample size is considered small unless you have more than 15
successes and 15 failures. For determining whether a certain percentage of users
can complete a task for small sample sizes use the mid-probability method based on
the binomial distribution. For determining whether a certain percentage of users can
complete a task for large sample sizes use the normal approximation to the binomial.
You can always convert continuous rating scale data into discrete-binary data and
test a percentage that agrees with a statement, but in so doing, you lose information.
To compare a set of satisfaction scores from a survey or questionnaire with a
benchmark, use the one-sample t-test for all sample sizes. When determining
whether a task time falls below a benchmark, first log-transform the times then
perform a one-sample t-test for all sample sizes. For most statistical testing we
recommend two-tailed tests, but for testing against a benchmark, we recommend
one-tailed testing.

Examplel: Confidence interval for completion rate
From page(s): 39

Summary: If 8 of 9 users complete a task successfully, what is the 95% confidence
interval for the completion rate?

Answer: The observed percentage of completions (maximum likelihood estimate) is
88.9%, with a 95% adjusted-Wald binomial confidence interval ranging from 54.3 to
99.999%.

James R. Lewis & Jeff Sauro
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Excel solution
1. Click on the Completion Rate link under the Confidence Intervals section on
the Home Tab.

1
2

3

4

5 v3.2.2

i}

7 Get Started:  What Test Do | Use? or How m
8

9 Confidence Intervals C
10

i n Completion Rate 1

12

13 H TaskTime

14 —

15 H Rating Scale Data

16 ]

17 ' Problem Freguency

18

19

20

21

22

2. Select a 95% Confidence Level.

3. Enter 8 Success and 9 Total in the Enter Data Section.

A B C O E

Contents

el n Confidence Interval and Test Around a Completion
* Required Fislds

Enter Data*
Success” 8
Total 7 3

Benchmark I:

Confidence Level 35 2

o | [ (VST QY (Y Y QY QY (Y Y Y
DLDDJ‘HJCDUT-P—LAJ[\J—LDLDmHmumm_L
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4. The confidence interval and graph are in the Results section.

N

100%

90%
80%
70% -
60% -

Results
Sample Proportion 0.339
Difference
Confidence Intervals
Lowr High

54.3%

Fecommended p-value
Exact p-value

Mid p wvalue™
Mormal p-value

R solution

100.0%

Enter the following command:

ci.adjwald.fromsummary(8,9,.95)

50% -

40% 4

30%
20% 1
10%
0% -mrmoe

This command requires the number of successes, the number of attempts, and the
desired confidence level (.95 for 95%). The result is:

RESULTS

Bdjusted p (Wil=on):
Margin of erroxr:

0.7725547
0. 2292683

95% upper limit:
p (maximom likelihood) :
95% lower limit:

>.9959999

0.5432864

James R. Lewis & Jeff Sauro
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Web solution

You can also solve this problem with the confidence interval calculator for a
completion rate at http://www.measuringu.com/wald.htm. Putting in the values for
8 successes out of 9 attempts with 95% confidence, you get:

Input Table Results Table
Passed Total Tested Confidence Intervals Point Estimates
8 9 Low High Margin of Emar®
Adj. Wald (0.5433 > 9999 ] 02293 Best Estimate | 0.8182
Exs 05175 | |09972 | |02398 we  [0.8889
Score 0.5650 0.95M 02076 LaFlace 0.81582
Bl 1% ik Wald 0.6836 1.0942 0.2053 Jeffrey's 0.8500
Using Alpha:|.05 Wilson 0.7726
Liksly Populstion Completion Rate
Unknown v

Example 2Comparisorof success rate with benchmark (small sample)
From page(s). 44-45

Summary: You've observed 8 successes out of 9 attempts. How likely is it that the
population success rate is at least 70%?

Answer: For small-sample tests (fewer than 15 successes and fewer than 15 failures),
we recommend using a mid-probability binomial test. Using this type of test, the
probability of getting 8 successes out of 9 attempts if the true success rate is 70% is
.1182. In other words, there is an 88.2% chance the completion rate exceeds 70%.

Excel solution
1. Click on the Completion Rate against a Criterion link under the Test a Mean or
Proportion to Criterion section off the home tab (the Confidence Interval for a
Completion Rate will take you to the same calculator).

James R. Lewis & Jeff Sauro
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Test a Mean or Proportion to Criteron

Completion Rote l:l;:lulns’r a Criterion 1

T - C -

- TI:‘I'E‘k Tlrre un-:urus’r a Critericn

L] T =T T

- Eoting Scale Scores against a Criterion

Ru:l’rlr.n Scule Sn:n:rE!'D against a Criterion (Summarny)

2. Enter 8 Successes and 9 Total in the Enter Data Section.

3. Enter .7 as the Benchmark.

00 00 = O 7| e L) D =

Contents

* Required Fislds
Sucoess”
Total *

Benchmark

Confidence Lewvel

n I Confidence Interval and Test Around a Completion Ral

Enter Data™
8
9 2
3
3 [
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100%

d1%
Results
Sample Proportion 0.85%
Difference 0159
Confidence Intervals

Low High

34.3% 100.0%
Recommended p-value 0.11618 4
Exact p-value 01980
Mid p walue™ 01182

Mormal p-value 0.1081

0%
80%
T0%
B60% ~
50% ~
40% ~
30%
20% ~
10% ~

0% -

4. The recommended p-value (mid-p for this example) is in the Results section

along with the confidence intervals.

R solution
Enter the following command:

bench.rate.smallsample(8,9,.7)

The result is:

RESULTS (mid-p recommended)

|:| jn Yo Ra Yoyl
s DO

Cbzerved proportion:
Exact probabilit

id probakbility of exceeding benchmark:

of exceeding benchmark: 0.80333&638

(p < 0.1360032 )

Mid probability of being below benchmark: 0.11817E84

0.8818216 (p < 0.1181754 )

(o < 0.8818216 )

Web solution

You can also solve this problem with the confidence interval calculator for a

completion rate at http://measuringu.com/onep.php. Putting in the values for 8

successes out of 9 attempts to assess the probability of the population success rate

being greater than 70%, you get:

James R. Lewis & Jeff Sauro
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Use this calculator to generate both a one-sample confidence interval and to test against a critera
or benchmark

# Passed Total Tested Test Proportion

8 9 Is Greater Than |+ | 70

Results

The probability the observed proportion 0.89 comes from a population greater than .70 is
88.18% .

Exact Binomial P-Value is 0.196

95% Adjusted Wald CI (54.31, 100)

Example3: Comparison of success rate with benchmark (small sample)
From page(s): 46

Summary: Suppose there were 18 successes out of 20 attempts. How likely would
that result be if the population success rate was 70%?

Answer: The mid-p value is .0216. This is less than the typical testing criterion of .05,
which indicates that the observed success rate of 90% is significantly better than the
benchmark of 70%.

Excel solution
1. From the “CompRate Cl and Test” tab, enter 18 Successes and 20 Total in the
Enter Data Section.

2. Enter .7 as the Benchmark.

James R. Lewis & Jeff Sauro
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Contents

. . Confidence Interval and Test Around a Completion R

* Required Fislds

Enter Data*
Success® 18 1
Total * 20
Benchmark 2
Confidence Lewel 35 ﬂ

R | V) QN g QY Y QY Y Y
mqmm#wm_LC.LDUDﬂmm-p-wm—x

3. The recommended p-value (mid-p for this example) is in the Results section
along with the confidence intervals.

e 100%
0%
Results 80%
Sample Proportion 05200 T0%
Difference 0200 60%
Confidence Intervals
Low High 50%
FFa ?8.4% 40%
Jlargin of crror 4770 0%
Recommended p-value 002158 3 20%
10%
Exact p-value 010355
Mid p value® 00216 0%
MNormal p-value 0.0255
R solution

Enter the following command:
bench.rate.smallsample(18,20,.7)

The result is:

James R. Lewis & Jeff Sauro
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RESULTS (mid-p recommended)

Cb=zerved proportion: 0.9

Exact probability of exceeding benchmark: 0.964516%3 (p < 0.03548313 )
ﬁtﬂ.p:cbab;;;ty of exceeding benchmark: 0.9784388 (p < 0.02156020 )
Exact probakbility of being below benchmark: 0.00763726 (p < 0.9923627 )
Mid probability of being below benchmark: 0.02156020 (p < 0.9784388 )

Web solution

You can also solve this problem with the confidence interval calculator for a
completion rate at http://measuringusability.com/onep.php. Putting in the values
for 8 successes out of 9 attempts to assess the probability of the population success
rate being greater than 70%, you get:

Use this calculator to generate both a one-sample confidence interval and to test against a critera
or benchmark.

# Passed Total Tested Test Proportion

18 20 |s Greater Than |+ 70

Results
[The probability the observed proportion 0.9 comes from a population greater than .70 is]

87.84%
Exact Binomial P-\alue is 0.0355
95% Adjusted Wald CI (68.66, 98.44)

James R. Lewis & Jeff Sauro
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Exampled: Comparingsuccess ratdenchmark to confidence interval
From page(s): 46

Summary: An alternative way to determine if you’ve achieved a testing goal is to
compute a confidence interval and see if the interval includes or excludes the
benchmark value. If the interval excludes the benchmark, then you have statistically
significant evidence of having achieved the goal. To make this equivalent to a one-
tailed test (which we recommend for comparisons to benchmarks), you need to
adjust the confidence level. For example, if you intend to conduct the test using the
standard criterion of .05, then instead of setting the confidence to 95%, you should
set it to 90%. In general, to determine the appropriate confidence level, decide on
the test criterion, double that, and then subtract it from 100%. For this example, find
out if the 90% confidence interval for 18 successes out of 20 attempts includes or
excludes the benchmark of 70% successes?

Answer: The adjusted-Wald binomial confidence interval for 18 successes out of 20
attempts ranges from 73.0 to 97.5%. The benchmark of 70% lies outside of this
interval, so the data indicate that the design has met the goal of exceeding a 70%
success rate.

James R. Lewis & Jeff Sauro
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Excel solution
1. From the “CompRate Cl and Test” tab, enter 18 Successes and 20 Total in the

Enter Data Section.

2. Set the confidence level to 90%.

Contents

Confidence Interval and Test Around a Completion F

* Required Fields

Enter Data*
Success” 18 1
Total ® 20
Bernchmark 0.
Confidence Lewvel 30 n 2

W A A ) A A A A A A A
=1 = ] T ] G Y T = i e B B e e e e
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3. The confidence interval is in the Results section. The lower boundary of the
interval is 73%, which is above the benchmark of 70%. Also note the mid-p
value of .02156. Both approaches result in the same conclusion: the
population completion rate likely exceeds 70%.

tte 100%
00%
80% -
Resulis
Sample Proportion 0900 70%
Difference 0200 60% -
Confidence Intervals o
Low High 90%
73.0% 75| 3 |40% -
OT EFror L. 270 3[]% .
Recommended p-value 0.02158 20% -
10%
Exact p-value 00355 o
Mid p value® 0.0214 0% -
Mormal p-value 0.0255

R solution
Enter the following command:

ci.adjwald.fromsummary(18,20,.9)

The result is:

RESULTS

Adjusted p (Wil=on): 0.8523369
Margin of error: 0.12249625
90% upper limit: 0.9747993
p (maximom likelihood): 0.9

90% lower limit: 0.72098744
Web solution

You can also solve this problem with the confidence interval calculator for a
completion rate at http://www.measuringu.com/wald.htm. Putting in the values for
18 successes out of 20 attempts with 90% confidence, you get:

James R. Lewis & Jeff Sauro


http://www.measuringusability.com/wald.htm

Chapter 4: Did We Meet or Exceed Our Goal?

Input Table Results Table
Passed Total Tested Confidence Intervals Point Estimates
18 20 Low High largin of Eror
agi weid (07299 | 09748 || [01225 Best Estimate | 0.8636
Exact 0.7174 0.9819 0.1323 MLE 0.9000
Score 0.7383 0.9663 0.1140 LaFlace 0.6636
contigencetevei{20% V) | yus (07897 | [10103 | 01103 Jefievs |0.8810
Using Alpha: . 10 Wilson 0.8523
Likely Populstion Completion Rate
Unknown v

Example5: Comparing success rate to benchmark (large sample)
From page(s). 47

Summary: The results from a remote-unmoderated test of a website task found that
85 out of 100 users were able to successfully locate a specific product and add it to
their shopping cart. Is there enough evidence to conclude that at least 75% of all
users can complete this task successfully? Note that this is a large sample because
there are at least 15 successes and 15 failures.

Answer: The one-tailed probability of this result if the true population success rate is
75% is just .0105. Thus, there is around a 99% chance at least 75% of users can
complete the task, so the data strongly support that the design has met this goal.

James R. Lewis & Jeff Sauro
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1. From the “CompRate Cl and Test” tab, enter 85 Successes and 100 Total in the

Enter Data Section.

2. Set the Benchmark to .75.

A B
il Contents
2
3
4
5 * R=quirsed Fislds
]
[ Enter Data*
a Zuccess”
9 Total *
10
11 Benchmark
12
13
14
15 Confidence Level 35
16
17

85
100 1
"
B

- Confidence Interval and Test Around a Completion Ro

3. The recommended p-value (from the normal distribution in this example due

to the size of the sample) is .01046, as shown in the Results section.

™=

Results

Sample Proportion 0.850
Difference 0.100

Confidence Infenyals

Lo High

76.6% 20.8%
Eecommended p-value 0.01045
Exact p-value 00111
Mid p wvalue® 0.0083
Mormal p-value 0.0105

100%
80%
80%
70%
60%
50%
40%
30%
20%
10%

0%
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R solution
Enter the following command:

bench.rate.largesample(85,100,.75)

The result is:

RESULTS

Chzerved proportion: 0.85

z: 2.309401

Er:bab;;;ty of exceeding benchmark: 0.9295393 (p < j.jLDQEDETjﬂ
Probakbility of being below benchmark: 0.01046067 (p < 0.938953393 )

Example6: Comparingsuccess ratdenchmark to confidence interval
From page(s): 47

Summary: As in Example 4, an alternative way to assess having met a goal is to
construct a confidence interval to see if the benchmark is inside or outside of the
interval. Using the data from Example 5, it the benchmark of 75% success inside or
outside of the 95% confidence interval (setting the test rejection criterion to .025)?

Answer: The 95% adjusted-Wald binomial confidence interval for 85 successes out of
100 attempts ranges from 76.6 to 90.8%. Because the lower limit of the interval is
higher than the benchmark, there is compelling evidence that the design has met this
goal.

Excelsolution
1. From the “CompRate Cl and Test” tab, enter 85 Successes and 100 Total in the
Enter Data Section.

2. Set the confidence level to 95%.

James R. Lewis & Jeff Sauro
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B=nchmarik
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* R=quirsed Fislds

Enter Data™

955

83

. Confidence Interval and Test Around a Completion Ro

3. The confidence interval and graph are in the Results section. The lower
boundary of the interval (76.6%) exceeds the benchmark of 75%.

™=

Results
Sample Proportion 0.850
Difference 0.100
Confidencs Infervals

Lo High

76.6% 20.8%
largin _:_.' EL 3 - 10
Eecommended p-value 001048
Exact p-value 00111
Mid p value® 0.0083
Mormal p-value 0.0105

100%
80%
80%
70%
60%
50%
40%
30%
20%
10%

0%
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Enter the following command:

ci.adjwald.fromsummary(85,100,.95)

The result is:

RESULTS

Bdjusted p (Wil=on):
Margin of error:

95% upper limit:
r (maximum likelihood) :
95% lower limit:

Web solution

You can also solve this problem with the confidence interval calculator for a
completion rate at http://www.measuringu.com/wald.htm. Putting in the values for

85 successes out of 100 attempts with 95% confidence, you get:

Input Table
Passed Total Tested
85 100

Calculate

Confidence Level: | 25 | w

Likely Population Completion Rate

Unknown W

Results Table

Confidence Intervals

Low

High

Adj. Wald (D.?E-EI}

09081 || [0.0710

Exact 0.7647
0.7672

0.7800

09135 0.0744
0.9069 0.06599
0.9200 0.0700

Using Alpha: 05

Margin of Emor*

Point Estimates

Best Estimate | (.8431
MLE 0.8500
LePlace |0.8431
deffreys 08465
Wilson 0.8371

James R. Lewis & Jeff Sauro
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Example7: Comparing success rate to benchmark (large sample)
From page(s): 48

Summary: If 233 out of 250 users were able to complete a task in an unmoderated
usability test, is there enough evidence to conclude at least 90% of all users can
complete the task?

Answer: The one-tailed p-value is .0459, which indicates a statistically significant
result (less than the standard criterion of .05). We can be 95.4% sure at least 90% of
users can complete the task given 233 successes out of 250 attempts.

Excel solution
1. From the “CompRate Cl and Test” tab, enter 233 Successes and 250 Total in
the Enter Data Section.

2. Set the benchmark to .90.

A B c 0 .
1
2
3 ﬂ w Confidence Interval and Test Around a Compl
4
5 * Required Fislds
i
7 Enter Data*
g Success” =
9 Total * R 1
10
i Benchmark :,_ﬂ
12 2
13
14
13 Confidence Lewvel 354 -
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Results
Sample Proportion
Difference
Confidence Infervals
Lo High
87.3% 35.8%

Recommended p-value

Exact p-value
Mid p wvalue®

-

Mormal p-value 0.0455

3. The recommended p-value (from the normal distribution in this example due

004585

00513

0.0411

to the large sample size) is .04585, shown in the Results section.

R solution
Enter the following command:

bench.rate.largesample(233,250,.9)

The result is:

RESULTS

Cbserved proportion: 0.8932

z: 1.686548

E:cbab;;;ty of exceeding benchmark: 0.59541549 (p <« 0.04584514 ]]
Frobability of being below benchmark: 0.04554514 (p < 0.95491549% )

James R. Lewis & Jeff Sauro



Chapter 4: Did We Meet or Exceed Our Goal? m

Example8: Comparing benchmark to confidence interval
From page(s): 48

Summary: For the data in Example 7 (233 successes out of 250 attempts), does a 90%
confidence interval exclude the benchmark of 90% successes?

Answer: The adjusted-Wald binomial confidence interval ranges from about 90.1 to
95.4%. The lower limit is higher than the benchmark, indicating sufficient evidence
to conclude that the design has met this goal.

Excelsolution
1. From the “CompRate Cl and Test” tab, enter 233 Successes and 250 Total in
the Enter Data Section.

2. Set the confidence level to 90%.

A b o 5 . )
Mcontents |
2
3 ﬂ m Confidence Interval and Test Around a Completion Re
]
5 * Required Fislds
G
7 Enter Data*
g Success” e
9 Total ™ 250
10 1
11 Benchmark :._a
12
13
14
15 Confidence Lewel 30 il 2
16
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te
Results
Sample Proportion 0932
Difference 0.032
Confidence Intenqals
Low High
0.1% 25.4%
Margin of Error 3 2TE
Recommended p-value 004585
Exact p-value 00513
Mid p value® 0.0411
Mormal p-value 0.0458

100%
90%
80%
0%
60%
50%
40%
30%
20%
10%

0%

3. The confidence interval and graph are in the Results section. The lower
boundary of the interval (90.1%) exceeds the benchmark of 90%.

R solution

Enter the following command:

ci.adjwald.fromsummary(233,250,.9)

The result is:

RESULTS

Adjusted p (Wil=on): 0.9273749
Margin of error: 0.02685289
90% upper limit: 0.9542278

p (maximom likelihood) :
90% lower limit:

James R. Lewis & Jeff Sauro
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Web solution

You can also solve this problem with the confidence interval calculator for a
completion rate at http://www.measuringu.com/wald.htm. Putting in the values for
233 successes out of 250 attempts with 90% confidence, you get:

Input Table Results Table
Passed Total Tested Confidence Intervals Point Estimates
233 250 Low High Margin of Emor
asiweais(09005 | 09542 | |0.0269 Best Estimate | 0.9286
Exact 0.8997 | |0.9562 0.0282 LE 0.9320
Score 09009 | |0.9533 0.0265 LeFlsce 09286
Cenfidence LE“*( 0% | ] Walg 09058 | 0.9582 0.0262 Jeffrevs  (0.9303
Using Alpha.10 wilson | 0.9274
Likely Population Completion Rate
Unknown W

Exampled: Comparing mean SUS score to benchmark
From page(s). 48-49

Summary: Twenty users completed some common tasks (dialing, adding contacts
and texting) on a new cell-phone design. At the end of the test they responded to
the SUS questionnaire. The mean SUS score was 73 and the standard deviation was
19. Is there enough evidence to conclude that the perceived usability of this cell
phone is better than the current industry average of 677?

Answer: This outcome has a probability of .0874, meaning we can be around 91%

confident this cell-phone has an average score greater than the industry average of
67.

James R. Lewis & Jeff Sauro
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Excel solution

26

27
28
29
30
31
32
33
34
35

36
a7
38
39
40
41

ATy

1. Click on the Rating Scale Scores against a Criterion (Summary) link under the
Test a Mean or Proportion to Criterion section.

Test a Mean or Proportion to Criteron

Completion Rote agaoinst a Criternion

L=l = 5 = I 4=l = -

I Tozk Time against a f-:ri’rericn

' Eoting Scaole Scores against o Criterion

' Eating Scale Scores against a Critericon (Summarny]l ]

2. Enter the mean, standard deviation, sample size and the industry average (Test
Benchmark) in the Input section.

A B C D E F

Contents

1-3ample t-test and Confidence Interval Summary Data
Compars a sampls mean for Satisfaction Scores or other confinuous do
* Regquired Fislds

Input
Sample Mean™ 73
Sample Standard Deviation 19 2
Sample Size” 20
Test Benchmark © &7
Confidence Lewvel 95 ﬂ

[T USSEN 0 J 1) QS Th R
ﬂmm#mm_._gmmwmm-p.wm_k
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50.0
Results BO.O |
Difference &
70.0 -
Low High 60.0
Confidence Interval 64,108 £1.892 oo
400 -
p-values

Mean= TestMean 0.174045244 300 4
Mean > TestMean 00870224623 3 200 -

Mean<TestMean 0.512977377 '
10,0
Power 027558 00

3. The one-tailed p-value (Mean > Test Mean) of .087 is in the Results section.

Rsolution
Enter the following command:

bench.t.fromsummary(73,67,19,20)

For this function, the information required is the observed mean, the benchmark, the
standard deviation, and the sample size. The result is:

RESULTS

t: 1.412253
df: 1%

James R. Lewis & Jeff Sauro
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Example D: Comparing SUS benchmark ¢confidence interval
From page(s): 49

Summary: An alternative way to assess a benchmark is to compare it to a confidence
interval. For this exercise, assume that the criterion for significance is a probability
less than .10. In that case, as discussed previously, the appropriate level of
confidence is 80% (1 - 2(.10)). For the data in Example 9, does an 80% confidence
interval include or exclude the criterion of 677?

Answer: The 80% confidence interval ranges from 67.4 to 78.6. The lower bound of
the confidence interval is slightly higher than the criterion, so the conclusion is that
the design achieved this goal.

Excel solution
1. From the “1 Sample t (Summary)” tab, enter the mean, standard deviation and
sample size data from Example 9 in the Input section.

A B C D E E
(@contents |
2
3 1-sample t-test and Confidence Interval Summary Data
4 Compars a sampls mean for Satisfaction Scorss or other continuoL
5 * Reguired Fislds
i
T
g Input
g Sample Mean™ 73
10 Sample Standard Dewviation 19 1
11 Sample Size” 20
12 Test Benchmark © &7
13
14 Confidence Lewvel a0 - 2
15 '

1=
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2. Set the confidence level to 80%.

Resulls
Difference &

Confidence Interval

p-values
Mean=TestMean 0.174045244
Mean>TestMean 0037022623
Mean<TestMean 0512377377

Power 054508

Loww

High

&7.359

75.641

B0.O

780

76.0
740

720 +
700 ~
GB.O -
66.0
64.0 -

620 -

60.0 -

3. The confidence interval and graph are in the Results section. The lower
boundary of the interval (67.359) is above the Test Benchmark of 67.

R solution
Enter the following command:

ci.t.fromsummary(73,19,20,.8)

For this function, the inputs are the observed mean, the standard deviation, the
sample size, and the desired level of confidence (.8 for 80%). The result is:

RESULTS: £80% CONFIDENCE INTERVAL

Tpper limit:

Mean: 73

Lower limit:

Margin of error: 5.640892
Standard error: 4.248529
Critical walue of t: 1.327728

James R. Lewis & Jeff Sauro



Chapter 4: Did We Meet or Exceed Our Goal?

Examplell: Comparing mean SUS score to benchmark
From page(s): 49-50

Summary: In a recent unmoderated usability test 172 users attempted tasks on a
rental-car website then answered the SUS questionnaire. The mean response was 80
and the standard deviation was 23. Can we conclude the average SUS score for the
population is greater than 75?

Answer: The probability of this result is .002. There is less than a 1% chance that a
mean of 80 from a sample size of 172 would come from a population with a mean
less than 75. In other words we can be more than 99% confident that the average
score for all users of this website exceeds 75.

Excel solution
1. From the “1 Sample t (Summary)” tab, enter the mean, standard deviation and
sample size data from Example 9 in the Input section.

2. Enter the Test Benchmark as75.

A B C D E F
(@contents |
2
3 1-Sample t-test and Confidence Interval Summary Data
4 Compars a sampls mean for Satisfaction jcorss or ather confinuau:
H * Required Fislds
i
T
8 Input
g Sample Mean™ 30 1
10 Sample Standard Deviation 23
11 Sample Size” 172
12 Test Benchmark © 73 2
13
14 Confidence Level a0 -
15
16

17
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3. The one-tailed p-value (Mean > Test Mean) of .0024 is in the Results section,
indicating strong evidence to support the hypothesis that the population SUS

score exceeds 75.

Results
Difference 5

Low High
Confidence Interval 77.100  82.900
p-values
Mean = TestMean 0.0043594092
Mean>TestMean 0.002447044 3
Mean <TestMean 0577552754

Power 0.55499

R solution
Enter the following command:

bench.t.fromsummary(80,75,23,172)

The result is:

B40
B3.0
B2.0
810
80.0
79.0
78.0
770
76.0
75.0

740

RESUTLTIS

t: 2.85106
df: 171

robability of exceeding benchmark: 0.8937553

(p < 0.002447046 )
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Example 2. Comparing SUS benchmark to confidence interval
From page(s): 50

Summary: Does a 90% confidence interval using the data from Example 11 include or
exclude the benchmark of 75?

Answer: The 90% confidence interval ranges from 77.1 to 82.9. The lower bound of
the confidence interval exceeds the criterion, so there is reasonable evidence that
the design has met this goal.

Excel solution
1. From the “1 Sample t (Summary)” tab, enter the mean, standard deviation and
sample size data from Example 9 in the Input section.

2. Set the Confidence Level to 90%.

A B C O E E
WConiernts
2
32 | |4 | 1-sample ttest and Confidence Interval Summary Data
4 Compars a sample mean for Satisfacton Scores or other continuou:
5 * Required Fislds
]
7
8 Input
g Sample Mean™ 30 1
10 Sample Standard Deviation 23
11 Sample Size” 172
12 Test Benchmark = 73
13
14 Confidence Level g
15 2
16

17
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3. The confidence interval and graph are in the Results section. The lower
boundary of the interval (77.1) is above the Test Benchmark of 75.

Results
Difference 5

Low

High

Confidence Interval 77.100

p-values

Mean = TestMean 0.00435940592

Mean :TestMean 0.002447044 3

Mean <TestMean 0597552934

Power 0.66499

R solution
Enter the following command:

ci.t.fromsummary(80,23,172,.9)

The result is:

RESULTS: 90% COWNFIDENCE INTERVAL

Upper limit:{E2.00050)

Mean: B0

Lower limj.t:
Margin of error: 2.900348
Standard error: 1.753734
Critical walue of t: 1.853813

82.200

B4.0
83.0
820
810
B0.O
79.0
780
7o
76.0
750

740
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Example B: Comparing agreement rate to benchmark
From page(s): 50

Summary: A common (but not necessarily good) practice is to “degrade” multipoint
rating scale scores into binary scores. For example, suppose 12 users completed two
tasks on a website and responded to the item “I feel confident conducting business
with this website” at the end of the test. A 1is “Strongly Disagree” anda 5 is
“Strongly Agree”. Can we conclude at least 75% of users feel confident conducting
business on Walmart.com (ratings of 4 or 5) if their ratings were 4, 4,5, 5,5, 5, 3, 5,
1,5,5,and 5? Converting these responses to binaryweget1,1,1,1,1,1,0,1,0, 1,
1, and 1, so we have 10 out of 12 users who agreed with the statement.

Answer: The probability of getting 10 agreements out of 12 users is .275, which
indicates a 72.5% chance that 75% of all users agree with the statement. This would
not inspire a high level of confidence that the design had achieved this goal.

Excel solution
1. Click on the Completion Rate against a Criterion link under the Test a Mean or
Proportion to Criterion section.

26

27 Test a Mean or Proportion to Criteron
23

29

30 w Completion Rate against a Criterion 1
31

32

33 M Tazk Time against a Criterion
34

35

36 ﬁ Eating Scale Scores against g Criterion

a7

38

39 ﬁ Eating Scale Scores against g Criterion (Summary]
40

41
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2. Enter 10 Successes and 12 Total tested in the Enter Data section.

3. Set the Benchmark to .75.

. . Confidence Interval and Tezt Around a Completion |

A B
Contents
* R=quirsed Fislds
Enter Data*
Success”
Total ®
Benchmark

Confidence Lewvel 3=

10
12 2
3
=]

4. The recommended p-value (mid-p) of .275 is in the Results section.

a0%
80% -
Results
Sample Proportion 0533 70%
Difference 0083 60% A
Confidence Intenvals 50% -
Lo High
54.0% 35.5% 40% A
argin of Error 21.3% 30% 4
Recommended p-value 027453 4 0% -
0% -
Exact p-value 0.3207 0% -
Mid p value® 0.2745
Mormal p-value 0.2525
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R solution
Enter the following command:

bench.rate.smallsample(10,12,.75)

The result is:

RESTULTS (mid-p recommended)

Cbzerved proportion: 0.8333333

Exact probability of exceeding benchmark: 0.609325 (p < 0.3906875 )

did prokakbility of exceeding benchmark: 0.725471l6 (p < 0.2745284 n
Exact probability of being below benchmark: 0.1583818 (p <« 0.841el82 )
Mid probakbility of being below benchmark: 0.2745284 (p < 0.7254716 )

Example 4. Comparing agreement benchmark to confidence interval
From page(s): 50

Summary: Continuing with the alternative practice of comparing benchmarks to
confidence intervals, determine if the confidence interval for the data in Example 13
would include or exclude the benchmark of 75%.

Answer: The 80% adjusted-Wald confidence interval around the percentage of users
who agree is between 65.3% and 93.4%. The interval contains the benchmark of
75%, which isn’t even near the lower limit of 65.3%, reinforcing the point that we
don’t have convincing evidence from this data that at least 75% of users agree.

James R. Lewis & Jeff Sauro
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Excel solution

1. Onthe “CompRate Cl and Test” tab, enter 10 Successes and 12 Total tested in

the Enter Data section.

2. Set the confidence level to 80%.

Contents

* R=quired Fislds
Sucocess”
Total

Benchmark

Confidence Lewvel

[T R g ) T QT g Y
wmmhwm_._gmmwmm.p.mm_t

Enter Data™®

s (|| 2

. . Confidence Interval and Test Around a Completio

3. The confidence interval and graph are in the Results section. The lower
boundary of the interval (65.3%) falls below the 75% benchmark.

Results

Sample Proportion 0833
Difference 0.053

Confidence Intenvals

Lowr High

&5.3% 93.4%
Recommended p-value 027453
Exoct pvalue 03207
Mid p walue® 0.2745
Mormal p-value 0.2525

[A¥ITR

20% |
80% A
T0%
60% -
S0% -
40% ~
30% A
20% 1
10%
0% -
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R solution

Enter the following command:

ci.adjwald.fromsummary(10,12,.8)

The result is:

Chapter 4: Did We Meet or Exceed Our Goal?

U

Adjusted p (Wilson):
Margin of error:

80% upper limit:
p (maximom likelihood) :
80% lower limit:

Example 5: Comparison of mean Likert score with benchmark

From page(s): 51

Summary: Rather than converting the data in Example 13 to binary data, you could
see if the mean of the original rating data is significantly greater than 4. For that set
of 12 ratings (4,4, 5,5,5,5,3,5,1, 5,5, and 5), the mean is 4.33 and the standard
deviation is 1.23. What is the probability of this outcome if the population mean is

47?

Answer: The probability of this result is .186, so there is an 81.4% chance that the
mean for all users exceeds 4 (a better result than in Example 14, but still not

compelling).
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Excel solution
1. Click on the Rating Scale Scores against a Criterion link under the Test a Mean
or Proportion to Criterion section.

25
26

27 Test a Mean or Proportion to Criteron
28
29
30
31
32 -Sample t-test using Log Transformation
33 g8 Tosk Time against a Criterion

34

Completion Fote against a Criterion

35 n Sample t-test
36 Eoting Scaole Scores agoinst a Criterion 2
37

38 -Sample t-tes
39 . Eoting Scale Scores agaoinst a Criterion (Summary)
40

41
47

2. Clear out any previous values using the Clear Values button (macros must be

enabled) and enter the scores in the Raw Data column.

y§-ontents !l |
2

3 n n Confidence Interval and Test Around Raw Continuvous data

4 Faste the Raw Data in the Ist Column—Remove Non Numeric Valuss

5 * Reguired Fislds

B

7 | Clear Values Raw Data* Input

8 4 * Confidence Lewvel

9 4

10 2 5 Test Benchmark 3
11 5

12 5 Descriptive Stats

13 5 Mean 4.33
14 3 Standard Deviation 1.23
15 5 n 12
16 1

17 5

18 5

19 5

0

3. Set the Test Benchmark to 4.
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6.00 -
Results
Difference (Sample Mean - Test Mean 0.3
5.00 -
Lo High
Confidence Interval 2.55 212 4.00
Margin of Error 18% 300 -
p-values 200 4
Population Mean = Test Mean 036834
Population Mean > Test Mean 0.681583 1.00
Population Mean < Test Mean Q18417 4 ’ ]
Power 014315 o.on 4

4. The p-value for the directional test (Population Mean < Test Mean) is .184,
shown in the Results section. There is some, although not strong, evidence to
support the claim that the average score exceeds 4.

R solution
Enter the following command:

bench.t.fromsummary(4.33,4,1.23,12)

The result is:

RESULTS

t: 0.925935931

df: 11

Err:u]::a]::ilit},r of exceeding benchmark: 0.8136842 (p <« 0.1863158 n
FProbakbility of being below benchmark: 0.1863158 (p < 0.8136842 )
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Example : Computethe Net Promoter Scor@ from a set of Likelihood
to Recommend ratings
From page(s): 51

Summary: The Net Promoter Score (NPS) is a measure of loyalty that uses only a
single question “How likely are you to recommend this product to a friend?” and is
measured on an 11 point scale (0 = Not at all Likely to 10= Extremely Likely).
Promoters are those who rate a 9 or 10 (top-2-box), detractors are those who rate 0
to 6 and passive responders are those who respond 7 or 8. The “Net” in Net
Promoter Score comes from the scoring process whereby you subtract the percent of
detractors from the percent of promoters. In this example, suppose 15 users
attempted to make online travel arrangements and at the end of the usability test
they answered the Net Promoter question with the following responses: 10, 7, 6, 9,
10, 8, 10, 10,9, 8, 7,5, 8,0, and 9. How many promoters, detractors, and passive
responders were there? What is the resulting Net Promoter Score?

Answer: There were seven promoters, three detractors, and five passive responders,
generating a Net Promoter Score of 4/15 =26.7%.

1 Net Promoter, NPS, and Net Promoter Score are trademarks of Satmetrix Systems, Inc., Bain & Company, and Fred
Reichheld.
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Excel solution
1. Although there is not a dedicated Excel calculator for computing the Net
Promoter Score, you can do this in Excel by stacking the data in a column.

B C D
Promoter 7
Passive 5 -
Detractors i 3 2>
Total 15
MNPS 27% 6

10
7
li]
9

10
3

10 1

10
9
8
7
5
3
1]
9

2. Assuming the data are in column C, count the number of promoters by using
the formula: =COUNTIF(C8:C22,">8").

3. Count the number of passive responses using the formula:
=SUM(COUNTIF(C8:C22,8), COUNTIF(C8:C22,7))

4. Count the number of detractors using the formula =COUNTIF(C10:C24,"<7")
5. Count the total number of responses =SUM(C2:C4)

6. Compute the Net Promoter Score by subtracting detractors from promoters
and dividing by the total =(C2-C4)/C5.

R solution
Enter the following commands:
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Itr <- ¢(10,7,6,9,10,8,10,10,9,8,7,5,8,0,9)
compute.nps.fromarray(ltr)

The first command assigns the array of Likelihood-to-Recommend scores to the
variable “Itr.” The second is a custom function that counts the numbers of

promoters, passives, and detractors, and then computes the NPS. The result is:

RESULTS

Humber of promoters: 7
Humber of passives: S
HNumber of detractors: 3

Het Promoter Score (HE5): 26.67%

Example Z: Comparison of completion times to benchmark
From page(s): 52-54

Summary: As mentioned in the previous chapter, distributions of completion times
tend to be skewed. This is not a serious problem when comparing two sets of
completion times (next chapter), but can be an issue for one-sample statistics such as
confidence intervals (previous chapter) and comparisons with a benchmark (this
chapter). Asin the previous chapter, the solution to this is to work with log-times
rather than their raw values. For this example, assume you’ve collected the
following 12 task times from users renting a car online: 215, 131, 260, 171, 187, 147,
74, 170, 131, 165, 347, and 90. Do these times support the claim that the average
user can rent a car in less than 60 seconds?

Answer: No, they clearly don’t. The geometric mean is 160 seconds, which alone is
reason to reject the claim. A 95% confidence interval around the geometric mean
ranges from about 123 to 210 seconds, well above the benchmark of 60 seconds.
The probability of this result is .9999965. In other words there’s far less than a 1%
chance of obtaining an average time of 160 seconds if the population average time is
less than 60 seconds.
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Excel solution

1. Click on the Task Time against a Criterion link under the Test a Mean or
Proportion to Criterion section.

25
26

27 Test a Mean or Proportion to Criteron
28
29
30
N
32 -Sample t-test using Log Transformation
A3 ' Taszk Time ogainst a Critericn

34 1

Completion Fote against a Criterion

35 - -3 ole T-TesT
36 Eoting Scaole Scores agoinst a Criterion
ar

38 | -Sample t-test
39 - Eoting Scale Scores agaoinst a Criterion (Summary)
40

41
47

2. Clear out any previous values using the Clear Values button (macros must be
enabled) and enter the scores in the Raw Data column.

~- L o L = 1

Contents

| . Confidence Interval and Test Around Raw Task Times
m FPaste the Raw Task Time in the 15T Column--Remove Non Numeric Vialues-—-Calculc
* Required Fields

Clear Values Raw Time Data® Input

b 215 * Confidence Lews! | 95% u

I 2 131

0 260 Benchmark 3

1 171

2 187

3 147 Descriptive Stats

4 74 Geocmetric Mean 160.5
5 170 Aritmetic Mean 174.0
B 13 Median ETS
T 165 Standard Deviation T4.3
] 347 n 12
] 40

0 Best Esfimate of Middle 15805

1

5

3. Set the Test Benchmark to 60.
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4. The average time (Geometric Mean for this example) is in the Results section
along with the confidence interval.

5. The one-sided p-value for this hypothesis is above .9999, meaning there is very
little evidence that the average time is less than 60 sections.

Results 250 -
Average Time 180.50 4
Cifference (Sample Mean - Test Mean) 100.504
200 -
Low High
Confidence Interval 122.68 210,00
150 A
a of BErc e
p-values 100 A
Fopulation Mean = Test Mean 0.00001
Faopulation Mean < Test Mean: 1.00000 5 5¢
Population Mean > Test Mean: 0.00000
Power 100000 0 -

R solution
Enter the following commands:

ex41<-¢(215,131,260,171,187,147,74,170,131,165,347,90)
ex41logs <- log(ex41)

ex41logs

compute.logsummary.fromarray(ex41,0)

log(60)

bench.t.fromarray.withlogconversion(ex41,60)

ci.t.fromarray.withlogconversion(ex41,.95)
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The result is:

ex4l <- ©(215,131,260,171,187,147,74,170,131,165,347,9

exd4llogs <- logiexdl)

= d Oas

>
>
ey
[El: 2.370038 4.875197 5.560682 5.141664 5.231109 4.990433 4.304065 5.135795]
>

9] 4.875197 5.105945 5,.849325 4.499810
compute, logsumnnary. fromarray (ex41,0)

REESULTS

Arithmetic mean: 174

Median: 167.5

Geometric Mean:

Mean of log data: 5.078322

Standard deviation of log data: 0.4230174

Variance of log data: 0.1789438

Standard error of the mean of the log data: 0.1221146
Sample =size: 12

Value to use for log critical difference: O

log(&0)
[1]44.094345

> bench.t.fromarray.withlogconversion (ex4l, 60)
RESULTS

Arithmetic mean: 174

Median: 1a67.5

Geometric mean: 160.5045

t: B8.057818 df: 11

Probability of Exceeding benchmark: 0.9993387 (p <« 3.0439758e-06&6 )
%rnbability of being below benchmark: 3.049758e-06 (p < 0.9993397 H

> ci.t.fromarray.withlogconversion(ex4l, .35)
RESULTS: 95% CONFIDENCE INTERVAL

Arithmetic mean: 174
Median: 1a67.5

Upper limic:(@QE. 25727
Geometric Mean: 160.5045
Lower limit:

Critical walue of t: 2.200385

The first three commands assign the data to a variable (“ex41”), do the log transform
and put the results in a second variable (“ex41logs”), and print the log-times. The
next four provide a summary of the data, show the log of the benchmark, conduct a
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t-test on the log-times, and construct a confidence interval around the geometric
mean.

Example 8: Comparison of completion times to benchmark
From page(s). 54-55

Summary: This example is similar to Example 17. This time you need to determine if
the following 11 completion times provide evidence that the average user can
complete the given task in less than 100 seconds: 90, 59, 54, 55, 171, 86, 107, 53, 79,
72, and 157.

Answer: The probability of this result is .0739. The most commonly used criterion for
statistical significance is for the probability of a result to be less than .05, but as
discussed in Quantifying the User Experience: Practical Statistics for User Research
(2nd ed.), this doesn’t necessarily apply in all situations. Assuming that the criterion
for this test was .10, the conclusion would be that the outcome is statistically
significant. The appropriate 80% confidence interval (1 - 2(.10)) for this criterion
ranges from 69-98 seconds, with the upper limit just below the benchmark,
indicating that the design successfully met this goal.

Excel solution
1. From the “Time Cl and Test” calculator, clear out any previous values using the
Clear Values button (macros must be enabled) and enter the scores in the Raw
Data column.

2. Enter 100 as the Benchmark Value.

James R. Lewis & Jeff Sauro



Chapter 4: Did We Meet or Exceed Our Goal?

il Contents

Faste the Raw Task Time in the Ist Column-—-Remaove Non Numeric Values—-Ca

2

3 m Confidence Interval and Test Around Raw Task Times
4 =)

1 * Required Fields

Ln

6

7 | ClearValues Raw Time Data™ Input

2 80 * Confidence Lewvel | 95% ﬂ

] 1 59

10 54 Benchmark 2
11 55

12 171

13 86 Descriptive Stais

14 107 Geometric Mean 825
15 53 Aritmetic Mean g9.4
16 79 Median T30
17 T2 Standard Deviation 40,5
18 157 n 1
19
20 Best Estimate of Middle 823
21

3. The average time of 82.31 seconds (Geometric Mean for this example) is in the
Results section along with the confidence interval.

4. The one-sided p-value for this hypothesis is .0739, so there is good evidence
that the average time is less than 100 seconds.

Results 20 -

Average Time 8231 3
Difference (Jample Mean - Test Mean) -17.633 00 4

Low High
Confidence Inferval &2.42 108.53 a0 A
Margin of Bror 28% G0 -
p-values
Population Mean = Test Mean 0.14781 4 4 -
Population Mean » Test Mean: 007371

Fopulation Mean < Test Mean: 092809 20 -
Power 031833 0 -
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R solution
Enter the following commands:

ex42 <- ¢(90,59,54,55,171,86,107,53,79,72,157)
ex42logs <- log(ex42)

ex42logs
compute.logsummary.fromarray(ex42,0)
log(100)
bench.t.fromarray.withlogconversion(ex42,100)
ci.t.fromarray.withlogconversion(ex42,.80)

The result is:
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» 'r—"—r:Ef—'-'".f:"‘J‘f i r.‘_{f__:..‘
X

X

(R ST Y

1.0 [N S 8]

> e

> e

> e

Flj B10 4.077537 3.9B88984 4.007333 5.141664 4.454347 4.6T72829 3.9?0292]
(8] 4.369448 4 _J76E6E S.056746

> compute.logsummary.fromarray (ex42,0)

RESULTS

Brithmetic mean: 29.36364

Median: 789

Geometric I-Iean:

Mean of log data: 4.4104&9

Standard deviation of log data: 0.411&6754

Variance of log data: 0.16947&66&

Standard error of the mean of the log data: 0.1241248
Sample =ize: 11

Value to use for log critical difference: 0

og (100

]

» bench.t.fromarray.withlogoconversion (ex42,100)
RESULTS

Arithmetic mean: 29.36364
Median: 79

Geometric mean: 82.30803
T: -1.588585 df: 10

P s .

robability of being below benchmark: 0.926093 (p < 0.073%0631 )

> ci.t.fromarray.withlogconversion (ex42,

[&5]
(]

RESULTS5: 80% CONFIDENCE INTERVAL

Erithmetic mean: £9.36364
Median: 789

Upper limit:
Geometric Mean: B82.30803

Lower limit:{69.41803

Critical wvalue of t: 1.372184
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Exercise 1Comparison of completion rate to benchmark (small sample)
From page(s): 56-57

Problem: 25 out of 26 users were able to create an expense report in a financial
application. Does the evidence support the claim that at least 90% of all users can
complete the same task?

Answer: The mid-probability of this result is .158 — not terribly large, but not
compelling evidence. With the rejection criterion set to .10, an 80% adjusted-Wald
binomial confidence interval ranges from 87.4 to 99.5%. Because the adjusted-Wald
interval contains the benchmark of .90, there is insufficient evidence to conclude
that in the tested population at least 90% of users could successfully complete the
task. An advantage of computing the confidence interval is that you get an idea
about what benchmarks the data in hand would support. For example, because the
lower limit of the interval is 87.4%, the data would support the claim that at least
85% of users could successfully complete the task.

Excel solution
1. Click on the Completion Rate against a Criterion link under the Test a Mean or
Proportion to Criterion section.

25
26

27 Test a Mean or Proportion to Criteron
28

29

30 m Completion Bate against g Criterion 1
31

32

33 w Tazk Time against g Criterion
34

35

36 “ Eating Scale Scores against o Criterion

a7

33

39 ﬁ Eating Scale Scores ggaoinst g Criterion (Summary]
40

41
A2
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2. Enter 25 Successes and 26 Total tested in the Enter Data Section.

3.

4.

0| 0| ~J| | en| | o pa| =

Enter .9 as the benchmark.

Set the confidence level to 80%.

A H

Contents

- Confidence Interval and Test Around a Completion

* Requirsd Fislds

Enter Data*
Success” 75
Total * 24
Benchmark
Cenfidence Lewvel 805

Results

Sample Proportion 0562
Difference 0,062

Conhdence Intervals

Lo High

87 4% F9.50%
Eecommended p-value 013794
Exact p-value 02313
Mid p value® 0.157%
Mormal p-value 0.1475

TUUY
90%
80%
0%
60%
50%
40%
30%
20%
10%

0%
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R solution
Enter the following commands:

bench.rate.smallsample(25,26,.9)
ci.adjwald.fromsummary(25,26,.80)

The result is:

V%]

> bench.rate.s2mallsanple (25,26, .9)

RESULTES (mid-p recommended)

Chzerved proportion: 0.9615385

Exact probability of exceeding benchmark: 0.7487357 (p < 0.2512643 )
fﬁd probability of exceeding benchmark: 0.8420624 (p < 0.1579376 J]
Exact probability of being below benchmark: 0.06461082 (p < 0.8935383%2 )
Mid probability of being below benchmark: 0.1578376 (p < 0.8420624 )

> ci.adjwald.fromsummary (25,26, .80)
RESULTS

Adjusted p (Wilson): 0.9341161

Margin of error: 0.060463739
80% upper limit: 0.99455859

r (maximom likelihood) : 0.9615385

80% lower limit: 0.8736463

Web solution

You can also solve this problem with the confidence interval calculator for a
completion rate at http://www.measuringu.com/wald.htm. Putting in the values for
25 successes out of 26 attempts with 80% confidence, you get:
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Input Table Results Table
Passed Total Tested Confidence Intervals Point Estimates
25 26 Low High Margin of Eror
agiweis (03735 | (09946 | 00605 |  mestEstimete 09286
| Calculate | Exset  0.8585 | 0.9960 0.0687 MLE  |D.9615
Scere  0.8793 | 0.9884 0.0543 LePlace  |0.9286
Cenfidence Level: v Wald 0.9132 | |1.0099 0.0483 efireys  |0.9444
Using Alpha: .20 wilson  |0.9341
Likely Population Completion Rate
Unknown W

The adjusted-Wald confidence interval includes the criterion of .90, so there is
insufficient evidence to support the claim that the design has met this goal.

Exercise 2Comparison of completion rate to benchmark (large sample)
From page(s): 57-58

Problem: In an unmoderated usability test of an automotive website, 150 out of 180
participants correctly answered a qualifying question at the end of a task to
demonstrate they’d successfully completed the task. Can at least 75% of users
complete the task?

Answer: For this test, 150 out of 180 participants completed the task successfully,
and the question is whether this provides compelling evidence that at least 75% of
users from the tested population would also successfully complete the task. Because
there are more than 15 successes and more than 15 failures, it is OK to use the large
sample method — the normal approximation to the binomial — to answer the
question. The observed success rate is 150/180 = .833, the sample size is 180, and
the benchmark is .75, so the probability of getting this result is a statistically
significant .0049. If the rejection criterion for this test were a conservative .01, the
corresponding 98% adjusted-Wald binomial confidence interval ranges from 75.9 to
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88.9%. The lower limit of this confidence interval is higher than the criterion, so the

evidence indicates that the design has met this goal.

Excel solution
1. From the “CompRate Cl and Test” tab, enter 150 Successes and 180 Total

| b b b b —&] %] =
ﬂmm#mm_._:.mmﬂmm-p-wm—t

tested.

2. Enter the Benchmark as .75.

3. Enter a confidence level of 98% for the confidence intervals.

A B

C

E

5 Confidence Interval and Test Around a Comple

* R=quired Fislds
Enter Data*
Success”
Total =
Benchmarlk
35

Confidence Lewvel

150
180

4. The p-value of .00491 (from the Normal distribution due to the large sample
size) is in the Results section along with the 98% confidence interval.

Resulls

Sample Proportion 0.633
Difference 0083

Confidence Intervals

Low High

75.8% 88.5%
Recommended p-value 0004217
Exoct p-value 0.0045
Mid p walue® 0.0036
Mormal p-value 0.004%

90%
80%
0%
60%
50%
40%
30%
20%
10%

0%
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R solution
Enter the following commands:

bench.rate.largesample(150,180,.75)
ci.adjwald.fromsummary(150,180,.98)

The result is:

(V]
(=]

> bench.rate,largesample (1

RESULTS

Obaerved proportion: 0.8333333
z: 2.581989

> ci.adjwald. fromsummary (150,180, .98)

RESULTIS
Adjusted p (Wilscon): 0.8236038
Margin of erxror: 0.06511928

98% upper limit:

p (maximum likelihood): 0.8333333
98% lower limit:

Web solution
You can also solve this problem with the confidence interval calculator for a

completion rate at http://www.measuringu.com/wald.htm. Putting in the values for
150 successes out of 180 attempts with 98% confidence, you get:
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Input Table Results Table
Passed  Total Tested Confidence Intervals Point Estimates
150 180 Low High Mzrgin of Emar®
asi wais ((0.7585 | [0.8887 ] [0.0651 Best Extimete |0.8297
| Calculate | Exact 0.7587 @ 08927 0.0670 MLE 0.8333
Score 0.7592 0.85880 0.0644 LaFlace 0.8297
Confidgence Lemel weis 07687 | (0.8980 | |0.0646 defeys  |0.8315
Using Alpha: .02 Wilson 0.8236
Likely Population Completion Rate
Unknown W

Exercise 3Comparison of mean SUS to benchmark
From page(s): 58

Problem: Assume an “average” score for websites using the System Usability Scale is
70. After completing two tasks on the Travelocity.com website, the average SUS
score from 15 users was a 74.7 (s = 12.9). Is this website’s usability significantly
above average?

Answer: Using a one-tailed one-sample t-test, the likelihood of this result is .09, just
achieving statistical significance if the rejection criterion were set to .10. Assuming
that criterion, an 80% confidence interval ranges from 70.2 to 79.2. The lower limit
of the interval is higher than the criterion, indicating that the design has met this
goal.

Excel solution

1. Click on the Rating Scale Scores against a Criterion (Summary) link under the
Test a Mean or Proportion to Criterion section.
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26

27 Test a Mean or Proportion to Criteron

28

29 | Proportion Binomial Test [ zTest

30 Completion Bate against a Criterion
31
32
33
34
35

36
37
38
39
40
41

2. Enter the mean, standard deviation, sample size and Test Benchmark (70) in

Tosk Time aogainst o L’-Jri’rericn

Eoting Scaole Scores agoinst a Criterion

Eaoting Scale Scores against a Criterion (Summaryl | ]

the Input section.

3. Set the confidence level to 80%.

A H L U E »

Contents

1-3ample t-test and Confidence Interval Summary Data
Compars a sampls mean for Satisfaction Scorss or other confinuaus
* Required Fislds

Input
Sample Mean™ 747
Sample Standard Deviation 129 2
Sample Size” 3
Teszt Benchmark = 70
Confidence Lawvel S n

b= b b b = b b i
Jﬂmm_':_wm_._gmmumm-p.mm_k

4. The one-tailed p-value of .09 appears in the Results section along with the 80%
confidence interval.
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BU.U
Resulis 280
Difference 4.7 ’
76.0
Low High
Confidence Interval 70.220  79.1380 74.0 4
J20 4
p-values 200
Mean=TestMean 0130053737 =
Mean > Test Mean 0.0900248879 62,0
3 ]
Mean <TestMean 0709973131
66.0 -
Power 054523
640 -

R solution
Enter the following commands:

bench.t.fromsummary(74.7,70,12.9,15)
ci.t.fromsummary(74.7,12.9,15,.8)

The result is:

> bench.t.fromsummary (7

RESULTS

t: 1.411087

df: 14

Ernbability of exceeding benchmark: 0.9099731 (p < 0.09002&687 )
Probability of being below benchmark: 0.00002687 (p < 0.9099731 )

> gi.t.fromsumnmary (74.7,12.9,15, .8)

RESULTS: 20% CCONFIDENCE INTERVAL

Upper limit:

Mean: 74.7

Lower limit:
Margin of error: 4.479981
Standard error: 3.330766
Critical walue of t£: 1.345030
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Exercise 4Comparison of mean Likert score to benchmark
From page(s): 58-59

Problem: Twelve users attempted to locate a toy on the toysrus.com website and
rated the difficulty of the task an average of 5.6 (s = 1.4) on a 7-point scale (where a
7 means very easy). Is there evidence that the average rating is greater than 5?

Answer: In this problem we need to determine if the observed mean of 5.6, given a
sample size of 12 (so there are 11 degrees of freedom) and standard deviation of 1.4,
is significantly greater than the benchmark of 5. Using a one-tailed one-sample t-
test, the probability of this result is .08, just achieving statistical significance if the
rejection criterion were set to .10. An 80% confidence interval ranges from 5.05 to
6.15. Asin Exercise 3, the lower limit of the confidence interval just exceeds the
benchmark, so there is reasonable, though not overwhelming, evidence of having
met the goal.

Excel solution
1. Click on the Rating Scale Scores against a Criterion (Summary) link under the
Test a Mean or Proportion to Criterion section.

26

27 Test a Mean or Proportion to Criteron

23

29

30 w Completion Rate against a Criterion
31

32

33 M Tazk Time against a Criterion

34

35

36 ﬁ Eating Scale Scores against g Criterion
a7
38
39 ﬁ Eating Scale Scores against g Criterion (Summary] 1
40
41
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Enter the mean, standard deviation, sample size and Test Benchmark (5) in the
Input section.

Set the confidence level to 80%.

L L e [ | - 1

Contents

1-Sample t-test and Confidence Interval Summary Data
Compars a sampls mean for Satisfaction Scores or other continuou
* Required Fields

Input
Sample Mean” S8
Sample Standard Deviation 1.4 2
Sample Size” 12
Test Benchmark * 3
Cenfidence Lewvel a0 n 3

. The one-tailed p-value of .083 is in the Results section along with the 80%
confidence interval.

7.0
Resulls
Difference 0.4 6.0 {

Low High 5.0
Confidence Interval  5.04% 6.151 a0
p-values 30

Mean= TestMean  0.1457 27905
Mean»TestMean 0082843952 4 20

Mean <TestMean 0917136048
10

Power 0.57345
0.0

|

James R. Lewis & Jeff Sauro



Chapter 4: Did We Meet or Exceed Our Goal?

R solution
Enter the following commands:

bench.t.fromsummary(5.6,5,1.4,12)
ci.t.fromsummary(5.6,1.4,12,.8)

The result is:

> bench.t.fromsummary (5.6,5,1.49,12)
RESULTS

t: 1.48461%

df: 11

Eicbability of exceeding benchmark: 0.917136 (p « 0.08288385 ]]
Probabkility of being below benchmark: 0.08286385 (p <« 0.8917136 )

> gi.t.fromsummary (5.

F==3

oy
I
[
;]
i1

RESULTS: 80% CCONFIDENCE INTERVAL

Upper limit:{6.151024

Mean: 5.6

Lower limit: m
Margin of error: 0.5510238
Standard error: 0.4041452
Critical walue of t£: 1.363430
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Exercise 5Comparison of completion times to benchmark
From page(s): 59

Problem: Six participants called an interactive voice response system to find out the
appropriate replacement head for an electric shaver and the nearest location to pick
one up. All participants completed the task successfully, with the following task
completion times (in minutes): 3.4, 3.5, 1.7, 2.9, 2.5, and 3.2. Do the data support
the claim that callers, on average, can complete this task in less than three minutes?

Answer: After converting the times to log-times and conducting a one-tailed one-
sample t-test against the benchmark of 3 minutes, the probability of this outcome is
just .27. There is only about a 73% chance that the mean completion time for the
population is as low as 3 minutes. An 80% confidence interval around the geometric
mean ranges from 2.4 to 3.3 minutes. Because this interval contains the benchmark,
there is insufficient evidence to conclude that the design has met this goal.

Excel solution
1. Click on the Task Times against a Criterion link under the Test a Mean or
Proportion to Criterion section.

26

27 Test a Mean or Proportion to Criteron

23

29

30 w Completion Rate against a Criterion
31

32

33 M Tazk Time against a Criterion 1
34
35

36 ﬁ Eating Scale Scores against g Criterion

a7

38

39 ﬁ Eating Scale Scores against g Criterion (Summary]
40

41
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2. Click the “Clear Values” button to delete values from the raw data column
(macros must be enabled) and enter in the raw times in the Raw Time Data
column.

3. Set the confidence level to 80%.

4. Enter the Benchmark of 3 minutes.

A H C U [= F

+ | Confidence Interval and Test Around Raw Task Times
- Fasts the Raw Task Time in the 1st Column-Remaowve Non Numeric Valuss-—-Calcuk

* Required Fislds

Clear Values Raw Time Data* Input
34 * Confidence Level ﬂ 3

1
2

3

4

5

G

T

a

9 2 3.5

10 17 Benchmark 2 ]

11 2.9 4
12 2.5

13 3.2 Descnptive Stafs

14 Geometric Mean 28
15 Aritmetic Mean 29
16 Median 3l
17 Standard Dewviation 0.7
18 il &
14

20 Best Estimate of Middle 28

s
&
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Results 35 -
Average Time 279 S
Difference (Sample Mean - Test Mean 0212 3.0 1
: 2.5 1
Lo High
Confidence Interval 237 328 20 -
Margin of Error 16% 1.5 1
6
p-values 1.0 1
Population Mean = Test Mean 0.53701 05 -
Population Mean > Test Mean: 026351 i
Population Mean € Test Mean: 073149 0.0 -
Fower 026225

5. The average time (Geometric Mean in this example) is 2.79 minutes.

6. The one-tailed p-value of .26851 appears in the Results section along with the
80% confidence interval.

R solution
Enter the following commands (same pattern as used in Examples 17 and 18):

prob45 <-¢(3.4,3.5,1.7,2.9,2.5,3.2)

prob45logs <- log(prob45s)

prob45logs
compute.logsummary.fromarray(prob45,0)
log(3)
bench.t.fromarray.withlogconversion(prob45,3)
ci.t.fromarray.withlogconversion(prob45,.8)

The result is:
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> prob45 <- £(3.4,3.5,1.7,2.9,2.5,3.2)
> prob4Slogs <- log(prob4ib)
> prob4tlogs

c&: 1.2237754 1.2527630 0.53062E83 1.

0647107 0.91&62307 1.163150é]

> compute. logsunmmary. Iromarray (probds, 0)

RESULTS
Lrithmetic mean: 2.866667
Median: 3.05

Geometric I-Iean:
Mean of log data: 1.025220

Standard deviation of log data:
Variance of log data: 0.07365421

0.2713931

Lrithmetic mean: 2.866667
Median: 3.05
Geometric mean:

t: -0.6624122

LTRBTTOR

df: &

2

Standard error of the mean of the log data: 0.1107858
Sample =2ize: &

Value to use for log critical difference: 0O

> log(3

[1]1¢ 1.098612

> bench.t.fromarray.withlogconversion (prob45s, 3)
RESULTS

(p < 0.7314325 )

Brobability of excesding benchmark: 0.J685075
Erobability of being below benchmark: 0.7314925

(p < 0.2685075 )]

by

[N}

}

RESULTS: 80% CONFIDENCE INTERVAL

Arithmetic mean: 2.266667
Median: 3.05

Upper limj.t:
Geometric Mean: 2.T787708

Lower limit:

Critical wvalue of t: .4T75884
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Chapter 5: Is There a Statistical Difference

between Designs?

Abstract

This goal of this chapter is to cover methods for determining if a difference is
statistically significant and how large or small of a difference likely exists in the
untested population. It is important to account for chance differences when
comparing two designs or products. To do this, you need to find a p-value from the
appropriate statistical test. To understand the likely range of the difference between
designs or products, you should compute a confidence interval around the
difference. To determine which statistical test you need to use, you need to identify
whether your outcome measure is binary or continuous and whether you have the
same users in each group (within-subjects, assessed with a test for dependent data)
or a different set of users (between-subjects, assessed with a test for independent
data). When assessing differences between two designs, we recommend using two-
tailed tests.

Examplel: Pairedt-test of SUS questionnaire dat@ontinuous,
dependent)
From page(s): 62-64

Summary: In a test between two expense-reporting applications, 26 users worked (in
random order) with two web-applications (A and B). They performed several tasks on
both systems and then completed the 10-item System Usability Scale (SUS)
questionnaire, with the results shown below. Is there a significant difference in the
average ratings for the two applications?
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User A B Difference |
1 77.5 60 17.5
2 90 62.5 27.5
3 80 45 35
4 77.5 20 57.5
5 100 80 20
6 95 42.5 52.5
7 82.5 32.5 50
8 97.5 80 17.5
9 80 52.5 27.5
10 87.5 60 27.5
11 77.5 42.5 35
12 87.5 87.5 0
13 82.5 52.5 30
14 50 10 40
15 77.5 67.5 10
16 82.5 40 42.5
17 80 57.5 22.5
18 65 32.5 32.5
19 72.5 67.5 5
20 85 47.5 37.5
21 80 45 35
22 100 62.5 37.5
23 80 40 40
24 57.5 45 12.5
25 97.5 65 32.5
26 95 72.5 22.5

Mean 82.2 52.7 29.5

Answer: Each participant used and rated each application, so this is a within-subjects

experiment. Even though, strictly speaking, SUS scores are not continuous, they are

continuous enough to use an independent groups t-test to assess the data. The
mean difference is 29.5, with a standard deviation of 14.125. With 26 scores, the
number of degrees of freedom for the test is 25 (n - 1). The result of the t-test is
t(25) = 10.656, p = .0000000001. This p-value is well below the standard rejection
criterion of .05, so the result is highly significant, especially given the relatively small

sample size. A 95% confidence interval around the mean difference ranges from

23.8 to 35.2, so not only is a difference of 0 implausible, it is also implausible that the

true difference is less than 23 or more than 35.
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Excel solution
1. Click the Task Times and Rating Scale Scores from the Same Users link under
the Compare Two Means or Proportions heading.

Compare Twoe Means or Proportions

Z Completion Fotes

m Tosk Times and Satisfoction Scores

m TaskTimes and Rating Scale Scares (Summary!

m TaskTimes and Rating Scale Scores from the Same Lsers

m 2 Completion Rates from the Same Users

2. Clear out any values in the calculator by clicking the “Clear Values” button
(macros must be enabled).

3. Enter the raw values in columns labeled A and B. Do not enter or delete the
values in the “Difference” column. These are the automatically computed
difference scores for each participant (A minus B).
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| % I % T % TR W TR ¥ S S R " U A R "N RN ' U ' [ ' U "
i ]l e A T T T T R Y R T Y =] Bl i B i e Bl B il e

Cad | Lad | D0 Gad | Pl Pl B | el
Ld | D = O WD) 00 =] O [N

Al el
n| &

Contents

£+ Paired t-test
Faste the Raw Valuss in the st fwo Columns.
* Required Fislds

Clear Values Enter Data®

]
5

(9]
ih

2 77.5 &0 17.5 3
90 425 27.5
80 45 35

77.5 20 57.5
100 80 20
95 425 525
82.5 325 50
97.5 80 17.5
80 525 27.5
87.5 40 27.5
77.5 425 35
87.5 87.5 0
82.5 525 0
50 10 0
77.5 47.5 10
82.5 40 425
80 57.5 225
45 325 325
72.5 47.5 5
85 475 37.5
80 45 35
100 425 37.5
80 40 40
57.5 45 12.5
97.5 45 325
95 725 225

4. Set the confidence level to 95%.

5. Set the difference to detect to O.
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MNull Hypothesis

Differenceis fqualTe [»| [ 0

Descriptive 5tats of the Difference

Mean Difference
Median Difference

Standard Deviation

M [sample size)
Difference

hin
Mo
WV

295
313

14125
26
22517
0
58
0.47547
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6. The p-value appears in the results section (p < .000001) along with the 95%

confidence interval around the difference.

7. The results also include graphs of the difference between the means and the

confidence interval around the difference.

Input

evel 352 [+]

.Equal Ta E] |

q

Is of the Difference

e
nce

ation

313

14125
Pl
15519
]

58
0.47547

Results
Average Difference 29.52
Confidence Interval Low 23381
Confidence Interval High 3522
Margin of Error 57
p-value 0000000000
6 Power 0.999999949
Descriptive Statistics for each Group
Mean StDev M
A 82 12 26
B 53 18 26

Observed Difference (Sample 1-2)

7

5.00 10.00 25.00 30.00 35.00 40.00

15.00

100

70

50

30

0
10
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R solution
Enter the following commands:

getdata.fromweb("table501.txt")
test.t.paired.fromarrays(A,B,.95)

The first command gets the data in the table (which is Table 5.1 from the second
edition of Quantifying the User Experience: Practical Statistics for User Research)
from Jim’s website (you need to be connected to the Web for this to work, but these
days, who isn’t). Getting this table creates the variables A and B. The second
command uses that data from A and B and the designated confidence (.95 for 95%)
to perform a t-test and compute the appropriate confidence interval. The result is:

— T

REoULLIS

t: 10.85638
df: 25
i B.753747e-11

95% confidence interval

Jpper limit: 35.22436
29.51923
T 23.814

dean difference:
ower limit: 23.8141]

For a version of the first command that you can modify to input data from tables on
your local computer, see “getdata.fromfile” in the Appendix.
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Example 2Pairedt-test of completion time data(continuous,

dependent)
From page(s): 65-66

Summary: In the same test of two accounting systems used in Example 1, task times

were also collected. One task asked users to create an expense report. Of the 26

users who attempted the task, 21 completed it successfully on both products. These

21 task times and their difference scores appear in Table 5.2. Failed task attempts

are indicated with NA and not included in the calculation. For the successful

completions, is there a significant difference in completion times?

User A B Difference
1 223  NA NA
2 140 NA NA
3 178 184 -6
4 145 195 -50
5 256 NA NA
6 148 210 -62
7 222 299 -77
8 141 148 -7
9 149 184 -35
10 150 NA NA
11 133 229 -96
12 160 NA NA
13 117 200 -83
14 292 549 -257
15 127 235 -108
16 151 210 -59
17 127 218 -91
18 211 196 15
19 106 162 -56
20 121 176 -55
21 146 269 -123
22 135 336 -201
23 111 167 -56
24 116 203 -87
25 187 247 -60
26 120 174 -54

Mean 158 228 -77

Answer: On average, the completion time for A was 77 seconds faster than B, with a

standard deviation of 61 seconds. With 21 times, the number of degrees of freedom
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for the paired t-test is 20 (n - 1). The result is t(20) =-5.72, p = .00001, so there is
strong evidence that users take less time to complete an expense report on Product

A.

The 95% confidence interval for this difference ranges from about -49 to -104

seconds — a difference that users are likely to notice.

Excel solution

B | =l hfch|dltd kb=

G| G| B0 B | B P | B | Pt | P2 e I e e e et el el e e et
-l'-‘hWN—"C"-DW"—JEL“#WH—'*DEDDQ"-IQ'-\T.H-FLWN—"C"D

1. From the “Paired t-test” tab, clear out any values in the calculator by clicking
the “Clear Values” button (macros must be enabled).

2. Enter the raw values in columns labeled A and B. For values that are NA leave
the cell blank. Do not enter or delete the automatically computed values in the
“Difference” column.

A B C D E F
Confents |
Paired t-test
Fastfe the Raw ValugsTrimy IsT fwo Caolu
* Required Fields 2
ClearValues Enter Data”
Siananea
223
1 140
178 184 -4
145 195 -50
254
148 210 -62
222 295 =77
141 148 -7
14% 184 -35
150
133 220 248
160
nz 200 -23
92 549 =257
127 235 =108
151 210 -59
127 218 -21
211 194 15
1048 142 -5&
121 176 -85
144 2&9 =123
135 338 =201
111 147 -5&
114 203 87
187 247 -0
120 174 -54
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Input
* Confidence Lewvel 3

MNull Hypofthesis

Difference 5| Equal Te =] | Al 4
Descripfive Stafs of the Difference
Mean Cifference -7&.6
Median Cifference -80.0
Standard Deviaticon E1.308
M {sample size) 21
Difference -TE.571
MAin =257
Maox 1=
- 0.80066

3. Set the confidence level to 95%.
4. Set the difference to detect to 0.

5. The p-value appears in the results section (p < .000001) along with the 95%
confidence interval around the difference. Negative values are in parentheses.

6. The results include graphs of the difference between the means and the
confidence interval around the difference. The interval for the observed
difference does not cross 0.

300
iput Results
954 [:] Average Difference 76.57 250 T
Confidence Interval Low 1104.48)
o [ Confidence Interval High {48.66) 200 -
Margin of Eror 27e 5
1e Difference 15 -
LX) p-value 0.000013351
-&0.0 Power 0578141951
100 -
E1.305
71 50 1
-T6.571 Descriptive Stafistics for each Group
-257 hean 5iDev M 0
5 A 158 47 26 A B
0.800E6 B 228 a7 21
Observed Difference (Sample 1-2) 6
T T T
20.00 40.00 60.00 £0.00 100.00 120.00
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R solution
Enter the following commands:

getdata.fromweb("table502.txt")
test.t.paired.fromarrays(A,B,.95)

As in the previous example, the first command gets the data from a table stored on
Jim’s website, which puts the data for A and B into the variables of the same name.
The second function uses those variables and the designated confidence level to
compute the t-test and confidence interval. The result is:

1 —5.T23478
df: 20
1 1.335086e-03

95% confidence interval
OJpper limitc: -48.66441 ]

dean difference: -76.57143
Lower limit: -104.4784

Margin of error: 27.

30702

Example 3independent groupg-test of SUS daté&continuous,
independent)

From page(s): 67-70

Summary: In a test between two CRM applications, the following SUS scores were
obtained after 11 users attempted tasks on Product A and 12 different users
attempted the same tasks on Product B (for a total of 23 different users). Is the
difference in average SUS scores between the applications statistically significant?
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50 50
45 525
57.5 52.5
475 50
52.5 52.5
57.5 47.5
52.5 50
50 50
52.5 50
55 40
475 42.5
57.5
51.6 | 49.6

Answer: Product A had a mean SUS score of 51.6 (s =4.07) and Product B had a mean
SUS score of 49.6 (s = 4.6) — a difference of 2 points. For this test, there are 20
degrees of freedom, and the outcome is t(20) = 1.1, p = .28. Because this value is
rather large (well above .10), the difference is not significant (not appreciably greater
than chance). The probability that this difference of 2 points is due to chance is
28.16%, so we can be only about 71.8% sure that products A and B have different
SUS scores — a level of certainty that is better than 50-50 but that falls well below the
usual criterion for claiming a significant difference. Product A’s SUS score of 51.6,
while higher, is not statistically distinguishable from Product B’s score of 49.6 at this
sample size and amount of score variance. The 95% confidence interval around this
mean difference ranges from -1.8 to 5.8. Because the interval contains zero, we
can’t be 95% sure that a difference exists; we’re only 71.8% sure. Although Product A
appears to be a little better than Product B, the confidence interval tells us that there
is still a modest chance that Product B has a higher SUS score (by as much as 1.8
points).
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Excel solution

1. Click the Task Times and Rating Scale Scores link under the Compare Two
Means or Proportions heading.

Compare Two Means or Proportionz

P al Proportion Test

2 Completion Botes

H Tosk Times ond Eating Scale Scores 1

Task Times and Fating Scale Scores (Summary)

" Task Times and Fating Scale Scores from the Same Users

2 Completion Rates from the Same Users

2. Clear out any values in the calculator by clicking the “Clear Values” button
(macros must be enabled). Enter the values in the Enter Data section for both
products.

1

= -~ g

3 &) Comparing Two Continuous Data

4 Compares the Means of Two confiny

g

[ Clear Values Enter Data”™

T a E

8 2 50 50
9 45 525
10 57.5 525
11 47. 5
12 525 52.5
13 575 475
14 525 5
15 o0 0
16 52.5 50
17 35 4
18 47.5 425
19 575
20
21
22

k]
a
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3. Set the confidence level to 95%.

4. The mean, standard deviation and sample size for both groups will be in the
Results section.

5. The p-value (.2816) and the 95% confidence interval are in the Results section.

6. The graph of the difference between means shows that the confidence interval
crosses 0, which means we cannot be 95% confident a difference exists
between the means.

Results
Descripfive Stafisfics Azsuming UnEqual Yariances
Mean Sthev I Observed Difference (Somple 2-1 2007576
51.5% 4.073 11 4
B 49.58 4,626 12 o-values
Populafion 1 = Populafion 22 0.2814323
Population 1 = Population 2: 01413571 5
Confidence Lews! 3 Population 1 = Population 2: 05551423
Loy High
Confidence Interval Arcund Difference -1.777 5.792
Observed Difference (Sample 2-1)
L —
3 -2 -1 a 1 2 3 4 5 & 7
R solution

Enter the following commands:
A <- ¢(50,45,57.5,47.5,52.5,57.5,52.5,50,52.5,55,47.5)
B <- ¢(50,52.5,52.5,50,52.5,47.5,50,50,50,40,42.5,57.5)
test.t.independent.fromarrays(A,B,.95)

The first two commands put the data into the variables A and B. The third command
uses A and B and the designated level of confidence (.95 for 95%) to compute the t-
test and confidence interval. The result is:
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RESULTS

t: 1.106522
df: 20 ]
: D.2816328
95% confidence interwval
pper limit: 5.7921&2
Eiean difference: 2.00'?5'?%
ower limit: -1.777010
Margin of error: 3.7843586

Example 4independent groupg-test of time data(continuous,
independent)
From page(s):. 70-71

Summary: Twenty users successfully added a contact to a CRM application. Eleven
users completed the task on the existing version and nine different users completed
the same task on the new enhanced version. Is there compelling evidence to
conclude that there has been a reduction in the mean time to complete the task?
The raw values (in seconds) appear below.

18 12
1 35
35 21
78 9
38 2
18 10
16 5
22 38
40 30
77

20

Answer: The mean task time for the 11 users of the old version was 37 seconds with
a standard deviation of 22.4 seconds. The mean task time for the 9 users of the new
version was 18 seconds with a standard deviation of 13.4 seconds. With a 21-second
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difference in means and 16 degrees of freedom, this was a significant result (t(16) =
2.33, p=.033). The 95% confidence interval for the difference in mean times ranges

from 2 to 36 seconds.

Excel solution

1. From the “2 Sample t” tab, clear out any values using the “Clear Values”
button (macros must be enabled) and enter the values in the Enter Data
section for both products. Optionally, you can add the labels “Old” and “New.”

Moontents

w Comparing Two Continuous Dt

Compares the Msans of Two con

ClearValues Enter Data*

B b

18
44
35
78
38
18

16
22

40
T
20

] Ca| | | Lh| | L 3] = | S | M| TR RN

2. Set the confidence level to 95%.

12
35
21

10

35
30

3. The mean, standard deviation and sample size appears for both groups in the

Results section.
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Results
Descriptive Statistics Aszuming UnEqual Wariances
Mean StDev [+l Cbserved Difference (Somple 2-1 18.9070%
3 Old 36.91 22.407 11
New 18.00 13.454 ? p-values 4
Population 1 = Population 22 0.032100%
Population 1 = Population 2: 0.0137820
Confidence Lewvel 2 Population 1 = Population 2: 0.3302130
Loww High

Confidence Interval Around Difference 1.71% 36.099

Observed Difference [Sample 2-1)

0 5 10 15 20 25 30 35 40

4. The p-value (.033) and the 95% confidence interval are in the Results section.

5. Corroborating the p-value, the graph of the difference between means shows
that the confidence interval does not cross 0, so we can be at least 95%
confident a difference exists between the means.

R solution

Enter the following commands:
Old <- ¢(18,44,35,78,38,18,16,22,40,77,20)
New <- ¢(12,35,21,9,2,10,5,38,30)
test.t.independent.fromarrays(Old,New,.95)

The first two commands put the data into the variables Old and New. The third

command uses Old and New and the designated level of confidence (.95 for 95%) to
compute the t-test and confidence interval. The result is:
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F-: 2.331867
df: 16
ko: 0.03310087

95% confidence interval

Jpper limit: 36.09938
Mean difference: 18.9080%9

ower limit: 1.718
Margin of error: 1

Example 5Chi-squared test of 2x2 contingency tablbiqary,
independent)
From page(s): 74

Summary: If 40 out of 60 (67%) users complete a task on Design A, can we conclude
it is statistically different from Design B where 15 out of 35 (43%) different users
passed? Setting this up in a contingency table we have:

Pass Fail Total

Design A 40 (a) 20(b) 60 (m)
Design B 15(c) 20(d) 35(n)
Total 55(r) 40(9) 95(N)

Answer: Assessing this with a standard chi-squared test, we get c?(1) =5.14, p =
.0234 (the degrees of freedom for a 2x2 contingency table is always 1). This small p-
value indicates a statistically significant outcome — the evidence supports the claim
that the successful completion rate for Design A is higher than for Design B.

Exel solution
1. Click the “2+ Large Sample Completion Rates” link under the Compare 3 or
More Means or Proportions heading.
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Compare 3 or More Means or Proportions

. 2+ Large Sample Completion Rotes 1

- 2+ Large Sample Means

n 24 Means from the Same Use

[w]
1}
i

2. Enter the number of users who passed and failed for each design in the Input
section. The Row and Column labels are optional.

A B C B E F

il Contents

£

3 Chi-Square Test of Independence

4 Enter the values of a contingency fable to compute the chi-
5 * Required Fields

B

7 st
g Column Labels

9 Row Labels Pass Fail

10 DCiesign A 40 20 2

11 Ciesign B 15 20

12

13

3. The p-value (.0234) appears in the Results section.
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Chi-Square 5.141
Degrees of Freedom 1

p-value 0.0233713 3

Thers s a 97 683% chance at least 1 population proportion s different.

Caleulations

R solution
Enter the following command:

test.twobytwo.independent(40,20,15,20,.95)

This command processes independent 2x2 contingency tables, taking as input the
table values for a, b, ¢, and d in that order, followed by the desired level for the

confidence interval (.95 for 95%). The result is:
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RESULTS

Eecommended test: HN-1 Chi-Sguared Test

H-1 chi-=squared: 5.0B658
df: 1
p: 0.02411170

H-1 two-proportion z: 2.255345
p: 0.02411170

95% confidence interval of difference between proportions
pl: 0.6666667

p2: 0.4285714

Adjusted wvalue of pl: 0.6614968

Adjusted wvalue of p2: 0.4322874

bdjusted difference: 0.2292094

Margin of error: 0.198558%

Upper limit: 0.4277693

Maximum likelihood estimate (observed difference): 0.23208952
Lower limit: 0.030&64956

Fizher Exact Probabkility: 0.03145601

fSrandard chi-=sqgquared: 5.140693
df: 1
fo: 0.02337132

Standard chi-sqguared with Yates correction: 4.210356
df: 1
p: 0.04017791

Note that for the data in this example, the standard chi-squared is not the preferred
test. For more information, see Example 6.
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Example 6Various tests of 2x2 contingency tablbeifary, independent)
From page(s): 75-80

Summary: Recent research (Campbell, 2007) has shown that an alternative form of
the standard chi-squared test — the N-1 chi-squared test — generally works better
with small samples, as long as the expected number in each cell of the 2x2 table is
greater than or equal to 1. When that condition isn’t true, the Fisher exact test is
better. In this example, assume 11 of 12 users (92%) completed a task on Design A; 5
out of 10 (50%) completed it on Design B. Does this outcome indicate a significantly
better completion rate for Design A?

Answer: For this data, the appropriate test is the N-1 chi-squared test, which is c?(1)
=4.557, p=.0328. A 95% confidence interval around the difference of .338 between
these independent proportions ranges from .022 to .697. That is, we can be 95%
confident that the plausible range for the difference between design completion
rates is between 2% and 70%, significantly favoring Design A.

Excel solution
1. Click the 2 Completion Rates link under the Compare Two Means or
Proportions heading.

Compare Two Means or Proportions

»

2 Completion Rates 1

@ Tosk Times ond Eoting Scaole Scores

% Task Times and Fating Scale Scores (Summary)

m TaskTimes and Fating Scale Scores from the Same Users

W 2 Completion Rates from the Same Users
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2. Enter the number that passed in the Success field and the total sample size in

the Total field for both groups.

3. Set the confidence level (around the difference between means) to 95%.

A B

c

D

F G

I

A Comparing 2 Completion Rates (N-1 Two Proportion Test)
L) - - - -
g For comparing Two independent sample compietion rates for all sampie sizes. When 1l
* Required Fislds

B3| = |Ch|Lh| &L

L)

11
12
13
14

15

Confidence Leve

b

Fopulation 2
SJuccess” Total*

ih
=]

The p-value (.03278) and confidence interval around the difference are in the

Results section. The upper boundary of the interval (-.022) does not cross 0.

Completion Rate

Difference

Results

Population Population 2

F1.67%

(0.41667)

Confidence Interval Arcund Difference

F1=P2
P1<P2
F1=P2

530.00%

Lo

High

-0.497

p-values
0.03275
0.0183%
0.98381

-0.022

100.0%

90.0% -

B80.0% -

70.0% -

60.0%

50.0% -

40.0% -

30.0% -

20.0% -

10.0% -

Population 1 Population 2

Note: The negative confidence interval values are from the calculator subtracting
Population 1 from Population 2. Subtracting Population 2 from 1 would generate the
same p-value and have the confidence interval equal to .022 to .697.
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R solution
Enter the following command:

test.twobytwo.independent(11,1,5,5,.95)

This command processes independent 2x2 contingency tables, taking as input the
table values for g, b, ¢, and d in that order, followed by the desired level for the
confidence interval (.95 for 95%). The result is:

RESULTS

Recommended test:{ﬁ—l Chi-Squared Tesﬁ]
5—1 chi-aquared: 4.557292
df: 1

e 0.03277887

N-1 two-proportion z: 2.134781

o: 0.03277887

895% confidence interval of difference between proportions
pl: 0.9166667

pZ: 0.5

Ldjusted wvalue of pl: 0.8591766

Ldjusted value of p2: 0.5

Ldjusted difference: 0.3591766

Margin of error: 0.3375658

Tpper limit:

Maximom likelihood estimate (observed difference): 0.4166667
Lower limit: m

Fisher Exact Probability: 0.055372755

Standard chi-sguared: 4.774306
df: 1
r: 0.028BB8750

Standard chi-sguared with Yates correction:
df: 1
p: 0.08832237

.904688

[§%]
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Example 7Comparison of success ratdsifary, independent)
From page(s): 80-81

Summary: A new version of a CRM software application was created to improve the
process of adding contacts to a distribution list. Four out of nine users (44.4%)
completed the task on the old version and eleven out of 12 (91.7%) completed it on
the new version. Is there compelling evidence that the new design improves
completion rates?

Answer: Given the data in this form, the appropriate test to use is the N-1 two-
proportion test, which is mathematically equivalent to the N-1 chi-squared test. For
this test, the resultis z=2.313, p =.0207. The 95% confidence interval around the
observed difference of .473 ranges from .058 to .752, that is, we can be 95%
confident the actual improvement in completion rates on the new task design is
somewhere between 6% and 75%.

Excel solution
1. From the “2 Comp Rates” tab, enter the total successes and total number
tested for both groups.

2. Set the confidence level (around the difference between proportions) to 95%.

A B = L E r 5

Biconier:

3 Comparing 2 Completion Rates (N-1 Two Proportion Test)

< For comparing Two independent sampie completion rates for all sample sizes. When th
5 * Required Fields

(i3

7

3

9 FPopulation 1 Fopulation 2

10 Sucoess” Total* Succoes” Total*

11 4 g 1 11 12
12

13

14

15 Confidence Lewsl | a5 - 2

16
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Results
Fopulation Population 2 100.0%
Completion Rate 44 44% P8R
90.0% -
Difference 0.47222 B0.0% 4
Lo High 70.0% B
Confidence Interval Around Difference 0.058 0.752 60.0%
50.0%
p-values 3
P1=P2 (002070 40.0% 4
P1=P2 001033 30.0% -
A A c
P1<P2 033945 20 0% -
10.0% -
0.0%
Population 1 Population 2

3. The p-value (.0207) and associated confidence intervals are in the Results
section. The lower boundary of the interval (.058) does not cross O.

4. Consistent with the p-value, the graph of the proportions shows the
confidence intervals do not overlap.

R solution
Enter the following command:

test.nminusonetwoproportion.givenxandn(4,9,11,12,.95)

This command takes as input the number of successes for the first condition, the
sample size for the first condition, the number of successes for the second condition,
and the sample size for the second condition, followed by the desired level for the
confidence interval (.95 for 95%). The result is:
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RESULTS

E—'_ Two-Froportion =: -2.313407 ]
0.02070027

895% confidence interval of difference between proportions

pl: 0.4444444

p2: 0.9166667

F: 0.7142857

Adjusted wvalue of pl: 0.4542155

Adjusted wvalue of pZ2: 0.8591766

Adjusted difference: -0.4048&611

Margin of error: 0.3472612

Upper limit: Q88

Example 8Comparison of conversion ratebifiary, independent)
From page(s): 82

Summary: An A/B test was conducted live on an e-commerce website for two weeks
to determine which product page converted more users to purchase a product. 455
users experienced Concept A and 37 (8.13%) of those purchased the product. 438
different users experienced Concept B and of those 22 (5.02%) purchased the
product. Is there compelling evidence that the conversion rate for one concept is
better than the other?

Answer: Given the form of this data, the N-1 two-proportion test is appropriate (z =
1.87, p = .06) — a statistically significant outcome if setting the rejection criterion to
.10; not significant if using the standard criterion of .05. In practice, it would
probably be wise to consider this a significant result. There is about a 94%
probability the completion rates are different. A 90% confidence interval around the
difference in conversion rates (3.1%) ranges from 0.4 to 5.8%. That is, if all users
experienced Concept A, we would expect it to convert between 0.4% and 6% more
users than Concept B. As with any confidence interval, the actual long term
conversion rate is more likely to be closer to the middle value of 3.1% than to either
of the extreme end-points. For many large-volume e-commerce websites, even the
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small lower limit estimated advantage of 0.4% for Concept A could translate into

considerably greater revenue.

Excel solution

1. From the “2 Comp Rates” tab, enter the total successes and total number

tested for both groups.

2. Set the confidence level (around the difference between proportions) to 95%.

A B C B

* Required Fislds

00| =l | h| e La

=)

Population 1

10 SUCoess” Total*

il 37 455
12

13

14

15 Confidence Level | a5 B
16

o Comparing 2 Completion Ratesz (M-1 Twe Propertion Test)

For comparing twao independent sample completion rates for all sample sizes. When 1F

Population 2
SuUcCess” Total*

438

k2
ka2

3. The p-value (.06166) and associated confidence intervals are in the Results

section.
Results
Fopulation Population 2
Complaticn Rate 28.13% LO02%
Difference (0.03109)
Lo High
Cenfidence Interval Around Difference -0.064 0.002
p-values

Pr=p2 oosles| 3
PI<P2 003083
PI>P2 094917

12.0%

10.0%

2.0%

6.0%

4.0%

2.0%

0.0%

Population 1 Populstion 2
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R solution
Enter the following command:

test.nminusonetwoproportion.givenxandn(37,455,22,438,.9)

This command takes as input the number of conversions for the first condition, the
sample size for the first condition, the number of conversions for the second
condition, and the sample size for the second condition, followed by the desired level
for the confidence interval (.9 for 90%). The result is:

RESULTS
-1 Two-Proportion z: 1.868711
: D.068166309
90% confidence interval of difference between proportions
pl: 0.08131868
pe: 0.05022831

F: 0.06606943
Adjusted wvalue of pl: 0.08
Adjusted wvalue of p2: 0.05]
Adjusted difference: 0.030

-

=
Margin of error: 0.0273385

estimate [observed difference): 0.03108037
Lower limit:
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Example 9Comparison of success ratdsijary, dependent)
From page(s): 84-89

Summary: Fifteen users attempted the same task on two different designs. The
completion rate on Design A was 87% and on Design B was 53%. The following table
shows how each user performed, with O’s representing failed task attempts and 1’s
for passing attempts. Do the data indicate a significant difference in successful
completions between the two designs?

User Desicn A Desien B

1 1 0
2 1 1
3 1 1
4 1 0
5 1 0
6 1 1
7 1 1
8 0 1
9 1 0
10 1 1
11 0 0
12 1 1
13 1 0
14 1 1
15 1 0
Comp 87% 53%

Answer: For these data, the appropriate test is the McNemar test using mid-
probabilities. A McNemar test focuses on the discordant pairs —those users who
succeeded with one design but failed with the other, as shown in the table below
(see cells b and c).

Design B Pass| Design B Fall Total

Design A Pass 7@ 6 (b) 13(m)
Design A Falil 1() 1(d) 2(n)
Total 8 () 7(s) 15(N)

The two-tailed probability of this outcome is .0704, a significant difference if the
rejection criterion is .10; not significant if the rejection criterion is the standard .05.
Thus, the probability is .0704 that 1 out of 7 users will perform better on Design A
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than B if there really was no difference. Put another way, we can be about 93% sure
Design A has a better completion rate than Design B. A 95% confidence interval
around the observed difference of 34% ranges from 0.1 to 59.1%.

Excel solution
1. Click the 2 Completion Rates from the Same Users link under the Compare
Two Means or Proportions heading.

Compare Two Means or Proportions

Z Completion Eotes

w Task Times ond Rating Scale Scores

w TaskTimes and Rating Scale Scores (Summary]

m TaskTimes and Rating Scale Scores from the Same Users

m 2 Completion Rates from the Same Users 1

2. Clear out any previous values using the “Clear Values” button (macros must be
enabled) and enter in the 1’s or 0’s for each user on both designs.

3. Set the confidence level (around the difference between proportions) to 95%.
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2 Proportion Test Within-Subjects (McNemar Exact Test)
Paste the Values (1= Pass 0=Fail] by product and user

* Required Fields

Input

ECR | N o QS R R R R R i —

D e (D et (D el (D e omd omd (D (D el e (D)

Completion Rate

Difference

A B
86.67% 53.3
-33.33%

Confidence Interval Arcund Difference

Loww

High

Confidence Level u 3

-59.04%

-0.06%

Additional Insights

4. The confidence interval around the difference is in the Results section.

5. The p-value (.0703) is also in the Results section.

Results

P1=P2
P1=P2
P1=F2

p-values
0070313
0764544
0035155

100.0%

90.0%

50.0%

70.0%

60.0%

50.0%

40.0%

30.0%

20.0%

10.0%

0.0%
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Rsolution
Enter the following command:

test.twobytwo.dependent(7,6,1,1,.95)

This command requires the dependent 2x2 table values of g, b, ¢, and d in that order,
followed by the desired level for the confidence interval (.95 for 95%). The result is:

RESULTS

McHemar Mid Probability (recommended): [0.0703125

Alternate analyses (not recommended)
McHemar Exact Probabkility: 0.125

McHemar Chi-Squared: 3.57142%9 df: 1 p: 0.053878172
McHemar =z: -1.8893822 p: 0.05878172
McHemar Chi-Squared with Yates Correction: 2.285714 df: 1 p: 0.1305700

95% CONFIDENCE INTEEVAL

pl: 0.2666667

p2: 0.5333333
Adjusted wvalue of pl:
Adjusted wvalue of p2:
Adjusted difference in p: -0.295485%
Margin of error: 0.2949261

Upper limit:(;0.000EEQQlEE]

Cb=zerved difference: -0.3333333

Lower limit:f -0.59%04217

[ ]
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Example 10Comparison of success ratesifary, dependent)
From page(s): 90-93

Summary: In a comparative usability test, 14 users attempted to rent the same type
of car in the same city on two different websites (Avis.com and Enterprise.com). All
14 users completed the task on Avis.com but only 10 of 14 completed it on
Enterprise.com. The users and their task results appear below. Is there sufficient
evidence that more users could complete the task on Avis.com than on
Enterprise.com (as designed at the time of this study)?

User Avis.com Enterprise.com

1 1 1

2 1 1

3 1 0

4 1 0

5 1 1

6 1 1

7 1 1

8 1 0

9 1 1

10 1 1

11 1 1

12 1 0

13 1 1

14 1 1

Comp  100% 71%

Enterprise.com Enterprise.com Fail Total
Avis.com Pass 10 @) 4 (b) 14 (m)
Avis.com Fall 0(c) 0 d 0(n)
Total 10(r) 4(s) 14 (N)

Answer: Again, the appropriate test is the McNemar test using mid-probabilities. The
probability of this outcome if there is really no difference is .0625. A 95% confidence
interval around the observed difference of 29% ranges from 0.5 to 49.5%. As in the
previous example, the mid-p McNemar test fell just short of significance at the
standard level of .05, but the 95% confidence interval excluded O, indicating
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significance at the .05 level. With the outcome this close and significant according to
the confidence interval, it seems wise to conclude that this is a significant difference.

Excel solution
1. From the “McNemar Exact Test” tab, clear out any previous values using the
“Clear Values” button (macros must be enabled) and enter in the 1’s or 0’s for
each user on both designs.

2. Set the confidence level (around the difference between means) to 95%.

M o b | o M L

#coerts |

rd

3 . 2 Proportion Test Within-Subjects (McNemar Exact Test)

4 Paste the Values [1= Pass 0=Fail) by preduct and user

5 * Required Fields

6

T ClearValues Irpuf

3 Jse Avis  Enterprse Avis Enterprise

3 1 1 Completion Rate 100.00% 71.43%

10

11 Difference -28.57%

12

13 Confidence Interval Arcund Difference

14 Loww High 3
-47.61% -0.64%

Confidence Level 2

L
ol o ol e ol o el md d o d d ed
el D e o e £ e e e £ D e

3. The confidence interval around the difference is in the Results section.

4. The p-value (.0625) is also in the Results section along with graphs of the 95%
confidence intervals around each website.
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100.0%

90.0%

4 80.0% -l-

70.0%

p-values
P1=P2 0.062500
P1=P2 0263750

Pl=FP2 0.031250 50.0%
40.0%

60.0%

30.0%

20.0%

10.0%

0.0% T 1
Avis Enterprise

R solution
Enter the following command:

test.twobytwo.dependent(10,4,0,0,.95)

This command requires the dependent 2x2 table values of g, b, ¢, and d in that order,
followed by the desired level for the confidence interval (.95 for 95%). The result is:

RESULTS
McHemar Mid Probkakility (recommended) :{0.06825

Alternate analyses (not recommended)
McHemar Exact Probability: 0.125

McHemar Chi-Sguared: 4 df: 1 p: 0.04550026
McHemar z: -2 p: 0.04550026
McHemar Chi-Sguared with Yates Correction: 2.25 df: 1 p: 0.1336144

95% CONFIDENCE INTEEVAL

pl: 1

p2: 0.T7142857

Adjusted wvalue of pl: 0.93896783
Adjusted walue of p2: 0.6884336
Adjusted difference in p: -0.2512448
Margin of error: 0.244B3E4

Tpper limit:f-0.008408363)

Chserved difference: -0.2857143

Lower limit:f-0.4960832
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Exercise 1Comparison of SEQ ratingsontinuous,independent)
From page(s): 97-98

Problem: Ten users completed the task to find the best priced non-stop roundtrip
ticket on JetBlue.com. A different set of 14 users attempted the same task on
AmericanAirlines.com. After each task attempt, the users answered the 7-point
Single Ease Question (SEQ). Higher responses indicate an easier task. The mean
response of JetBlue was 6.1 (s =.88) and the mean response on American Airlines
was 4.86 (s = 1.61). Is there enough evidence from the sample to conclude that users
think booking a flight on American Airlines is more difficult than on JetBlue? What is
the likely range of the difference between mean ratings using a 90% level of
confidence?

Answer: An independent groups t-test is appropriate for these data and indicates
that users perceived that the task was easier on JetBlue. With a mean difference of
1.24 and 20 degrees of freedom, you get t(20) = 2.42, p = .025. The 90% confidence
interval ranges from 0.36 to 2.12.
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Excel solution

1. Click on the “Task Times and Rating Scale Scores (Summary)” link under the
Compare Two Means or Proportions heading.

Compare Two Means or Proportions

2 Completion Rgtes

B 2 Somg
Taszk Times and Rating Scale Scores

Task Times and Rating Scale Scores (Summary) 1

N Taszk Times and Rating Scale Scores from the Same Users

2 Completion Rates from the Same Users

2. Enter the mean, standard deviation and sample size for both groups in the
Input section.

3. Set the confidence level to 90%.

-~ L (™ L L 1 Lo

1

2

3 Comparing Two Continuous Data Sets (Tazk Times or Satis
4 Compares the Means of Two confinuous Samples

:.

6 Input

Fil

] Mean StDev N

9 2 JetBlue 6.1 0.88 10
10 AA 488 1.81 14
11

12 _
13 Confidence Lewel | 90x ﬂ 3
14
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4. The p-value (.02517) appears in the Results section along with the 90%
confidence interval around the difference between means.

Results

Azzuming UnEqual Wariances

Observed Difference (Sample 2-1) -1.24

el

Fopulation 1 = Population 22 0.0251748
Populatficon 1 < Population 2: 0.0125874
Populaticon 1= Population 2: 0.987412E

Loww High
Confidence Interval Arocund Differenc -2.124 -0.356

R solution
Enter the following command:

test.t.independent.fromsummary(6.1,.88,10,4.86,1.61,14,.9)

Use this command when you have summary data from this type of test. The inputs
to the command are the mean of the first condition, the standard deviation of the
first condition, the sample size of the first condition, the mean of the second
condition, the standard deviation of the second condition, and the sample size of the
second condition, followed by the desired level for the confidence interval (.9 for
90%). The result is:

Jpper limit: 2.123807
Mean difference: 1.2
ower limit: 0.35619

rrrrr
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Exercis€: Comparison of conversion ratebifiary, independent)
From page(s): 98

Problem: An A/B test of two website designs investigated which would convert more
users to register for a webinar. For Design A, 4 out of 109 converted. For Design B, 0
out of 88 converted. Is there enough evidence to conclude one design is better?
What is the 90% confidence interval around the difference?

Answer: For these data, the appropriate test is an N-1 two-proportion test, with z =
1.81, p =.07. This means there is about a 93% chance the designs are different,
which is probably strong enough evidence for most industrial circumstances. A 90%
confidence interval around the observed difference of 3.67% ranges from about 0 to
7%.

Excel solution
1. Click on the “2 Completion Rates” link under the Compare Two Means or
Proportions heading.

Compare Two Means or Proportions

:e]

2 Completion Rates 1

w Taszk Times and Rating Scale Scores

ﬂd Taszk Times and Rating Scale Scores (Summary)

ﬂ Taszk Times and Rating Scale Scores from the Same Users

W 2 Completion Rates from the Same Users

2. Enter the number of successes and the total number testes for each group.
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o Comparing 2 Completion Rates (N-1 Two Proportion Test)
0 J| For comparing two independent sample compiefion rates for all sample sizes. When th
* Required Fislds

2
Population 1 Population 2
Sucoess” Total* Sucoess” Total*
4 102 O 85
Confidence Lewvel | ooz B 3

3. Set the confidence level to 90%.

4. The p-value (.07015) is in the Results section along with graphs of each
conversion rate and the 90 % confidence interval around the difference (-.070

to 0).
L . 8.0%
FPopulation Populafion 2
Completicn Rate 357T% 0.00%
7.0%
Difference (0.03670)
6.0%
Loww High
Zonfidence Interval Arcund Difference 0.070  0.000 5.0%
p-values 4 4.0%
P1=P2 007015
F1 <Pz 003507 3.0%
Fl1=P2 055473
2.0% T
1.0%
J 0.01
0.0% T 1

Population 1 Population 2
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R solution
Enter the following command:

test.nminusonetwoproportion.givenxandn(4,109,0,88,.9)

Use this command when you know the number of conversions and sample sizes for
the two conditions. The inputs to this command are the number of conversions for
the first design, the sample size for the first design, the number of conversions for
the second design, and the sample size for the second design, followed by the
desired level for the confidence interval (.9 for 90%). The result is:

RESULTS
fir—1 Two-Proportion =z: 1.810954
o 0.07014794

90% confidence interval of difference between proportions

pl: 0.03669725

pZ2: 0

PF: 0.02030457

Adjusted wvalue of pl: 0.0423767

Adjusted wvalue of pZ2: 0.00756983

Adjusted difference: 0.03420626

Margin of error: 0.03496292

Jpper limitc: O0.069T7697E

Maximuam likelihood estimate [(observed difference): 0.03669725
Lower limit: -0.0001560615
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Exercise 3Comparison of recommendation scoresontinuous,
independent)

From page(s): 99

Problem: In a competitive analysis of travel websites, one set of 31 users completed
tasks on Expedia.com and another set of 25 users completed the same tasks on
Kayak.com. Users rated how likely they would be to recommend the website to a
friend on an 11 point scale (0 to 10) with 10 being extremely likely. The mean score
on Expedia.com was 7.32 (s = 1.87) and the mean score on Kayak.com was 5.72 (s =
2.99). Is there evidence that more people would likely recommend Expedia over
Kayak.com? What is the plausible range for the difference between means using a
95% confidence interval?

Answer: The appropriate test is an independent groups t-test. With a mean
difference of 1.6 and 38 degrees of freedom, the outcome is t(38) = 2.33, p =.025. A
95% confidence interval around the mean difference ranges from 0.2 to 3.0. These
results significantly favor the Expedia.com website.

Excel solution
1. Click on the “Task Times and Rating Scale Scores (Summary)” link under the
Compare Two Means or Proportions heading.

Compare Two Means or Proportions

Z:e]

2 Completion Rates

w Tozk Times and Rating Scale Scores

ﬂﬂ Task Times and Rating Scale Scores (Summary) 1

ﬂ Taszk Times and Rating Scale Scores from the Same Lsers

W 2 Completion Rates from the Same Users
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2. Enter the mean, standard deviation and sample size for both groups in the
Input section.

3. Set the confidence level to 95%.

i (n] b L C r L]

\l Contents

2

3 Comparing Two Continuous Data Sets (Task Times or 5c
4 Comparas the Means of Two canfinuous Sampies

c

5 Input

T

B Mean stDev ]

9 2 Expedia 7.32 1.87 31
10 Kayak 572 259 25
14
12
13 Confidence Lewsel | 98 ﬂ 3
14
15

4. The p-value (.025) and 95% confidence interval around the difference between
means are in the Results section.

Results
Azzuming UnEqual W ariances

Ohserved Difference (Somple 2-1) -1.6

Pt =

i

Fopulation 1 = Population 22 0.025051
Populaficon 1 = Population 2 00125260

Population 1 = Population 2: 0.3574740

Lowwy High
Confidence Interval Around Differenc -2.788 0,212
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R solution
Enter the following command:

test.t.independent.fromsummary(7.32,1.87,31,5.72,2.99,25,.95)

Use this command when you have summary data from this type of test. The inputs
to the command are the mean of the first condition, the standard deviation of the
first condition, the sample size of the first condition, the mean of the second
condition, the standard deviation of the second condition, and the sample size of the
second condition, followed by the desired level for the confidence interval (.9 for
90%). The result is:

Upper limit: 2.988456
Mean difference: 1.6

ower limit: 0.2115442
Margin of error: 1.388456

Exercise 4Comparison of promotion ratesbinary, independent)
From page(s): 99

Problem: Using the same set of data from Exercise 3, the responses were segmented
into promoters, passive and detractors as shown in the table below. This process
degrades a continuous measure into a discrete binary one (which is the typical
approach when computing the Net Promoter Score). Is there evidence to conclude
that there is a difference in the proportion of promoters (the top-two-box scores)
between websites?
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Website Segment Response # of
Range Responses
Expedia Promoters 9-10 7
Passive 7-8 14
Detractors 0-6 10
Kavak Promoters 9-10 5
Passive 7-8 8
Detractors 0-6 12

Answer: The appropriate test is the N-1 two-proportion test, with z=.232, p = .817.
Given this sample there is only an 18.3% chance that the proportion of promoters is
different between Expedia.com and Kayak.com. Note how the evidence for a
difference has dropped when examining top-2-box scores compared to the
difference between means in Exercise 3, with the plausible value of 0 almost exactly
between the endpoints of the 90% confidence interval (ranging from -.16 to .20).

Excel solution
1. From the “2 Comp Rates” tab, enter 7 successes and 31 total for Expedia and 5
successes and 25 total for Kayak.

2. Set the Confidence Level to 90%.

A L L] Lr L 1 L

o Comparing 2 Completion Rates (N-1 Two Proportion Test)
Ve J| For comparing two independent sample complefion rates for all sample sizes. When th
& = Required Fields

Population 1 Population 2
Success™ Total* Success” Total*
7 3 1 5 25
. Confidence Level | o B y)
16

3. The p-value (.81664) along with the 90% confidence interval around the

difference appears in the Results section.
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Results

- " 40.0%
Population Population 2
Compleficn Rate I2.58% 20.00%
35.0%
Difference (0.02581)
30.0%
Lo High
Confidence Interval Around Difference -0.202  0.158 25.0%
p-values 20.0%
P1=P2 0381&84
P1 <P2 0.40532 15.0%
Fl1=P2 059148
10.0%
5.0%
5 0.20
0.0% T
Population 1 Population 2
R solution

Enter the following command:
test.nminusonetwoproportion.givenxandn(7,31,5,25,.9)

Use this command when you know the number of promoters and sample sizes for
the two conditions. The inputs to this command are the number of promoters for
the first design, the sample size for the first design, the number of promoters for the
second design, and the sample size for the second design, followed by the desired
level for the confidence interval (.95 for 95%). The result is:
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Lad

;

i

[a4]

L

b
H

H-1 Two-Proportion z: 0.2
0.8166394

k]

90% confidence interval of difference between proportions
pl: 0.2258065
pd: 0.2

P: 0.2142857
Adjusted wvalue of pl: 0.2372
Adjusted wvalue of p2: 0.2154000
Adjusted difference: 0.02187140
Margin of error: 0.1802361
Upper limit: 202107
Maximnam likelihood estimate (observed difference): 0.02580645

Lower limit: -0.1583647

N
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Exercise 5Comparison of success ratdsijary, dependent)
From page(s): 100-101

Problem: The same fourteen users attempted to rent a car on two Rental Car
websites: Budget.com and Enterprise.com. The order of presentation of the websites
was counterbalanced, so half of the users worked with Budget first, and the other
half with Enterprise. The table below shows which users were successful on which
website. Is there enough evidence to conclude that the websites have different
completion rates? How much of a difference, if any, likely exists between the
completion rates (use a 90% level of confidence)?

User Budget.com Enterprise.com

1 1 1
2 1 1
3 1 0
4 1 0
5 0 1
6 1 1
7 1 1
8 0 0
9 1 1
10 1 1
11 1 1
12 1 0
13 1 1
14 1 1
Comp 86% 71%

Answer: The appropriate test for these data is a mid-p McNemar test. The table
below shows the discordant pairs (cells b and c).

Enterprise.com | Enterprise.com Total
Budget.com 9@ 3(b) 12 (m)
Budget.com Fall 1(c) 1 (d) 2 (n)
Total 10(r) 5(s) 14 (N)

Three users performed worse on Enterprise.com and one performed better. The
probability of this result if there really is no difference is .375. There’s only a 62.5%
chance the completion rates are different given the data from this sample. Although
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the observed completion rates are different, they aren’t different enough for us to
conclude that Budget.com’s completion rate on this task is significantly different
from Enterprise.com’s. The 90% confidence interval for the difference in the
proportions ranges from -9.5% to 35.5%. Because the interval includes 0, this also
tells us there’s less than a 90% chance that the completion rates are different.

Excel solution
1. Click the 2 Completion Rates from the Same Users link under the Compare
Two Means or Proportions heading.

Compare Two Means or Proportions

2 Completion Eotes

Task Times and Rating Scale Scores

Task Times and Fating Scale Scores from the Same Users

% TaskTimes and Rating Scale Scores (Summary)

Z Completion Rates from the Same Lsers 1

2. Clear out any previous values using the “Clear Values” button (macros must be
enabled) and enter in the 1’s or 0’s for each user on both designs.

3. Set the confidence level (around the difference between proportions) to 90%.
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il Contents

Z

3

4

5 * Required Fields
[

T ClearValues | Input

[ e Budget @ Enterprise
9 2 1 1
10 2 1 1
11 1 0
12 4 1 1]
13 o 1
14 1 1
15 1 1
16 o 0
17 1 1
18 1 1
19 1 1
20 2 1 1]
H 1 1
22 4 1 1

2 Proportion Test Within-Subjects (McNemar Exact Test)
Paste the Values (1= Pass 0=Fail] by product and user

Budget Enterprise

Completion Rate 8571% 71.43%
Difference -14.29%
Ceonfidence Interval Arcund Difference
Low High 4
-35.54% .49

Confidence Level ﬂ 3

4. The confidence interval around the difference is in the Results section.

5. The p-value (.375) appears in the Results section.

p-valves
P1=pP2 0375000
P1=PZ 0812500
P1=P2 0187500

100.0%
Q0.0%
B0.0%
70.0%
f0.0%
50.0%
40.0%
30.0%
20.0%
10.0%

0.0%

Budget

Enterprise
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R solution
Enter the following command:

test.twobytwo.dependent(9,3,1,1,.9)

This command requires the dependent 2x2 table values of a, b, ¢, and d in that order,
followed by the desired level for the confidence interval (.9 for 90%). The result is:

RESULTS

McHemar Mid Probability (recommended)

ABlternate analyses (not recommended)
McHemar Exact Probability: 0.625

McHemar Chi-Sguared: 1 df: 1 p: 0.31731035
McHemar z: -1 p: 0.3173105
McHemar Chi-Squared with Yates Correction: 0.25 df: 1 p: 0.8170751

90% CCHNFIDENCE INTEERVAL

pl: 0.857142%9

p2: 0.T7142857

Adjusted wvalue of pl: LB8256741
Adjusted wvalue of pZ2: 0.6954045
Adjusted difference in p: -0.1302696

Margin of errore 0O 2307373
pper limit: 0.09486766
bzerved difference: -0.1428571

ower limit: -0.35540&69
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Exercise 6Comparison of SUS questionnaire scoresr{tinuous,
dependent)
From page(s): 101

Problem: After completing five tasks on both Budget.com and Enterprise.com, the
fourteen users from Exercise 5 completed the System Usability Scale (see the
following table). The mean SUS scores were 80.4 (s = 11) for Budget.com and 63.5 (s
= 15) for Enterprise.com. Is there enough evidence to conclude that the SUS scores
are different? What is the plausible range of mean differences for the entire user
population using a 95% confidence interval?

User Budget Enterprise Difference

1 90.0 65.0 25

2 85.0 82.5 2.5

3 80.0 55.0 25

4 92.5 67.5 25

5 82.5 82.5 0

6 80.0 37.5 42.5

7 62.5 77.5 -15

8 87.5 67.5 20

9 67.5 35.0 32.5

10 92.5 62.5 30

11 65.0 57.5 7.5

12 70.0 835.0 -15

13 75.0 55.0 20

14 95.0 60.0 35

Mean(sd) 80 (11) 64 (15) 16.8 (18)

Answer: Each user worked with each website, so the appropriate test is a paired t-
test with 13 degrees of freedom. The outcome is statistically significant (t(13) = 3.48,
p =.004), favoring Budget. A 95% confidence interval around the mean difference of
16.8 ranges from 6.4 to 27.2.

Excel solution
1. Click the “Task Times and Rating Scale Scores from the Same Users” link under
the Compare Two Means or Proportions heading.
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Compare Two Means or Proportions

¥ Pranmortion Test

/| i F p _, =2

2 Completion Eotes

n Tosk Times and Roting Scole Scores

4 - i -

TaskTimes and Rating Scale Scores (Summary)

" Task Times and Rating Scale Scores from the Same Users 1

2 Completion RHates from the Same Lsers

2. Clear out any previous values using the “Clear Values” button (macros must be
enabled) and enter in the 1’s or Q’s for each user on both designs.

3. Set the confidence level (around the difference between means) to 95%.

A B C D E F G H J

il Contents

2|

3 u Paired t-test

4 FPaste the Raw Values in The 15T iwo Columns. Each row should be the same person. Remove
5 * Required Fields

[

T ClearValues Enter Data” Input

2 Budgef nferpnse Sasanca * Confidence Leve 3
5 2 20 55 25 Null Hypothesis

10 85 825 2.5 Difference 5| Equal Ta =] | [
11 &0 55 25

12 F2E &7 .5 25 Descriptive Stats of the Difference

13 825 825 0 Me=an Cifference 168
14 &0 375 42 5 Median Difference 225
15 &2.5 775 -15

16 a75 &7 .5 20 Standard Deviation 15.033
1F &7 5 35 325 M {sample sze) 4
18 925 2.5 30

19 &5 575 7.5
20 70 85 -15
21 75 55 20
2z ) &0 a5
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4. The p-value (.004) and confidence interval around the difference are in the
Results section.

Resulis
Average Difference 1677
Confidence Interval Low &8.37
Confidence Interval High 2720
; ~f Ervce 10.4
p-value 0.004054132 4
Power 0456517836
Descriptive Stafistics for each Group
Mean Sthew M
Budged 20 11 14
Enterpyis &4 15 14

R solution
Enter the following commands:

getdata.fromweb("table524.txt")
test.t.paired.fromarrays(Budget,Enterprise,.95)

The first command gets the data from a table stored on Jim’s website, which puts the
data for Budget and Enterprise into the variables of the same name. The second
function uses those variables and the designated confidence level to compute the t-
test and confidence interval. The result is:

Jpper limit: 27.20123
dean difference: 16.78571

ower limit:
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Chapter 6: What Sample Sizes Do We Need?

Part | z Summative Studies

Abstract

When planning user studies, practitioners should estimate the sample sizes required
to meet their goals. This is most critical when the cost of adding to a sample is high.
When estimating sample sizes, the appropriate method depends on the type of
study. This chapter covers methods for user studies (such as summative usability
studies) that use measurements that are continuous (such as time on task),
multipoint scale (such as usability questionnaires) and discrete (such as successful
task completions). The sample size estimation methods are derived from the
formulas for z-tests, t-tests, and binomial tests.

Examplel: Estimate of continuous data
From page(s): 108

Summary: The times required to complete a particular task were 12, 14, 12, 20, and
16 minutes. With this information in hand, what would be the recommended sample
size to estimate the mean time within 1.5 minutes with 95% confidence?

Answer: Sample size estimation for continuous data requires an estimate of the
variance (or standard deviation) and decisions about the necessary level of
confidence, power, and precision. Given that the variance of the five timesis 11.2 (s
= 3.347), to achieve a precision of £1.5 (also known as the critical difference) with
95% confidence, the recommended sample size is 22. When estimating the values of
parameters such as the mean rather than conducting a test against a benchmark or
mean differences, set power to 50% and plan to use a two-tailed procedure.
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Excel solution

1. Click the “For a Mean” link under the Sample Size for Margin of Error heading.

Sample Size for Margin of Error

For a Rating Scale
}

For a Mean 1

H Faora Completion Rate

Sample Size for Problem Detection

n Finding Problems in an Interface

2. Enter the critical difference (1.5) in the margin of error box, the estimate of

the standard deviation (3.347).

3. Set the confidence level to 95% and be sure the tails are set to 2.

A B C

* Required Fields

b | | | = | | | =
qmmhwm_hgmmwmmhm Rpa| —

4. The estimated sample size needed is 22.

Input
Desired Margin of Error [d)® 1.50
Estimated Standard Dew.” h 3.247
Confidence Level 95 ﬂ
Tais

E F

Sample 5ize For a Desired Margin of Errer arcund Continuous Data

Results
sample Size Needed 22 4
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R solution
Enter the following command:

n.t.onesample.givenvar(.95,.5,11.2,1.5,2)

The first value for this command is the desired confidence level (.95 for 95%). Next is
the appropriate level of power for estimation (.5 for 50%). The third value is for the
variability, and the fourth is the designated critical difference. The last value
designates a two-tailed procedure. The result is:

RESULTS

Recommended sample size :@
Humber of iterations: 2

If you have the standard deviation instead of the variance, you have two choices.
You can square the standard deviation to get the variance and use the command
above, or you can use the standard deviation in a command that is just like the one
above, except that it requires the standard deviation in place of the variance
(n.t.onesample.givensd).

This illustrates some aspects of the command naming convention used for the
custom R functions. The “n” at the beginning denotes a sample size estimation
command. The “t” indicates that it uses the t-distribution, so it’s appropriate for
continuous measures. The “onesample” is for single sets of data (either confidence
intervals or comparisons against benchmarks), and “givenvar” or “givensd” depends
on whether you have a variance or a standard deviation to use for the sample size
estimation.
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Exanple 2:Estimate of time(small sample)
From page(s): 109

Summary: Back in Chapter 3 we recommended using the geometric mean for
estimates of typical completion times when the sample size is less than 25. Strictly
speaking, estimates of sample sizes for studies using time as a measure when
anticipating a sample size of less than 25 should use log-times rather than raw
values. Using the same criteria as Example 1 but anticipating the use of log-times for
the final time estimation, is the recommended sample size larger, smaller, or the
same?

Answer: In this case, the recommended sample size is the same (n = 22). Note,
however, that these time data are only slightly skewed. The more skewed the time
data are, the greater the difference in the estimated sample sizes. Because the log
transform applied to completion time data almost always reduces the estimate of
the variance, it is often the case that you’ll determine that you need a smaller sample
size than you would if you used the raw (untransformed) data. If the cost of
additional samples is low, then this won’t matter much, but if it’s high, then this
could reduce the cost of the experiment without sacrificing any of the measurement
goals. If you know you’re going to use the log transform on your data, then you
definitely want to do your sample size estimation with this in mind.
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Excel solution
1. From the “Sample Size MOE Continuous” tab, first find the logarithm of each
raw time using the Excel formula =LN().

2. Find the variance of the log values by using the formula = VAR().

3. Compute the arithmetic mean of the original times =AVERAGE().

Roww Log

12| 2.434307

14| 2.639057 1

12| 2.434907

20| 2,995732

14| 2.772559

2

Var 0.045457
Mean 142 3
d 1.5
In(x+d} 2791185
In{x) 2674627 | 3.4
dln 0.0956538

4. Convert the critical difference to the appropriate log transformed value by first
computing the natural log of the mean of the original values plus the critical
difference =LN(14.8 +1.5) =2.791165. Then subtract the log of the mean of the
original values (2.694627) = 2.791165-2.694627 = .096538.

5. Enter the transformed critical difference in the Desired Margin of Error (d)
field.

6. Take the square root of the variance of the log values =SQRT(.046489) =
.215612 in the Estimated Standard Dev. Field.

7. Set the confidence level to 95% and the number of tails to 2.

James R. Lewis & Jeff Sauro



Chapter 6: What Sample Sizes Do We Need? Part | — Summative Studies

A B C O E F
@Coniens
2
3 J%| Sample Size For a Desired Margin of Error around Continvous Data
4 * Reguired Fields
b
B
7 Input 5 Resulis
8 Desired Margin of Error [d}” 0.09654 sample Size Needed 221 8
9 Estimated Standard Dev.” 1 0218612
10 6
1
12 Confidence Level 952 -
13 ' 7
14
15 Tails
16
17

8. The estimated sample size needed is 22.

R solution
Enter the following commands:

times <- ¢(12,14,12,20,16)

log(times)

compute.logsummary.fromarray(times,1.5)
n.t.onesample.givenvar(.95,.5,.04648866,.09653793,2)

The first command assigns the times to a variable named “times.” The second
command shows the logs of those times (strictly speaking, you don’t need to run this
command, but it provides a check on intermediate computations that we show in the
second edition of Quantifying the User Experience: Practical Statistics for User
Research). The third command provides the information needed to put into the
sample size command, which is the fourth command. The third command is
important because it takes as input the array of times and the target value for the
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critical difference, and then produces the values to use in the fourth command for

the variance and the critical difference. The result is:

P 2)

o

» n.t.onesample.givenvar(.95,.5,11.2,1.
RESULTS

Recommended sample size: 22
Humber of iterations: 2

> times <- o(12,14,12,20,16)

> logltimes)

jlj(ﬁ.&%&SOT 2.B839057 2.484907 2.9895732 2.772539]
> compute.logsummary.fromarray(times,1.5)

RESULTS

Arithmetic mean: 14.8

Median: 14

Geometric Mean: 14.51871

Mean of log data: 2.6754338

Standard dewviation of log data: 0.2156123

Variance of log data:

Standard error of the mean of the log data: 0.09642474
Sample =ize: 5

Value to use for log critical difference:

[T

> n.t.onesample.givenvar(.9%95%,.5,.0

E48866, .09653793, 2)

RESULTS

Recommended sample =size :

Hunber of iterations: 2
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Example 3Arealisticexample given estimate ofariability (continuous)
From page(s): 110

Summary: This example illustrates the computation of a sample size requirement for
the estimation of a value given an existing estimate of variability and realistic criteria.
For speech recognition, it is important to track the recognizer’s accuracy due to the
usability problems that misrecognitions can cause. For this example, suppose the
recognition variability (variance) from a previous similar evaluation is 5.5 (s = 2.345),
the critical difference is £1.5%, and the desired level of confidence is 90%. Set the
power to 50% and plan to use a two-tailed procedure. What is the recommended
sample size?

Answer: For these conditions, the recommended sample size is 9.

Excel solution
1. From the “Sample Size MOE Continuous” enter the desired margin of error
(1.5) and estimate of the standard deviation (2.345).

2. Set the confidence level to 90% and the number of tails to 2.

A B e D E F
[
2
3 Sample Size For a Desired Margin of Error around Continuous Data
4 * Required Fields
5
6
7 Input Results
8 Desired Margin of Error (d)” 1.5 sample Size Meeded ¢
g Estimated Standard Dev.” h 2,345 1 3
10
11
12 Confidence Level a0 -

13
14 2
15 Tails 2

3. The estimated sample size needed is 9.

R solution
Enter the following command:
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n.t.onesample.givenvar(.9,.5,5.5,1.5,2)

The result is:

KEASULLS

Recommended sample =size: @
Humber of iterations: 3

Example 4An unrealistic xkample(continuous)
From page(s): 110-111

Summary: Suppose a stakeholder wasn’t satisfied with the criteria used in Example 1,
and wanted a higher level of confidence (99%) and a smaller critical difference
(0.5%). The variability remains the same at 5.5 (s = 2.345). Set power to 50% and
plan to use a two-tailed procedure. Now what is the recommended sample size?

Answer: The new sample size recommendation is 150. There might be some settings
in which usability investigators would consider 146 to 150 participants a reasonable
and practical sample size for a moderated usability test, but they are rare.
Confronted with these results, the hypothetical stakeholder would very likely want to
reconsider the criteria.
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Excel solution
1. From the “Sample Size MOE Continuous” enter the desired margin of error (.5)
and estimate of the standard deviation (2.345).

2. Set the confidence level to 99% and the number of tails to 2.

A B c D E F
@conients
2
3 Sample Size For a Desired Margin of Errer around Continuous Data
4 * Required Fields
5
B
7 Input Results
8 Desired Margin of Error [d)® 0.5 1 sample Size MNeeded 150
9 Estimated Standard Dev.” h 2,345 3
10
11 _
12 Confidence Level a5 |~
13 '
14 2
15 Tails
3. The estimated sample size needed is 150.
R solution

Enter the following command:
n.t.onesample.givenvar(.99,.5,5.5,.5,2)

The result is:

RESULTS

Eecommended sample size: {150
Humkber of iterations: 2
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Example 5No estimate of ariability (continuous)
From page(s): 111-112

Summary: Suppose you don’t have any idea what the measurement variability is,
however, and it isn’t possible to run a pilot study to get an initial estimate (no time or
too expensive). To get around this problem you need to define the critical difference
as a fraction of the standard deviation. Assume that with 80% confidence, you want
to be able to detect an effect equal to or greater than one-third of a standard
deviation. Set power to 50% and plan to use a two-tailed procedure. What is the
recommended sample size?

Answer: The recommended sample size is 17.

Excel solution
1. From the “Sample Size MOE Continuous” enter the desired margin of error (.3)
and estimate of the standard deviation (1).

2. Set the confidence level to 80% and the number of tails to 2.

— () S L - 1

WConients
2

3 U5 Sample Size For a Desired Margin of Error around Continvous Data

4 * Required Fields

5

B

7 Input Results

8 Desired Margin of Error (d]” 0.3 sample Size Needed 17
g Estimated Standard Dev.” b 1 1

10 3

11

12 Confidence Level B0 -

13

14 2

15 Tails 2

3. The estimated sample size needed is 17.
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R solution
Enter the following command:

n.t.onesample.givensd(.80,.5,1,.33,2)

You don’t know the standard deviation and are planning to set the critical difference
to a third of the standard deviation. You can use this command to accomplish that
goal by using 1 for the standard deviation and setting the critical difference to .33.
The result is:

KEoULLS

Recommended sample =size:
Humber of iterations: 2

Example 6Comparison with a bBnchmark(continuous)
From page(s): 112-113

Summary: Suppose you have a product requirement that the mean SUS for
installation should be at least 75. In a preliminary evaluation, the mean SUS score
was just 65. Development has fixed a number of usability problems found in that
preliminary study, so you’re ready to measure the SUS for installation again. The
variability from the previous evaluation was 5.0 (s = 2.236), the critical difference is
one point, and the desired level of confidence is 95%. For this exercise, continue
setting power to 50%, but for comparison with a benchmark, plan to conduct a one-
tailed test.

Answer: The recommended sample size is 16.
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Excel solution
1. Select the “Comparing a Mean to a Criterion” link under the Sample Size for
Comparisons: Power Analysis heading.

Sample Size for Comparizons : Power Analysiz

Comparing 2 Independent Means

A

Comparing 2 Paired Means

Comparing a Mean to a Criterion

1
Comparing 2 Proportions (Compltromrfstes)

Comparing 2 Paired Proportions (Completion Rates)

Comparing a Proporion to a Criterion

2. Enter the desired margin of error (1) and estimate of the standard deviation
(2.236) and set Power to 50%.

3. Set the confidence level to 95% and the number of tails to 1.

Il Contents

2

3 Sample Size & Power For Comparing a Mean to a Benchmark

4 * Reguired Fislds

5

B

7 Estimate Sample Size

a

9 Input Resulls

10 1 Sample Size Needed 14 4
11 Critical Difference 1

12 Standard Deviation 2238 Effect Size Estimate 0.632
13 Fower 50% 2

14

15

16 ,

17 Confidence Level ﬂ 3

18

18 Tails 1

a
a2

4. The estimated sample size needed is 16.
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R solution
Enter the following command:

n.t.onesample.givenvar(.95,.5,5,1,1)

The result is:

RESULTS

REecommended sample size:

Hurker of iterations: 2

Example 7Within-subjects comparison of anli@rnative (continuous)
From page(s): 113-114

Summary: Suppose that you plan to obtain recognition accuracy scores from
participants who have dictated test texts into your product under development and a
competitor’s current product. The difference score variability from a previous
evaluation was 10.0 (s = 3.162). The critical difference is 2.5% and the desired level
of confidence is 99%. For this example, continue setting power to 50%. For tests of
alternatives, plan to conduct a two-tailed test.

Answer: The recommended sample size is 15.
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Excel slution
1. Select the “Comparing 2 Paired Means” link under the Sample Size for

Ca = ||| dufcd [pa| =

=
= |2

)
Fd | =

13
14
15
16
17
18
19

Comparisons: Power Analysis heading.

Sample Size for Comparisons : Power Analysis

u Comparing 2 Independent Means

M| Comparing 2 Paired Means

Comparing a Mean to a Criterion

Comparing 2 Proporions (Completion Rates)

Comparing 2 Paired Proportions (Completion Rates)

Comparing a Proportion to a Criterion

Contents

2. Enter the desired margin of error (2.5) and estimate of the standard deviation
(3.162) and set Power to 50%.

Sample Size & Power For Comparing Means from Paired Samples
* Required Fields

Estimate Sample Size
Input Results

Crifical Difference between Means 2.5 SOT’T"IDE Size Needed 15 4

|
Standard Dewiaticn 3.162

Effect Size Estimate 1.118

Poaweer 0%
Confidence Lewel | 33% ﬂ

Tails

b

4. The estimated sample size needed is 15.

3. Set the confidence level to 95% and the number of tails to 2.
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R solution
Enter the following command:

n.t.onesample.givenvar(.99,.5,10,2.5,2)

Even though there are two scores for each participant in a within-subjects test, the
focus of the computations is on the set of difference scores, so you should use the

“onesample” command. The result is:

REecommended samnple s;ze:
Humber of iterations: 4

Example 8Between-subjects comparison of anli@rnative (continuous)
From page(s): 114-115

Summary: Suppose that you need to conduct the experiment described in the
previous example with independent groups of participants, keeping the

measurement criteria the same: variability from a previous evaluation = 10.0 (s =
3.162), critical difference = 2.5%, desired level of confidence: 99%, desired power:

50%, two-tailed test.

Answer: The recommended sample size is 24 per group for a total sample size of 48.
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Excel solution

1. Select the “Comparing 2 Independent Means” link under the Sample Size for
Comparisons: Power Analysis heading.

Sample Size for Comparisons : Power Analysis

“ Comparing 2 Independent Means 1

M| Comparing 2 Paired Means

H Comparing a Mean to a Criterion

H Comparing 2 Proporions (Completion Rates)

n Comparing 2 Paired Proportions (Completion Rates)

m Comparing a Proportion to a Criterion

2. Enter the desired margin of error (2.5) and estimate of the standard deviation
(3.162) and set Power to 50%.

3. Set the confidence level to 99% and the number of tails to 2.

Contents

Sample Size & Power For Comparing Two Independent Means
* Required Fislds

Estimate Sample Size

LT =1 Bl B

Input Results

sample Size in Bach Group 24
Critical Difference between Means 2.5 2 Total Sample Size 43 4
Standard Deviation 31862
Power 50% Effect Size Estimate 0.791

. Opfional

Confidence Level ﬂ 3 Mean 4.5

% Of Mean 55.6%
Tevils 7

=Rl =R e S L REE = 6 ]

4. The estimated sample size needed is 48 (24 in each group).
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R solution
Enter the following command:

n.t.twosample.givenequalvar(.99,.5,10,2.5,2)

This command needs the same inputs as the “onesample” version — the confidence
level, power, variance, critical difference, and number of tails for the test. Even
though there are two samples, the procedure that this command uses assumes that
the variances of the samples are equal — a reasonable assumption for much user
research (for example, this should be the case if the groups contain participants from
a single population who have received random assignment to treatment conditions).
If you have evidence that the sample variances are unequal or a priori reason to
anticipate unequal variances (for example, if comparing experts and novices), you
should not use this command. The result is:

RESULTS

Recommended sample size per groai:(:9

Recommended total sample size:
Humkber of iterations: 2

Example 9increasing power beyond 50% (continuous)
From page(s): 115-117

Summary: The power of a test refers to its ability to detect a difference between
observed measurements and hypothesized values if one exists. The power of a test
is not an issue when you’re just estimating the value of a parameter, but it is an issue
when testing a hypothesis — either comparing a result to a benchmark or comparing
alternatives. In the examples so far, we’ve set power to 50%. This means that the
likelihood of getting enough evidence to just reject the null hypothesis at the
recommended sample size is .5 — a coin toss. Researchers often want to have better
odds than that, with a convention of setting power to 80%. Holding everything else
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the same and increasing the power of a study will always increase the recommended
sample size. Suppose we recompute the sample size for the test conditions of
Example 7, but this time with power set to 80%. The difference score variability from
a previous evaluation was 10.0 (s = 3.162). The critical difference is 2.5% and the
desired level of confidence is 99%. Plan to conduct a two-tailed test. Now what is
the recommended sample size?

Answer: The recommended sample size is 22.

Excel solution
1. Select the “Comparing 2 Paired Means” link under the Sample Size for
Comparisons: Power Analysis heading.

Sample Size for Comparizons : Power Analysiz

Comparing 2 Independent Means

Comparing 2 Paired Means 1

Comparing a Mean to a Criterion

Comparing 2 Propodions (Completion Rates)

Comparing 2 Paired Propotions (Completion Rates)

Comparing 3 Proportion to 3 Criterion

FEEEEE

2. Enter the desired margin of error (2.5) and estimate of the standard deviation
(3.162) and set Power to 80%.
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== RIS R R B R SR % R

==
= |

| -
P | =

13
14
15
16
17
18
19
20

Contents

Sample Size & Power For Comparing Means from Paired Samples

* Required Fields

Estimate Sample Size
Input Results

Crifical Difference between Means 25 Sample Size Needed 22 4

-
Standard Deviation 3.162

Effect Size Estimate 1.118

Power a0%
Confidence Level | 9% -] 3 1

Tails

=]

3. Set the confidence level to 99% and the number of tails to 2.

4. The estimated sample size needed is 22.

Rsolution

Enter the following command:

n.t.onesample.givenvar(.99,.8,10,2.5,2)

The result is:

RESULTS

REecommended sample size:

Humber of iterations: 3
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Example 10Large sample estimate of success ratéh no prior
estimate ofp (binomial)

From page(s): 120

Summary: Assume you want to estimate the success rate of users logging into a
website using a new login procedure. The success rate from a previous evaluation is
not available, so use p = .5 (a choice that maximizes variance and consequently
maximizes the recommended sample size). For a critical difference of .05 and 95%
confidence, what is the recommended sample size (for estimation, set power to 50%
and plan to use a two-tailed procedure)?

Answer: The recommended sample size is 385.

Excel solution
1. Select the “For a Completion Rate” link under the Sample Size for Margin of

Error heading.

Sample Size for Margin of Error

" For a Fating Scale
”_ ForaMean

w For a Completion Rate 1

Sample Size for Problem Detection

m Finding Problems in an Interface

2. Enter the desired margin of error (5%).
3. Set the confidence level to 95% (this calculator assumes power of 50%).

4. Set the proportion to .5 and tails to 2.
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A B C D E F G
Wconienis
2
3 Sample 3ize For a Desired Margin of Error around a Proportion/Completion Rate
4 * Required Fields
5
B
[ Input Results
8 Desired Margin of Error Percent® som | 2
g _ sample Size Meeded 5 381
10 Ceonfidence Level® g5 n 3
11 Adjusted for finite Population 278
12
13 Proportion (p) os| 4
14 Population 1000
15 Tails
16

5. The estimated sample size needed is 381.

Calculations

6. Note: This result differs slightly (381 vs. 385) because the calculator uses the small
sample adjustment (from the Adjusted Wald interval) to generate the sample size.
The large sample estimate (384.146) appears in the calculations for reference.
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R solution
Enter the following command:

n.binomial.largesample(.95,.5,.5,.05,2)

This command is similar to the previous sample size commands. The functional
arguments are the confidence (.95 for 95%, equivalent to setting the Type | test error
criterion of alpha to .05), the power (.5 for 50%), the estimated value of p (.5), the
critical difference to be able to detect (.05), and the number of tails for the test (2).
The result is:

Recommended sample =size:

Example 11Large sample &timate of success rateith a prior estimate
of p (binomial)
From page(s): 120

Summary: Suppose in Example 10 you did have a previous estimate of the success
rate, with 95% successful logins (p = .95). For the same critical difference (.05),
confidence (95%), and power (50%), what is the recommended sample size?

Answer: The recommended sample size is 73.

Excel solution
1. From the “Sample Size MOE Proportion” tab, enter the margin of error (.05)

2. Set the confidence level to 95%.

3. Enter .95 as the Proportion (p) and set the number of tails to 2.
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A B L U E F &
Wconienis
2
3 Sample Size For a Desired Margin of Error arcund a Proportion/Completion Rate
4 * Required Fields
£
6
T Input Results
8 Desired Margin of Error Percent® 5.0% 1
9 sample Size Meeded 100 4
10 Confidence Level® 9552 -
11 2 Adjusted for finite Population 72
12
13 Proportion (p) 0.95
14 Population 10,000 3
15 Tails

1R

4. The estimated sample size needed is 100.

Calculations

Adjusted N Calculation

5. Note: The calculator sample size is difference because it is using the small sample
adjustment (from the Adjusted Wald interval) to generate the sample size. The
large sample estimate (72.988) appears in the calculator’s calculations section for
reference.

R solution
Enter the following command:

n.binomial.largesample(.95,.5,.95,.05,2)
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The result is:

P——

RESULT

REecommended =sample size :

Example 12Smallsample estimate of success rate (binomial)
From page(s): 122-123

Summary: Suppose you have reason to believe that the current success rate for a
particular task is .75, and want to see if that’s correct. You know you won’t be able
to conduct a large-scale study; in fact, you probably won’t be able to test more than
20 people. For this reason, you realistically set your target precision (critical
difference) to .20, and balance that by setting your confidence to 95%. Plan to use a
two-tailed procedure. What is the recommended sample size?

Answer: The recommended sample size is 17.

Excel solution
1. From the “Sample Size MOE Proportion” tab, enter the margin of error (.20)

2. Set the confidence level to 95%.

3. Enter .75 as the Proportion (p) and set the number of tails to 2.
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A =] L U = r o

Wconienis
2

3 Sample Size For a Desired Margin of Error around a Proportion/Completion Rate

4 * Required Figlds

5

6

T Input Results

8 Desired Margin of Error Percent” 20.0% 1

9 ) sample Size MNeeded 17 4
10 Confidence Level® 952, ﬂ

11 2 Adjusted for finite Population 18
12

13 Proportion (p) 0.75

14 Fopulation 10,000 3

15 Tails

4. The estimated sample size needed is 17.

R solution
Enter the following command:

n.binomial.smallsample(.95,.5,.75,.2,2)

The result is:

RESULT

Recommended sample =ize:
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Example 13Adjusted-Wald binomial confidence interval
From page(s): 123

Summary: To check the sample size recommendation from Example 12, we can
construct an adjusted-Wald confidence interval to see if the precision is close to the
desired critical difference. If nis going to equal 17 and the expected value of p is .75,
then the expected value of x is np, which is 17(.75) = 12.75, which rounds to 13. We
have to round the estimate up because x can only be a whole number. For this
reason, the value of the resulting x/n will not usually equal the expected value of p,
but it can get close —in this case it’s 13/17 = .7647.

Answer: If we use these values of x and n to compute an adjusted-Wald binomial
confidence interval, we find that the observed value of the critical difference (d) is
.1936, just .0064 less (and therefore slightly more precise) than the target value of
.20.

Excel solution
1. Click on the “Completion Rate” link under the Confidence Interval heading.

9 Confidence Intervals

10

1 ﬂ Completion Rate | 1
12

13 @ Task Time

14

15 ﬂ Rating Scale Data
16

17 FProblem Freguency
i uf

19

2. Enter the number of successes (13) and total tested (17).

3. Set the confidence level to 95%.
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Contents

1
2

3 . Confidence Interval and Test Around a Completic
4

5 * Required Fislds

]

T Enter Data*

g Success” 13

9 Total = 17 2

10

11 Benchmarik |:

12

13

14 .

15 Confidence Lawvel ¥ ﬂ 3

16

17

4. The margin of error (d) is 19.4%, as shown in the Results section.

R TR

90%
Results 80%
Sample Proportion 0785 70%
Difference
Confidencs Infenaals 60%
Lonar High
32.2% 0% 20%
Aargir of Error 19.4% 4 4[]%
Recommended p-valus 30%
20%
Exact p-value
Mid p walue™ 10%
Mormal p-value 0%
R solution

Enter the following command:
ci.adjwald.fromsummary(13,17,.95)

The result is:
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RESULTS

Bdjusted p (Wil=on) : 0.7159158
Margin of error:
95% upper limit: 0.9095306

p (maximuom likelihood): O0.7647059

95% lower limit: 0.522301

Web solution
As shown below, you can also get this information from the online calculator at
http://www.measuringu.com/wald.htm.

Input Table Results Table
Passed  Total Tested Confidence Intervals Point Estimates
13 17 Low High Margin of Emor®

Adj. Wald ||0.5223 0.3095 0.1936 Best Estimate | (. 7368
Exact 0.5010 0.9319 0.2154 ML 0.7647

Score 0.5274 0.9044 0.1885 LaFlsce | 0.7368
ConfidenceLevel: |55% [w|  yos (05631 | (09663 | |0.2016 etreys  |0.7500
Using Alpha: .05 Wilson 0.7159

Likely Population Completion Rate

Unknown |

James R. Lewis & Jeff Sauro
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Example 14Benchmark proportion (binomial)
From page(s): 123-124

Summary: Suppose a first design of the installation process for a new dictation
program had a success rate of 55%, so for the next version you want to show that
you’ve improved the success rate to at least 65%. You decide to use the standard
levels of 95% confidence and 80% power and to set the required level of precision to
20%. For these test criteria, what is the recommended sample size?

Answer: The standard sample size estimate is 28. Using the “equivalent confidence”
method (designed to ensure that the lower limit of the confidence interval will
exceed the benchmark under the expected test conditions), the sample size estimate
is 36.

Excel solution
1. Select the “Comparing a Proportion to a Criterion” link under the Sample
Size for Comparisons: Power Analysis heading.

Sample Size for Comparizons : Power Analysis

Comparing 2 Independent Means

Comparing 2 Paired Means

Comparing a Mean to a Criterion

Comparing 2 Propotdions (Completion Rates)

Comparing 2 Paired Propordions (Completion Rates)

Comparing a Propodion to a Criterion

FEEFEFEE

2. Enter the Sample Proportion (85%) and test benchmark (65%).
3. Set Power to 80% confidence level to 95%.

4. Set the number of tails 1.

James R. Lewis & Jeff Sauro



Chapter 6: What Sample Sizes Do We Need? Part | — Summative Studies

Contents

Sample Size & Power For Comparing a Large Sample Completion Rate to a Criterion
* Required Fislds

1
2

3

4

E;

G

[§ Input Resulis

a Completion Rates

g Sample Proportion™ &5% Sample Size Needed 26 5
10 Benchmark® 85% 2

11

12 Power 0% Effect Size (h) Q.&8&57

13 3

14 ) Difference 0z

15 Confidence Lewvel 95 n

16 '

17 Tails 1 4

18

5. The estimated sample size needed is 28. Note: The Excel calculator uses the
standard approach for computing sample size, not the “equivalent
confidence” method.

R solution
Enter the following command:

n.bench.rate(.65,.2,.95,.80)

For this command, you need to provide the benchmark (.65), the precision (.2), the
confidence (.95 for 95%), and the power (.80 for 80%). The result is:
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RESULTS

z (confidence): 1.644854

z (power): 0.8416212

z (combined): 2.486475

Eguivalent confidence: 0.9935492

Standard estimate of n:

Initial estimate of n: 20

Initial adjusted p (Wilson): 0.7673536
Initial margin of error: 0.2053166

p (maximum likelihood): 0.85

Initial lower limit: 0.5&62037

Iteration: 1 n: 21 ®x: 18 p: xadj: 21.091 nadj: 27.183 padji: 0.77 dadj: 0.19886 lower: 0.57705
Iteration: 2 n: 22 ®x: 18 p: xadj: 22.091 nadj: 28.183 padj: 0.7838 dadj: 0.1927%9 lower: 0.59108
Iteration: 3 n: 23 ®x: 20 p: xadj: 23.091 nadj: 29.183 padi: 0.7 dadj: 0.18706 lower: 0.60421
Iteration: 4 n: 24 ®x: 20 p: xadj: 23.091 nadj: 30.183 padj: 0.7 dadj: 0.195188 lower: 0.57317
Iteration: 5 n: 25 ®x: 21 p: xadj: 24.091 nadj: 31.183 padji: 0.77 dadj: 0.18664 lower: 0.58535
Iteration: & n: 26 ®x: 22 p: xadj: 25.091 nadj: 32.183 padi: 0.77 dadj: 0.181&7 lower: 0.59739
Iteration: 7 n: 27 ®x: 23 p: xadj: 26.091 nadj: 33.183 padj: 0.78 dadj: 0.176%94 lower: 0.60935
Iteration: 8 n: 28 ®x: 24 p: xadj: 27.091 nadj: 34.183 padi: 0.7 dadj: 0.17245 lower: 0.6201

Iteration: 9 n: 29 ®x: 25 p: xadj: 28.091 nadj: 35.183 padj: dadj: 0.16817 lower: 0.63028
Iteration: 10 n: 30 ®x: 28 p: xadj: 29.091 nadj: 36.183 padj: dadj: 0.16409 lower: 0.639933
Iteration: 11 n: 31 ®x: 28 p: xadj: 29.091 nadj: 37.183 padj: . dadj: 0.16825 lower: 0.61414
Iteration: 12 n: 32 ®x: 27 p: xadj: 30.091 nadj: 38.183 padj: 0.788 dadj: 0.16444 lower: 0.62365
Iteration: 13 n: 33 x: 28  p: xadj: 31.091 nadj: 39.183 padi: 0.7 dadj: 0.16080 lower: 0.6327

Iteration: 14 n: 34 ®x: 28 p: xadj: 32.091 nadj: 40.18 padj: 0.738 dadj: 0.1573 lower: 0.64134
Iteration: 15 n: 35 ®x: 30 p: xadj: 33.091 nadj: 41.183 padj: 0.8 dadj: 0.153%85 lower: 0.64958
Iteration: 16 n: 36 ®: 31 p: xadj: 34.091 nadj: 42.18 padi: 0.8( dadj: 0.15074 lower: 0.65745
Recommended sample size:

Maximum tolerable number of failures given alpha = 0.05 with an observed mid-p significance lewvel of 0.02311188 is: 7

Example 15Independent proportions (binomial)
From page(s): 127-128

Summary: Suppose you’ve recently run a test comparing successful completion rates
for the installation of the current version of a product and a new version in which
you’ve made changes to improve the ease of installation. In that previous study, the
successful completion rate for the current version was .7 and for the new version
was .8. You’ve made some additional changes that should eliminate some of the
problems participants had with the new version — enough that you think you should
get a successful completion rate of at least .9 (90% success). For a test with 90%
confidence and 80% power, what is the recommended sample size?

Answer: The appropriate test for this situation is the N-1 chi-squared test. The
recommended sample size is 50 for each independent group for a total of 100.
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Excel solution

1. Select the “Comparing 2 Proportions (Completion Rates)” link under the

Sample Size for Comparisons: Power Analysis heading.

Sample Size for Comparizons : Power Analysis

Comparing 2 Independent Means

)

Comparing 2 Paired Means

Comparing a Mean to a Criterion

Comparing 2 Propordions (Completion Rates) 1

Comparing 2 Paired Proportions (Completion Rates)

Comparing a Proportion to a Criterion

2. Enter the two percentages (70% and 90%).

3. Set Power to 80% and the confidence level to 90%.

4. Set the number of tails 2.

il Contents

2

3

4 * Required Fields

5

]

7

8

g Input
10 PFroportion 1 Estimate
1 Proportion 2 Estimate
12

13

14

15 Fower

16

17 Confidence Lewel

18

19 Tails

2
B

Sample Size & Power For Comparing Two Completion Rates

Estimate Sample Size
Results
7% Sample Size in Bach Group 20
F0% Total Zample Size 100 5

Effect Size 0.51578

0% Critical Difference (d) 02
0 (v |
2

5. The estimated sample size needed is 50 in each group or a total of 100.
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R solution
Enter the following command:

n.nminusonechisquared(.9,.8,.7,.9)

For this command, you need to provide the confidence (.9 for 90%, equivalent to
setting alpha to .10), the power (.8 for 80%, equivalent to setting beta to .20), the
current success rate (.7) and the expected success rate for the new version. The
result is:

Fecommended sample size per g:n:'_;p:@
REecommended total =sample s;ze:

Example 16Independent proportions (binomial)
From page(s): 128

Summary: Assume that you don’t have the time or money to run 100 participants, so
you decide to relax confidence to 80%, keeping everything else the same as Example
15 (80% power, p1 =.7, p2 =.9). Now what is the recommended sample size?

Answer: The new sample size recommendation is 37 per group, for a total of 74.

Excel solution
1. From the “Sample Size for 2 Proportions” tab enter the two percentages
(70% and 90%).

2. Set Power to 80% and the confidence level to 80%.

3. Set the number of tails 2.

James R. Lewis & Jeff Sauro
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Contents

Sample Size & Power For Comparing Twe Completion Rates
* Reguired Fisids

Estimate Sample Size
| Input Results
0 Proportion 1 Estimate FOF 2 Sample 5ize in Bach Group 37 5
1 Proportion 2 Estimate 0% Total Sample Size 74
2
3
4 Effect Size 0.51578
5 Powwer 0% Critical Difference [d) 02
: 3
7 Confidence Lewvel a0
&
g Tails 2
0 4

4. The estimated sample size needed is 37 in each group or a total of 74.

R solution
Enter the following command:

n.nminusonechisquared(.8,.8,.7,.9)

The result is:

RESULTS

Recommended sample size per grou :@

REecommended total sample =ize:

James R. Lewis & Jeff Sauro
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Example 17Independent proportions (binomial)
From page(s): 128

Summary: Assume that the requirement of 74 participants (Example 16) still exceeds
your resources. What happens to the recommended sample size if you keep
everything else the same (80% confidence, p1 =.7, p> =.9), but lower the power to
50%?

Answer: The new sample size recommendation is 14 per group, for a total of 28.

Excel solution

1. From the “Sample Size for 2 Proportions” tab enter the two percentages
(70% and 90%).

2. Set Power to 50% and the confidence level to 80%.

3. Set the number of tails 2.

5 (=] L L = r ‘2

e

1

2

3 Sample Size & Power For Comparing Twe Completion Rates

4 * Required Fislds

5

]

7 Estimate Sample Size

3

3 Input Resulis

0 Proportion 1 Estimate 0% Sample Size in Bach Group 14
1 Proportion 2 Estimate 0% Total Sample Size 28
2

3

4 Effect Size 0.51578
5 Power S0% Critical Difference (d) 02
B

7 Confidence Lewvel a0 -

8

9 Tails 2

0

4. The estimated sample size needed is 14 in each group or a total of 28.
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R solution
Enter the following command:

n.nminusonechisquared(.8,.5,.7,.9)

The result is:

RESULTS

Recommended sample size per g:n:'_;p:@
Recommended total sample s;ze:

Examplel8: Dependent proportions (binomial)
From page(s): 131-132

Summary: Suppose you recently ran a pilot study in which you had 10 participants
attempt to complete a car reservation with two websites using counterbalanced
orders of presentation, with the overall success rates for Websites A and B equal to
.8 and .9 respectively. In that study, one participant was successful with Website A
but was unsuccessful with Website B (p12=.10), and two were successful with
Website B but not with Website A (p21=.20), so the difference in the proportions was
.10. If these results remained stable, how many participants would you need to run
to achieve statistical significance with 95% confidence and 50% power?

Answer: The recommended sample size is 115. As a practical matter, if you estimate
an odd number of participants, you should add one more so you can evenly
counterbalance the order in which participants use the two products, so the final
planned sample size should be 116.
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Excel solution
1. Select the “Comparing 2 Paired Proportions (Completion Rates)” link under
the Sample Size for Comparisons: Power Analysis heading.

Sample Size for Comparisons : Power Analysiz

Comparing 2 Independent Means

&1

Comparing 2 Paired Means

Comparing a Mean to a Criterion

Comparing 2 Propodions (Completion Rates)

Comparing 2 Paired Proportions (Completion Rates) 1

Comparing a Proporion to a Criterion

2. Click on the link in the upper right “Estimated Sample Size from p12 and
p2l.”

Estimate Sample Size from p12 and p21] 2

culator if you want to estimate sample size from the discordant

3. Enter the values for pi (.1) and p2: (.2)
4. Set the Power to 50%.

5. Set the Confidence Level to 95% and number of tails to 2.
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Il Contents

2

3 | Sample Size & Power For Comparing Two Paired Completion Rates (From p12 and p21)
4 * Required Fields

:.

]

T Estimate Sample Size

8

g Input Resulis

10 P12 0.1000 Total Sample Size 115

11 p21* ozl|l 3 5
12

13 Power S0% 4

14

15

16 -

17 Confidence Leve il n

18 4

19 Tails z

20

L]

6. The estimated sample size needed is 115.

R solution
Enter the following command:

n.mcnemar(.95,.5,.1,.2)

For this command, you need to provide the confidence (.95 for 95%), the power (.5
for 50%), the value of p12 (.1) and the value for p,1 (.2). The result is:

RESULT

Recommended sample size:f115

James R. Lewis & Jeff Sauro



Chapter 6: What Sample Sizes Do We Need? Part | — Summative Studies

Examplel9: Cl around difference in dependent proportior{®inomial)
From page(s): 132

Summary: As a check on the recommended sample size in Example 18, compute the
resulting adjusted-Wald confidence interval. If one of the endpoints of the interval is
close to 0 given this pattern of results, then the estimated sample size is appropriate.
Is it?

Answer: For p1=.8, p2=.9, p12=.1 and p»1=.2 with a sample size of 115, the resulting
95% adjusted-Wald confidence interval ranges from -.005 to .193, with the lower
limit just below 0. Rounding to the nearest percentage, the interval for the
difference in proportions ranges from about 0 to 19%, confirming the adequacy of
the estimated sample size for the given conditions.

Excel solution
1. Select the “2 Completion Rates from the Sample Users” link under the

Sample Size for Comparisons: Power Analysis heading.

Compare Two Means or Proportions

o

2 Completion Bates

Tazk Times and Eating Scale Scores

Task Times and Rating Scale Scores (Summary)

TaskTimes and Rating Scale Scores from the Same Users

B EEREER

2 Completion Rates from the Same Users 1

2. Click on the link in the upper right “Enter Summary Data.”
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Jbjects (McNemar Exact Test) 2
O=Fail) by product and user Enter Summary Data

3. Enter the total number of users that passed and failed by product for a total
sample size of 115.

A B C D E F

|l Contents

2 2 Proportion Test Within-Subjects (McNemar Exact Test)

3 Paste the Values [ 1= Pass O=Fail] by product and user

4 * Required Fieldls

8 Input

7 Pass Design B Fail Design B

3 Pass Design A g0 12 Cor
9 Fail Design A 23 4] 3

10

11

12

13 Confidence Level | s5x ﬂ Confidence Interval Arcund Difisrence
14 4 Low High

15 -0.5% 19.3% 5
16

=
)

4. Set the confidence level to 95%.

5. The confidence interval around the difference is shown (-.5% to 19.3%).
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R solution
Enter the following command:

ci.matchedproportions.difference(.8,.9,.1,.2,115,.95)

The result is:

RESULTS
95% CONFIDENCE INTEEVAL

pl: 0.8

p2: 0.9

Adjusted wvalue of pl: 0.7950717
Adjusted wvalue of p2: 0.889152¢6
Adjusted difference: 0.094080E84
Margin of errggr: 0 00006671
Upper limit:
Chb=zerved difference: 0.1

Lower limit: |[-0.004985873]

TESTS OF SIGHNIFICANCE
McHemar Mid Probability (recommended): 0.068524534
ABlternate analyseszs [(not recommended)

McHemar Exact Probability: 0.088953108
McHemar Chi-Sdquared: 3.457143 df: 1 p: 0.06297305

McHemar Chi-Sdquared with Yates Correction: 2.857143 df:

1 p: 0.05096835
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If keeping all else the same and setting n to 116, the result is almost the same:

RESULT

85% CONFIDEMCE INTERVAL

pl: 0.8
p2: 0.9
Adjusced wvalue of pl: 0.796E096
Adjusced wvalue of p2: 0.8300926
e: 0.093283
0 3

TESTS OF SIGNIFICANCE

McMemar Mid Probability (recommended): 0.06524534

Alternace analyses (not recommended)

McHemar Exact Probability: 0.08953108

McHemar Chi-Sqguared: 3.457143 df: 1 p: 0.06297905

McHemar Chi-Sguared with Yates Correction: 2.857143 df: 1 p: 0.09096895

Exercise 1Estimate of continuous variable
From page(s): 135

Problem: Assume you’ve been using a single 100-point item as a post-task measure
of ease-of-use in past usability tests. One of the tasks you routinely conduct is
installation. For the most recent usability study of the current version of the

software package, the variability of this measurement was 25 (s =5). You're planning

your first usability study with a new version of the software, and all you want to do is

to get an estimate of this measure with 90% confidence and to be within £2.5 points
of the true value. How many participants do you need to run in the study?

Answer: The research problem in this exercise is to estimate a value without
comparison to a benchmark or alternative. From the problem statement, the

variability is 25 (s = 5), the critical difference (d) is 2.5, the desired level of confidence

is 90%. Plan for a two-sided procedure with power set to 50%. The resulting sample
size recommendation is 13.
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Excel solution
1. Select the “For a Mean” link OR “For a Rating Scale” link under the Sample
Size for Margin of Error heading. The only difference is the rating scale
calculator provides estimates of the standard deviation based on historical
rating scale data.

Sample Size for Margin of Error

For a Rating Scale
}

For a Mean 1

H For a Completion Rata

Sample Size for Problem Detection

m Finding Problems in an Interface

2. Enter the margin of error (2.5) and the estimate of the standard deviation

(5).
3. Set the confidence level to 90% and the number of tails to 2.

4. The estimated sample size needed is 13.

A B L U E -

Contents

Sample Size For a Desired Margin of Error around Continvous Data
* Required Fislds

Input Results
Desired Margin of Eror (d)” 2.5 2 sample Size Needed 12
Estimated Standard Dev.” b 5
l 4
i Confidence Lewvel S
. 3
| T
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R solution
Enter the following command:

n.t.onesample.givenvar(.9,.5,25,2.5,2)

The result is:

Recommended sample size :

Humber of iterations: 3

Exercise 2Test against benchmark (continuous)
From page(s): 136-137

Problem: Continuing with the situation described in Exercise 1, what if your research
goal is to compare your result with a benchmark of having a result greater than 75?
Also, assume that for this comparison you want a test with 80% power and want to
be able to detect differences that are at least 2.5 points above the benchmark. The
estimated variability of measurement is still 25 (s = 5) and desired confidence is still
90%. How many participants do you need to run in the study?

Answer: Relative to Exercise 1, we’re moving from a simple estimation problem to a
comparison with a benchmark, which means that we now need to consider the
power of the test and, because we’re testing against a benchmark, will use a one-
sided rather than a two-sided procedure. Like the previous exercise, we’ll use 90%
confidence and 80% power. The sample size recommendation for this study is 20
participants.
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Excel solution
1. Select the “Comparing a Mean to a Criterion” link under the Sample Size
for Comparisons heading.

Sample Size for Comparisons : Power Analysis

Comparing 2 Independent Means

=l

Comparing 2 Paired Means
Comparing a Mean to a Criterion

1 I
Comparing 2 Proportions (Complet =3

Comparing 2 Paired Proportions (Completion Rates)

Comparing a Propotion to a Criterion

2. Enter the critical difference to detect (2.5) and the estimate of the
standard deviation (5).

3. Set the Power to 80%.

4. Set the confidence level to 90% and the number of tails to 1.

A = = ] = r o
i Contents
2
3 Sample Size & Power For Comparing a Mean to a Benchmark
4 m * Required Fislds
5
]
Ti Estimate Sample Size
a
9 Input Results
10 Sample Size Needed 20 5
11 Critical Difference 25
12 Standard Deviation : 2 Effect Size Estimate 0.707
13 Power 30%
14 3
15
16 : Benchmark 75
17 Confidence Level Sample Mean 725
18 4
19 Tails 1
20

5. The estimated sample size needed is 20.
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Enterthe margin of error (2.5) andR solution
Enter the following command:

n.t.onesample.givenvar(.9,.8,25,2.5,1)

The result is:

PR

RESULTS

Recommended sample size: a
Hunber of iterations: 2

Exercise 3Within-subjects test of difference (continuous)
From page(s): 136

Problem: Again continuing this example, what if you have improved the installation
procedures for the new version, and want to test it against the previous version in a
study where each participant performs the installation task with both the current
and new versions, with the ability to detect a difference of at least 2.5 points?
Assume that power and confidence remain at 80% and 90% respectively, and that
the estimated variability is still 25 (s = 5). How many participants do you need to run
in the study?

Answer: 3. Relative to Exercise 2, we’re moving from comparison with a fixed
benchmark to a within-subjects comparison between alternative designs, so the test
should be two-sided rather than one-sided. Continue to plan for 90% confidence,
80% power, critical difference of 2.5 points, and variability of 25 (s = 5). The
recommended sample size is 27 participants.
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Excel solution
1. Select the “Comparing 2 Paired Means” link under the Sample Size for
Comparisons heading.

Sample Size for Comparisons : Power Analysis

Comparing 2 Independent Means

1l

Comparing 2 Paired Means 1

Comparing a Mean to a Criterion

Comparing 2 Propodions (Completion Rates)

Comparing 2 Paired Proportions (Completion Rates)

Comparing a Proportion to a Criterion

2. Enter the critical difference to detect (2.5) and the estimate of the standard
deviation (5).

A B C D E F G

Al Contents

2

3 Sample Size & Power For Comparing Means from Paired Samples

4 * Required Fields

5

B

7 Estimate Sample Size

]

9 Input Results

10 Critical Difference between Mean 2.5 2 Sample Size Nesded 27 5
A

11 Standard Dewviaticn 5

12 Effect Size Estimate 0.707

13 Power 0%

14 3

15

16 ,

17 Confidence Level ﬂ 4

18

19 Tails 2

20

3. Set Power to 80%.
4. Set the confidence level to 90% and number of tails to 2.

5. The estimated sample size needed is 27.
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R solution
Enter the following command:

n.t.onesample.givenvar(.9,.8,25,2.5,2)

The result is:

REecommended =sample size :

Humber of iterations: 2

Exercise 4Betweensubjects testof difference (continuous)
From page(s): 137

Problem: Next, assume that the installation procedure is so time-consuming that you
cannot get participants to perform installation with both products, so you’ll have to
have the installations done by independent groups of participants. Assume that
nothing else changes — power and confidence remain at 80% and 90% respectively,
variance is still 25 (s = 5), and the critical difference is still 2.5. How many
participants do you need to run in the study?

Answer: Relative to Exercise 3, we're moving from a within-subjects experimental
design to one that is between-subjects. The sample size recommendation is for 51
participants per group (a total sample size of 102).
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Excel solution
1. Select the “Comparing 2 Independent Means” link under the Sample Size
for Comparisons heading.

Sample Size for Comparisons : Power Analysis

Comparing 2 Independent Means 1

=1

Comparing 2 Paired Means

Comparing a Mean to a Criterion

Comparing 2 Proporions (Completion Rates)

Comparing 2 Paired Proportions (Completion Rates)

Comparing a Propotion to a Criterion

2. Enter the critical difference to detect (2.5) and the estimate of the
standard deviation (5).

3. Set Power to 80%.

4. Set the confidence level to 90% and number of tails to 2.

5. The estimated sample size needed is 102 (51 per group).

[a [ b L cC r o
il Contents
2
3 Sample Size & Power For Comparing Two Independent Means
4 * Eeguired Fislds
5
]
7 Estimate Sample Size
a
g Input Results
10 Sample Size in Bach Group 31 5
1 Critical Difference between Mea 25 2 Total Zample Size 102
12 Standard Deviation g
13 Fower 80% Effect Size Estimate 0.500
14 3
15
16 ; Ophonal
17 Confidence Lewvel 4 Mean 70
18 % Of Mean 3.6%
19 Tails 2
20
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R solution
Enter the following command:

n.t.twosample.givenequalvar(.9,.8,25,2.5,2)

The result is:

RESULTS

Recommended =sample size per group:
Recommended total =sample =ize:
Humber of iterations: 3

Exercise 5Within-subjects test of difference (continuous)
From page(s): 137-138

Problem: Continuing with the situation described in the previous exercise, suppose
your resources (time and money) will only allow you to run a total of 20 participants
to compare the alternative installation procedures. What can you do to reduce the
estimated sample size?

Answer: Keeping many of the conditions of the situations the same, over the course
of the first four exercises, we’ve gone from needing a sample size of 13 to simply
estimate the ease-of-use score within a specified level of precision, to 20 to compare
it against a benchmark, to 27 to perform a within-subjects usability test, to 102 to
perform a between-subjects usability test. Clearly, the change that led to the
greatest increase in the sample size estimate was the shift from a within-to a
between-subjects comparison of alternatives, so one way to reduce the estimated
sample size is to strive to run within-subjects studies rather than between-subjects
when you must compare alternatives. The other aspects of experimental design that
you can control are the choices for confidence level, power, and critical difference.
Let’s assume that you were able to change your plan to a within-subjects study.
Furthermore, you have worked with your stakeholders to relax the requirement for
the critical difference (d) from 2.5 to 3.5. These two changes — switching from a
between- to a within-subjects design and increasing the critical difference by just one
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point — lead to a study design for which you should only need 15 participants. Note

that if the critical difference were relaxed to 5 points, the required sample size would

be just 8 participants.

Excel solution

1. Select the “Comparing 2 Paired Means” link under the Sample Size for

Comparisons heading.

Sample Size for Comparizons : Power Analysis

Comparing 2 Independent Means

Comparing 2 Paired Means

1

Comparing a Mean to a Criterion

Comparing 2 Proporions (Completion Rates)

Comparing 2 Paired Proportions (Completion Rates)

Comparing a Propotion to a Criterion

FEEEFER

2. Enter the critical difference to detect (3.5) and the estimate of the

standard deviation (5).

3. Set Power to 80%.

4. Set the confidence level to 90% and number of tails to 2.
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Sample Size & Power For Comparing Means from Paired Samples

* Requirsed Fislds
Estimate Sample Size
Input Resulis

Critical Difference between Mean 3.9 2 Fample Size Needed 19 5

hl
Standard Deviation S5

Effect Size Estimate 05990

Power 0% 3

Confidence Level ﬂ 4

Tails

]

5. The estimated sample size needed is 15.

6. Change the critical difference to 5.

u o () = 1 E=

Sample Size & Power For Comparing Means from Paired Samples

* Required Fislds
Estimate Sample Size 7
Input Results
Critical Difference between Mean 5 Sample Size Needed 8
-
Standard Deviation 3 6
Effect Size Estimate 1.414
Power 0%

Confidence Level ﬂ

Tails

2

7. The estimated sample size needed is now 8.
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R solution
Enter the following commands:

n.t.onesample.givenvar(.9,.8,25,3.5,2)

n.t.onesample.givenvar(.9,.8,25,5,2)

The result is:
> n.t.onesample.givenvar({.9,.8,25,3.5,2)
RESULTS

Recommended sample size:

Humber of iterations: 2
> n.t.onesample.givenvar(.3, .3,

RESULTS

Recommended =sample SLZE:(:J
Number of iterations: 3

Exercise 6Estimate of success rate (binomial)
From page(s): 138

Problem: Suppose that in addition to your subjective assessment of ease-of-use, you
have also been measuring installation successes and failures using small-sample
moderated usability studies. For the most recent usability study, the installation
success rate was 65%. Using this as your best estimate of future success rates, what
sample size do you need if you want to estimate with 90% confidence the new
success rate within £15 percentage points of the true value?

Answer: For this question, the variable of interest is a binomial pass/fail
measurement, so the appropriate approach is the sample size method based on the
adjusted-Wald binomial confidence interval. We have the three pieces of
information that we need to proceed: the success rate from the previous evaluation
(p) was .65, the critical difference (d) is .15, and the desired level of confidence is
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90%. The recommended sample size for these test criteria is 26. To check, set the
expected number of successes (x) to .65(26), which rounds to 17. A 90% adjusted-
Wald binomial confidence interval for 17/26 has an observed p of .654, an adjusted p
of .639, and a margin of error of .147, just a little more precise than the target
precision of .15.

Excel solution
1. From the “Sample Size MOE Proportion” tab, enter the margin of error (.15)

2. Set the confidence level to 90%.

3. Enter .65 as the Proportion (p) and set the number of tails to 2.

A B c D E F G
Wconients
2
3 Sample Size For a Desired Margin of Error around a Proportion/Completion Rate
4 * Required Fields
5
B
7 Input Resulis
B Desired Margin of Error Percent® 15.0%| 1
9 sample Size Meeded 4 26
10 Confidence Level® A E] 5
11 Adjusted for finite Population 27
12
13 Proportion (p) 0.65 3
14 Population 10.000

15 Texils

4. The estimated sample size needed is 26.

5. The associated 90% adjusted-Wald binomial confidence interval shows a margin
of error of 14.7%.
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contents |

Confidence Interval and Test Around a Completion Rate

* Required Fislds

Enter Data® Resulls

Success” 17 Sample Proportion 0654

Total = Zé Difference 0654
] Confidence Internvak
1 Benchmaork Low High
2 49 7R I87%
3 in of Erro 4.7%
i 5
3 Confidence Lewvel =z ﬂ Recommended p-value Q.00000
3
f Exoct p-value 0.0000
3 Mid p walue® 0.0000
R solution

Enter the following commands:
n.binomial.smallsample(.9,.5,.65,.15,2)
ci.adjwald.fromsummary(17,26,.9)

The result is:

> n.binomial . .zmall=sample (.9, .5, .65,.15,2)
RESULT
Recommended =sample size:

»> ci.adjwald.fromsummary (17,26, .9)

RESULTS

Adjusted p (Wilson): 0,6393459
Margin of error:
90% upper limit: 0.78676064
p (maximom likelihood) : 0.6538462
90% lower limit: 0.4919255
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Exercise 7Comparison of independent proportionfinomial)
From page(s): 138

Problem: You're pretty confident that your new installation process will be much
more successful than the current process —in fact, you think you should have about
85% correct installation — much better than the current success rate of 65%. The
current installation process is lengthy, typically taking 2-3 days to complete with
verification of correct installation, so each participant will perform just one
installation. You want to be able to detect the expected difference of 20 percentage
points between the success rates with 80% confidence and 80% power, and are
planning to run the same number of participants with the current and new
installation procedures. How many participants (total including both groups) do you
need to run?

Answer: Because in this problem you’re planning to compare success rates between
independent groups, the appropriate test is the N-1 chi-squared test. From the
conditions of the problem, we have the information needed to do the sample size
estimation: the expected values of p1 and p> (.65 and .85 respectively, for an average
p =.75 and d = .20), planned 80% confidence, and planned 80% power. The resulting
sample size recommendation is 43 participants per group, for a total of 86
participants. This is outside the scope of most moderated usability tests. Relaxing
the power to 50% would reduce the recommended sample size to 16 per group (total
sample size of 32).

Excel solution
1. Select the “Comparing 2 Proportions (Completion Rates)” link under the
Sample Size for Comparisons heading.

James R. Lewis & Jeff Sauro
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Sample Size for Comparizons : Power Analysis

Comparing £ Independent Means

= Comparing 2 Paired Means

Comparing a Mean to a Criterion

Comparing £ Proporions (Completion Rates) 1

Comparing 2 Paired Proportions (Completion Rates)

Comparing a Proportion to a Criterion

2. Enter the two proportions.

3. Set confidence to 80%

4. Set Power to 80% and the number of tails to 2.

A B L ¥ E I‘ £}
Contents
Sample Size & Power For Comparing Two Completion Rates
m * Required Fields
Estimate Sample Size
Input Resulis
Proportion 1 Estimate 85% Sample Size in Each Group 43
Proportion 2 Estimate &5% 2 Total Sample Size Bé 5
Effect Size 0.4707
FPower 80% 3 Critical Difference (d) 0.2
Confidence Lewvel a0
4
Tails 2

5. The estimated sample size needed is 86 (43 in each group).

6. Adjust Power down to 50% (below).
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il Contents
2
3 Sample Size & Power For Comparing Twe Completion Rates
4 m * Reguired Fislds
5
]
[ Estimate Sample Size
8
9 Input Results
10 Proportion 1 Estimate 83% Sample 3ize in Each Group 1&
11 Proportion Z Estimate &5% Total Sample Size 3z
12
13
14 Effect Size 0.4707
15 Power 0% 6 Critical Difference (d) 0.2
16 i
17 Confidence Lewvel 502 n
18
18 Tails i
20
7. The estimated sample size needed is now 32 (16 in each group).
R solution

Enter the following commands:
n.nminusonechisquared(.8,.8,.65,.85)
n.nminusonechisquared(.8,.5,.65,.85)

The result is:

[y}
i
[§e]
i

> n.nminusonechisgquared (.
RESULTS

Recommended sample size per group: 43
Recommended total sample size:

-

5]
n

> n.nminusonechisquared|.8,.5,.65,.

RESULTS

Recommended sample size per group: 16
Recommended total sample size:@
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Exercise 8Comparison of dependent proportions (binomial)
From page(s): 139

Problem: For another product (Product B for “Before”), the current installation
procedure is fairly short (about a half-hour), but that current process has numerous
usability issues that have led to an estimated 50% failure rate on first attempts.
You’ve tracked down the most serious usability issues and now have a prototype of
an improved product (Product A for “After”). In a pilot study with 10 participants,
you had 4 participants succeed with both products, 1 failed with both, 4 were
successful with Product A but not B, and 1 was successful with Product B but not A.
What are the resulting estimates for p1, p2, p12, and p21? If you want to run a larger-
scale test with 95% confidence and 80% power, how many participants should you
plan to run if you expect this pattern of results to stay about the same?

Answer: The appropriate statistical test for this type of study is the McNemar Test
(using mid-p) or, equivalently, a confidence interval using the adjusted-Wald method
for matched proportions. From the pilot study, the estimates for the different key
proportions are p1 = .8, p2 =.5, p12 =.4, and p21 = .1, so d = .3. The resulting
recommended sample size is 42.

You can check this estimate by computing a confidence interval to see if it includes or
excludes 0. Because the power of the test is 80%, you need to compute an
equivalent confidence to use that combines the nominal power and confidence of
the test. The composite z for this problem is 2.8 (1.96 + .84), so the equivalent
confidence to use for a two-sided confidence interval is 99.4915%. The closest
integer values for a, b, ¢, and d are, respectively, 17, 17, 4, and 4, for the following
values:

M p1:34/42=.81
M p2:21/42=.5
T pi2: 17/42 = .405

1 p21:4/42=.095
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The resulting confidence interval ranges from -.55 to -.015 — close to but not
including 0.

For a sample size of 40, the expected values of p1, p2, p12, and p21 are exactly .8, .5, .4,
and .1 respectively, and the resulting confidence interval ranges from -.549 to .0025,

just barely including 0. The bounds of these confidence intervals support the sample
size estimate of 42, but if samples were expensive, 40 would probably be adequate.

Excel solution

1. Select the “Comparing 2 Paired Proportions (Completion Rates)” link under
the Sample Size for Comparisons: Power Analysis heading.

Sample Size for Comparisons : Power Analysiz

Comparing 2 Independent Means

Comparing 2 Paired Means

Comparing a Mean to a Criterion

Comparing 2 Propodions (Completion Rates)

Comparing 2 Paired Proportions (Completion Rates) 1

Comparing a Proporion to a Criterion

2. Click on the link in the upper right “Estimated Sample Size from p12 and
p21.”

Estimate Sample Size from p12 and p21] 2

culator if you want to estimate sample size from the discordant

3. Enter the values for pi12 (.4) and p2: (.1).

James R. Lewis & Jeff Sauro



Chapter 6: What Sample Sizes Do We Need? Part | — Summative Studies

4. Set the Power to 80%.

5. Set the Confidence Level to 95% and number of tails to 2.

Sample Size & Power For Comparing Two Paired Completion Rates (From p12 and p21)
_"- W~ Required Fields

Estimate Sample Size
g Input Resulis
10 pl2e 0.4000 3 Total Jample Sze 42
11 P21 01 6
12
13 Power 20% 4
14
15
16 _
17 Confidence Lewve a6 u
18
19 Tails 7 5

6. The estimated sample size needed is 42.

R solution

Enter the following commands:
n.mcnemar(.95,.8,.4,.1)
compute.equivalentconfidence(.95,.80,2)
ci.matchedproportions.difference(.81,.5,.405,.095,42,.994915)

ci.matchedproportions.difference(.8,.5,.4,.1,40,.994915)

The results are:

James R. Lewis & Jeff Sauro
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> n.monemar(.95,.8,.4,.1)
RESULT

REecommended sample size:

> compute.egquivalentconfidence (.95, .

RESULTS

z (confidence): 1.959%&4
z(power): 0.82416212

Z (combined) L 2.801585

Equivalent confidence: 0.9948148

o
[

2%
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[T
=]

> ci.matchedproportions.difference (.81, .

in
]
L
in
[1=%
;]
L)
[}
[1=%
[}
|

in

n

RESULTS
99.4315% CONFIDENCE INTEERVAL

pl: 0.81

p2: 0.5

Adjusted wvalue of pl: 0.T7830734
Adjusted wvalue of p2: 0.5
Bdjusted difference: -0.2830734
Margin of errgr: O 72504
Upper limit:
Cbserved difference: -0.31
Lower limit: -0.550953%9

TEST5 OF SIGHIFICANCE

Melemar Mid Prokabkility (recommended): 0.00434351

Alternate analyses (Dot recommended)
McHemar Exact Probkability: 0.00719738

McHemar Chi-Squared: 2.047619 df: 1 p: 0.00455635

Mclemar Chi-Squared with Yates Correction: 6.857143 df: 1 p: 0.008828761
> cil.matchedproportions.difference (.8, .5, .4,.1,40,.954315)

RESULTS

99.4315% CONFIDENCE INTERVAL

pl: 0.8

p2: 0.5

Adjusted wvalue of pl: 0.77319&2
Bdjusted wvalue of p2: 0.5
Adjusted difference: -0.27319%9&62
Margin of erroxr: 0.2756876
Upper limit:{0.002501418])
Cbserved difference: -0.3

Lower limitc: -0.54888538

TESTS5 OF SIGHIFICANCE

MelNemar Mid Probabkility (recommended): 0.00718738

Alternate analyses [(not recommended)

MclNemar Exact Probability: 0.01181753

Mclemar Chi-Squared: 7.2 df: 1 p: 0.007290358

Mclemar Chi-Squared with Yates Correction: 6.05 df: 1 p: 0.01390630
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Chapter 7: What Sample Sizes Do We Need?

Part Il z Formative Studies

Abstract

The purpose of formative user research is to discover and enumerate the events of
interest in the study (for example, the problems that participants experience during a
formative usability study). The statistical methods used to estimate sample sizes for
formative research draw upon techniques not routinely taught in introductory
statistics classes. This chapter covers techniques based on the binomial probability
model and discusses issues associated with violation of the assumptions of the
binomial model when averaging probabilities across a set of problems or participants
while maintaining a focus on practical aspects of iterative design.

Examplel: Sample size for formative usability study
From page(s): 145

Summary: Suppose you decide to run a formative usability study and, for the tasks
you use and the types of participants you observe, you want to have an 80% chance
of observing, at least once, problems that have a probability of occurrence of .15.
How many participants should you plan to observe?

Answer: The recommended sample size is 10.
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Excel solution

LD 00| = Oy | e L | R =

1. Select the “Finding Problems in an Interface” link under the Sample Size for
Problem Detection heading.

Sample Size for Margin of Error

For a Rating Scale

W For a Mean
H Fora Completion Rate

Sample Size for Precblem Detection

m Finding Problems in an Interface 1

2. Enter the estimate of the problem occurrence at .15.

3. Set the chance of detecting the problem to 80%.

A ] L L E - 5 H J K L
Contents
N Sample Size For a Discovering Problems in an Interface
=8 * Required Fislds
Input Results
Problem Occurrence” 0.15 2 Uzerzs Needed 5.0 4

Chance of Detecting the Problem” 3

4. The estimated sample size needed is 9.9 (round up to 10).

James R. Lewis & Jeff Sauro
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R solution
Enter the following command:

n.atleastonce(.8,.15)

To use this command, you need to provide the problem discovery goal (.8 for 80%)
and the desired problem discovery likelihood (.15 in this example). The result is:

—-—

Recommended =sample s;ze:

Example2: Analysis of 61 problem discovery matrix
From page(s): 152-156

Summary: Suppose you’ve run four participants in a usability study and have created
a list of observed problems and matched them with the participants who
experienced them, as shown in the following matrix (derived from Table 7.5 in the
second edition of Quantifying the User Experience: Practical Statistics for User
Research).

p 1 2 4 5 6 7 8
7 1 1 1 o0 1 1 1
2 1 1 1 o0 1 0 1
3 1 1 1 1 1 0 O
4 1 1 1 0 0 1 0

The first row in the matrix is a header row that includes numbers assigned to the
different observed usability problems. The next four rows are for the four
participants. The first column in the matrix is the participant numbers. The
remaining columns are for the observed problems. A “1” indicates a participant
experienced that problem; a “0” indicates that the participant did not experience the
problem.
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As covered in Quantifying the User Experience: Practical Statistics for User
Research(2nd ed.), small-sample estimates of problem discovery rates tend to be
highly inflated. For the matrix above, what are the initially estimated (observed)
problem discovery rate (pest), the adjusted problem discovery rate (pqqj), the
estimated proportion of problems discovered so far (psofar), the estimated number of
problems available for discovery (Navaiiabie), and the estimated number of
undiscovered problems (Nundiscovered)?

Answer: The results are Pest = .71, Padj = .48, Psofar = .93, Navailab/e = 8, and Nundiscovered =
1.

Excel solution
1. From the “Sample Size Problems” tab used in the previous example, scroll
down to the “Compute Adjusted Value of Problem Occurrence p*” section
and clear out any values in the matrix by clicking the “Clear Values” button
(macros must be enabled).

2. Enter the values from the matrix by problem and user.

2 Compute Adjusted Value of Problem Occurrence p*

3 Enter a 1 in the Cell to Indicate the user experienced the problem [up to 30 users and Problems)

4

5 Results

6 4 Adjusted p 0.486607 % of Problems Discovered 0.93053

T Users Test” 4 Estimate of undiscoverad problams 0.5 5
8 Total Problems available for discovery 7.5

9

0 2 s

1 3 e Proble

2 = 4

3

4

5

6 Problem
7| _ClearValues | gor 1 2 3 4 5 5 7 B ?
8 1 1 1 0 1 0 1 1 1

9 2 1 1 0 1 ] 1 0 1

0 1 3 1 1 0 1 1 1 0 0

1 4 1 1 o] 1 [¢] o 1 o]

2 5

3 A

3. The value of pest =.714 is at the bottom of the Results section.
4. The value of pqq =.4866 appears at the top of the Results section.

5. The Results section also displays the estimates of psofar = .93053, Navailable =
7.5 (round up to 8), and Nundiscovered = .5 (round up to 1).
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R solution
Enter the following command:

analyze.01matrix.fromweb("table705.txt")

This version of the command gets the designated 0-1 matrix file from Jim’s website.
To get a file on your local computer, you’d use the “analyze.01matrix.fromfile”

command. The result is:

—— T

Number of participants: 4
Numker of known problems:
Number of known problems that occurred just once: 1
Cbhzerved p
pdef: 0.348. 143
pGET: 0.625
ABdjusted p:{ 0.4566071

Eztimated proportion of discovery (so far): ]
Eztimated number of probklems available for discos
Eztimated number of undiscovered problems:

Example3: Analysis of 61 problem discovery matrix

From page(s): 156

Summary: Imagine a usability study of five tasks using a prototype speech
recognition application with weather, news, and e-mail/calendar functions.
Participant 1 experienced no usability problems; Participant 2 had one problem in
each of Tasks 2, 4, and 5; and Participant 3 had the same problem as Participant 2 in

Task 2, and different problems in Tasks 1, 4, and 5 (results shown in the following
matrix). Doing an analysis similar to that of Exercise 2, what are the results?

p 1 2 3 4 5 6

1 0 0 0 0 0 0

James R. Lewis & Jeff Sauro
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Answer: The results are Pest = .39, Padj = .125, Psofar = .33, Navailable = 19, and Nundiscovered
=13.

Excel solution

SR | S| ea ] = S| | | L R | S| W] 2] | S| L] B | RS

1.

2.

From the “Sample Size Problems” tab used in the previous example, scroll
down to the “Compute Adjusted Value of Problem Occurrence p*” section
and clear out any values in the matrix by clicking the “Clear Values” button
(macros must be enabled).

Enter the values from the matrix by problem and user.

Compute Adjusted Value of Problem Occurrence p*
Enter a 1 in the Cell to Indicate the user expenenced the probklem (up to 30 users and Problems)

Results
4 Adjusted p 0.124579 % of Problems Discovered 0.329111
Users Test” 3 Estimate of undiscovered problems 12.2 5
Total Problems available for discovery 18.2
3 | MNom  0.087037037 e
P
Clear Values [ yser 1 2 3 4 5 5 7 8
1 ] 4] 0 0 4] 0
1 2 t] 1 0 1 1 0
3 1 1 1 0 o] 1
4
5
’ 2

3. The value of pes: =.3888 is at the bottom of the Results section.

4. The value of psgj =.124579 is at the top of the Results section.

5.

The Results section also displays the estimates of psofar = .32911, Navailable =
18.2 (round up to 19), and Nundiscovered = 12.2 (round up to 13).

James R. Lewis & Jeff Sauro



Chapter 7: What Sample Sizes Do We Need? Part Il — Formative Studies

R solution
Enter the following command:

analyze.01matrix.fromweb("cs1.txt")

The result is:

Humber of participants: 3
Humber of known problems: &
Humber of known prokbklems that occurred just once: 5

T of discovery (3o far): 2
Estimated number of problems available for discovery: !E
Estimated number of undiscovered problems:

Example4: Additional problem discovery analyses
From page(s): 156

Summary: Suppose rather than having the 0-1 problem discovery matrix, you have
the following data from an analysis of the original matrix:

9 Number of participants (n) =7
1 Number of different usability problems discovered (N) = 33
9 Initial estimate of p: .27

1 Adjusted estimate of p: .15

Given this information, what are the estimated proportion of problems discovered so
far (psofar), the estimated number of problems available for discovery (Navaiabie), and
the estimated number of undiscovered problems (Nundiscovered).

AnSWEI’ The re5U|tS are psofar = .68, Navai/able = 49, and Nundiscovered = 16.
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Excel solution
1. In an Excel sheet type the following : =1 - (1-.15)A7

2. =33/.68
3. =49-33
5
6 0.679422912 1
7 48.52941176 2
8 16
3
9
10
R solution

Enter the following commands:
1-(1-.15)~7
33/.68
49-33

These are standard R math commands. The first computes psoar given the adjusted
estimate of p (.15) and the number of participants run so far (7). The second
computes Navaible given the number of different events (problems) observed so far
and psofar. The third provides the estimate of the number of events (problems)
remaining for discovery (Nundiscovered) given the estimate of Navaibie (49) and the
number of different events (problems) observed so far (33). The result is:

b Ay
e

1 - (1-.15)
[1] f0.6794229
-

. ::_
[1] .529

T

(X&)
| Ty
1 o |-
i -
k]
(1 =9
s

T
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Exercise 1Sample sie for formative usability study

From page(s): 179

Problem: Assume you need to conduct a single-shot (not iterative) formative usability
study that can detect about 85% of the problems that have a probability of
occurrence of .25 for the specific participants and tasks used in the study (in other

words, not 85% of ALL possible usability problems, but 85% of the problems
discoverable with your specific method). How many participants should you plan to

run?

Answer: You should plan to run 7 participants.

Excel solution
1. Select the “Finding Problems in an Interface” link under the Sample Size for

Problem Detection heading.

Sample Size for Margin of Error

" Fora Rating Scale
”_ ForalMean

w Fora Completion Rate

Sample Size for Problem Detection

M Finding Problems in an Interface 1

2. Enter the estimate of the problem occurrence at .25.

3. Set the chance of detecting the problem to 85%.

James R. Lewis & Jeff Sauro
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A =} U U = r G H [ aJ K L
Wconients
2
3 w Sample Size For a Discovering Problems in an Interface
4 * Required Fields
5
6
7 Input Results
8
9 Problem Cccurrence” 0.25 2 Users Needed £.59
10
1
12 Chance of Detecting the Problem® 35% 4
13 3
14
4. The estimated sample size needed is 6.59 (round up to 7).
R solution

Enter the following command:
n.atleastonce(.85,.25)

The result is:

RESULT

Recommended sample size: @

Exercise 2Sample size for formative usability study
From page(s): 180

Problem: Suppose you decide that you will maintain your goal of 85% discovery, but
need to set the target value of p to .20. Now how many participants do you need?

Answer: You should plan to run 9 participants.

Excel solution

1. From the “Sample Size Problems” tab, enter the estimate of the problem
occurrence at .20.

2. Set the chance of detecting the problem to 85%.

James R. Lewis & Jeff Sauro
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A H L U E - 5 H | J K L
il Contents
2
3 M Sample Size For a Discovering Problems in an Interface
4 * Required Fields
5
B
7 Input Results
g
] Problem Cccurrence” 1 Users Needed 8.50
10
11
12 Chance of Detecting the Problem™ 85% y) 3
13

14

3. The estimated sample size needed is 8.5 (round up to 9).

R solution
Enter the following command:

n.atleastonce(.85,.2)

The result is:

RESULT

REecommended sample size:

Exercise 3Probability of discovery of events of givgmandn
From page(s): 180

Problem: You just ran a formative usability study with 4 participants. What
percentage of the problems of p = .50 are you likely to have discovered? What about
p =.01; .90; .257?

Answer: Forn=4 and p = .50, it's 94%. For p = .01, it's 4% expected discovery; for p =
.90, it’s 99.99%; for p = .25, it’s 68%.

Excel solution
1. Select the “Problem Frequency” link under the Confidence Intervals
heading.
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g Confidence Intervals
10

11 ﬂ Completion Rate
12

13 @ TaskTime

14

15 ﬂ Rating Scale Data
16

17 ﬁ Problem Freguency 1
18

19

20

21
22

2. Scroll down and enter the sample size of 4.

3. Enterin the values of .5, .10, .9 and .25 (other values are shown for
comparison).

4. The results show the likelihood (as percentages) of uncovering each
problem for the given frequencies.

Probability of Detcting a Problem given a Sample Size

Given a sample size of 4 2
The probability of detecting problems that affect 1% of uzersis 3.9%
5% 18.5%
10% 34.4%
259 3 58.4%
30% T6.0% 4
40% 87.0%
50% 93.8%
T0% 99.2%
30% 99 340%
a0% 99.990%

Rsolution
Enter the following commands:

p.atleastonce(.5,4)
p.atleastonce(.01,4)

p.atleastonce(.9,4)

James R. Lewis & Jeff Sauro
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p.atleastonce(.25,4)

For this command, you need to provide the probability of the event and the sample
size (humber of trials). The result is:

> p.atleastonce|.5,49)

RESULT

Probabkility of an event of = 0.5 happening at least once in 4 trials: [0.9375

Us]
|

> p.atleastonce (.01, 4)

RESULT

Probabkility of an event of p = 0.01 happening at least once in 4 trials: [0.03940395

> p.atleastonce|.9,4)

RESULT

Probabkility of an event of p = 0.9 happening at least once in 4 trials:[|0.9939%

> p.atleastonce (.

%]
in
I

RESULT

Probabkility of an event of p = 0.25 happening at least once in 4 trials: [0.6835938
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Exercigs 4-6: Analysis of 61 problem discovery matrix
From page(s): 180

Problem: The following matrix shows the results of a formative usability evaluation of
an interactive voice response application in which six participants completed four
tasks, with the discovery of twelve distinct usability problems. For this matrix, what
is the observed value of p across these problems and participants? What is the
adjusted value of p? Using the adjusted value of p, what is the estimated total
number of the problems available for discovery with these tasks and types of
participants? What is the estimated number of undiscovered problems? How
confident should you be in this estimate? Should you run more participants, or is it
reasonable to stop?

p 1 2 3 4 5 6 7 8 9 10 11 12

1 0 0 1 0 0 0 0 0 0 0 1 0

5 0 1 1 0 0 0 0 0 0 1 0 1
6 0 0 0 0 0 0 1 1 0 0 1 1

Answer: The initial estimate (observed value) of p is .28. The adjusted estimate is
.13. For these six participants the estimated discovery (so far) is .57. The estimated
number of problems available for discovery is 22, and the estimated number of
undiscovered problems is about 10. Because a sample size of 6 is in the range of
over-optimism when using the binomial model, there are probably more than 10
problems remaining for discovery. Given the results shown in Table 7.9 in
Quantifying the User Experience: Practical Statistics for User Research (2nd ed.), it’s
reasonable to believe that there could be an additional 2 to 7 undiscovered
problems, so it’s unlikely that there are more than 17 undiscovered problems. This
low rate of problem discovery (pqq = .13) is indicative of an interface in which there
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are few high-frequency problems to find. If there are resources to continue testing,
it might be more productive to change the tasks in an attempt to create the
conditions for discovering a different set of problems and, possibly, more frequently-
occurring problems.

Excel solution

1. Select the “Finding Problems in an Interface” link under the Sample Size for
Problem Detection heading.

Sample Size for Margin of Emror

” For a Rating Scale
W ForalMean

w For a Completion Rate

Sample Size for Problem Detection

w Finding Problems in an Interface 1

2. Clear out any previous values (macros must be enabled).

3. Enter the values from the matrix by problem and user.

James R. Lewis & Jeff Sauro
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22 Compute Adjusted Value of Problem Occurrence p*

23 Enter a 1 in the Cell to Indicate the user experienced the problem (up to 30 users and Problems)

25 Results
26 Adjusted p 0.12963 % of Problems Discoverad
27 5 Users Test” & Estimate of undiscovered pr

Tetal Problems awvailable for

30 lorm 0.092572593 Total Problems 12

0.565265

7.2
21.2 6

Problem

37 Clear Values User

40 2

OO0 00 R O|a
O R Rk OO O|w
O R OO R F|w
0O 000 R O|n
0O 00RO O|n
OO0 R OO O|e
= 0000 0|y

.
4o tn W pka —

= 0000 O|a
0O 00O R O|e
o~ O oo o|s
S =R T T

4. The value of pest =.2778 is at the bottom of the Results section.

5. The value of paqj =.12963 is at the top of the Results

section.

== O O O O

6. The Results section also displays the estimates of psofar = .565 Navailabie = 21.2
(round up to 22), and Nundiscovered = 9.2 (round up to 10).

R solution
Enter the following command:

analyze.01lmatrix.fromweb("table711.txt")

The result is:

RESULTS

Number of participants: &

Number of known problems: 12

Humber of known problems that occurred just once: 8
Chzerved p:
pdef: 0.092592&

pGET: 0.1666667

Adjusted pm

Eztimated proportion of discovery (so far) :
Eztimated number of problems available for discovery:
Eztimated number of undiscovered p:n:l::'_err.s:
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Chapter 8: Standardized Usabillity

Questionnaires

Abstract

Standardized usability questionnaires are questionnaires designed for the
assessment of perceived usability, typically with a specific set of questions presented
in a specified order using a specified format with specific rules for producing scores
based on the answers of respondents. For usability testing, standardized
questionnaires are available for assessment of a product at the end of a study (post-
study — for example, QUIS, SUMI, PSSUQ, and SUS) and after each task in a study
(post-task — for example, ASQ, Expectation Ratings, SEQ, SMEQ, and Usability
Magnitude Estimation). Standardized questionnaires are also available for the
general assessment of website usability (for example, WAMMI and SUPR-Q). All of
these questionnaires have undergone psychometric qualification, including
assessment of reliability, validity, and sensitivity, making them valuable tools for
usability practitioners.
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Exercise 1Analysis of matrix of PSSUQ data
From page(s). 240-241

Problem: You’ve run a study using the PSSUQ (standard Version 3), with the results
shown in the following table. What are each participant’s overall and subscale
scores, and what are the mean overall and subscale scores for the study?

Participant

1 2 3 4 5 6
Item 1 1 2 2 2 5 1
Item 2 1 2 2 1 5 1
Item 3 1 2 3 1 4 1
Item 4 1 1 2 1 4 1
Item 5 1 1 2 1 5 1
Item 6 1 1 4 1 4 3
Item 7 1 2 NA 1 6 1
Item 8 3 1 NA 1 6 1
Item 9 3 1 1 1 5 1
Item 10 1 3 2 1 4 1
Item 11 2 2 2 1 4 1
Item 12 1 1 2 1 4 1
Iltem 13 1 1 2 2 4 1
Item 14 1 1 2 3 4 1
Item 15 1 1 3 1 4 1
Item 16 1 1 2 1 4 1
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Answer: The following table shows the overall and subscale PSSUQ scores for each
participant and the mean overall and subscale scores for the study (averaged across
participants). Even though there is some missing data, only two cells in the table are
empty (designated with NA), so it’s OK to just average the available data.

Participant
1 2 3 4 5 6 Mean
Item 1 1 2 2 2 5 1 2.17
Item 2 1 2 2 1 5 1 2.00
Item 3 1 2 3 1 4 1 2.00
Item 4 1 1 2 1 4 1 1.67
Item 5 1 1 2 1 5 1 1.83
Item 6 1 1 4 1 4 3 2.33
Item 7 1 2 NA 1 6 1 2.20
Item 8 3 1 NA 1 6 1 2.40
Item 9 3 1 1 1 5 1 2.00
Item 10 1 3 2 1 4 1 2.00
Iltem 11 2 2 2 1 4 1 2.00
Iltem 12 1 1 2 1 4 1 1.67
Iltem 13 1 1 2 2 4 1 1.83
Item 14 1 1 2 3 4 1 2.00
Iltem 15 1 1 3 1 4 1 1.83
Iltem 16 1 1 2 1 4 1 1.67
Overall | 1.31| 1.44 2.21 1.25 4.50 1.13 1.97
SysUse | 1.00 | 1.50 2.50 1.17 4.50 1.33 2.00
InfoQual | 1.83 | 1.67 1.75 1.00 4.83 1.00 2.01
IntQual | 1.00 | 1.00 2.33 2.00 4.00 1.00 1.89
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Excel solution
1. Select the “Rating Scale Data” link under the Confidence Intervals section.

8
q Confidence Intervals
10 -
11 Completion Rate
12
13
14
15 1
|6
I7
|18
19
2. Clear out any previous values (macros must be enabled) and enter the
values for each of the 16 items.
3. Set the confidence level to 95%.
4. The mean, standard deviation and sample size appear in the Descriptive
statistics section.
A B G ¥ E F
'l Contents
g
3 Confidence Interval and Test Around Raw Continuous data
4 - n Fasts the Raw Data in the st Column--Remove Nan Numenc Valuss
5 * Required Fislds
G
7 | Clear Values Raw Data* Input
8 1 * Confidence Level n 3
9 2 2 |:
10 2 Test Benchmark I:
11 2
12 5 Descriptive Stafs
13 1 hean 217
14 Standard Deviation 1.47 il
15 n &
16
17
18

5. The confidence interval is in the Results section.
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Resulis
Lowr High
Confidence Interval 062 271
Margin of Error 1% 5
p-values

Population Mean = Test Mean
Population Mean > Test Mean

Population Mean < Test Mean

Power

4.00

3.50

3.00

2.50

2.00

1.50

1.00

0.50

0.00

6. Repeat this procedure for all items, subscales and the overall score.
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Enter the following command:
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analyze.pssug.fromweb("table810.txt",.95)

This command gets the designated data file from Jim’s website (based on Table 8.10

in the second edition of Quantifying the User Experience: Practical Statistics for User

Research) and computes confidence intervals using the designated level (in this case,

.95 for 95%). To analyze a file on your local computer, you’d use the

“analyze.pssug.fromfile” command. The result is:

RESULTS OF P55U(Q RMNALYSIS
gcales

Cverall mean: 1.87
Sv=Use mean: 2
InfoQual mean: 2.01
IntQual mean: 1.89
Items

Item 01 mean: 2.17
Item 02 mean: 2
Item 03 mean: 2
Item 04 mean: 1.67
Icem 05 mean: 1.83
Icem 06 mean: 2.33
Icem 07 mean: 2.2
Itcem 08 mean: 2.4
Item 09 mean: 2
Item 10 mean: 2
Item 11 mean: 2
Item 12 mean: 1.6&67
Item 13 mean: 1.83
Item 14 mean: 2
Icem 15 mean: 1.83
Itcem 16 mean: 1.67

95%
95%
95%
95%

95%
95%
95%
95%
95%
95%
95%
95%
95%
95%
95%
95%
95%
95%
95%
95%

confidence
confidence
confidence
confidence

confidence
confidence
confidence
confidence
confidence
confidence
confidence
confidence
confidence
confidence
confidence
confidence
confidence
confidence
confidence
confidence

interval:
interval:
interval:
interval:

interval:
interval:
interval:
interval:
interval:
interval:
interval:
interval:
interval:
interval:
interval:
interval:
interval:
interval:
interval:
interval:

00 O0o0oo0o 0o oo

000000000

601 -
513 -
644 -

L8222 -
.374 -

101 -

873 -

85 -

.386 -
606 -

673 -

.438 -
.396 -

[T T T I ) Lo L

(SR TN

.33

.51
.13

.71
.63

.94
.51
.91

4.48

.78
.33
3.15

.06
.33
.23
.94

Comparisons:
Comparisons:
Comparisons:
Comparisons:

Comparisons:
Comparisons:
Comparisons:
Comparisons:
Comparisons:
Comparisons:
Comparisons:
Comparisons:
Comparisons:
Comparisons:
Comparisons:
Comparisons:
Comparisons:
Comparisons:
Comparisons:
Comparisons:

Mean
Mean
Mean
Mean

Mean
Mean
Mean
Mean
Mean
Mean
Mean
Mean
Mean
Mean
Mean
Mean
Mean
Mean
Mean
Mean

lower
lower
lower
lower

lower
lower
lower
lower
lower
lower
lower
lower
lower
lower
lower
lower
lower
lower
lower
lower

than
than
than
than

than
than
than
than
than
than
than
than
than
than
than
than
than
than
than
than

norm;
norm;
norm;
norm;

norm;
norm;
norm;
norm;
norm;
norm;
norm;
norm;
norm;
norm;
norm;
norm;
norm;
norm;
norm;
norm;

interval
interval
interval
interval

interval
interval
interval
interval
interval
interval
interwval
interval
interval
interval
interval
interval
interval
interval
interval
interwval

consistent
consistent
consistent
consistent

consistent
consistent
consistent
consistent
consistent
consistent
consistent
consistent
consistent
consistent
consistent
consistent
consistent
consistent
consistent
consistent

with
with
with
with

with
with
with
with
with
with
with
with
with
with
with
with
with
with
with
with

norm
norm
norm
norm

norm
norm
norm
norm
norm
norm
norm
norm
norm
norm
norm
norm
norm
norm
norm
norm
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Eca;es

Cverall mean: 1.9
SvzlUse mean: 2

Infofual mean: 2.0
IntQual mean: 1.88

Items

ITtem 01 mean:

Ttem 02 mean:

ITtem 03 mean:
ITtem 04 mean:

B3 B3 ORI

=

Item 05 mean: 1.83
Item 06 mean: 2.33
Item 07 mean: 2.2
Item 08 mean: 2.4
Item 09 mean: 2
Item 10 mean: 2
Item 11 mean: 2
Item 12 mean: 1.&7
Item 13 mean: 1.83
Item 14 mean: 2
Item 15 mean: 1.83
Etem 16 mean: 1.&7

Exercise 2More analysis of matrix of PSSUQ data
From page(s): 240-241

Problem: Given the published information about normative patterns in responses to
the PSSUQ, are you surprised by the mean score of Item 7 relative to the other items
for the data in the table above? What about the relative values of InfoQual and
IntQual? Based on the typical values for the PSSUQ, does this product seem to be
above or below average in perceived usability?

Answer: Regarding Item 7, generally, its scores tend to be higher (poorer) than those
for other items, but in this set of data, the mean item scores are fairly uniform,
ranging from 1.67 to 2.40, with 2.20 for Item 7, making it one of the higher scoring
items but not as much higher as is usual, which is a bit surprising. The same is true
for the relative pattern of the subscales. Typically, InfoQual is about half a point
higher than IntQual, but for these data the difference is only about .15. Based on the
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typical values for the PSSUQ, the mean Overall score is usually about 2.82, so with an
Overall score of 1.98, this product seems to be above average in perceived usability —
at least, in reference to the products evaluated to produce the current PSSUQ norms.
To determine if it is significantly better than average, you’d need to compute a
confidence interval on the data from the study to see if the interval included or
excluded the benchmark. It turns out that the 95% confidence interval for Overall
ranges from .622 to 3.33 — a fairly wide interval due to the small sample size and
relatively high variability — so even though the mean is lower than the norm, the
interval is consistent with the norm. Thus, this Overall score is not statistically
significantly different from the norm of 2.82.

Excel solution
1. Select the “Rating Scale Scores against a Criterion” link under the

Confidence Intervals section.

Test a Mean or Proportion to Criteron

m Completion Rote agaoinst a Critericn

EJ Task Time against a Criterion

w Eoting Scale Scores against a Criterion 1

w Eoting Scale Scores against a Criterion (Summarny]

| | | M| e | et 1| MR e | | e | et | | e | W | et

2. Clear out any previous values (macros must be enabled) and enter the
values for the Overall score.

3. Set the confidence level to 95%.
4. Enter the benchmark of 2.82.

5. The mean, standard deviation and sample size appear in the Descriptive
Stats section.
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Contents

* Required Fislds

Clear Values Raw Data*

2

I O (O T Y Y Y
mm#wm_\gmmwmm#mm_k

Fasts the Raw Data in the Ist Column-—-Esmaove Non Numesrnc Valuss

. - Confidence Interval and Test Around Raw Continvous data

Input

1.231 * Confidence Level ﬂ 3

1.44

221 Test Benchmarlk 282

1.25 4

45 Descniptive Stats

113 Mean 1.97
Standard Deviation 130 | 2
N &

6. The range of the confidence interval and the p-value (.17) against the test

are in the Results section.

Resulis

Difference (S5ample Mean - Test Mean

Low

Confidence Interval 0.a1

Margin of Error &9%

Population Mean = Test Mean
Population Mean > Test Mean

Population Mean < Test Mean

Power

03 3.50
3.00
High

333 250 -
6 2.00 -
p-values 1.50

0.17044
0.08523 1.00 4

091477
0.50

0.30260
0.00 4
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R solution
Enter the following command:

analyze.pssug.fromweb("table810.txt",.95)

The result is:

RESULTS OF PS55UQ ANALYSIS

Scales

Overall mean: 1.97 95% confidence interval: Comparisons: Mean lower than norm; {interval consistent with norm)
SysUse mean: 2 95% confidence interwval: 0.601 - 3.4 Compariszons: Mean lower than norm; interval consistent with norm
InfoQual mean: 2.01 95% confidence interwval: 0.513 - 3.51 Comparisons: Mean lower than norm; interval consistent with norm
IntQual mean: 1.89 95% confidence interval: 0.644 - 3.13 Comparisons: Mean lower than norm; interval consistent with norm
Items

Item 01 mean: 17 95% confidence interwval: 0.622 - 3.71 Comparisons: Mean lower than norm; interval consistent with norm
Item 02 mean: 95% confidence interval: 0.374 - 3.63 Comparisons: Mean lower than norm; interval consistent with norm
Item 03 mean: 95% confidence interwval: 0.673 - 3.33 Comparisons: Mean lower than norm; interval consistent with norm
Item 04 mean: &7 95% confidence interval: 0.396 - 2.94 Comparisons: Mean lower than norm; interval consistent with norm
Item 05 mean: .8 95% confidence interwval: 0.152 - 3.51 Comparisons: Mean lower than norm; interval consistent with norm
Item 06 mean: .33 95% confidence interwval: 0.753 - 3.91 Comparisons: Mean lower than norm; interval consistent with norm
Item 07 mean: .2 95% confidence intexrwval: -0.0751 - 4.48 Comparisons: Mean lower than norm; interval consistent with norm
Item 08 mean: 4 95% confidence interval: 101 - 4.7 Comparisons: Mean lower than norm; interval consistent with norm

¥
M
e
I
(]
=l
™

Item 05 mean: 95% confidence interwval: Comparisons: Mean lower than norm; interval consistent with norm

Bk R b s B3 R RS ORI B3 ORI ES bSR3 R R
o
-
w
I
w
o
w

a.

0.
Item 10 mean: 95% confidence interwal: O. Compariszons: Mean lower than norm; interval consistent with norm
Item 11 mean: 95% confidence interval: 0.85 - 3.15 Comparisons: Mean lower than norm; interval consistent with norm
Item 12 mean: 95% confidence interval: 0.396 - 2.94 Comparisons: Mean lower than norm; interval consistent with norm
Item 13 mean: .B3 95% confidence interval: 0.606 - 3.06 Comparisons: Mean lower than norm; interval consistent with norm
Item 14 mean: 95% confidence interwal: 0.673 - 3.33 Comparisons: Mean lower than norm; interval consistent with norm
Item 15 mean: 1.83 95% confidence interval: 0.438 - 3.23 Comparisons: Mean lower than norm; interval consistent with norm
Item 16 mean: 95% confidence interval: 0.396 - 2.94 Comparisons: Mean lower than norm; interval consistent with norm

Cverall mean:

95% confidence intexval:[b.slz - 3.35]

Comparisons: Mean lower than nDrm;(interval consistent with nnrm]
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Exercise 3Analysis of matrix of SUS data
From page(s). 240-242

Problem: Suppose you’ve run a study using the standard version of the SUS, with the
following results. What are the SUS scores for each participant and their average for
the product?

Participant

1 2 3 4 5
Item 1 3 2 5 4 5
Item 2 1 1 2 2 1
Item 3 4 4 4 5 5
Item 4 1 3 1 1 1
Item 5 3 4 4 4 5
Item 6 1 2 2 2 1
Item 7 4 3 4 3 5
Item 8 1 2 1 1 1
Item 9 4 4 5 3 5
Item 10 2 1 2 3 1
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Answer: The following table shows the recoded item values and SUS scores for each
participant and the mean SUS score for the study averaged across participants.

Participants
1 2 3 4 5
Item 1 2 1 4 3 4
Item 2 4 4 3 3 4
Item 3 3 3 3 4 4
Item 4 4 2 4 4 4
Item 5 2 3 3 3 4
Item 6 4 3 3 3 4
Item 7 3 2 3 2 4
Item 8 4 3 4 4 4
Item 9 3 3 4 2 4
Item 10 3 4 3 2 4
Mean
Overall 80 70 85 75 100 82.00
Pred-LTR 8 7 8 7 10 Grade: A

Excel solution
1. For scoring SUS, we recommend using the Practical Guide to the System
Usability Scale Calculator (available for purchase at:
http://www.measuringu.com/products/SUSpack) which reduces errors in

coding and item reversal and generates the percentile rank and grade
automatically.

2. To score by hand, enter the values in a spreadsheet. For the odd items enter
the formula =5-B4 , where B4 is the value in cell B4. For even items enter =B5-
1 where B5 is the value in cell B5.

3. Add up all the items for each user, for example, =SUM(13:113) would be the
sum for user 1.

4. Multiply the summed score by 2.5 to get the SUS score per user.

James R. Lewis & Jeff Sauro
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R solution
Enter the following command:

analyze.sus.fromweb("table811.txt",.9)

1 F L Wl
Recoded

1 2 3 4 5
2 1 4 3 4
4 4 3 3 a
3 3 3 4 4
4 2 4 4 4
2 3 3 3 4
4 3 3 3 4
3 2 3 2 4
4 3 4 4 4
3 3 4 2 4
3 4 3 2 4
32 28 34 30 40
80 70 85 75 100

This command gets the designated data file from Jim’s website (based on Table 8.9 in
the second edition of Quantifying the User Experience: Practical Statistics for User

Research) and computes confidence intervals using the designated level (in this case,

.9 for 90%). To analyze a file on your local computer, you’d use the

“analyze.sus.fromfile” command. The result is:

P —

]
=]
L
=
[
=]
7}
]
|
L
[}
L
e
=
=
F
H-I
L
I
L

Cverall

Percentiles: 9
Curve grades:
Eztimated WNP5: 203

2.
B

Subs=scales

Uzakble =cale: B
Learnable =scale:

[ R ]

90% confidence interval:
& 90% confidence interwval:
90% confidence interwval:

90% confidence interwval:
90% confidence interwval:

o
i

James R. Lewis & Jeff Sauro



Chapter 8: Standardized Usability Questionnaires

Exercise 4More analysis of matrix of SUS data
From page(s). 241-242

Problem: Given the published information about typical SUS scores, is the average
SUS for the data in the table above generally above or below average? What grade
would it receive using the Sauro/Lewis SUS grading curve? If you computed a 90%
confidence interval, what would the grade range be? If these participants also
responded to the NPS Likelihood to Recommend item, are any of them likely to be
Promoters? Using those estimated Likelihood to Recommend ratings, what is the
estimated Net Promoter Score (NPS)?

Answer: Based on the data collected by Sauro (2011), the mean SUS score across a
large number of usability studies is 68, so the mean from this study is above average.
On the Sauro/Lewis SUS grading curve, scores between 80.8 and 84.0 get an A (see
Table 8.6 in the second edition of Quantifying the User Experience: Practical Statistics
for User Research). A 90% confidence interval on these data ranges from about 71 to
93, so the corresponding grade range is from C to A+ (at least you know it’s probably
not a D), and because the confidence interval does not include 68, the result is
significantly above average (p < .10). If these participants also responded to the NPS
Likelihood to Recommend item, only one of them is likely to be a Promoter
(responding with a 9 or 10 to the Likelihood to Recommend question). The simplified
regression equation for estimating Likelihood to Recommend from SUS is LTR =
SUS/10, so the predicted Likelihood to Recommend responses for these five
participants are, respectively, 8, 7, 8, 7, and 10. Given these LTR scores, there are 0%
Detractors and 20% (1/5) Promoters, for a roughly estimated NPS of 20%
(%Promoters minus %Detractors).
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Excel solution
1. Select the “Rating Scale Scores against a Criterion” link under the

Confidence Intervals section.

f Test a Mean or Proportion to Criteron

Completion Rote agaoinst a Criterion

Task Time ogainst o Iéri’re-riv:n

1|t | )t | | e | e | e

Eoting Scale Scores agaoinst a Criterion 1

Eoting Scale Scores against o Criterion (Summary]

2. Clear out any previous values (macros must be enabled) and enter the 5 SUS
scores.

3. Set the confidence level to 90%.

4. Enter the benchmark of 68.

A H L U E »

Contents

n . Confidence Interval and Test Around Raw Continuous data
Fasts the Raw Data in the 15t Column--Eemaove Non Numesnc Valuss
* Required Fislds

Clear Values Raw Data* Input
a0 * Ceonfidence Lewvel ﬂ 3

2 70
a5 Test Benchmark 4
75
100 Descnphve Stats
Mean 82.00
sStandard Deviation 11.51
N 5

] |l | |l |l |l
qmm_p_mm_._gmmﬂmm-p.mm_t
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5. The p-value (.05301) and 90% confidence interval appear in the Results

section.
100.00 -
Results a0.00
Difference (Sample Mean - Test Mean 140 80.00 J
Low High 70.00 +
Confidence Interval F1.03 9297 g0.00 4
L 50.00 A
Margin of Error 13% 5
40.00 A
p-values 30.00 |
Population Mean = Test Mean 0.05301 I0.00 -
Population Mean > Test Mean 087330
Population Mean < Test Mean 002550 10.00 -
0.00 -
Power 0.80337
R solution
Enter the following command:
analyze.sus.fromweb("table811.txt",.9)
The result is:
RESULTS OF 3U5 ANALYSIS
Cverall
Cwverall 5US mEan: 90% confidence interval:
Percentiles: 92.6 90% confidence interwval: 59.8 - 100
Curve grades 90% confidence interval:
Eztimated NP5:f20%
Sub=zcales
Uzakble scale: 81.2 90% confidence interwval: €9.9 - 92.6
Learnable =scale: 85 90% confidence interval: 75 - 395
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Chapter 9: Six Enduring Controversies in

Measurement and Statistics

Abstract

This chapter contains discussions of six enduring controversies in measurement and

statistics, specifically:

l

= =4 4 =

)l

Is it OK to average data from multipoint scales?

Do you need to test at least 30 users?

Should you always conduct a two-tailed test?

Can you reject the null hypothesis when p > .05?

Can you combine usability metrics into single scores?
What if you need to run more than one test?

Because many usability practitioners deeply depend on the use of measurement and
statistics to guide their design recommendations, they inherit these controversies. In

this chapter we summarize both sides of each issue and discuss what we, as

pragmatic usability practitioners, recommend.
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Exercise 1Sample size for withirsubjects comparison of continuous
measure

From page(s): 274 (Chapter Review Question 2 in text)

Problem: Suppose you’re planning a within-subjects comparison of the accuracy of
two dictation products, with the following criteria (similar to Example 5 in Chapter 6):

9 Difference score variability from a previous evaluation = 10.0
9 Critical difference = 3.0

9 Desired level of confidence (two-tailed): 90%

9 Desired power: 90%

What sample size should you plan for the test? If it turns out to be less than 30 (and
it will), what should you say to someone who criticizes your plan by claiming “you
have to have a sample size of at least 30 to be statistically significant?”

Answer: You should plan for a sample size of 12. If challenged because this is less
than 30, your response should acknowledge the general rule of thumb (no need to
get into a fight), but point out that you’ve used a statistical process to get a more
accurate estimate based on the needs of the study, the details of which you’d be
happy to share with the critic. After all, no matter how good a rule of thumb might
(or might not) be, when it states a single specific number, it’s very unlikely to be
exactly right.
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Excel solution
1. Select the “Comparing 2 Paired Means” link under the Confidence Intervals
section.

Sample Size for Comparisons : Power Analysis

u Comparing 2 Independent Means

I Comparing 2 Paired Means

iy 1

Comparing a Mean to a CritefTon

Comparing 2 Propodions (Completion Rates)

Comparing 2 Paired Proportions (Completion Rates)

Comparing a Proportion to a Criterion

2. Enter the critical difference (3) and standard deviation (=SQRT(10) =
3.1622277).

3. Set the Power to 90%.

4. Set the confidence level to 90% and number of tails to 2.

A =] L U E r =
Il Contents
2
3 H Sample Size & Power For Comparing Means from Paired Samples
4 * Required Fields
5
B
7 Estimate Sample Size
8
9 Input Resulis
10 Critical Difference between Mean 3 Sample Size Needed 12
11 Standard Deviation 3.1 622???‘ 2 5
12 Effect Size Estimate 1.342
13 Power 0%
14 3
15
16 ; 4
17 Confidence Level
18
19 Tails 2

an

5. The estimated sample size needed is 12.
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R solution
Enter the following command:

n.t.onesample.givenvar(.9,.9,10,3,2)

This command takes, in order, the desired level of confidence (.9 for 90%), the
desired level of power (.9 for 90%), the estimated variance, the desired precision
(critical difference) and the appropriate number of tails for the test (2). The result is:

Recommended samnple s;ze:

Humber of iterations: 2

Exercise 2L ikelihood of gettingx significant results when alpha = .05
From page(s): 275 (Chapter Review Question 6 in text)

Problem: Suppose you’ve run a formative usability study comparing your product
against five competitive products with four measures and five tasks, for a total of 100
tests, using a = .05, with the results shown in the table below (an asterisk indicates a
significant result). Are you likely to have seen this many significant results out of 100
tests by chance if the null hypothesis is true? How would you interpret the findings

by product?

Task | Measure| Product | Product| Product | Product | Product
A B C D E

1 1 * £ 3 * £ 3 *

1 2

1 3

1 4 £ 3 *

2 1 *k E 3 *k

2 2

2 3

2 4 * *

3 1 £ *k

3 2

3 3
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Lt NN KN W
PIWINIRP|DRIWIN|RP|D>

#Sig? 1 2 3 6 9

Answer: For the full set of 100 tests, there were 21 significant results (a =.05). The
critical value of x (number of significant tests) for 100 tests if the null hypothesis is
true is 9, so it seems very unlikely that the overall null hypothesis is true (in fact, the
probability is just .00000002). For a study like this, the main purpose is usually to
understand where a control product is in its competitive usability space, so the focus
is on differences in products rather than differences in measures or tasks. For the
subsets of 20 tests by product, the critical value of x is 3, so you should be relatively
cautious in how you use the significant results for Products A and B, but can make
stronger claims with regard to the statistically significant differences between the
control product and Products C, D, and E (slightly stronger for C, much stronger for D
and E). The following table shows the probabilities for these hypothetical product

results.
Product | x (#sig)| P(x or more)
A 1 0.642
B 2 0.264
C 3 0.075
D 6 0.0003
E 9 0.0000002

James R. Lewis & Jeff Sauro
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Excel solution
1. Open an excel sheet and use the following formula =1-BINOMDIST(C4-

1,20,0.05,TRUE) where C4 is the number of significant outcomes. Repeat this
for valuesof 1, 2, 3, 6, and 9.

2. For 21 out of 100, enter =1-BINOMDIST(21-1,100,0.05,TRUE).

Probability

0.641514078 1

0.264160475

0.075483674

0.0003292594

Wl W=

1.97934E-07

21 2.08106E-08 | 2

R solution
Enter the following commands:

p.xormore(21,100,.05,.10)
p.xormore(1,20,.05,.10)
p.xormore(2,20,.05,.10)
p.xormore(3,20,.05,.10)
p.xormore(6,20,.05,.10)
p.xormore(9,20,.05,.10)

For this command, you need to provide the number of statistically significant results,
the total number of tests, the criterion used to determine statistical significance
(alpha), and the criterion to use to establish the critical value of x (the value of x at
which the likelihood of x or more events is less than the criterion). The result is:
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> p.Xormore (21,100, .05,.10

RESULIS

Probabkility of 21 or more significant outcomes giwven 100 tests with alpha of 0.05 i=z:(2.081061e-08

For the criterion of 0.1 the critical walue of x is:

[=]
wn

¥ p.XOT o 10)

=N 20
re (1,20, .1

RESULTS

Probability of 1 or more significant outcomes given
For the criterion of 0.1 the critical wvalue of x is:

> p.Rormore (2,20,.05,.10)

RESULTS

Probabkility of 2 or more significant ocutcomes given
For the criterion of 0.1 the critical walue of x is:

> p.Xormore(3,20,.05,.10

RESULIS

Probability of 3 or more significant outcomes given
For the criterion of 0.1 the critical walue of x is:

.05, .10}

RESULTS

Probability of 6 or more significant outcomes given
For the criterion of 0.1 the critical walue of x is:

> p.xXormore (9,20, .05,.10

RESULIS

Probabkility of 9 or more significant outcomes given
For the criterion of 0.1 the critical walue of x is:

9

(5]

(5]

tests

tests

tests

tests

tests

with

with

with

with

with

alpha of 0.05 is:[f0.6415141

alpha of 0.05 i=s:[0.2641605

alpha of 0.05 i=:{0.07548367

alpha of 0.05 i=s:[0.0003252943

alpha of 0.05 is:[1.979538e-07
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Chapter 10: An Introduction to Correlation,

Regression, and ANOVA

Abstract

The previous chapters have covered the fundamentals that practitioners need to
conduct usability testing and other user research. There is a world of more advanced
statistical methods that can inform user research. In this chapter we provide an
introduction to three related methods: correlation, regression, and analysis of
variance (ANOVA)—methods that allow user researchers to answer some common
questions such as

9 Correlation Are two measurements associated or independent? For example,
is there a significant correlation between perceived usability and likelihood-to-
recommend?

1 RegressionCan | use one variable to predict the other with reasonable
accuracy? For example, if | know the perceived usability as measured with the
System Usability Scale (SUS), can | accurately predict likelihood-to-
recommend?

9 ANOVA Are there any significant differences among a set of more than two
means? For example, are the mean SUS scores for five websites all the same,
or is at least one of them different?

James R. Lewis & Jeff Sauro



Chapter 10: An Introduction to Correlation, Regression, and ANOVA 291

Example 1: Correlation magnitude, significance, and confidence interval
From page(s): 279-283

Summary: For the following UMUX-LITE and SUS data, compute the correlation, its
statistical significance, the associated 95% confidence interval, and the coefficient of
determination.

Participant| UMUXLITE| SUS
1 55.4 72.5
2 87.9 82.5
3 66.2 50.0
4 82.5 82.5
5 22.9 10.0
6 44.6 65.0
7 44.6 62.5

Answer: The UMUX-LITE and SUS correlated significantly (r(5) = 0.80, p = 0.03). The
95% confidence interval ranged from about 0.11 to 0.97. The coefficient of
determination is about 64%.

Excel solution
1. Select the “Simple Regression” link under the Correlation & Regression
section.

Correlation & Regression

1

d Simple Regression

E ] Phi Correlaticn

Nr Sample Size for Correlation & Regression
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2. Enter the raw values (also available in the Additional Data tab) into the input

fields.
il Contents
3 Correlation & Simple Linear Regression
4 |Paste the Raw X and Y values in the input belov
o |* Required Fields
6 2
7
& UKMUX-LME 3SUS
9 554 T2.5
10 a7.9 825
11 66.2 50.0
1z] 825 825
13 2259 10.0
14 446 65.0
15 445 62.5
16

DR
=l

3

3. Set alphato .05 (located in the results section).

3

Calculations

Alpha 0.05

4. The correlation, p-value, 95% confidence interval around r and R-Squared
value are shown in the results section.

353 ClAroundr
Low High
Correlation r 0.758541 0.114 0.969
o-value (2-zided) 003129 4
R-Squared 63.77%
R solution

Enter the following commands:
sus <- ¢(72.5, 82.5, 50, 82.5, 10, 65, 62.5)
umux <- ¢(55.4, 87.9, 66.2, 82.5, 22.9, 44.6, 44.6)
test.correlation(sus, umux, .95)
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The first two commands enter the UMUX-LITE and SUS scores as arrays. There must
be an equal number of scores in each array. The correlation function takes as input
the names of the two arrays and the level of confidence desired for the confidence
interval. The result is:

> umux <- c{55.4, 87.9, 66.2, 82.5, 22.89, 44.6, 44.8)
> Zus <- c(72.5, 82.5, 50, 82.5, 10, &5, 62.5
> test.correlation (umux, =us, 95)

RESULTS

: 0.0312869

953% Confidence Interwval
pper limit: 0.9689333
r: 0.7985414

&Ewer limit: 0.1140928

EEﬁqaared: 63.77%]

Example 2Sample size estimation foracrelation
From page(s): 284

Summary: For the previous example, the confidence interval around the correlation
was very wide. Suppose you wanted to improve the accuracy of the estimate around
0.80, keeping confidence at 95% and constraining the margin of error to 0.2.
Assuming everything else stays the same, what sample size would you need?

Answer: You would need a sample size of 18.

Excel solution
1. Select the “Sample Size for Correlation & Regression” link under the
Correlation & Regression section.
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Cormrelation & Regression

2 Simple Regression

E Phi Correlaticn

E Sample Size for Correlation & Regression 1

2. Under the Correlation section, enter the expected value of the correlation (.8)
and the desired margin of error (.2)

3. Set the confidence level (95%).

4. The estimated sample size needed is 18.

i
2

3 E Sample Size For Correlation & Regression

1

5 Correlation

5 Enter the comelation coefficient () and margin of error (d).

T

3 Input Results

k]

0 Correlation (r ) * 0.80 2 sample Size 18 4
1 Margin of Error (d) * | 020

2

3 -

4 Confidence Level 5% ﬂ 3

5

6

7

R solution
Enter the following command:

n.correlation(.8,.2,.95)

For this command, you need to enter the expected value of the correlation, the
desired margin of error, and the desired confidence level. The result is:
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> n.correlation(.8, .2, .95)

RESULTS

n: |1l

Example3: Phicorrelation magnitude, significance, and confidence
interval
From page(s): 286-287

Summary: Use the phi coefficient to compute the correlation between binary
variables. The following table shows the purchase histories for two books. Given
this data, what is the magnitude of the phi coefficient, its statistical significance, and
95% confidence interval?

Book B
Book A Y N
Y 6 (a) 2 (b)
N 3 (c) 4 (d)

Answer: The magnitude of the phi coefficient is 0.327. At 95% confidence, the result
is not statistically significant (c?(1) = 1.63, p =.20). The 95% confidence interval
ranges from -0.22 to0 0.72.

Excel solution
1. Select the “Phi Correlation” link under the Correlation & Regression section.

Cormrelation & Regression

d Simple Regression

2 ] FPhi Correlation 1

Nr Sample Size for Correlation & Regression

2. Paste the raw values (1’s and 0’s only) by participant in the Input columns.
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) E Correlation with Binan
I Paste the Values [1's anc
:} ClearValues
r Input
3 Participant Sample 1 | Sample 2
} 1 ]
0 0 1 2
1 1 1
2 1 0
3 0 0
4 1 1
5 1 0
8 0 0
7 1 1
8 1 ]
9 0 1
0 0 1
1 1 1
2 0 0
3 0 0
A
3. The phi correlation is shown (.327).
4. The Chi-Square value (1.607) and significance of the correlation are shown (p =
.204).
5. The 95% confidence interval around the correlation is also shown (-.222 to
.719).
Results
Correlation (Phi) 0.327 3 95 % CI Arcund Phi
Low High
. 5
Chi-Square 1.607143 -n.222 0.719
p-value 0.204854 4
R solution

Enter the following command:
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test.phi(6,2,3,4,.95)

For this command, you need to enter the counts for g, b, ¢, and d and the desired
confidence level. The count for a is the number of joint agreements (in this example,
the number of people who had purchased both Books A and B); the count for d is the
number of joint disagreement (the number of people who purchased neither Book A
nor Book B), and b and c are the discordant counts (for b, the number of people who
bought Book A but did not buy Book B and, for ¢, the number of people who bought
Book B but did not buy Book A). The result is:

> test.phi(6,2,3,4,.95)

RESULTS

ffni: 0.3273268
chi-sguared: 1.607143
df: 1

EE 0.2048939

9
pper limit: O0.7190254
r: 0.3273268

Lower limit: -0.2221327

Exampled: Regression slope andtercept: Slope, intercept, and
predictedvalue with confidence intervals
From page(s): 288-291

Summary: Suppose you want to use linear regression to predict SUS scores (y) from
UMUX-LITE scores (x) for the data used in Example 1 (shown again below). What is
the regression formula? What are the 95% confidence intervals around the slope
and the intercept? If you set UMUX-LITE to 68, what is the predicted value of SUS
(and what is the 95% confidence interval around that estimated value)?
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Participant | UMUXLITHX) | SUSY)
1 55.4 72.5
2 87.9 82.5
3 66.2 50.0
4 82.5 82.5
5 22.9 10.0
6 44.6 65.0
7 44.6 62.5

Answer: The regression formula is SUS = 0.875(UMUX-LITE) + 10.18. The 95%
confidence interval around the slope ranges from about 0.12 to 1.63 and the 95%
confidence interval around the intercept ranges from about -36.49 to 56.84. For a
UMUX-LITE of 68, the predicted value of SUS is 69.71 with a 95% confidence interval
ranging from about 51.81 to 87.61.

Excel solution
1. Select the “Simple Regression” link under the Correlation & Regression
section.

Cormrelation & Regression

E Simple Regression 1

E Phi Correlaticn

Nr Sample Size for Correlation & Regression

2. Enter the raw values.
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Correlation & Simple Linear F
Paste the Raw X and Y values in th

UMUX-LITE SUS

hs.4 725 2
879 B2.5
66.2 50.0
82.5 82.5
229 10.0
446 65.0
446 625

2a (2[R [3(R2[2] || N]e v |a|w|f =

3. The slope (.8754) and intercept (10.177) are provided.
- Resuts

95 % Cl Around r

Low High
Caorrelation r 0.795541 0.114 0.969
p-value (2-sided) 0.03129
R-Squared 63.77%
3
Regression Line Slope Y¥-Intercept
Y-hat = 0.87542488 x + 1017726

895% CI Around Slope 85% Ci Around Intercept

Low High Low High
0117 1.634 -36.49 56.84
4
5
Predicted Values T 83 % CI Around Prediction 6
Enter an X Value for a prediction Predicted ¥ Value Low High
68 69.71 51.81 87.61

4. The 95% confidence interval around the slope and intercept are also provided
in the results section.

5. Enter the X value of 68 to predict the Y value.

6. The predicted value is displayed (69.71) along with the 95% confidence
interval around the prediction (51.81 to 87.61).
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R solution
Enter the following commands:

sus <- ¢(72.5, 82.5, 50, 82.5, 10, 65, 62.5)
umux <- c¢(55.4, 87.9, 66.2, 82.5, 22.9, 44.6, 44.6)
analyze.regression(sus, umux, .95, 68)

The first two commands set up the arrays of values for the variables in the analysis.
The inputs to the analyze.regression command are the array with the y values (the
variable to be predicted), the array with the x values (the predictor variable), the
level of confidence for the various confidence intervals, and a specific value of x to
use to predict y. If you're not interested in predicting a value of y from a particular
value of x, just use 0 -- this will provide the predicted value of and confidence
interval around the x-intercept. The output also provides the population variabilities
for the x and error (e) values -- you don't need them in this exercise, but you will
need them for the sample size estimation exercises for regression.
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> gus <- c(72.5, 82.5, 50, 82.5, 10, &5, &2
> umax <- c(35.4, 87.8, 66.2, 82.5, 22.9, 44
> analyze.regrezsion(sus, umux, 95,63)

RESULTS

Slope and Intercept
lope: 0.8754249
Lotercept: 10.17726

95% Confidence Interwval for Slope
Standard error: 0.2951138
pper limit: 1.634038
Slope: 0.8754248
Lower limit: O0.1168106

85% Confidence Interval for Intercept
5t HEl R 335

pper limit: 56.8419594

Intercept: 10.17726

ower limit: -36.48742

Cverall Significance of Model
r: 0.7985414

df: 5

p: 0.031286%9

95% Confidence Interval for Correlation
Upper limit: 0.96E839333

r: 0.7985414

Lower limit: 0.11409828

95% Confidence Interval for R-sguared
Upper limit: 93.88
E-zquared: &63.77%
Lower limit: 1.3%

95% Confidence Interval for Predicted Value
Standard errore: & SOF3402

pper limit: B87.60639
Predicted walue of v given x = &8 : 6£9.70615
Lower limit: 51.80591

Value=s for Sample S5ize Estimation

Mean of =: 57.T72857

Population wariability of x: 451.2678
Population wariability of error: 15&.5094
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Example5: Sample size gtimation for linear regression based onape
From page(s): 293

Summary: To estimate the sample size needed to constrain the estimate of the slope
to a specified size, you need an estimate of the population variability of x, an
estimate of the population variability of the error (e), the desired level of confidence,
and the smallest acceptable margin of error around the estimated slope. For the
example we've been using in this chapter, the 95% confidence interval around the
slope of 0.874 ranged from about 0.12 to 1.63 -- a margin of error of £0.76. Suppose
the data you've collected so far is from a pilot study with n = 7, and that for the final
study you need, with 95% confidence, to have a margin of error of £0.25. From the
pilot study, your estimates of the population variances of x and e were, respectively,
451.48 and 196.91. Assuming everything else stays the same, what sample size
would you need to achieve the desired accuracy?

Answer: The estimated sample size requirement is n = 32.

Excel solution
1. Select the “Sample Size for Correlation & Regression” link under the
Correlation & Regression section.

Comelation & Regression

u Simple Regression

L] Phi Correlation

Mr sample Size for Correlation & Regressicn 1

2. Under the heading “Regression (Slope) Sample size, enter the alpha level
(alpha=.05), margin of error (d=.25) estimate of the standard deviation of the X
values (Sx = 21.25) and the expected population error standard deviation
(Se=14.03). NOTE: The Excel calculator uses the standard deviation as input
whereas the R functions use the variance.
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Regression (Slope) Sample Size
Enter alpha, margin of error (d) and the standard deviation of the X scores, error standard deviation.

Input Results
alpha * 0.05
d* 0.25 Sample Size 32
5ye 21.25 2 3
Sge 14.03

3. The sample sizes needed (32) is displayed in the results section.

R solution
Enter the following command:

n.slope(451.48, 196.91, .25, .95)

The inputs to the function are, in order, the expected population variance of the x
scores, the expected population error variance, the desired margin of error, and the
desired level of confidence.

> n.slope (451.48, 196.91, .25, .95)
RESULTS

Recommended sample size:
Humkber of iterations: 2

Example6: Sample size estimation for linear regression based on
intercept
From page(s): 294

Summary: To estimate the sample size needed to constrain the y intercept (or any
other predicted value) to a specified size, you need an estimate of the population
variability of x, an estimate of the population variability of the error (e), the smallest
acceptable margin of error around the estimated value, the desired level of
confidence, the value of x for which you want to predict y (which is 0 when
estimating the y-intercept), and the mean of x.
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For the example we've been using in this chapter, the 95% confidence interval
around the intercept of 10.18 ranged from about -36.49 to 56.84 — a margin of error
of £46.7. Suppose the data you've collected so far is from a pilot study with n =7,
and that for the final study you need, with 95% confidence, to have a margin of error
of £5. From the pilot study, your estimates of the population variances of x and e
were, respectively, 451.48 and 196.91. The mean of x was 57.7. Assuming
everything else stays the same, what sample size would you need to achieve the
desired accuracy?

Answer: The estimated sample size requirement is n = 258.

Excel solution
1. Select the “Sample Size for Correlation & Regression” link under the
Correlation & Regression section.

Correlation & Regression

d Simple Regression

2 ] Phi Correlation

Nr Sample Size for Correlation & Regression 1

2. Enter the alpha level (alpha=.05), margin of error (d=5), estimate of the
standard deviation of the X values (Sx = 21.25) and the expected population
error standard deviation (Se=14.03), predicted value of X (x=0) and mean of x
values (Mean(x) =57.7) NOTE: The Excel calculator uses standard deviations
as input whereas the R function uses variances.
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Regression (Intercept) Sample Size
Enter alpha, margin of error (d) and the standard deviation of the X scores, error standard deviation, mean of »

Input Results
alpha * 0.05
x* 0.00 2 sample Size 258 | 3
mean(x) * | 57.70
Sy 21.25
. 14.03
d* 5.00

3. The sample size needed (258) is displayed in the results section.

Rsolution
Enter the following command:

n.prediction(451.48, 196.91, 5, .95, 0, 57.7)

To get the following result:

T.T)

L

i

r r

> n.prediction(451.48, 1%&.91, 5, .S
RESULTS

Recommended sample =size: @
Humber of iterations: 2

Example7: Oneway ANOVA
From page(s): 298

Summary: Assume that you have the following ratings of the quality of four artificial
voices, with four ratings per voice from 16 different participants in the study (higher

James R. Lewis & Jeff Sauro



Chapter 10: An Introduction to Correlation, Regression, and ANOVA

ratings are better). In other words, this is a between-subjects design, so each
participant heard and rated one of the four voices. Does a one-way ANOVA indicate
any significant difference among the ratings of these artificial voices?

Voice A| Voice B| Voice C| Voice D
4.2 3.9 34 4.9
5.7 2.1 4.0 5.9
53 4.3 2.6 6.0
5.7 3.3 3.8 6.8

Answer: At least one of the means is significantly different from at least one of the
others (F(3, 12) = 10.6, p = 0.001).

Excel solution

1. Select the 2+ Large Sample Means under the Analysis of Variance (ANOVA)
heading.

Compare 3 or More Means or Proportions

n 2+ Large Sample Completion Rotes

. 2+ Large Somple Means 1

(]

m 2+ Means from the Same Users

- 2 Large Sample Means by 2 Indep. Variables

2. Enter the data for each voice.

Wcontents: |
i

3 1-Way ANOYA [Analysis of Variance)

4 Enter the raw data (e.g fime, satisfaction data) |
5 * Required Fields

i3

T

2 Voice A Voice B Voice C  Voice D

9 42 39 34 45

10 5.7 21 4 sg | 2

11 53 43 26 &

12 57 33 33 6.8
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3. The F statistics (10.61) and p-value (p =.0011) are shown in the results section.

Resulis
Summary Table
SoUrce df 35 kA3 F p

Factor (Between Group 3 1818188 425729 1041 00011
Brrcr (Within Groups) 12 7 1
Tota 15 Z26.42938 3

Ferifical Yalue
3.45020481%

R solution
Enter the following commands:

x<-c('A','A",'A",'A', 'B', 'B', 'B', 'B', 'C', 'C', 'C', 'C', 'D", 'D', 'D', 'D")
y<-c(4.2,5.7,5.3,5.7,3.9,2.1,4.3,3.3,3.4,4.0,2.6,3.8,4.9,5.9, 6.0, 6.8)
X_name <- "cond"

y_name <- "rating"

voices.df <- data.frame(x,y)

names(voices.df) <- ¢(x_name,y_name)

aov.out <- aov(rating ~ cond, data=voices.df)

summary(aov.out)

The first six commands put the data into an R "data frame" so each rating is
associated with the rated voice -- in this form, you can use standard R functions for
ANOVA (of which there are several). The fifth command uses a standard R function
named aov, which does one-way ANOVA -- placing the output of the ANOVA into a
variable named aov.out. The last command produces a summary (shown below) of
the ANOVA with the values for F, p, and degrees of freedom needed to report the
result of the analysis.
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> X <- c|('n', 'A', 'a', 'a', 's', 's'y 's', 'B', 'C", 'C", 'C', 'C', 'D', 'D', 'D', 'D")
>y <- c(4.2, 5.7, 5.3, 5.7, 3.%, 2.1, 4.3, 3.3, 3.4, 4.0, 2.6, 3.3, 4.9, 5.9, 6.0, B©.8)
> X name <- "cond"
> y_name <- "rating"
> volcez.df «- data.frame (x,¥)
> names (voices.df} <- c(x_name,y name)
> aov.out <- aov(rating ~ cond, data=voices.df)
> summary (aov.out)
Df }Sum S5g Mean Sgq]F walue Pr(>F)
cond I|1s.12:2 6.397 10.61 ©0.00108] ==
Residuals 12) 7.237 0.603
Signif. codes: O “*=*r 0,001 ‘**' 0.01 **f 0,05 *." 0.1 * *r 1

Example8: Multiple comparisons
From page(s): 298-300

Summary: There are many ways to conduct multiple comparisons. A full discussion is
outside the scope of this book. We're going to focus on three variations of multiple
t-testing, varying from liberal (more Type | errors but fewer Type Il errors) to
conservative (fewer Type | errors but more Type |l errors). All three approaches start
with the results of standard t-tests. The most liberal approach is to use the specified
level of significance (e.g., .05) to decide which results are statistically significant. The
most conservative approach (Bonferroni adjustment) is to divide the specified level
of significance by the number of comparisons. An intermediate approach
(Benjamini-Hochberg adjustment) is to take the p-values from all the comparisons
and rank them from lowest to highest. Then create a new threshold for statistical
significance for each comparison by dividing the rank by the number of comparisons
and then multiplying this by the initial significance threshold (alpha).

The Benjamini—Hochberg method positions itself between unadjusted testing and
the Bonferroni method by adopting a sliding scale for the threshold of statistical
significance. The first threshold will always be the same as the Bonferroni threshold,
and the last threshold will always be the same as the unadjusted value of a. The
thresholds in between the first and last comparisons rise in equal steps from the
Bonferroni to the unadjusted threshold.
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Rather than controlling the family-wise error rate to a specified level, the Benjamini—
Hochberg method controls the false discovery rate—the proportion of rejected null
hypotheses that are incorrect rejections (false discoveries)—rather than allowing
only one Type | error. For this reason, if there is a need to adjust thresholds of
significance, we recommend the Benjamini—Hochberg procedure due to its
placement between liberal (unadjusted) and conservative (Bonferroni) approaches.

Continuing with the example from the previous exercise, the ANOVA indicated a
difference among the means. For these three methods (unadjusted, Benjamini-
Hochberg, and Bonferroni), which means would you conclude are significantly
different from one another? (Note that this is an exercise to illustrate these three
methods -- in practice, you should choose the method appropriate for your situation
before you run the multiple comparisons.)

Answer: Without adjustment, you'd conclude that four comparisons were
significantly different (Voice A vs. Voice B, Voice A vs. Voice C, Voice B vs. Voice D,
and Voice C vs. Voice D). Using the Benjamini-Hochberg method, you'd conclude
that the same four comparisons were significant. With the more conservative
Bonferroni approach, you'd only conclude that two of the comparisons were
significant (Voice B vs. Voice D and Voice C vs. Voice D).

Excel solution
1. Select the “Correction for Multiple Comparisons” in the Extras section.

Extrasz

Interpreting Rating Scales

Correction for Multiple Comparisons 1

Estimate Survey Sample Size
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2. Enter the p-values for each comparison and sort from lowest to highest.

Contents

Correction for Multiple Comparisons
Paste the p-values for each comparizon you conducted (up to 100) and the alpha level.

Alpha 3

Comparison Name 1 Comparison Hame 2 p-value
0.002644
nooe7sz | 2
0.009269
0022222
02472
0.933

M= mo
nomo oo

3. Enter the alpha rejection level (.05).

4. The total number of comparisons are shown (6), the Bonferonni Threshold (p =
.008333) and the comparisons that are significant are flagged “Sig” for the BH
comparison (4 marked Sig.) and Bonferonni (2 marked Sig).

Total Comparizons 3
Bonferonni Threshold 0.008333333

Rank BH Threshold BH Significant Bonferonni Significant
0.008 Sig. Sig.
0.017 Sig. Sig.
0.025 Sig. 4
0.033 Sig.
0.042

0.050

LN e L3 R =

R solution
Enter the following commands:

A<-c(4.2,5.7,5.3,5.7)
B<-¢c(3.9,2.1,4.3,3.3)

C<-c(3.4,4.0, 2.6, 3.8)
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D<-¢c(4.9,5.9, 6.0, 6.8)
t.test(A,B,var.equal = TRUE)
t.test(A,C,var.equal = TRUE)
t.test(A,D,var.equal = TRUE)
t.test(B,C,var.equal = TRUE)
t.test(B,D,var.equal = TRUE)
t.test(C,D,var.equal = TRUE)
compute.mcadjustments(6, .05)

The first four commands put the data into the four voice variables (A, B, C, and D).
The next six commands perform all possible pairwise t-tests with those four variables
(using the standard R command for independent t-tests and, to match the values in
Quantifying the User Experience, assuming equal variance). The last command
produces the adjusted p-values for the Bonferroni and Benjamini-Hochberg methods.
The results are:
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> A - co(2.2
> B <— c(3.8
> T - c(3.4
> D <— ci{2.9
>

> L.test (A, B

Two

daca:

t = 3.0603,
alternative
895 percent c
0.3658012 3

sample estim

mean of x me
5.225

> t.test (A, C

Two

data:

t = 3.7718,
alternative
95 percent c
0.623499 2.

sample estim

mean of x me
5.225

> t.test(A,D

Two

data:

t = -1.2818,
alternative
95 percent c
-1.9635069

sample estim

mean of x me
5.225

e ST, 5.3, 5.7)
e 2.1, 4.3, 3.3)
r 4.0, 2.6, 3.8
r 5.9, ©,0, 6.8
var.equal = TRUE)

Sample t-test

df = &, p-value =
hypothesis: true difference in means is not equal teo O
onfidence interwval:
.2841988
ates:
an of ¥y
3.400

var.equal = TRUE)

Sample t-test

df = &, p-value =
hyvpothesis: true difference in means is not egqual to 0
onfidence interwval:
926501
ates:
an of vy
3.450

var.equal = TRUE)

Sample t-test

df = &, p-value =
hypothesis: true difference in means is not egqual to 0
onfidence interval:
0.613506%9
ates:
an of vy
5.800
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> t.te=st (B,C,var.equal = TRUE)
Two Sample t-test

t = -0.0876, 4t = &, p-value =[0.333)
alternative hypothesis: true difference in means is not egqual to O
95 percent confidence interwval:
-1.446742 1.346742
zample estimates:
mean of X mean of vy
3.40 3.45

> t.te=st (B,D,var.equal = TRUE)
Two Sample t-test

t = -4.0467, df = 6, p-value = [0.006752

alternative hypothesis: true difference in means is not egqual to O
9% percent confidence interwval:
-4.011682 -0.988318
sample estimates:
mean of x mean of vy
3.4 5.9

> t.test (C,D,var.equal = TRUE)

Two Sample t-test

data:
T = —-4,9247, df = &, p-value =
alternative hypothesis: true difference in means is not egqual to O
9% percent confidence interval:
-3.667323 -1.232&677
sample estimates:
mean of x mean of y

3.45 5.390
> compute.mcadjustments (6, .05)
RESULTS

Bonferroni adjustment for critical wvalue of p: @.ODSSSSSSi]

Benjamini-Hochberg adijustments for critical walues of p

Lank 1: 0.008333333

Rank 2: 0.01666667

Eank 3: 0.025

Rank 4: 0.03333333

Rank 5: 0.04166667
6: 0.05

ﬁgnk
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As a final step in the analysis, put the results of the t-tests into a table in order of p-
value, smallest first, as shown below. An asterisk in the table indicates a statistically
significant result for the indicated method (unadjusted when p < .05, Benjamini-
Hochberg when p < B-H Criterion, and Bonferroni when p <.008).

Comparison| t(df) p B-H Criterion | Unadjusted| B-H | Bonferroni
C-D -4.92 (6) | 0.003 0.008 * * *
B-D -4.09 (6) | 0.007 0.017 * * *
A-C 3.77 (6) | 0.009 0.025 * *
A-B 3.06 (6) | 0.022 0.033 * *
A-D -1.28 (6) | 0.247 0.042
B-C -0.88 (6) | 0.933 0.05

Exampled: Two-way ANOVA
From page(s): 304-305

Summary: One of the key advantages of ANOVA is its ability to assess the effects of
more than one variable individually (main effect) and together (interaction). For
example, consider an unpublished study in which male and female participants used
the MOS-R to rate the quality of two artificial voices, one male and one female
(higher ratings are better). The social psychological principle of “similarity attraction”
might apply to user reactions to artificial voices such that males would prefer a male
voice and females a female voice. If the similarity attraction hypothesis held, the
expectation was that there would be a significant interaction between the gender of
the artificial voice (Voice) and the gender of the person rating the voice (Rater).
Given the data in the following table, does there appear to be an interaction?

Participant | Voice | Rater | Rating Participant | Voice | Rater | Rating
1 M M 3.6 9 F M 4.2
2 M M 6.1 10 F M 3.4
3 M M 5.7 11 F M 3.2
4 M M 4.2 12 F M 3.7
5 M F 6.0 13 F F 4.4
6 M F 3.4 14 F F 4.2
7 M F 5.7 15 F F 4.6
8 M F 5.7 16 F F 2.7
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Answer: Although there was a significant main effect for the overall difference in
ratings for the two artificial voices (F(1, 12) = 6.55, p = 0.025), there was no
significant effect for the gender of the participant (F(1, 12) = 0.44, p = 0.52) and the
interaction was not statistically significant (F(1, 12) = 0.003, p = .96). There did not
appear to be a Voice x Rater interaction.

Excel solution

1. Under the Section, Compare 3 or More Means or Proportions, select the “2
Large Sample Means by 2 Indep. Variable” for a 2-Way ANOVA.

Compare 3 or More Means or Proportions

- 2+ Large Sample Completion Rotes

- .

. 2+ Large Sample Means

n 2+ Means from the Some Users

. 2 Large Sample Means by 2 Indep. Variables 1

2. Enter the data for each variable (Voice and Rater).

Contents
2 x 2 ANOVA (Analysis of Variance)
Enter the raw datfa [e.g time, safisfaction data) and independent
Variable 1 -=Yoice M M F F
Variable 2 -xRater M F M
! 36 6 42 44
6.1 34 34 42 2
! a7 a7 32 4.6
i 42 57 T 27

I R
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3. The F statistics (6.5474, .4426, .0026) and p-values (.02506, .51845, .96003)
are shown in the Results section.

Reszultz

Summary Table
Source 33 df M3 F P 3
Total 18.13 15 1.21
Factor [Between Groups| 5.675 3 223
Voice &.25 1 &.25 &.5474 0.0250&
Rater 0,42 1 0,42 0.4426 0.518435
Interaction 0.0025 ] 0.00 0.0026 0.94003
Error (Within Groups) 11.46 12 0.95

R solution

Enter the following commands:
x<-c('‘M','M', 'M', 'M', 'M', 'M', 'M', 'M", 'F', 'F', 'F', 'F', 'FY 'FY 'R FY)
y<-c('‘M','M','M', 'M', 'FYE CE CEY, MY, MY, TME, MY, Y R R Y
z<-¢(3.6,6.1,5.7,4.2,6.0,3.4,5.7,5.7,4.2,3.4,3.2,3.7,4.4,4.2,4.6,2.7)
X_name <- "voice"
y_name <- "rater"
Zz_name <- "rating"
voices.df <- data.frame(x,y,z)
names(voices.df) <- c¢(x_name,y_name,z_name)
aov.out <- aov(rating ~ voice*rater, data=voices.df)
summary(aov.out)

The first eight commands put the data into an R "data frame" so each rating is
associated with the gender of the artificial voice and the rater's gender -- in this
form, you can use standard R functions for ANOVA (of which there are several). The
ninth command uses a standard R function named aov, which does two-way ANOVA
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-- placing the output of the ANOVA into a variable named aov.out. The last
command produces a summary (shown below) of the ANOVA with the values for F, p,
and degrees of freedom needed to report the result of the analysis.

¥ <— c|'M', "M*', "M', 'M*, ‘M, '¥f*, '{1*, 'm*, '¥', *'F', 'F', 'F',
¥y <— cf|'M', 'M*', "M', 'M', 6 ‘'F", 'F', 'F', 'F', 'M', 'M', 'M', 'M',
z <- c(3.6, 6.1, 5.7, 4.2, &.0, 3.4, 5.7, 5.7, 4.2, 3.4, 3.2, 3.7,
x _name <- "volce"

z _name <- "rating"
voices.df <- data.frame (x,v,Zz)

names (volces.df) <- c(x _name,y name,z name)

ov.out <- aov{rating ~ wvolice*rater, data=voices.df)

=
x
>
>
> ¥y _name <- "rater"
x
>
>
=
x

summary (aov.out)

Df Sum 5g Mean 5g F wvalue Pr(>F)
voice 1 &.250 6.250 6.547 0.0251 =*
rater 1 0.422 0.422 0.443 0.5185
voice:rater 1 0.003 0.003 0.003
Re=ziduals 12 11.45%5 0.955

5ignif. codes: O “®*%%" 0,001 ‘%" 0.01 **f 0.05 *." 0.1 ™ " 1

Exercisel: Correlation
From page(s): 311

Summary: Assume that you have concurrently collected data from ten usability
studies for the SUS and a single-item measure of perceived effort (7-point scale with
1 = “No undue effort” and 7 = “Far too much effort”). The following table shows the
means from the ten experiments. You think they’re probably correlated, but you’re
not sure to what extent. For this question (a) calculate the correlation and assess its
statistical significance, (b) then determine the 95% confidence interval around the
estimated correlation, and (c) compute and interpret the coefficient of
determination.
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Experiment| SUS| Effort
1 68.1 4.0
2 50.0 4.2
3 70.8 4.0
4 85.2 6.4
5 924 6.6
6 69.9 3.9
7 45.7 3.5
8 82.3 6.2
9 78.6 5.8
10 55.5 4.0

Answer: The linear correlation is statistically significant (r(8) = 0.858, p = 0.001). The
95% confidence interval ranges from 0.498 to 0.966. The coefficient of
determination, R?, is 73.7%, suggesting that variability in mean SUS accounts for
much of the variability in mean Effort, but with about 27.3% of variability left

unexplained (either due to error, the effect of some other variable(s), or systematic

nonlinear components).

Excel

solution

1. Select the “Simple Regression” link under the Correlation & Regression

Correlation & Regression

section.

E Simple Regression

E Phi Correlaticn

1

Nr Sample Size for Correlation & Regression
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2. Enter the raw values (also available in the Additional Data tab) into the input
fields.

Contents

Correlation & Simple Linear f
Paste the Raw X and Y values in th

~ lput

UMUX-LITE SUS
68.10 4.00
50.00 4.20 2
70.80 4.00
85.20 6.40
92.40 6.60
69.90 3.90
4570 3.50
§2.30 6.20
78.60 5.80
5550 4.00

3. Set alpha to .05 (located in the results section).

3

Calculations

Alpha 0.05

4. The correlation, p-value, 95% confidence interval around r and R-Squared
value are shown in the results section.

95 % Cl Aroundr

Low High
Correlation r 0.858456 0.498 0.966
p-value (2-sided) 0.00148 4
R-Squared 73.69%
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R solution
Enter the following commands:

sus <- ¢(68.1, 50.0, 70.8, 85.2,92.4, 69.9, 45.7, 82.3, 78.6, 55.5)
effort <- ¢(4.0,4.2,4.0,6.4, 6.6, 3.9, 3.5, 6.2, 5.8, 4.0)
test.correlation(sus, effort, .95)

The first two commands define the values for SUS and Effort. The third command
computes the correlation between SUS and Effort, with the following output:

> su=s <- c(e2.1, 50.0, 70.8, 85.2, 92.4, €£9.9, 45.7, 82.3, 73.6, 55.5)
> effort <- c(4.0, 4.2, 4.0, 6.4, 6.6, 3.9, 3.5, 6.2, 5.8, 4.0)

> test.correlation(su=s, effort, .985)

RESULTS

r: 0.8584555
df: 8
p: 0.001475057

5% Confidence Interval
Upper limit: 0.96596%4
r: 0.8584555

ower limit: 0.4980029

E-sguared: |73.693%

Exercis€: Regressia
From page(s): 311

Summary: Based on the results from Exercise 1, you’ve decided that you’d like to
establish a company-wide target for future usability tests that use the perceived
effort item. It is common to set a target for the SUS to 80, which is an A- on the
Sauro—Lewis curved grading scale. For this question, (a) determine the regression
equation that would allow prediction of Effort from SUS, (b) use the equation to
compute the value of Effort that corresponds to a SUS of 80, and (c) compute the
90% confidence interval around that estimated Effort value.
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Answer: The regression equation for predicting Effort from SUS is Effort =0.122 +
0.068(SUS). The predicted value for Effort after setting SUS to 80 is about 5.5. The
90% confidence interval around that predicted value ranges from 5.1 to 6.0.

Excel solution
1. Select the “Simple Regression” link under the Correlation & Regression
section.

Correlation & Regression

. Simple Regression 1

' Phi Correlaticn

n Sample Size for Correlation & Regression

2. Enter the raw values.

Contents

Correlation & Simple Linear f
. Paste the Raw X and Y values in th

UMUX-LITE SUS
658.10 4.00

50.00 4.20 2
70.80 4.00
85.20 6.40
92.40 6.60
69.90 3.90
4570 3.50
82.30 6.20
78.60 5.80
55.50 4.00

3. The slope (.0678) and intercept (.121894) are provided.
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Correlation r
p-value (2-sided)

R-Squared

Regression Line
Y-hat =

Predicted Values

Results

0.658456
0.00148
73.69%

Slope

0.06783258 »

80% CI Around r

Low High
0.582 0.957
3
Y-Intercept
+ 0.121894

20% CI Around Slope  90% CI Around [ntercept

Enter an X Value for a prediction Predicted v Value

Alpha

Low High Low High
0.041 0.094 5 -1.78 2.02
7
6 o
20% CI Around Prediction
Low High
a0 5.55 507 6.02

01] 4

Calculations

4. Change the Alpha value to .10 in the bottom of the results section.

5. The 90% confidence interval around the slope and intercept are also provided.

6. Enter the X value of 80 to predict the Y value.

7. The predicted value is displayed (5.55) along with the 90% confidence interval
around the prediction (5.07 to 6.02).

R solution

Enter the following commands:

sus <- ¢(68.1, 50.0, 70.8, 85.2,92.4, 69.9, 45.7, 82.3, 78.6, 55.5)

effort <- ¢(4.0,4.2,4.0,6.4,6.6,3.9,3.5,6.2,5.8,4.0)
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analyze.regression(effort, sus, .90, 80)

The first two commands set up the arrays of values for the variables in the analysis.
The inputs to the analyze.regression command are the array with the y values (the
variable to be predicted), the array with the x values (the predictor variable), the
level of confidence for the various confidence intervals, and a specific value of x to
use to predict y. (If you're not interested in predicting a value of y from a particular
value of x, just use O -- this will provide the predicted value of and confidence
interval around the x-intercept.)
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> sus <- c(&8.1, 50.0, 70.8, 85.2, 92.4, €9.5%, 45.7, 82.3, T78.6, 55.5)
> effort «- (4.0, 4.2, 4.0, 6.4, 6.6, 3.5, 3.5, 6.2, 5.8, 4.0)
» analyze.regres=zion|(effort, sus, .80, 80)

RESULTS

lope and Intercept
Slope: 0.067T83258
ntercept: 0.1218543

90% Confidence Interval for Slope
Standard error: 0.01432841

Upper limit: O0.09447695

Slope: 0.067T83258

Lower limit: 0.04118821

90% Confidence Imterval for Intercept
Standard error: 1.022782

Upper limit: 2.023807

Intercept: 0.1218943

Lower limit: -1.780018

Cverall Significance of Model
r: 0.8584555

df: 8

p: 0.001475057

890% Confidence Interval for Correlation
Upper limit: 0.89570131

r: 0.8584555

Lower limit: O0.58217356

90% Confidence Interval for RE-squared
Upper limit: 91.59%

E-=zquared: 73.69%

Lower limit: 33.839%

90% Confidence Interval for Predicted Value
Standard error: 0.2560359
pper limit: 6.024612

1]

Predicted walue of v glven x = 80 : 5.548501

ower limit: 5.0723%9

Valuez for Sample Size Estimation

Mean of x: 63.85

Population wvariability of x: 216.2825
Population wvariability of error: 0.3552282
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Exercise8: Sample size estimation for linear regression based on
estimated \alue
From page(s): 312

Summary: Suppose you wanted to control your estimate of the appropriate Effort
target to within 0.1. Given the results in (2) and continuing to use 90% confidence,
what sample size (humber of studies with concurrent collection of SUS and Effort)
would you probably need? The results from (2) that you need are the mean of x
(69.85), the population variability of x (216.2825), and the population variability of e
(0.3552282).

Answer: If you want to control the estimate of Effort to 0.1, assuming everything
except the sample size stays the same, you’d need data from about 146 studies.

Excel solubn
1. Select the “Sample Size for Correlation & Regression” link under the
Correlation & Regression section.

Correlation & Regression

u Simple Regression

¢ Phi Correlation

Nr Sample Size for Correlation & Regression 1

2. Enter the alpha level (alpha=.10), margin of error (d=.10), estimate of the
standard deviation of the X values (Sx = 14.71) and the expected population
error standard deviation (Se=.60), predicted value of X (x=80) and mean of x
values (Mean(x) = 69.85) NOTE: The Excel calculator uses the standard
deviations as input whereas the R functions use the variances. Simply take the
square root of the values in the exercise (=SQRT(216.2825) and
=SQRT(0.3552282))
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Regression (Intercept) Sample Size
. Enter alpha, margin of error (d) and the standard deviation of the X scores, emor standard deviah

Input Results
alpha * 010
x* 80.00 sample Size 146
mean(x) * | 69.85 2 3
Sye 14.71
Sge 0.596
d* 0.10

3. The sample sizes needed (146) is displayed in the results section.

R solution
Enter the following command:

n.prediction(216.2825, 0.3552282, 0.1, .90, 80, 69.85)

To get the following result:

> n.prediction(216.2825, 0.3552282, 0.1, .90, 80, &9.85)
RESULTS

Eecommended sample =size:|l4é
Humber of iterations: 2

Exercised: Phi correlation magnitude andignificance

From page(s): 312

Summary: Convert the values in the table from Exercise 1 to binary data where SUS
scores greater than 79.9 are “1” and all others are 0, and Effort scores greater than

5.5 are “1” and all others are 0. Then compute phi to estimate the correlation
between SUS and Effort and assess its statistical significance.

Answer: The following table shows the summary of the data in a 2 x 2 matrix. The
resulting value of phi is a statistically significant 0.802 (¢?(1) = 6.43, p = 0.01).

James R. Lewis & Jeff Sauro



Chapter 10: An Introduction to Correlation, Regression, and ANOVA

SUS
Effort 1 0
1 3(a) 1 (b)
0 0(c) 6 (d)

Excel solution
1. Select the “Phi Correlation” link under the Correlation & Regression section.

Cormrelation & Regression

- Simple Regression

H Phi Correlation 1

“ Sample Size for Correlation & Regressicn

2. Paste the raw values (1’s and 0’s only) by participant in the Input columns.

B Contents

Y

3 ﬂ Correlation with Bin

4 Faste the Values [1'sa

; ClearValues

[ Input

] arficipo Sample 1 | Sample 2

g 0 0

10 0 0 2

11 0 0

12 1 1

13 1 1

14 0 0
E 0 0

16 1 1

il 0 1

18 0 0

3. The phi correlation is shown (.802).

4. The Chi-Square value (6.43) and significance of the correlation are shown (p =
.011).
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5. The 95% confidence interval around the correlation is also shown (.348 to

.951).
Results
Comelation (Phi) 0.802 3 95 % Cl Around Phi
Low High
Chi-Square 4428571 0.343 0.951 >
p-value 0011230 4
R solution

Enter the following command:
test.phi(3, 1, 0, 6, .95)

For this command, you need to enter the counts for g, b, ¢, and d and the desired
confidence level. The result is:

> tezt.phi(3, 1, 0, &, .95)

RESULTS

f£hi: 0.8017837
chi-=squared: 6.428571
df: 1

E:_O.Ollzzgag

895% Confidence Interval
Upper limit: 0.8512142
r: 0.8017837

Lower limit: 0.347&682
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Exerciseb: Oneway ANOVA with multiple somparisons
From page(s): 312-313

Summary: Suppose you have used a survey to collect SUS scores from respondents
who have used a major hotel website or mobile app to book a reservation, with the
results shown in the following table. Does the omnibus F-test for a one-way ANOVA
indicate that at least one of the means is different from the others? Which one(s)?

Company A| Company A| Company B | Company B

Website Mobile Website Mobile
72.5 62.5 82.5 100.0
85.0 72.5 72.5 80.0
70.0 77.5 87.5 90.0
80.0 57.5 70.0 80.0
60.0 82.5 80.0 85.0
80.0 50.0 75.0 80.0
80.0 67.5 97.5 92.5
85.0 70.0 57.5 75.0
65.0 52.5 70.0 100.0
75.0 82.5 85.0 77.5

Answer: The result of the ANOVA was significant (F(3, 36) = 5.576, p = 0.003),
indicating that at least one of the means is different from at least one of the other
means. The following table shows the observed significance levels (p-values) for the
six comparisons and, using a = 0.05, the results for multiple comparisons without
adjustment, using the Benjamini—Hochberg adjustment, and using the Bonferroni
adjustment (a/6 = 0.008). For the Benjamini—Hochberg method the p-values from
the six comparisons were ranked from lowest to highest. The new statistical
significance thresholds were created by dividing the rank by the number of
comparisons and then multiplying this by alpha (0.05). For six comparisons, the
lowest p-value (with a rank of 1) is compared against a new threshold of (1/6)*0.05 =
0.008, the second is compared against (2/6)*0.05 = 0.017, and so forth. Two
comparisons were statistically significant without adjustment and when using the
Benjamini-Hochberg method (A Mobile vs. B Mobile and A Web vs. B Mobile). Only
one comparison (A Mobile vs. B Mobile) was significant when using the Bonferroni
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adjustment. There are other comparisons that also have relatively low values of p (all
but A Web vs. B Web) that might bear consideration, especially for a researcher
working in an industrial context in which Type Il errors are as or more important than
Type | errors.

Comparison p B-H Criterion | Unadjusted| B-H Bonferroni
A Mob - B Mob 0.001 0.008 * * *
A Web - B Mob 0.014 0.017 * *
A Mob - B Web 0.062 0.025
B Web - B Mob 0.089 0.033
A Web - A Mob 0.108 0.042
A Web - B Web 0.58 0.05

Excel solution

1. Select the 2+ Large Sample Means under the Analysis of Variance (ANOVA)
heading.

Compare 3 or More Means or Proportions

n 2+ Large Sample Completion Rotes
ﬂ 2+ Large Somple Means 1

ﬂ 2+ Means from the Same Users

2
E 2 Large Sample Means by 2 Indep. Variables

2. Enter the data for each group.
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{l Contents

Z

3 1-Way ANOVA (Analysis of Variance)

4 Enter the raw data (e.g Tfime, satisfaction datal ir
5 * Required Fields

[

T

& A Web A Mobile BWeb B Mobil

9 725 625 825 100.0
10 a5.0 725 725 0.0
11 700 Trs 8r.s 50.0
12 &0.0 3.5 70.0 &0.0
13 &80.0 25 20.0 a5.0
14 0.0 50.0 75.0 0.0
15 &0.0 67.5 975 925
16 &5.0 70.0 975 750
17 65.0 525 70.0 100.0
18 75.0 &25 85.0 Trs
19

3. The F statistic (5.58) and p-value (p = .003) are shown in the results section.

Summary Table

Source

Factor (Between Group
Brcr (Within Groups)
Total

Feritical Value
28482655581

3 1743125 581042 558

df 33
26 3,751
¥ 5494375

M5

104

F

P
0,003

4. To analyze the multiple comparisons (after running separate t-tests to obtain
the p-values), select the “Correction for Multiple Comparisons” in the Extras

section.

Extras

Interpreting Rating Scales

Correction for Multiple Comparisons

Estimate Survey Sample Size
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5. Enter the p-values for each comparison and sort from lowest to highest.

Contents

1

3 Correction for Multiple Comparisons

4 | Pazsfe the p-values for each comparizon you conducted (up to 100) and the alpha level.

5

6 - wpmt

7

8 Alpha 6
9

10

11

12 Comparison Hame 1 Comparison Hame 2 p-value

13 A Mobile B Mobile 0.001

14 AWeb B Mobile 0.014 5
15 A Mobile B Web 0.082

16 B Web B Mobile 0.08%

17 AWeb A Mobile 0.102

18 AWeb B Web 0.58

19

6. Enter the alpha rejection level (.05).

7. The total number of comparisons are shown (6), the Bonferonni Threshold (p =
.008333) and the comparisons that are significant are flagged “Sig” for the BH
comparison (2 marked Sig.) and Bonferonni (1 marked Sig).

Total Comparizons 8
Bonferonni Threshold 0.008333333

Rank BH Threshold BH Significant Bonferonni Significant
0.008 Sig. Sig.
0.017 Sig.

0.025 7
0.033
0.042
0.050

= I UL R R
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R solution
For the ANOVA, enter the following commands:

x <- c('"WebA', 'WebA', 'WebA', 'WebA', 'WebA', 'WebA', 'WebA', 'WebA',
'WebA', 'WebA', 'MobA', 'MobA', 'MobA', 'MobA', 'MobA', 'MobA', 'MobA',
'‘MobA', 'MobA', 'MobA', 'WebB', 'WebB', 'WebB', 'WebB', 'WebB', 'WebB',
‘WebB', 'WebB', 'WebB', 'WebB', 'MobB', 'MobB', 'MobB', 'MobB', 'MobB',
'‘MobB', 'MobB', 'MobB', 'MobB', 'MobB')

y <-¢(72.5, 85.0, 70.0, 80.0, 60.0, 80.0, 80.0, 85.0, 65.0, 75.0, 62.5, 72.5, 77.5,

57.5, 82,5, 50.0, 67.5, 70.0, 52.5, 82.5, 82.5, 72.5, 87.5, 70.0, 80.0, 75.0, 97.5,
57.5, 70.0, 85.0, 100.0, 80.0, 90.0, 80.0, 85.0, 80.0, 92.5, 75.0, 100.0, 77.5)

X_name <- "Cond"

y_name <- "SUS"

survey.df <- data.frame(x,y)
names(survey.df) <- ¢(x_name,y_name)
aov.out <- aov(SUS ~ Cond, data=survey.df)
summary(aov.out)

The first six commands put the data into an R "data frame" which is the input into
the fifth command (a standard R function named aov) that places the output of the
ANOVA into a variable named aov.out. The last command produces a summary
(shown below) of the ANOVA with the values for F, p, and degrees of freedom
needed to report the result of the analysis.

Df Sum 59 Mean 5gqg F walue Pr(>F
Cond =) 1743 581.0 [5.576 0.00301) %+

REesiduals 36 3751 104.2

For the multiple comparisons, enter the following commands:
WebA <- ¢(72.5, 85.0, 70.0, 80.0, 60.0, 80.0, 80.0, 85.0, 65.0, 75.0)

MobA <- c(62.5, 72.5, 77.5, 57.5, 82.5, 50.0, 67.5, 70.0, 52.5, 82.5)
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WebB <- ¢(82.5, 72.5, 87.5, 70.0, 80.0, 75.0, 97.5, 57.5, 70.0, 85.0)
MobB <- ¢(100.0, 80.0, 90.0, 80.0, 85.0, 80.0, 92.5, 75.0, 100.0, 77.5)
t.test(WebA,MobA,var.equal = TRUE)

t.test(WebA,WebB,var.equal = TRUE)

t.test(WebA,MobB,var.equal = TRUE)

t.test(MobA,WebB,var.equal = TRUE)

t.test(MobA,MobB,var.equal = TRUE)

t.test(WebB,MobB,var.equal = TRUE)

compute.mcadjustments(6, .05)

The first four commands put the data into the four survey variables (WebA, MobA,
WebB, and MobB). The next six commands perform all possible pairwise t-tests with
those four variables (using the standard R command for independent t-tests and, to
match the values in Quantifying the User Experience, assuming equal variance). The
last command produces the adjusted p-values for the Bonferroni and Benjamini-
Hochberg methods. The results (for comparison withe the results table above) are:
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> t.test (Weblk, Mobi, var.equal

Il
'_j
"l

=

-
1=

Two Sample t-test

data: [WebZ and Mobl]

t =1.7011, df = 18, p-wvalue

alternative hypothesis: true dirTerence in means is not egual to O
95 percent confidence interwval:

-1.821757 17.321757

sanple estimates:
mean of ¥ mean of vy

75.25 67.50

> t.teat (Webi,WebB, var.equal = TRUE)

Two Sample t-test

data: IWEEA and WEEEI
Tt = -0.5 B = 18, p-value =

alternative hypothesis: true difference in means is not egqual to 0O
95 percent confidence interwval:
-11.793325 6.793925
sanple estimates:
mean of x mean of vy
75.25 T7.75

> t.teat (Webid,MobE, var.equal = TERUE)

Two Sample t-test

data: EIE]::A and I-In:u]::ﬂ
Tt = =-2.742Z, df = 18, p-value =
alternative hypothesis: true difference in means is not egqual to O
95 percent confidence interval:
-18.986058 -2.513942
zample estimates:
mean of x mean of vy
75.25 E6.00

> t.test (Mobk, WebB, var.equal = TRUE)

Two Sample t-test

data: lHDbA and HEb3|
t = -1.8982, = 18, p-value =J0.06103

alternative hypothesis: true difference in means is not egual to 0
95 percent confidence interwval:
-21.026829 0.526829
sanple estimates:
mean of ®x mean of v
67.50 T7.75
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» t.test (MobA,MobE,var.equal = TRUE)

Iwo Sample L-test

data: [ﬁnba and Hobé]

t = -3.9343, df = 18, p-value =|0.0009722

alternative hypothesis: true difference in means is not equal to O

85 percent confidence interwval:
-28.379051 -8.620949%9
sample estimates:
mean of x mean of ¥y
67.5 86.0

> t.test (WebE,MobE,var.equal = TRUE)

Two Sample t-test

data: EIE]::E and I-Ic:]::ﬂ
t = -1.8036, df = 18, p-wvalue =|0.08806
alternative hypothesi=s: true difTference in means is not equal to O
9% percent confidence interval:
-17.860108 1.380108
sample estimates:
mean of x mean of vy
T77.75 86.00

> compute.mcadjustments (6,

[=]
Ln

RESULTS

Bonferroni adjustment for critical wvalue nf[é: 0.00SSSSSS%]

Benjamini-Hochberg adjustments for critical wvalues of p

flank 1: 0.008333333
Bank 2: 0.01666667
Eank 3: 0.025
Bank 4: 0.03333333
Bank 5: 0.04166667
@gnk 6: D.05
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Exercises: Two-way ANOVA with multiple omparisons
From page(s): 313-315

Summary: Continuing to use the data from Question 5, switch to a two-way ANOVA
to assess the main effects of Company (A vs. B) and Channel (website vs. mobile app)
and their interaction. Interpret the results.

Answer: The main effect of Company was significant (F(1,36) = 10.58, p = 0.002), the
main effect of Channel was not (F(1, 36) = 0.01, p = 0.939), and they interacted
significantly (F(1, 36) = 6.14, p = 0.018). The following table shows the results of
these multiple comparisons without adjustment (all using a = 0.05), with Benjamini—
Hochberg adjustment, and with Bonferroni adjustment (0.05/4 = 0.013). For the
Benjamini—Hochberg method, the p-values from the four comparisons were ranked
from lowest to highest. The new statistical significance thresholds were created by
dividing the rank by the number of comparisons and multiplying by alpha (0.05). For
four comparisons, the lowest p-value, with a rank of 1 is compared against a new
threshold of (1/4)*0.05 = 0.013 and so forth. In this example, all three methods
(unadjusted, Benjamini—Hochberg, and Bonferroni) indicated that only the
comparison of Company A Mobile versus Company B Mobile was statistically

significant.
Comparison p B-H Criterion | Unadjusted| B-H | Bonferroni
A Mob - B Mob 0.001 0.013 * * *
B Web - B Mob 0.089 0.025
A Web - A Mob 0.108 0.038
A Web - B Web 0.58 0.05

Excel solution

1. Under the Section, Compare 3 or More Means or Proportions, select the “2
Large Sample Means by 2 Indep. Variable” for a 2-Way ANOVA.
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Compare 3 or More Means or Proportions

. 2+ Large Sample Completficn Rotes

e [AMOVA

A LY s L R ] = L1

. 2+ Large Sample Means

. Repeated Measures Analysis of Yariance (RM-ANOYA
2+ Means from the Some Users

. 2 Large Sample Means by 2 Indep. Variables 1

2. Enter the data for each variable (Company and Channel).

Contents
2 x 2 ANOVA (Analysis of Variance)
. Enter the raw data [e.g ftime, safisfaction data) and independent var
o mpet
Variable 1 -> Comparn A A B B
Wariable 2 - Channel Web Mabile Web Maobile
725 62.5 825 100.0
85.0 72.5 725 80.0
70.0 775 87.5 90.0
80.0 575 700 800 2
60.0 82.5 80.0 85.0
80.0 50.0 75.0 80.0
80.0 67.5 975 925
85.0 70.0 575 75.0
65.0 525 70.0 100.0
75.0 82.5 85.0 7.5

3. The F statistics (10.58, .006, 6.142) and p-values (.00249, .9387, .01802) are
shown in the Results section.

Summary Table

Source 33 df M3 F P 3
Total 5,494,285 39 140.65

Factor [Between Groups| 1743.125 3 531.04

Company 1.102.50 1 1.102.50 10.58 0.0024%
Channel 0.63 1 0.63 0.006  0.9387
Interaction &40.0000 1 540,00 &4.142 0.01802
Error (Within Groups) 3,751.25 36 10420
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4. To analyze the multiple comparisons, select the “Correction for Multiple

Comparisons” in the Extras section.

Extrasz

Interpreting Rating Scales

Correction for Multiple Comparizons 4

Estimate Survey Sample Size

5. Enter the p-values for each comparison and sort from lowest to highest.

Contents

Correction for Multiple Comparisons
Fasle the p-values for each comparizon you conducted (up to 100) and the alpha level.

Input
Alpha 6
Comparison Name 1 Comparison Hame 2 p-value
A Web B Web 0.0010
B Web B Mobile 0.0881 5
A Mokile B Mobile 0.1081
A Web A Mobile 0.5750

6. Enter the alpha rejection level (.05).

7. The total number of comparisons are shown (4), the Bonferonni Threshold (p =
.0125) and the comparisons that are significant are flagged “Sig” for the BH

comparison (1 marked Sig.) and Bonferonni (1 marked Sig).
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Resultz
Total Comparisons 4
Bonferonni Threshold 0.M25

Rank BH Threshold BH Significant Bonferonni Significant
0.013 Sig. Sig.
0.025 7
0.033
0.050

0 ) —=

R solution
For the ANOVA, enter the following commands:

X <_ C(IAI’ IAI' IAl’ lAl’ IAI' |A|, IA', IAI’ IAI’ IAI' IAI' |A|’ IAI’ IAI’ IAI’ IAI' IAI' IAl’ IAl’ IAI’
'B', IB', IBI’ IBI’ IBI’ IBI’ IBlI IBlI IBI' IBI' 'B', IBI’ lB‘, 'B|’ IBI' IBI' IBlI IBII IBI’ IBI)

y <- c('Web', 'Web', 'Web', 'Web', 'Web', 'Web', 'Web', 'Web', 'Web', 'Web',
'Mob', 'Mob', 'Mob', 'Mob', 'Mob', 'Mob', 'Mob', 'Mob', 'Mob', 'Mob', 'Web',
'Web', 'Web', 'Web', 'Web', 'Web', 'Web', 'Web', 'Web', 'Web', 'Mob', 'Mob',
'Mob', 'Mob', 'Mob', 'Mob', 'Mob', 'Mob', 'Mob', 'Mob')

z<-¢(72.5, 85.0, 70.0, 80.0, 60.0, 80.0, 80.0, 85.0, 65.0, 75.0, 62.5, 72.5, 77.5,
57.5, 82,5, 50.0, 67.5, 70.0, 52.5, 82.5, 82.5, 72.5, 87.5, 70.0, 80.0, 75.0, 97.5,
57.5, 70.0, 85.0, 100.0, 80.0, 90.0, 80.0, 85.0, 80.0, 92.5, 75.0, 100.0, 77.5)

X_name <- "Company"

y_name <- "Channel"

z_name <- "SUS"

survey.df <- data.frame(x,y,z)

names(survey.df) <- ¢(x_name,y_name,z_name)

aov.out <- aov(SUS ~ Company*Channel, data=survey.df)

summary(aov.out)
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The first eight commands put the data into an R "data frame" so you can use
standard R functions for ANOVA (of which there are several). The ninth command
uses a standard R function named aov, which does two-way ANOVA -- placing the
output of the ANOVA into a variable named aov.out. The last command produces a
summary (shown below) of the ANOVA with the values for F, p, and degrees of
freedom needed to report the result of the analysis.

DEfYSum Sg Mean Sg value Pr(>F)

Company 1 1103 1102.5) 10.580 0.0024%9 ==
Channel 1 1 0.8 0.006 0.93870
Conpany:Channel] 1 040 640.0 6.142 0.01802 *
Residuals 36 3751 104.2

Signif. codes: O *#*#=*f 0_001 *#%f 0.01 **f Q.05 *.* 0.1 * 1

For the multiple comparisons, enter the following commands:
WebA <- ¢(72.5, 85.0, 70.0, 80.0, 60.0, 80.0, 80.0, 85.0, 65.0, 75.0)
MobA <- ¢(62.5, 72.5, 77.5, 57.5, 82.5, 50.0, 67.5, 70.0, 52.5, 82.5)
WebB <-¢(82.5, 72.5, 87.5, 70.0, 80.0, 75.0, 97.5, 57.5, 70.0, 85.0)
MobB <- ¢(100.0, 80.0, 90.0, 80.0, 85.0, 80.0, 92.5, 75.0, 100.0, 77.5)
t.test(WebA,MobA,var.equal = TRUE)
t.test(WebB,MobB,var.equal = TRUE)
t.test(WebA,WebB,var.equal = TRUE)
t.test(MobA,MobB,var.equal = TRUE)
compute.mcadjustments(4, .05)

The first four commands put the data into the four survey variables (WebA, MobA,
WebB, and MobB). The next four commands perform four pairwise t-tests with
those four variables (using the standard R command for independent t-tests and, to
match the values in Quantifying the User Experience, assuming equal variance).
These four t-tests were selected because they are the four that best explore the
interaction. The last command produces the adjusted p-values for the Bonferroni
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and Benjamini-Hochberg methods. The results (for comparison withe the results
table above) are:

> t.test (Webh,Mobi,var.equal = TRUE)
Two Sample t-test

data: Webf and Mokl
t = 1.7011, df = 18, p-value =
alternative hypothesis: true difference in means is not egual to 0
95 percent confidence interval:

-1.821757 17.321757

sanmple estimates:
mean of X mean of v

T75.25 67.50

> t.test (WebB,MobEB,var.equal = TRUE)
Two Sample t-test

data: WebBE and MobB
t = -1.8036, df = 18, p-value =
alternative hypothesis: true difference in means is not egual to 0
95 percent confidence interval:
-17.860108 1.360108
sanmple estimates:
mean of X mean of v
77.75 86.00

> t.test (Webh,WebB,var.equal = TRUE)
Two Sample t-test

data: WebA and WebB
t = -0.5651, df = 18, p-value =
alternative hypothesis: true difference in means is not equal to 0O
95 percent confidence interval:
-11.793925 6.793925
sample estimates:
mean of X mean of v
T75.25 T77.75

> t.test (Mobi,MobE, var.equal = TRUE)
Two Sample t-test

data: HMobA and MobB
t = -3.9343, df = 13, p-value =
alternative hypothesis: true difference in means is not egual to 0
95 percent confidence interval:
-28.379051 -8.820949
sanmple estimates:
mean of X mean of v
67.5 86.0
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> compute.mcadjustments (4, .03)

RESULTS

Bonferroni adjustment for critical wvalue of p: |0.0125

Benjamini-Hochberg adjustments for critical wvalues of p
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Chapter 11: Final Words

In this book we’ve shown how to use Excel and R to solve the over 100 quantitative
examples and exercises from Quantifying the User Experience: Practical Statistics for
User Research (2nd ed.). We provided only minimal guidance for why we used the
methods we did. For detailed information about methods and interpreting results,
see Quantifying the User Experience: Practical Statistics for User Research (2nd ed).

We used the tools in the preparation of Quantifying the User Experience: Practical
Statistics for User Research (2nd ed.) to verify the examples and exercises, and found
them useful for that. We hope you also find this book and the tools useful. If you
do, please let us know. If you encounter any problems using the book or the tools,
definitely let us know.

We plan to continue investigating and publishing our findings on statistical methods
for user research. Probably the best source for updates on our research is the
website www.measuringu.com. The easiest way to stay informed is to subscribe to

the newsletter by clicking the Email Updates link in the upper right corner of the
home page. The website also contains online tutorials and courses that cover many
of the concepts in this book using visualizations and interactive demonstrations.

We wish you the best of luck as you collect and analyze user data in support of the
goal of making products easier to use and, as a consequence, making life better for
your users. As you do your research, keep in mind that statistics provides “the
world’s most specific way of saying maybe” (Searles, 1978). The use of statistical
methods does not guarantee 100% correct decisions, but it doesn’t have to be
perfect to be effective. It is important, however, to understand its strengths,
limitations, and leading practices when applied to user research to ensure its most
effective use.

James R. (Jim) Lewis: drjimnfl@comcast.net

Jeff Sauro: jeff@measuringu.com
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Appendix: The R Functions

This appendix contains the R code for the custom R functions used in this book, in
alphabetical order by function name.

# Analyze 0/1 matrix from HFiles directory
# This path just works on Jim's computertailor to your computer by changing intro path
# This is fom data file in which rows are cases of withitase data
# The input file should have row and column labels and be a tab delimited text file
# There should be no missing data
# The R syntax for getting a file on a PC uses a path like this:
#"CA\\ Documents and Setting$jimlewis\\My Document$\ R-Filed \table501.txt"
#
analyze.01lmatrix.fromfile <function(filename) {
f <- filename
data <- read.table(f,header=TRUE,row.names=1)
rows <- nrow(data)
cols <- ncol(data)
cells <- rows * cols
cellsum<-0
colsum <- 0
Nonce <-0
N <- cols
n <- rows
x<-1
y<-1
while (y <= cols) {
while (x <= rows) {
cellsum <- cellsum + data[x,y]
colsum <- colsum + data[x,y]
X <-x+1
}
y <-y+1
x<-1
if (colsum == 1) Nonce = Nonce + 1
colsum<-0
}
pest <- cellsum/cells
GTadj <- Nonce/N
pGT <- pest/(1+GTadj)
pdef <- (pest - 1/n)*(1 - 1/n)
padj <- (pGT + pdef)/2
discoverysofar <- 1 - (1-padj)*n
problemsavailablefordiscovery <- N/discoverysofar
estimatedremaining <- problemsavailablefordiscovery - N
cat("\nRESULTS\n\n")
cat("Number of participants:",n,"\n")
cat("Number of known problems:",N,"\n")
cat("Number of known problems that occurred just once:",Nonce,"\n")
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cat("Observed p:",pest,"\n")

cat("pdef:",pdef,"\n")

cat("pGT:",pGT,"\n")

cat("Adjusted p:",padj,"\n")

cat("Estimated proportion of discovery (so far):",discoverysofar,"\n")

cat("Estimated number of problems available for discovery:",ceiling(problemsavailablefordiscovery),"\n")
cat("Estimated number of undiscovered problems:",ceiling(estimatedremaining),"\n")

cat("\n")

}

# Analyze 0/1 matrix from Jim's Web directory
# Get data from a stored matrix of data from Jim's website
# This is for a data file in which rows are cases of witbase data
# The input file should have row and column labelsdabe a tab delimited text file
# There should be no missing data
#
analyze.01lmatrix.fromweb <function(filename) {
intro <- "http://drjim.Ocatch.com/PracStatPackVv2/"
f <- paste(intro,filename,sep="")
data <- read.table(f,header=TRUE,row.names=1)
rows <- nrow(data)
cols <- ncol(data)
cells <- rows * cols
cellsum<-0
colsum <- 0
Nonce <-0
N <- cols
n <- rows
x<-1
y<-1
while (y <= cols) {
while (x <= rows) {
cellsum <- cellsum + data[x,y]
colsum <- colsum + data[x,y]
X <-x+1
}
y <-y+1
x<-1
if (colsum == 1) Nonce = Nonce + 1
colsum <- 0
}
pest <- cellsum/cells
GTadj <- Nonce/N
pGT <- pest/(1+GTadj)
pdef <- (pest - 1/n)*(1 - 1/n)
padj <- (pGT + pdef)/2
discoverysofar <- 1 - (1-padj)*n
problemsavailablefordiscovery <- N/discoverysofar
estimatedremaining <- problemsavailablefordiscovery - N
cat("\nRESULTS\n\n")
cat("Number of participants:",n,"\n")
cat("Number of known problems:",N,"\n")
cat("Number of known problems that occurred just once:",Nonce,"\n")
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cat("Observed p:",pest,"\n")

cat("pdef:",pdef,"\n")

cat("pGT:",pGT,"\n")

cat("Adjusted p:",padj,"\n")

cat("Estimated proportion of discovery (so far):",discoverysofar,"\n")

cat("Estimated number of problems available for discovery:",ceiling(problemsavailablefordiscovery),"\n")
cat("Estimated number of undiscovered problems:",ceiling(estimatedremaining),"\n")

cat("\n")

}

# Analyze PSSUQ matrix fromMRes directory (only for Version 3, with 16 items)
# This path just works on Jim's computertailor to your computer by changing intrgath
# This is for a data file in which rows are cases of witbase data

# Also need to provide desired level for confidence intervals (e.g., .95 or 95 for 95% confidence)
# The input file should have row and column labels and be a tab delimited tdgt fi
# Any missing data should be denoted NA and will be ignored when computing means
# Sysuse is Items-@; InfoQual is Items 72; IntQual is Items 135

# If an entire scale is missing, delete the case from the input file before running this function
# The R syntax for getting a file on a PC uses a path like this:

# "C\\Documents and Setting$jimlewis\\My Document$\ R-Filed \table501.txt"
#

analyze.pssug.fromfile <function(filename,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

f <- filename

origdata <- read.table(f,header=TRUE,row.names=1)

data <- origdata

attach(data)

rows <- nrow(data)

cols <- ncol(data)

n <- rows

x<-1

y<-1

# PSSUQ Version 3 Norms from Lewis (2002, 2012), Sauro & Lewis (2012)

# Values for norms are 99% lower limit, mean, 99% uppper limit for each item 1-16;

# 17-20 are for scales, respectively, SysUse, InfoQual, IntQual, Overall

pssugnorms <- array(0,c(3,20))

pssugnormsl,1] <- ¢(2.6,2.85,3.09)

pssugnorms|,2] <- ¢(2.45,2.69,2.93)

pssugnormsl,3] <- ¢(2.86,3.16,3.45)

pssugnorms[,4] <- ¢(2.40,2.66,2.91)

pssugnormsl[,5] <- ¢(2.07,2.27,2.48)

pssugnorms|,6] <- ¢(2.54,2.86,3.17)

pssugnorms|,7] <- ¢(3.36,3.70,4.05)

pssugnorms|,8] <- ¢(2.93,3.21,3.49)

pssugnormsl,9] <- ¢(2.65,2.96,3.27)

pssugnorms[,10] <- ¢(2.79,3.09,3.38)

pssugnorms[,11] <- c¢(2.46,2.74,3.01)

pssugnorms[,12] <- ¢(2.41,2.66,2.92)

pssugnorms[,13] <- ¢(2.06,2.28,2.49)

pssugnorms[,14] <- ¢(2.18,2.42,2.66)

pssugnorms[,15] <- ¢(2.51,2.79,3.07)

pssugnorms[,16] <- ¢(2.55,2.80,3.02)
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pssugnorms|,17] <- ¢(2.57,2.80,3.02)
pssugnorms|,18] <- ¢(2.79,3.02,3.24)
pssugnorms[,19] <- ¢(2.28,2.49,2.71)
pssugnorms[,20] <- ¢(2.62,2.82,3.02)
# Building item/scale arrays
itemarray <- array(0,c(n,20))
while (y <= cols) {
while (x <= rows) {
itemarray[x,y] <- data[x,y]
X <-x+1
}
y <-y+1
x<-1
}
while (x <= rows) {
itemarray[x,17] <- mean(itemarray[x,1:6], na.rm=TRUE)
itemarray[x,18] <- mean(itemarray[x,7:12], na.rm=TRUE)
itemarray[x,19] <- mean(itemarray[x,13:15], na.rm=TRUE)
itemarray[x,20] <- mean(itemarray[x,1:16], na.rm=TRUE)
X <- x+1
}
# Confidence intervals for items/scales
y<-1
x<-1
itemconf <- array(0,c(3,20))
itemsderr <- array(0,c(20))
d <- array(0,c(20))
u <- array(0,c(20))
upper <- array(0,c(20))
lower <- array(0,c(20))
df =n-1
t <- abs(qgt((1-conf)/2,df))
while (y <= 20) {
itemsderr[y] <- sd(itemarray[,y], na.rm=TRUE)/n”.5
d[y] <- t*itemsderr[y]
uly] <- mean(itemarray[,y], na.rm=TRUE)
lower[y] <- u[y]-d[y]
upperly] <- ulyl+dly]
itemconf[1,y] <- lower[y]
itemconf[2,y] <- u[y]
itemconf[3,y] <- upperly]
y<-y+l
}
# Comparison of observed confidence intervals with norms
y<-1
x<-1
compci <- array("",c(20))
while (y <=20) {
if (itemconf([3,y] < pssugnorms[1,y]) compcily] <- "interval lower than norm"
if (itemconf[1,y] > pssugnorms[3,y]) compcily] <- "interval higher than norm"
if (itemconf([3,y] >= pssugnorms[1,y] && itemconf[1,y] <= pssugnorms[3,y]) compci[y] <- "interval consistent with
norm"
y<-y+1

James R. Lewis & Jeff Sauro



Appendix: The R Functions

}
# Comparison of observed means with norms
y<-1
x<-1
compmean <- array("",c(20))
while (y <= 20) {
if (itemconf[2,y] < pssugnorms[1,y]) compmean(y] <- "Mean lower than norm;"
if (itemconf[2,y] > pssugnorms[3,y]) compmean(y] <- "Mean higher than norm;"
if (itemconf[2,y] >= pssugnorms[1,y] && itemconf[1,y] <= pssugnorms[3,y]) compmean[y] <- "Mean consistent with
norm;"
y<-y+l
}
# Print the results
cat("RESULTS OF PSSUQ ANALYSIS \n\n")
cat("Scales \n\n")
cat("Overall mean:",format(itemconf[2,20],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,20],digits=3),"-",format(itemconf[3,20],digits=3),"\t
Comparisons:",compmean[20],compci[20],"\n")
cat("SysUse mean:",format(itemconf[2,17],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,17],digits=3),"-",format(itemconf[3,17],digits=3),"\t
Comparisons:",compmean[17],compci[17],"\n")
cat("InfoQual mean:",format(itemconf[2,18],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,18],digits=3),"-",format(itemconf[3,18],digits=3),"\t
Comparisons:",compmean[18],compci[18],"\n")
cat("IntQual mean:",format(itemconf[2,19],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,19],digits=3),"-",format(itemconf[3,19],digits=3),"\t
Comparisons:",compmean[19],compci[19],"\n\n")
cat("Items \n\n")
cat("ltem 01 mean:",format(itemconf[2,1],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,1],digits=3),"-",format(itemconf[3,1],digits=3),"\t
Comparisons:",compmean|[1],compci[1],"\n")
cat("ltem 02 mean:",format(itemconf[2,2],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,2],digits=3),"-",format(itemconf[3,2],digits=3),"\t
Comparisons:",compmean|[2],compci[2],"\n")
cat("ltem 03 mean:",format(itemconf[2,3],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,3],digits=3),"-",format(itemconf[3,3],digits=3),"\t
Comparisons:",compmean|[3],compci[3],"\n")
cat("Item 04 mean:",format(itemconf[2,4],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,4],digits=3),"-",format(itemconf[3,4],digits=3),"\t
Comparisons:",compmean[4],compci[4],"\n")
cat("ltem 05 mean:",format(itemconf[2,5],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,5],digits=3),"-",format(itemconf[3,5],digits=3),"\t
Comparisons:",compmean|[5],compci[5],"\n")
cat("Item 06 mean:",format(itemconf[2,6],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,6],digits=3),"-",format(itemconf[3,6],digits=3),"\t
Comparisons:",compmean|[6],compci[6],"\n")
cat("Item 07 mean:",format(itemconf[2,7],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,7],digits=3),"-",format(itemconf[3,7],digits=3),"\t
Comparisons:",compmean([7],compci[7],"\n")
cat("Item 08 mean:",format(itemconf[2,8],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,8],digits=3),"-",format(itemconf[3,8],digits=3),"\t
Comparisons:",compmean|[8],compci[8],"\n")
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cat("ltem 09 mean:",format(itemconf[2,9],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,9],digits=3),"-",format(itemconf[3,9],digits=3),"\t
Comparisons:",compmean[9],compci[9],"\n")

cat("Item 10 mean:",format(itemconf[2,10],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,10],digits=3),"-",format(itemconf[3,10],digits=3),"\t
Comparisons:",compmean[10],compci[10],"\n")

cat("ltem 11 mean:",format(itemconf[2,11],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,11],digits=3),"-",format(itemconf[3,11],digits=3),"\t
Comparisons:",compmean[11],compci[11],"\n")

cat("ltem 12 mean:",format(itemconf[2,12],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,12],digits=3),"-",format(itemconf[3,12],digits=3),"\t
Comparisons:",compmean[12],compci[12],"\n")

cat("Item 13 mean:",format(itemconf[2,13],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,13],digits=3),"-",format(itemconf[3,13],digits=3),"\t
Comparisons:",compmean([13],compci[13],"\n")

cat("ltem 14 mean:",format(itemconf[2,14],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,14],digits=3),"-",format(itemconf[3,14],digits=3),"\t
Comparisons:",compmean[14],compci[14],"\n")

cat("ltem 15 mean:",format(itemconf[2,15],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,15],digits=3),"-",format(itemconf[3,15],digits=3),"\t
Comparisons:",compmean[15],compci[15],"\n")

cat("ltem 16 mean:",format(itemconf[2,16],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,16],digits=3),"-",format(itemconf[3,16],digits=3),"\t
Comparisons:",compmean([16],compci[16],"\n\n")

}

# Analyze PSSUQ matrix from Jim's Web directory (only for Version 3, with 16 items)
# This is for a data file in which rows are cases of witbase data

# Also need to provide desired level for confidence intervals (e.g., .95 or 95 for 95% confidence)
# The input file should have row and column labels and be a tab delimited text file

# Any missing data should be denoted NA and will be ignored when computing means
# Sysuse is Items@; InfoQual is Items A2; IntQual is Items 135

# If an entire scale imissing, delete the case from the input file before running this function
#

analyze.pssuq.fromweb <function(filename,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

intro <- "http://drjim.Ocatch.com/PracStatPackv2/"

f <- paste(intro,filename,sep="")

origdata <- read.table(f,header=TRUE,row.names=1)

data <- origdata

attach(data)

rows <- nrow(data)

cols <- ncol(data)

n <- rows

x<-1

y<-1

# PSSUQ Version 3 Norms from Lewis (2002, 2012), Sauro & Lewis (2012)

# Values for norms are 99% lower limit, mean, 99% uppper limit for each item 1-16;

# 17-20 are for scales, respectively, SysUse, InfoQual, IntQual, Overall

pssugnorms <- array(0,c(3,20))

pssugnormsl[,1] <- ¢(2.6,2.85,3.09)

pssugnorms|,2] <- ¢(2.45,2.69,2.93)
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pssugnormsl,3] <- ¢(2.86,3.16,3.45)
pssugnorms|,4] <- ¢(2.40,2.66,2.91)
pssugnorms|,5] <- ¢(2.07,2.27,2.48)
pssugnormsl,6] <- ¢(2.54,2.86,3.17)
pssugnormsl[,7] <- ¢(3.36,3.70,4.05)
pssugnormsl[,8] <- ¢(2.93,3.21,3.49)
pssugnorms|,9] <- ¢(2.65,2.96,3.27)
pssugnorms|,10] <- ¢(2.79,3.09,3.38)
pssugnorms|,11] <- ¢(2.46,2.74,3.01)
pssugnorms|,12] <- ¢(2.41,2.66,2.92)
pssugnorms[,13] <- ¢(2.06,2.28,2.49)
pssugnorms[,14] <- ¢(2.18,2.42,2.66)
pssugnorms[,15] <- ¢(2.51,2.79,3.07)
pssugnorms|,16] <- ¢(2.55,2.80,3.02)
pssugnorms[,17] <- ¢(2.57,2.80,3.02)
pssugnorms[,18] <- ¢(2.79,3.02,3.24)
pssugnorms[,19] <- ¢(2.28,2.49,2.71)
pssugnorms[,20] <- ¢(2.62,2.82,3.02)
# Building item/scale arrays
itemarray <- array(0,c(n,20))
while (y <= cols) {
while (x <= rows) {
itemarray[x,y] <- data[x,y]
X <-x+1
}
y <-y+1
x<-1
}
while (x <= rows) {
itemarray[x,17] <- mean(itemarray[x,1:6], na.rm=TRUE)
itemarray[x,18] <- mean(itemarray[x,7:12], na.rm=TRUE)
itemarray[x,19] <- mean(itemarray[x,13:15], na.rm=TRUE)
itemarray[x,20] <- mean(itemarray[x,1:16], na.rm=TRUE)
X <- x+1
}
# Confidence intervals for items/scales
y<-1
x<-1
itemconf <- array(0,c(3,20))
itemsderr <- array(0,c(20))
d <- array(0,c(20))
u <- array(0,c(20))
upper <- array(0,c(20))
lower <- array(0,c(20))
df =n-1
t <- abs(qt((1-conf)/2,df))
while (y <=20) {
itemsderr[y] <- sd(itemarray[,y], na.rm=TRUE)/n”.5
d[y] <- t*itemsderr[y]
uly] <- mean(itemarray[,y], na.rm=TRUE)
lower[y] <- u[y]-d[y]
upperly] <- uly]+dly]
itemconf[1,y] <- lower[y]
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itemconf[2,y] <- uly]
itemconf[3,y] <- upperly]
y<-y+1
}
# Comparison of observed confidence intervals with norms
y<-1
x<-1
compci <- array("",c(20))
while (y <=20) {
if (itemconf([3,y] < pssugnorms[1,y]) compcily] <- "interval lower than norm"
if (itemconf[1,y] > pssugnorms[3,y]) compci[y] <- "interval higher than norm"
if (itemconf[3,y] >= pssugnorms[1,y] && itemconf[1,y] <= pssugnorms|[3,y]) compci[y] <- "interval consistent with
norm"
y<-y+l
}
# Comparison of observed means with norms
y<-1
x<-1
compmean <- array("",c(20))
while (y <= 20) {
if (itemconf[2,y] < pssugnorms[1,y]) compmeanly] <- "Mean lower than norm;"
if (itemconf[2,y] > pssugnorms[3,y]) compmean(y] <- "Mean higher than norm;"
if (itemconf[2,y] >= pssugnorms[1,y] && itemconf[1,y] <= pssugnorms[3,y]) compmean[y] <- "Mean consistent with
norm;"
y<-y+1
}
# Print the results
cat("RESULTS OF PSSUQ ANALYSIS \n\n")
cat("Scales \n\n")
cat("Overall mean:",format(itemconf[2,20],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,20],digits=3),"-",format(itemconf[3,20],digits=3),"\t
Comparisons:",compmean[20],compci[20],"\n")
cat("SysUse mean:",format(itemconf[2,17],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,17],digits=3),"-",format(itemconf[3,17],digits=3),"\t
Comparisons:",compmean[17],compci[17],"\n")
cat("InfoQual mean:",format(itemconf[2,18],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,18],digits=3),"-",format(itemconf[3,18],digits=3),"\t
Comparisons:",compmean[18],compci[18],"\n")
cat("IntQual mean:",format(itemconf[2,19],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,19],digits=3),"-",format(itemconf[3,19],digits=3),"\t
Comparisons:",compmean[19],compci[19],"\n\n")
cat("Items \n\n")
cat("ltem 01 mean:",format(itemconf[2,1],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,1],digits=3),"-",format(itemconf[3,1],digits=3),"\t
Comparisons:",compmean[1],compci[1],"\n")
cat("ltem 02 mean:",format(itemconf[2,2],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,2],digits=3),"-",format(itemconf[3,2],digits=3),"\t
Comparisons:",compmean|[2],compci[2],"\n")
cat("Item 03 mean:",format(itemconf[2,3],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,3],digits=3),"-",format(itemconf[3,3],digits=3),"\t
Comparisons:",compmean|[3],compci[3],"\n")
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cat("ltem 04 mean:",format(itemconf[2,4],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,4],digits=3),"-",format(itemconf[3,4],digits=3),"\t
Comparisons:",compmean[4],compci[4],"\n")

cat("Item 05 mean:",format(itemconf[2,5],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,5],digits=3),"-",format(itemconf[3,5],digits=3),"\t
Comparisons:",compmean[5],compci[5],"\n")

cat("Item 06 mean:",format(itemconf[2,6],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,6],digits=3),"-",format(itemconf[3,6],digits=3),"\t
Comparisons:",compmean|[6],compci[6],"\n")

cat("ltem 07 mean:",format(itemconf[2,7],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,7],digits=3),"-",format(itemconf[3,7],digits=3),"\t
Comparisons:",compmean[7],compci[7],"\n")

cat("Item 08 mean:",format(itemconf[2,8],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,8],digits=3),"-",format(itemconf[3,8],digits=3),"\t
Comparisons:",compmean|[8],compci[8],"\n")

cat("Item 09 mean:",format(itemconf[2,9],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,9],digits=3),"-",format(itemconf[3,9],digits=3),"\t
Comparisons:",compmean[9],compci[9],"\n")

cat("ltem 10 mean:",format(itemconf[2,10],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,10],digits=3),"-",format(itemconf[3,10],digits=3),"\t
Comparisons:",compmean[10],compci[10],"\n")

cat("ltem 11 mean:",format(itemconf[2,11],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,11],digits=3),"-",format(itemconf[3,11],digits=3),"\t
Comparisons:",compmean[11],compci[11],"\n")

cat("ltem 12 mean:",format(itemconf[2,12],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,12],digits=3),"-",format(itemconf[3,12],digits=3),"\t
Comparisons:",compmean[12],compci[12],"\n")

cat("ltem 13 mean:",format(itemconf[2,13],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,13],digits=3),"-",format(itemconf[3,13],digits=3),"\t
Comparisons:",compmean[13],compci[13],"\n")

cat("ltem 14 mean:",format(itemconf[2,14],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,14],digits=3),"-",format(itemconf[3,14],digits=3),"\t
Comparisons:",compmean[14],compci[14],"\n")

cat("ltem 15 mean:",format(itemconf[2,15],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,15],digits=3),"-",format(itemconf[3,15],digits=3),"\t
Comparisons:",compmean[15],compci[15],"\n")

cat("Item 16 mean:",format(itemconf[2,16],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,16],digits=3),"-",format(itemconf[3,16],digits=3),"\t
Comparisons:",compmean([16],compci[16],"\n\n")

}

# Simple Linear Regression with Confidence Intervals

#

# datal and datal are arrays of matched scores and must be of equal length

# datal are the y data- the variable to be predicted; data2 arthe x (predictor) data

# conf is the desired level of confidence for the confidence intervals

# predfor is a specific value of x to enter in the regression equation to get an estimate of y
# If not interested in predicting a value for y from X, use 0 (tkéntercept) as a placeholder
analyze.regression=<function(datal,data2,conf,predfor) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

correl <- cor(datal, data2)

n <- length(datal)
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r2t <- correl/((1-correl*2)/(n-2))".5

df<-n-2

p <- 2*(1-pt(r2t,df))

zprime <- 0.5*log((1+correl)/(1-correl))

z <- abs(gnorm((1-conf)/2))

critd <- z/(n-3)A.5

upperzprime <- zprime + critd

lowerzprime <- zprime - critd

upper <- (exp(2*upperzprime)-1)/(exp(2*upperzprime)+1)
lower <- (exp(2*lowerzprime)-1)/(exp(2*lowerzprime)+1)
rsquared <- paste(round((correl*2)*100,digits=2),"%",sep="")
rsquaredupper <- paste(round((upper”2)*100,digits=2),"%",sep="")
rsquaredlower <- paste(round((lower”?2)*100,digits=2),"%",sep="")
sy <- sd(datal)

sx <- sd(data2)

slope <- correl*sy/sx

bary <- mean(datal)

barx <- mean(data2)

intercept <- bary - slope*barx

deviations <- (datal - (slope*data2+intercept))”2

sumdev <- sum(deviations)

xdev <- (data2 - barx)”2

sumxdev <- sum(xdev)

seslope <- (((sumdev)/df)~.5)/(sumxdev”.5)

terit <- abs(qt((1-conf)/2,df))

critdslope <- seslope*tcrit

slopeupper <- slope + critdslope

slopelower <- slope - critdslope

seintercept <- ((sumdev/df)*.5)*((1/n)+(barx"2/sumxdev))A.5
critdintercept <- seintercept*tcrit

interceptupper <- intercept + critdintercept
interceptlower <- intercept - critdintercept

predicted <- slope*predfor+intercept

sepredicted <- ((sumdev/df)”.5)*((1/n)+((predfor-barx)*2/sumxdev))”.5
critdpredicted <- sepredicted*tcrit

predictedupper <- predicted + critdpredicted
predictedlower <- predicted - critdpredicted
cat("\nRESULTS\n\n")

cat ("Slope and Intercept","\n")

cat ("Slope:",slope,"\n")

cat ("Intercept:",intercept,"\n","\n")

cat (confper,"Confidence Interval for Slope","\n")

cat ("Standard error:",seslope,"\n")

cat ("Upper limit:", slopeupper, "\n")

cat ("Slope:", slope, "\n")

cat ("Lower limit:", slopelower, "\n\n")

cat (confper,"Confidence Interval for Intercept","\n")

cat ("Standard error:",seintercept,"\n")

cat ("Upper limit:", interceptupper, "\n")

cat ("Intercept:", intercept, "\n")

cat ("Lower limit:", interceptlower, "\n\n")

cat ("Overall Significance of Model","\n")

cat ("r:",correl,"\n")
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cat ("df:",df,"\n")

cat ("p:",p,"\n\n")

cat (confper,"Confidence Interval for Correlation”,"\n")
cat ("Upper limit:", upper, "\n")

cat ("r:", correl, "\n")

cat ("Lower limit:", lower, "\n\n")

cat (confper,"Confidence Interval for R-squared","\n")
cat ("Upper limit:", rsquaredupper, "\n")

cat ("R-squared:", rsquared, "\n")

cat ("Lower limit:", rsquaredlower, "\n\n")

cat (confper,"Confidence Interval for Predicted Value","\n")
cat ("Standard error:",sepredicted,"\n")

cat ("Upper limit:", predictedupper, "\n")

cat ("Predicted value of y given x =",predfor,":", predicted, "\n")
cat ("Lower limit:", predictedlower, "\n\n")

cat ("Values for Sample Size Estimation","\n")

cat ("Mean of x:",barx,"\n")

cat ("Population variability of x:",sumxdev/n,"\n")

cat ("Population variability of error:",sumdev/n,"\n","\n")
cat ("\n")

}

# Analyze SUS matrix fromRles directory (standard version of SUS withried tone, raw untransformed data)
# This path just works on Jim's computertailor to your computer by changing intro path
# This is for a data file in which rows are cases of witbase data

# Also need to provide desired level for confidentgervals as proportion or percentage (e.g., .95 or 95 for 95%
confidence)

# The input file should have row and column labels and be a tab delimited text file
# Missing data should be denoted NA and the entire case will be deleted

# The R syntax for gettogna file on a PC uses a path like this:

# "C\\ Documents and Setting$jimlewis\\ My Document$\ R-Filed\table501.txt"

#

analyze.sus.fromfile <function(filename,conf) {

f <- filename

origdata <- read.table(f,header=TRUE,row.names=1)

data <- na.omit(origdata)

norig <- nrow(origdata)

nleft <- nrow(data)

nmissing <- norig - nleft

attach(data)

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

rows <- nrow(data)

cols <- ncol(data)

n <- rows

x<-1

y<-1

# Defining odd and even items

oddeven <- array("",c(10))

oddeven[1] <- "odd"

oddeven[2] <- "even"

oddeven[3] <- "odd"

oddeven[4] <- "even"
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oddeven[5] <- "odd"
oddeven[6] <- "even"
oddeven[7] <- "odd"
oddeven[8] <- "even"
oddeven[9] <- "odd"
oddeven[10] <- "even"
# Building item/scale arrays and recoding scores
itemarray <- array(0,c(n,13))
while (y <= cols) {
while (x <= rows) {
if (oddeven[y] == "odd") itemarray[x,y] <- data[x,y] - 1
if (oddeven[y] == "even") itemarray[x,y] <- 5 - data[x,y]
X <- x+1
}
y <-y+1
x<-1
}
while (x <= rows) {
itemarray[x,11] <- (sum(itemarray[x,1:3]) + sum(itemarray[x,5:9]))*3.125
itemarray[x,12] <- (sum(itemarray[x,4]) + sum(itemarray[x,10]))*12.5
itemarray[x,13] <- sum(itemarray[x,1:10])*2.5
X <-x+1
}
# Confidence intervals for items/scales
y<-1
x<-1
itemconf <- array(0,c(3,13))
itemsderr <- array(0,c(13))
d <- array(0,c(13))
u <- array(0,c(13))
upper <- array(0,c(13))
lower <- array(0,c(13))
df =n-1
t <- abs(qt((1-conf)/2,df))
while (y <= 13) {
itemsderr[y] <- sd(itemarray[,y])/n".5
d[y] <- t*itemsderr[y]
uly] <- mean(itemarray[,y])
lower[y] <- u[y]-d[y]
upperly] <- uly]+dly]
itemconf[1,y] <- lower[y]
itemconf[2,y] <- u[y]
itemconf([3,y] <- upper[y]
y<-y+1
}
# SUS Percentiles and from Sauro 2011
suspercentiles <- array(0,c(1,100))
suspercentiles[1] <- ¢(0.2)
suspercentiles[2] <- ¢(0.2)
suspercentiles[3] <- ¢(0.3)
suspercentiles[4] <- ¢(0.3)
suspercentiles[5] <- ¢(0.3)
suspercentiles[6] <- ¢(0.3)
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suspercentiles[7] <- ¢(0.4)

suspercentiles[8] <- ¢(0.4)

suspercentiles[9] <- ¢(0.4)

suspercentiles[10] <- c¢(0.5)
suspercentiles[11] <- c¢(0.5)
suspercentiles[12] <- ¢(0.6)
suspercentiles[13] <- ¢(0.6)
suspercentiles[14] <- ¢(0.7)
suspercentiles[15] <- ¢(0.7)
suspercentiles[16] <- c(0.8)
suspercentiles[17] <- ¢(0.8)
suspercentiles[18] <- ¢(0.9)
suspercentiles[19] <- ¢(1.0)
suspercentiles[20] <- ¢(1.1)
suspercentiles[21] <- ¢(1.2)
suspercentiles[22] <- ¢(1.3)
suspercentiles[23] <- ¢(1.4)
suspercentiles[24] <- ¢(1.5)
suspercentiles[25] <- ¢(1.6)
suspercentiles[26] <- ¢(1.8)
suspercentiles[27] <- ¢(1.9)
suspercentiles[28] <- ¢(2.1)
suspercentiles[29] <- ¢(2.3)
suspercentiles[30] <- ¢(2.5)
suspercentiles[31] <- ¢(2.7)
suspercentiles[32] <- ¢(2.9)
suspercentiles[33] <- ¢(3.2)
suspercentiles[34] <- ¢(3.4)
suspercentiles[35] <- c(3.8)
suspercentiles[36] <- c(4.1)

suspercentiles[37] <- c(4.4)

suspercentiles[38] <- c(4.8)

suspercentiles[39] <- ¢(5.3)

suspercentiles[40] <- ¢(5.7)

suspercentiles[41] <- ¢(6.2)

suspercentiles[42] <- c(6.8)

suspercentiles[43] <- ¢(7.3)

suspercentiles[44] <- ¢(8.0)

suspercentiles[45] <- ¢(8.7)

suspercentiles[46] <- c¢(9.4)

suspercentiles[47] <- ¢(10.2)
suspercentiles[48] <- ¢(11.1)
suspercentiles[49] <- ¢(12.1)
suspercentiles[50] <- ¢(13.1)
suspercentiles[51] <- ¢(14.2)
suspercentiles[52] <- ¢(15.4)
suspercentiles[53] <- ¢(16.7)
suspercentiles[54] <- ¢(18.1)
suspercentiles[55] <- ¢(19.6)
suspercentiles[56] <- ¢(21.2)
suspercentiles[57] <- ¢(22.9)
suspercentiles[58] <- ¢(24.7)
suspercentiles[59] <- ¢(26.7)
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suspercentiles[60] <- c(28.8)
suspercentiles[61] <- ¢(31.0)
suspercentiles[62] <- ¢(33.3)
suspercentiles[63] <- ¢(35.8)
suspercentiles[64] <- c(38.4)
suspercentiles[65] <- c(41.1)
suspercentiles[66] <- c(43.9)
suspercentiles[67] <- c(46.9)
suspercentiles[68] <- ¢(50.0)
suspercentiles[69] <- ¢(53.2)
suspercentiles[70] <- c(56.4)
suspercentiles[71] <- ¢(59.8)
suspercentiles[72] <- ¢(63.1)
suspercentiles[73] <- ¢(66.5)
suspercentiles[74] <- ¢(69.9)
suspercentiles[75] <- ¢(73.2)
suspercentiles[76] <- ¢(76.5)
suspercentiles[77] <- ¢(79.7)
suspercentiles[78] <- ¢(82.7)
suspercentiles[79] <- ¢(85.5)
suspercentiles[80] <- ¢(88.1)
suspercentiles[81] <- ¢(90.5)
suspercentiles[82] <- ¢(92.6)
suspercentiles[83] <- c(94.4)
suspercentiles[84] <- ¢(95.9)
suspercentiles[85] <- ¢(97.2)
suspercentiles[86] <- ¢(98.1)
suspercentiles[87] <- ¢(98.8)
suspercentiles[88] <- ¢(99.3)
suspercentiles[89] <- ¢(99.6)
suspercentiles[90] <- ¢(99.8)
suspercentiles[91] <- ¢(99.9)
suspercentiles[92] <- ¢(100.0)
suspercentiles[93] <- ¢(100.0)
suspercentiles[94] <- ¢(100.0)
suspercentiles[95] <- ¢(100.0)
suspercentiles[96] <- ¢(100.0)
suspercentiles[97] <- ¢(100.0)
suspercentiles[98] <- ¢(100.0)
suspercentiles[99] <- ¢(100.0)
suspercentiles[100] <- ¢(100.0)
# Curved grades from Sauro 2011
suslow <- itemconf[1,13]
susave <- itemconf[2,13]
sushigh <- itemconf[3,13]
while (x <=3) {
if (x == 1) susval <- suslow
if (x == 2) susval <- susave
if (x == 3) susval <- sushigh
if (susval >= 84.1) curvedgrade <- "A+"
if (susval >= 80.8 && susval < 84.1) curvedgrade <- "A"
if (susval >= 78.9 && susval < 80.8) curvedgrade <- "A-"
if (susval >= 77.2 && susval < 78.9) curvedgrade <- "B+"
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if (susval >= 74.1 && susval < 77.2) curvedgrade <- "B"
if (susval >= 72.6 && susval < 74.1) curvedgrade <- "B-"
if (susval >= 71.1 && susval < 72.6) curvedgrade <- "C+"
if (susval >= 65.0 && susval < 71.1) curvedgrade <- "C"
if (susval >= 62.7 && susval < 65.0) curvedgrade <- "C-"
if (susval >=51.7 && susval < 62.7) curvedgrade <- "D"
if (susval < 51.7) curvedgrade <- "F"
if (x == 1) susgradelow <- curvedgrade
if (x == 2) susgradeave <- curvedgrade
if (x == 3) susgradehigh <- curvedgrade
X <-x+1
}
# Converting observed results to percentiles (based on Sauro 2011)
y<-1
x<-1
susindexlow <- round(suslow)
susindexave <- round(susave)
susindexhigh <- round(sushigh)
susperclow <- suspercentiles[susindexlow]
suspercave <- suspercentiles[susindexave]
susperchigh <- suspercentiles[susindexhigh]
# Predicting likelihood to recommend and associated Net Promoter Score
promoters <- array(0,c(n))
detractors <- array(0,c(n))
passives <- array(0,c(n))
while (x <= n) {
Itr <- round(0.1*itemarray[x,13])
if (Itr >=9) promoters[x] <- promoters[x]+1
if (Itr <= 6) detractors[x] <- detractors[x]+1
if (Itr >6 && Itr < 9) passives[x] <- passives[x]+1
X <-x+1
}
x<-1
promosum <- sum(promoters)
detractsum <- sum(detractors)
nps <- (promosum/n - detractsum/n)*100
npsper <- paste(nps,"%",sep="")
# Print the results
cat("\n")
cat("RESULTS OF SUS ANALYSIS \n\n")
cat("Overall \n\n")
cat("Overall SUS mean:",format(susave,digits=3),"\t ",confper,"confidence interval:",format(suslow,digits=3),"-
" format(sushigh,digits=3),"\n")
cat("Percentiles:",format(suspercave,digits=3),"\t ",confper,"confidence interval:",format(susperclow,digits=3),"-
" format(susperchigh,digits=3),"\n")
cat("Curve grades:",susgradeave,"\t ",confper,"confidence interval:",susgradelow,"-",susgradehigh,"\n")
cat("Estimated NPS:",npsper,"\n\n")
cat("Subscales \n\n")
cat("Usable scale:",format(itemconf[2,11],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,11],digits=3),"-",format(itemconf[3,11],digits=3),"\n")
cat("Learnable scale:",format(itemconf[2,12],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,12],digits=3),"-",format(itemconf[3,12],digits=3),"\n\n")
if (nmissing > 0) cat("Number of deleted cases due to missing data:",nmissing,"\n\n")
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}

# Analyze SUS matrix from Jim's Web directory (standard version of SUS with varied taw untransformed data)
# This is for a data file in which rows are cases of witbase data
# Also need to provide desired level for confidence intervals as proportion or percentage (e.g., .95 or 95 for 95%
confidence)
# The input file should have rowand column labels and be a tab delimited text file
# Missing data should be denoted NA and the entire case will be deleted
#
analyze.sus.fromweb <function(filename,conf) {
intro <- "http://drjim.Ocatch.com/PracStatPackVv2/"
f <- paste(intro,filename,sep="")
origdata <- read.table(f,header=TRUE,row.names=1)
data <- na.omit(origdata)
norig <- nrow(origdata)
nleft <- nrow(data)
nmissing <- norig - nleft
attach(data)
if (conf > 1) conf <- conf/100
confper <- paste(conf*100,"%",sep="")
rows <- nrow(data)
cols <- ncol(data)
n <- rows
x<-1
y<-1
# Defining odd and even items
oddeven <- array("",c(10))
oddeven[1] <- "odd"
oddeven[2] <- "even"
oddeven[3] <- "odd"
oddeven[4] <- "even"
oddeven[5] <- "odd"
oddeven[6] <- "even"
oddeven[7] <- "odd"
oddeven[8] <- "even"
oddeven[9] <- "odd"
oddeven[10] <- "even"
# Building item/scale arrays and recoding scores
itemarray <- array(0,c(n,13))
while (y <= cols) {
while (x <= rows) {
if (oddeven[y] == "odd") itemarray[x,y] <- data[x,y] - 1
if (oddeven[y] == "even") itemarray[x,y] <- 5 - data[x,y]
X <-x+1
}
y <-y+1
x<-1
}
while (x <= rows) {
itemarray[x,11] <- (sum(itemarray[x,1:3]) + sum(itemarray(x,5:9]))*3.125
itemarray[x,12] <- (sum(itemarray[x,4]) + sum(itemarray[x,10]))*12.5
itemarray[x,13] <- sum(itemarray[x,1:10])*2.5
X <-x+1
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}
# Confidence intervals for items/scales
y<-1
x<-1
itemconf <- array(0,c(3,13))
itemsderr <- array(0,c(13))
d <- array(0,c(13))
u <- array(0,c(13))
upper <- array(0,c(13))
lower <- array(0,c(13))
df =n-1
t <- abs(qt((1-conf)/2,df))
while (y <= 13) {
itemsderr[y] <- sd(itemarray[,y])/n".5
d[y] <- t*itemsderr[y]
uly] <- mean(itemarray[,y])
lower[y] <- u[y]-d[y]
upper(y] <- u[y]+d[y]
itemconf[1,y] <- lower[y]
itemconf([2,y] <- u[y]
itemconf([3,y] <- upperly]
y<-y+1
}
# SUS Percentiles and from Sauro 2011
suspercentiles <- array(0,c(1,100))
suspercentiles[1] <- ¢(0.2)
suspercentiles[2] <- ¢(0.2
suspercentiles[3] <- c(
suspercentiles[4] <- c(
suspercentiles[5] <- c(
suspercentiles[6] <- c(
suspercentiles[7] <- ¢(
suspercentiles[8] <- ¢(
suspercentiles[9] <- ¢(
suspercentiles[10] <- ¢(0.5)
suspercentiles[11] <- ¢(0.5)
suspercentiles[12] <- ¢(0.6)
suspercentiles[13] <- ¢(0.6)
suspercentiles[14] <- ¢(0.7)
suspercentiles[15] <- ¢(0.7)
suspercentiles[16] <- ¢(0.8)
suspercentiles[17] <- ¢(0.8)
suspercentiles[18] <- ¢(0.9)
suspercentiles[19] <- ¢(1.0)
(
(
(
(
(
(
(
(
(

)
0.3)
0.3)
0.3)
0.3)
0.4)
0.4)
0.4

)

suspercentiles[20] <- ¢(1.1)
suspercentiles[21] <- ¢(1.2)
suspercentiles[22] <- ¢(1.3)
suspercentiles[23] <- c¢(1.4)
suspercentiles[24] <- ¢(1.5)
suspercentiles[25] <- ¢(1.6)
suspercentiles[26] <- c¢(1.8)
suspercentiles[27] <- ¢(1.9)
suspercentiles[28] <- ¢(2.1)
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suspercentiles[29] <- ¢(2.3)
suspercentiles[30] <- ¢(2.5)
suspercentiles[31] <- ¢(2.7)
suspercentiles[32] <- ¢(2.9)
suspercentiles[33] <- ¢(3.2)
suspercentiles[34] <- c(3.4)
suspercentiles[35] <- ¢(3.8)
suspercentiles[36] <- c(4.1)
suspercentiles[37] <- c(4.4)
suspercentiles[38] <- c(4.8)
suspercentiles[39] <- ¢(5.3)
suspercentiles[40] <- ¢(5.7)
suspercentiles[41] <- ¢(6.2)
suspercentiles[42] <- c(6.8)
suspercentiles[43] <- ¢(7.3)
suspercentiles[44] <- ¢(8.0)
suspercentiles[45] <- ¢(8.7)
suspercentiles[46] <- c¢(9.4)
suspercentiles[47] <- ¢(10.2)
suspercentiles[48] <- ¢(11.1)
suspercentiles[49] <- ¢(12.1)
suspercentiles[50] <- ¢(13.1)
suspercentiles[51] <- ¢(14.2)
suspercentiles[52] <- ¢(15.4)
suspercentiles[53] <- ¢(16.7)
suspercentiles[54] <- ¢(18.1)
suspercentiles[55] <- ¢(19.6)
suspercentiles[56] <- ¢(21.2)
suspercentiles[57] <- ¢(22.9)
suspercentiles[58] <- c(24.7)
suspercentiles[59] <- ¢(26.7)
suspercentiles[60] <- c(28.8)
suspercentiles[61] <- ¢(31.0)
suspercentiles[62] <- ¢(33.3)
suspercentiles[63] <- ¢(35.8)
suspercentiles[64] <- c(38.4)
suspercentiles[65] <- c(41.1)
suspercentiles[66] <- c(43.9)
suspercentiles[67] <- c(46.9)
suspercentiles[68] <- ¢(50.0)
suspercentiles[69] <- ¢(53.2)
suspercentiles[70] <- ¢(56.4)
suspercentiles[71] <- ¢(59.8)
suspercentiles[72] <- ¢(63.1)
suspercentiles[73] <- ¢(66.5)
suspercentiles[74] <- ¢(69.9)
suspercentiles[75] <- ¢(73.2)
suspercentiles[76] <- ¢(76.5)
suspercentiles[77] <- ¢(79.7)
suspercentiles[78] <- c(82.7)
suspercentiles[79] <- ¢(85.5)
suspercentiles[80] <- c(88.1)
suspercentiles[81] <- ¢(90.5)
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suspercentiles[82] <- ¢(92.6)
suspercentiles[83] <- c(94.4)
suspercentiles[84] <- ¢(95.9)
suspercentiles[85] <- ¢(97.2)
suspercentiles[86] <- c(98.1)
suspercentiles[87] <- c(98.8)
suspercentiles[88] <- ¢(99.3)
suspercentiles[89] <- ¢(99.6)
suspercentiles[90] <- ¢(99.8)
suspercentiles[91] <- ¢(99.9)
suspercentiles[92] <- ¢(100.0)
suspercentiles[93] <- ¢(100.0)
suspercentiles[94] <- ¢(100.0)
suspercentiles[95] <- ¢(100.0)
suspercentiles[96] <- ¢(100.0)
suspercentiles[97] <- ¢(100.0)
suspercentiles[98] <- ¢(100.0)
suspercentiles[99] <- ¢(100.0)
suspercentiles[100] <- ¢(100.0)
# Curved grades from Sauro 2011
suslow <- itemconf[1,13]
susave <- itemconf[2,13]
sushigh <- itemconf[3,13]
while (x <=3) {
if (x == 1) susval <- suslow
if (x == 2) susval <- susave
if (x == 3) susval <- sushigh
if (susval >= 84.1) curvedgrade <- "A+"
if (susval >= 80.8 && susval < 84.1) curvedgrade <- "A"
if (susval >= 78.9 && susval < 80.8) curvedgrade <- "A-"
if (susval >= 77.2 && susval < 78.9) curvedgrade <- "B+"
if (susval >=74.1 && susval < 77.2) curvedgrade <- "B"
if (susval >=72.6 && susval < 74.1) curvedgrade <- "B-"
if (susval >=71.1 && susval < 72.6) curvedgrade <- "C+"
if (susval >= 65.0 && susval < 71.1) curvedgrade <- "C"
if (susval >= 62.7 && susval < 65.0) curvedgrade <- "C-"
if (susval >=51.7 && susval < 62.7) curvedgrade <- "D"
if (susval < 51.7) curvedgrade <- "F"
if (x == 1) susgradelow <- curvedgrade
if (x == 2) susgradeave <- curvedgrade
if (x == 3) susgradehigh <- curvedgrade
X <-x+1
}
# Converting observed results to percentiles (based on Sauro 2011)
y<-1
x<-1
susindexlow <- round(suslow)
susindexave <- round(susave)
susindexhigh <- round(sushigh)
susperclow <- suspercentiles[susindexlow]
suspercave <- suspercentiles[susindexave]
susperchigh <- suspercentiles[susindexhigh]
# Predicting likelihood to recommend and associated Net Promoter Score
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promoters <- array(0,c(n))
detractors <- array(0,c(n))
passives <- array(0,c(n))
while (x <= n) {
Itr <- round(.1*itemarray[x,13])
if (Itr >=9) promoters[x] <- promoters[x]+1
if (Itr <= 6) detractors[x] <- detractors[x]+1
if (Itr >6 && Itr < 9) passives[x] <- passives[x]+1
X <-x+1
}
x<-1
promosum <- sum(promoters)
detractsum <- sum(detractors)
nps <- (promosum/n - detractsum/n)*100
npsper <- paste(nps,"%",sep="")
# Print the results
cat("\n")
cat("RESULTS OF SUS ANALYSIS \n\n")
cat("Overall \n\n")
cat("Overall SUS mean:",format(susave,digits=3),"\t ",confper,"confidence interval:",format(suslow,digits=3),"-
" format(sushigh,digits=3),"\n")
cat("Percentiles:",format(suspercave,digits=3),"\t ",confper,"confidence interval:",format(susperclow,digits=3),"-
" format(susperchigh,digits=3),"\n")
cat("Curve grades:",susgradeave,"\t ",confper,"confidence interval:",susgradelow,
cat("Estimated NPS:",npsper,"\n\n")
cat("Subscales \n\n")
cat("Usable scale:",format(itemconf[2,11],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,11],digits=3),"-",format(itemconf[3,11],digits=3),"\n")
cat("Learnable scale:",format(itemconf[2,12],digits=3),"\t ",confper,"confidence
interval:",format(itemconf[1,12],digits=3),"-",format(itemconf[3,12],digits=3),"\n\n")
if (nmissing > 0) cat("Number of deleted cases due to missing data:",nmissing,"\n\n")

}

,susgradehigh,"\n")

# bench.rate.largesample: Comparing completion rate to benchmark -¢aiéed binomial test for large samples (np <
15)

# x is the number of targeted events (e.g., successes), n is the sample size,

# bench is the targeted benchmark expressed as a number between 0 and 1

# (e.g., a target of 90% successes would be .90)

#

bench.rate.largesample <function(x,n,bench) {

mle <- x/n

d <- mle - bench

np <- n*bench

se <- ((bench * (1-bench))/n)A.5

z<-d/se

appgreaterthanp <- pnorm(z)

applessthanp <- 1-pnorm(z)

cat("\nRESULTS\n\n")

cat("Observed proportion:",mle,"\n")

cat("z:",z,"\n")

cat("Probability of exceeding benchmark:",appgreaterthanp,"(p <",1- appgreaterthanp,")\n")
cat("Probability of being below benchmark:",applessthanp,"(p <",1- applessthanp,")\n")

if (np < 15) cat("Warning: sample size too small -- np < 15 \n")
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cat("\n")
}

# Comparing completion rate to benchmark ostailed binomial test for small samples (np < 15)
# x is the number of targete@vents (e.g., successes), n is the sample size,

# bench is the targeted benchmark expressed as a number between 0 and 1

# (e.g., a target of 90% successes would be .90)

#

bench.rate.smallsample <function(x,n,bench) {

mle <- x/n

np <- n*bench

exactexceedsp <- pbinom(x-1,n,bench)

midpexceedsp <- pbinom(x-1,n,bench) + .5*dbinom(x,n,bench)

exactislessthanp <- 1 - pbinom(x,n,bench)

midpislessthanp <- 1 - midpexceedsp

cat("\nRESULTS (mid-p recommended)\n\n")

cat("Observed proportion:",mle,"\n")

cat("Exact probability of exceeding benchmark:",exactexceedsp,"(p <",1- exactexceedsp,")\n")
cat("Mid probability of exceeding benchmark:",midpexceedsp,"(p <",1- midpexceedsp,")\n")
cat("Exact probability of being below benchmark:",exactislessthanp,"(p <",1- exactislessthanp,")\n")
cat("Mid probability of being below benchmark:",midpislessthanp,"(p <",1-midpislessthanp,")\n\n")
}

# Comparing mean to criterion with t with array as input (oriailed test)
# x is an array of scores, bench is the targeted benchiknar

#

bench.t.fromarray <function(x,bench) {

mean <- mean(x)

n <- length(x)

df<-n-1

sd <- sd(x)

t <- (mean - bench)/(sd/(n”.5))

p <- pt(t,df)

cat("\nRESULTS\n\n")

cat("Observed mean:",mean,"\n")

cat("t:",t," df:",df,"\n")

cat("Probability of exceeding benchmark:",p,"(p <",1 - p,")\n")
cat("Probability of being below benchmark:",1 - p,"(p <",p,")\n\n")

—

# Comparing mean of logs to log criterion with t with array as input (one-tailed test)
# x is an array of time scores, or any other type of data on which

# to perform a log transformation; bench is the specified benchmark value
#

bench.t.fromarray.withlogconversion <- function(x,bench) {

logx <- log(x)

logmean <- mean(logx)

geomean <- exp(logmean)

logbench <- log(bench)

regmean <- mean(x)

regmedian <- median(x)

n <- length(logx)

df<-n-1
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sd <- sd(logx)

t <- (logmean - logbench)/(sd/(n”.5))

p <- pt(t,df)

cat("\nRESULTS\n\n")

cat ("Arithmetic mean:",regmean,"\n")

cat ("Median:",regmedian, "\n")

cat("Geometric mean:",geomean,"\n")

cat("t:",t," df:",df,"\n")

cat("Probability of exceeding benchmark:",p,"(p <",1 - p,")\n")
cat("Probability of being below benchmark:",1 - p,"(p <",p,")\n\n")

—

# Comparing mean to criterion with t with array dsput (one-tailed test)
# mean is the observed mean, bench is the targeted benchmark value,
# sd is the standard deviation, n is the sample size

#

bench.t.fromsummary <function(mean,bench,sd,n) {

df<-n-1

t <- (mean - bench)/(sd/(n”.5))

p <- pt(t,df)

cat("\nRESULTS\n\n")

cat("t:",t,"\n")

cat("df:",df,"\n")

cat("Probability of exceeding benchmark:",p,"(p <",1 - p,")\n")
cat("Probability of being below benchmark:",1 - p,"(p <",p,")\n\n")

}

# AdjustedWald binomial confidence interval given array of @sd 1s

# Scores is an array made up of Os and 1s; conf is the desired level of confidence

# expressed as a number between 0 and 1 or between 1 and 100 (e.g., 95% confidence would be .95 or 95)
# z adjusted to onesided interval if all x's are 0 or 1

#

ci.adjwald.fromarray < function(scores,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

n <- length(scores)

X <- sum(scores)

p <-x/n
z <- abs(gnorm((1-conf)/2))
if (mean(scores) == 0) z <- abs(gnorm(1-conf))

if (mean(scores) == 1) z <- abs(gnorm(1-conf))
xadj <- x + (z*2)/2

nadj <- n +z"2

padj <- xadj/nadj

se <- ((padj*(1-padj))/nadj)*.5

d <- se*z

lower <- padj - d

upper <- padj +d

cat ("\nRESULTS \n\n")

cat ("Adjusted p (Wilson):\t",padj, "\n")

cat ("Margin of error:\t",d, "\n")

if (upper <= 1) cat(confper,"upper limit:\t", upper, "\n") else cat(confper,"upper limit:\t>.999999 \n")
cat ("p (maximum likelihood):\t", p, "\n")

James R. Lewis & Jeff Sauro



Appendix: The R Functions

if (lower >= 0) cat(confper,"lower limit:\t", lower, "\n") else cat(confper,"lower limit:\t<.000001 \n")
Cat (IIII’II\nII)
}

# AdjustedWald binomial confidence interval given x and n

# x is the number of targeted events (e.g., successes), n is the sample size,

# conf is the desired level of confidence expressed as a number between 0 and 1 or between 1 and 100
# (e.g., 95% confidence would be .95 or 95)

# z adjusted to onesided interval if all x's are 0 or 1

#

ci.adjwald.fromsummary <function(x,n,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

z <- abs(gnorm((1-conf)/2))

if (x == 0) z <- abs(gnorm(1-conf))

if (x ==n) z <- abs(gnorm(1-conf))

p <-x/n

xadj <- x + (z*2)/2

nadj <- n +z"2

padj <- xadj/nad;j

se <- ((padj*(1-padj))/nadj)A.5

d <- se*z

lower <- padj - d

upper <- padj + d

cat ("\nRESULTS \n\n")

cat ("Adjusted p (Wilson):\t",padj, "\n")

cat ("Margin of error:\t",d, "\n")

if (upper <= 1) cat(confper,"upper limit:\t", upper, "\n") else cat(confper,"upper limit:\t>.999999 \n")
cat ("p (maximum likelihood):\t", p, "\n")

if (lower >=0) cat(confper,"lower limit:\t", lower, "\n") else cat(confper,"lower limit:\t<.000001 \n")
cat ("","\n")

}

# Confidence interval (with test of significance) forNTwo-Proportion Test given p and n
# Inputs are pl, n1, p2, n2, and conf

# conf is the level for the confidence interval

# expressed as a number between 0 and 1 or between 1 and 100 (e.g., 95% confidence would be .95 or 95)
#

ci.independentproportions.difference <function(p1,n1,p2,n2,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

x1<-pl*nl

X2 <-p2 *n2

N<-nl+n2

a <- round(x1)

b <- round(n1 - x1)

¢ <- round(x2)

d <- round(n2 - x2)

m<-a+b

n<-c+d

r<-a+c

s<-b+d

P <- (x1 +x2)/(n1+ n2)
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Q<-1-P

testznum <- (p1 - p2)*((N-1)/N)7.5

testzden <- (P * Q * (1/n1 + 1/n2))A.5

testz <- testznum/testzden

ptestz <- 2*pnorm(-abs(testz))

z <- abs(gnorm((1-conf)/2))

pladj<- (a+2z*2/4)/(m + z"2/2)

p2adj <- (c +z"2/4)/(n + 2/2/2)

nladj<- m+z72/2

n2adj <- n +z/2/2

diff <- p1 - p2

diffadj <- pladj - p2adj

se <- ((pladj*(1 - pladj)/niadj) + (p2adj*(1 - p2adj)/n2adj))*.5
critdiff <- z*se

upper <- diffadj + critdiff

lower <- diffadj - critdiff

cat("\nRESULTS\n\n")

cat (confper,"confidence interval of difference between proportions","\n\n")
cat ("p1:",p1,"\n")

cat ("p2:",p2,"\n")

cat ("Adjusted value of p1:",pladj,"\n")

cat ("Adjusted value of p2:",p2adj,"\n")

cat ("Adjusted difference:",diffadj,"\n")

cat ("Margin of error:",critdiff,"\n\n")

cat("Upper limit:", upper, "\n")

cat ("Maximum likelihood estimate (observed difference):", diff, "\n")
cat("Lower limit:", lower, "\n\n")

cat ("N-1 Two-Proportion z:",testz," p:",ptestz,"\n\n")

}

# Confidence interval for difference in matched proportions (with McNemar test)

# Focuses on McNemar Test (tvtailed) with confidence interval on dirence in proportions
# Inputs are p1, p2, p12, p21, n and conf

# pl and p2 are the overall proportions for the study (e.g., success rates)

# pl2 and p21 are the discordance rates (p12: passed A, failed B; p21: passed B, failed A)
# n is the sample size gmber of people who experienced both test conditions)

# conf is the level for the confidence interval

# expressed as a number between 0 and 1 or between 1 and 100 (e.g., 95% confidence would be .95 or 95)
#

ci.matchedproportions.difference <function(p1p2,p12,p21,n,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

N <-n

z <- abs(gnorm((1-conf)/2))

pll<-p2-p21

p22<-(1-p2)-pl12

a<-round(pll * N)

b <- round(p12 * N)

c <-round(p21 * N)

d <- round(p22 * N)

m<-a+b

n<-c+d

r<-a+c
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s<-b+d

adj =z72/8

aadj <- a + adj

badj <- b + adj

cadj <- c +adj

dadj <- d + adj

madj <- aadj + badj

nadj <- cadj + dadj

radj <- aadj + cadj

sadj <- badj + dadj

Nadj <- aadj + badj + cadj + dadj

pladj <- madj/Nadj

p2adj <- radj/Nadj

p12adj <- badj/Nadj

p21adj <- cadj/Nad;j

diffadj <- p2adj - pladj

se <- (((p12adj + p21adj) - (p21adj - p12adj)*2)/Nadj)*.5

critdiff <- se*z

upper <- diffadj + critdiff

lower <- diffadj - critdiff

ndiscord <-b + ¢

smaller <- min(b,c)

bench <- .5

mle <- smaller/ndiscord

exactexceedsp <- pbinom(smaller-1,ndiscord,bench)

midpexceedsp <- pbinom(smaller-1,ndiscord,bench) + .5*dbinom(smaller,ndiscord,bench)

exactislessthanp <- 1 - pbinom(smaller,ndiscord,bench)

midpislessthanp <- 1 - midpexceedsp

mcnemarmidp <- 2*(1-midpislessthanp)

mcnemarexactp <- 2*(1- exactislessthanp)

cat("\nRESULTS\n\n")

cat(confper,"CONFIDENCE INTERVAL \n\n")

cat("p1:",p1,"\n")

cat("p2:",p2,"\n")

cat ("Adjusted value of p1:",pladj,"\n")

cat ("Adjusted value of p2:",p2adj,"\n")

cat("Adjusted difference:",diffadj,"\n")

cat("Margin of error:",critdiff,"\n")

cat("Upper limit:",upper,"\n")
(
(

cat("Observed difference:",p2-p1,"\n")

cat("Lower limit:",lower,"\n\n")

cat("TESTS OF SIGNIFICANCE \n\n")

if (mcnemarmidp <= 1) cat("McNemar Mid Probability (recommended):", mcnemarmidp, "\n\n") else cat("McNemar
Mid Probability (recommended): 1 \n\n")

cat("Alternate analyses (not recommended) \n")

if (mcnemarexactp <= 1) cat("McNemar Exact Probability:", mcnemarexactp, "\n") else cat("McNemar Exact
Probability: 1 \n")

mcnemarchisquared <- ((c - b)*2)/(c + b)

df<-1

pmcnemarchisquared <- 1-pchisq(mcnemarchisquared,df)

cat("McNemar Chi-Squared:",mcnemarchisquared," df:",df," p:",pmcnemarchisquared,"\n")
mcnemaryates <- ((abs(c - b)-1)*2)/(c + b)

pmcnemaryates <- 1-pchisq(mcnemaryates,df)
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cat("McNemar Chi-Squared with Yates Correction:",mcnemaryates," df:",df," p:",pmcnemaryates,"\n\n")

}

# Confidence interval around the median (use for n > 25 scores)
# x is an array of scores; conf is the dtesl level of confidence
# expressed as a number between 0 and 1 or between 1 and 100
# (e.g., 95% confidence would be .95 or 95)

#

ci.median.fromarray <function(x,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

n <- length(x)

m <- median(x)

p<-.5

np <- n*p

z <- abs(gnorm((1-conf)/2))

se <- (np*(1-p))*.5

d<-z*se

sortx <- sort(x)

lowerdatapoint <- ceiling(np-d) #ceiling is roundup function
upperdatapoint <- ceiling(np+d)

lower <- sortx[lowerdatapoint]

upper <- sortx[upperdatapoint]

cat ("\nRESULTS:",confper,"CONFIDENCE INTERVAL \n\n")
cat("Upper limit:", upper, "\n")

cat("Median:", m, "\n")

cat("Lower limit:", lower, "\n")

if (n < 25) cat("Warning: sample size too small -- n < 25")
cat("\n")

}

# Confidence interval around percentile (use for large samplesnp > 15-- smaller p needs larger n)
# x is an array of scores, p is the specified percentile,
# conf is the level of confidence expressed as a number between 0 and 1 or between 1 and 100
# (e.g., 95% confidence woulae .95 or 95)

#

ci.percentile.fromarray <function(x,p,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

n <- length(x)

np <- n*p

z <- abs(gnorm((1-conf)/2))

se <- (np*(1-p))*.5

d <- z*se

sortx <- sort(x)

lowerdatapoint <- ceiling(np-d)

upperdatapoint <- ceiling(np+d)

lower <- sortx[lowerdatapoint]

upper <- sortx[upperdatapoint]

percentile <- quantile(x,p)

cat ("\nRESULTS:",confper,"CONFIDENCE INTERVAL \n\n")
cat("Upper limit:", upper, "\n")

cat("Percentile (",p,"):",percentile, "\n")
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cat("Lower limit:", lower, "\n")

if (np < 15) cat("Warning: sample size too small -- np < 15 \n")
cat(ll\nll)

}

# Confidence interval usinggcore given an array of scores

# x is an array of scores; conf is the desired level of confidence
# expressed as a number between 0 and 1 or between 1 and 100 (e.g., 95% confidence would be .95 or 95)
#

ci.t.fromarray < function(x,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

n <- length(x)

df =n-1

t <- abs(qt((1-conf)/2,df))

se <- sd(x)/n”.5

d <- t*se

u <- mean(x)

lower <- u-d

upper <- u+d

cat ("\nRESULTS:",confper,"CONFIDENCE INTERVAL \n\n")

cat ("Upper limit:", upper, "\n")

cat ("Mean:", u, "\n")

cat ("Lower limit:", lower, "\n")

cat ("Margin of error:",d, "\n\n")

}

# Confidence interval using-Score given an array of time scores (use for n < 25 scores)
# x is an array of time scores, or any other type of data on which
# to perform a log transformation;

# conf is the level of confidence expressed as a number betweand 1 or between 1 and 100
# (e.g., 95% confidence would be .95 or 95)

#

ci.t.fromarray.withlogconversion <function(x,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

n <- length(x)

regmean <- mean(x)

regmedian <- median(x)

df =n-1

xlog <- log(x)

t <- abs(qt((1-conf)/2,df))

se <- sd(xlog)/n".5

d<- t*se

ulog <- mean(xlog)

lowerlog <- ulog-d

upperlog <- ulog+d

u <- exp(ulog)

lower <- exp(lowerlog)

upper <- exp(upperlog)

cat ("\nRESULTS:",confper,"CONFIDENCE INTERVAL \n\n")

cat ("Arithmetic mean:",regmean,"\n")

cat ("Median:",regmedian, "\n")
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cat ("Upper limit:", upper, "\n")
cat ("Geometric Mean:", u, "\n")
cat ("Lower limit:", lower, "\n")
cat ("Critical value of t:",t,"\n")
cat ("\n")

}

# Confidence interval using$coregiven summary data

# u is the mean, sd the standard deviation, n the sample size
# conf is the level of confidence expressed as a number between 0 and 1 or between 1 and 100
# (e.g., 95% confidence would be .95 or 95)

#

ci.t.fromsummary < function(u,sd,ngonf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

df=n-1

t <- abs(qt((1-conf)/2,df))

d <-t*sd/n”.5

lower <- u-d

upper <- u+d

cat ("\nRESULTS:",confper,"CONFIDENCE INTERVAL \n\n")

cat ("Upper limit:", upper, "\n")

cat ("Mean:", u, "\n")

cat ("Lower limit:", lower, "\n")

cat ("Margin of error:",d, "\n")

cat ("Standard error:",sd/n”.5,"\n")

cat ("Critical value of t:",t,"\n\n")

}

# Compute equivalent confidence given nominal confidence and power and number of tails
#

compute.equivalentconfidence <function(conf,power tails) {
if (conf > 1) conf <- conf/100

if (power > 1) power <- power/100

if (tails != 1) zconf <- abs(gnorm((1-conf)/2))

if (tails == 1) zconf <- abs(gnorm((1-conf)))

zpower <- abs(gnorm((1-power)))

z <- zconf + zpower

if (tails 1= 1) equivconf <- 1 - 2*(1-pnorm(z))

if (tails == 1) equivconf <- pnorm(z)

cat("\nRESULTS\n\n")

cat("z(confidence):",zconf,"\n")

cat("z(power):",zpower,"\n")

cat("z(combined):",z,"\n\n")

cat("Equivalent confidence:",equivconf,"\n\n")

}

# Value of critical difference for log data given the arithmetic (ndomgged) mean and the critical difference
#

compute.logcritdiff < function(u,d) {

sum<-u+d

dlog <- log(sum) - log(u)

cat("\nRESULT\n\n")
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cat("Value to use for log critical difference:",dlog,"\n\n")

}

# Preprocessing for time data to use as input for sample size estimation
# Input is an array of times (or any other data to undergo log transformation) and a planned critical difference (x and d)
# Output are the arithmetic mean, the median, the geometric mean, the variance and standard deviations of the log
data,

# and the value to use for the critical difference
compute.logsummary.fromarray <- function (x,d) {

n <- length(x)

regmean <- mean(x)

regmedian <- median(x)

xlog <- log(x)

meanlog <- mean(xlog)

geomean <- exp(meanlog)

sdlog <- sd(xlog)

varlog <- sd(xlog)"2

selog <- sdlog/n”.5

sum <- regmean +d

dlog <- log(sum) - log(regmean)

cat("\nRESULTS\n\n")

cat("Arithmetic mean:",regmean,"\n")

cat("Median:",regmedian,"\n")

cat("Geometric Mean:", geomean,"\n")

cat("Mean of log data:",meanlog,"\n")

cat("Standard deviation of log data:", sdlog,"\n")

cat("Variance of log data:", varlog, "\n")

cat("Standard error of the mean of the log data:",selog,"\n")
cat("Sample size:",n,"\n")

cat("Value to use for log critical difference:",dlog,"\n")

cat("\n")

(
(
(
(
(
(
(
(
(
(

—

# Bonferroni and BenjaminHochberg adjustment
#
# n is the planned number of comparisons
# alpha is the overall desired level of of significance
# The value for Bonferroni is alpha divided bye number of comparisons
# The values for Benjamilochberg use their rankased approach
#
compute.mcadjustments <function(n,alpha) {
bonferroni <- alpha/n
cat("\nRESULTS\n\n")
cat("Bonferroni adjustment for critical value of p:",bonferroni,"\n\n")
cat("Benjamini-Hochberg adjustments for critical values of p","\n")
iteration <- 1
while (iteration < n+1) {
bh <- iteration*alpha/n
rank <- paste("Rank ",iteration,":",sep="")
cat(rank,bh,"\n")
iteration <- iteration + 1
}
cat("\n")
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}

# Compute Net Promoter Score from array of raw NPS data
# Raw NPS data are Likelihood to Recommend (LTR) sedrgsgers ranging from 0 to 10
#
compute.nps.fromarray <function(scores) {
n <- length(scores)
promoters <- array(0,c(n))
detractors <- array(0,c(n))
passives <- array(0,c(n))
x<-1
while (x <= n) {
if (scores[x] >= 9) promoters[x] <- promoters[x]+1
if (scores[x] <= 6) detractors[x] <- detractors[x]+1
if (scores[x] >6 && scores[x] < 9) passives[x] <- passives[x]+1
X <-x+1
}
promosum <- sum(promoters)
detractsum <- sum(detractors)
passivesum <- sum(passives)
nps <- (promosum/n - detractsum/n)*100
npsper <- paste(format(nps, digits=4),"%",sep="")
cat("\nRESULTS \n\n")
cat("Number of promoters:",promosum,"\n")
cat("Number of passives:",passivesum,"\n")
cat("Number of detractors:",detractsum,"\n")

(
(
(I
cat("Net Promoter Score (NPS):",npsper,"\n\n")

—

# Estimating padj from p (from Jeff's regression equation)
#

compute.padjfromp < function(p) {

padj <- .9*p - .046

cat("\nRESULT\n\n")

cat("Estimate of adjusted p:",padj,"\n")

cat("\n")

}

# Get casestyle data from a stored matrix of data

# This is for a data file in which rows are cases of witbase data

# The names of the dependent variables come from the column headers
# Missing data needto be represented by NA in file

# This function deletes cases with missing data

# The R syntax for getting a file on a PC uses a path like this:

# "C\\Documents and Setting$jimlewis\\My Document$\ R-Filed\table501.txt"
#

getdata.fromfile < function(filename) {

f <- filename

origdata <- read.table(f,header=TRUE)

data <- na.omit(origdata)

norig <- nrow(origdata)

nleft <- nrow(data)

nmissing <- norig - nleft
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attach(data)
if (nmissing > 0) cat("Number of deleted cases due to missing data:",nmissing,"\n")

}

# Get casestyle data from a stored matrix of data from Jim's website

# This is for a data file in which rows are cases of witbase data

# The names of the dependent variables come from the column headers
# Missing data needs to be represented by Méfore input

# This function deletes cases with missing data

#

getdata.fromweb < function(filename) {

intro <- "http://drjim.Ocatch.com/PracStatPackVv2/"

f <- paste(intro,filename,sep="")

origdata <- read.table(f,header=TRUE)

data <- na.omit(origdata)

norig <- nrow(origdata)

nleft <- nrow(data)

nmissing <- norig - nleft

attach(data)

if (nmissing > 0) cat("Number of deleted cases due to missing data:",nmissing,"\n")

}

# Sample size estimation for "at least once" problem discovery

# Inputs are the problen discovery goal expressed as a proportion between 0 and 1 (e.g., .80 for 80% discovery),
# and the lowest probability of problem occurrence for which you want to achieve the problem discovery goal,
# also expressed as a number between 0 and 1 (e.g., .15)

#

n.atleastonce <function(discoverygoal,problemprob) {

n <- ceiling(log(1 - discoverygoal)/log(1 - problemprob))

cat("\nRESULT\n\n")

cat("Recommended sample size:",n,"\n")

cat("\n")

}

# Sample size estimation for comparing rate with upper benchmarkrétere method based on adjustedvald)
# bench is the target proportion; critd is the minimum (critical) difference to be able to detect

# Desired levels of confidence and power expressed as a number between 0 and 1 or between 1 and 100
# (e.g., 95% confidece would be .95 or 95; 80% power would be .8 or 80)

# Because is test against benchmark, uses-taiéed confidence

#

n.bench.rate <function(bench,critd,conf,power) {

# Initialize values

tails <- 1

if (conf > 1) conf <- conf/100

if (power > 1) power <- power/100

zconf <- abs(gnorm((1-conf)))

zpower <- abs(gnorm((1-power)))

z <- zconf + zpower

if (tails 1= 1) equivconf <- 1 - 2*(1-pnorm(z))

if (tails == 1) equivconf <- pnorm(z)

if (tails = 1) equivconfper <- paste(format(equivconf*100,digits=7),"% (two-sided)",sep="")

if (tails == 1) equivconfper <- paste(format(equivconf*100,digits=7),"% (two-sided)",sep="")

ncurr <- 2
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ninit<-1
iteration<-0

p = bench + critd
g=1-p

# Standard (Cohen, 1988) estimate of n (nstd)

esl <- 2*asin(sqrt(p))

es2 <- 2*asin(sqrt(bench))

h <- abs(es1-es2)*sqrt(2)

nstd <- ceiling(((z/h)"2)*2)

# Get initial estimate of n and compute first adjusted-Wald lower bound

ninit <- ceiling((z*2*p*q)/critd"2)

X <- round(ninit*p)

xadj <- x + (z2)/2

nadj <- ninit + zA2

padj <- xadj/nadj

se <- ((padj*(1-padj))/nadj)*.5

d <- se*z

lower <- padj -d

upper <- padj + d

cat ("\nRESULTS \n\n")

cat("z(confidence):",zconf,"\n")

cat("z(power):",zpower,"\n")

cat("z(combined):",z,"\n")
(
(

cat("Equivalent confidence:",equivconf,"\n\n")
cat("Standard estimate of n:",nstd,"\n\n")
cat ("Initial estimate of n:",ninit,"\n")
cat ("Initial adjusted p (Wilson):",padj, "\n")
cat ("Initial margin of error:",d, "\n")
cat ("p (maximum likelihood):", p, "\n")
if (lower >=0) cat("Initial lower limit:", lower, "\n") else cat("Initial lower limit:<.000001 \n")
cat("\n")
# Search for lowest sample size that has lower bound above criterion for given p (which is sum of bench and critd)
n <- ninit
while ((lower < bench) && (iteration < 10001)) {
iteration <- iteration + 1
n<-n+l1
X <-round(n * p)
mle <- x/n
xadj <- x + (z*2)/2
nadj <- n +z"2
padj <- xadj/nadj
se <- ((padj*(1-padj))/nadj)*.5
dadj <- se*z
lower <- padj - dadj
upper <- padj + dad;j

cat("Iteration:",iteration,"\tn:",n,"\tx:",x,"\tp:",format(mle,digits=5),"\txadj:",format(xadj,digits=5),"\tnadj:",format(na
dj,digits=5))

cat("\tpad;j:",format(padj,digits=5),"\tdadj:",format(dadj,digits=5),"\tlower:",format(lower,digits=5))

cat("\n")

}
cat("\n")
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if (iteration < 10000) cat("Recommended sample size:",n,"\n") else cat("WARNING: Over 10000 iterations -- problem
finding adequate sample size \n")
cat("\n")
# Determine maximum number of errors that can occur and still accomplish test goals
midpexceedsp <- 1
while ((x > 0) && ((1-midpexceedsp) < (1-conf))) {
midpexceedsp <- pbinom(x-1,n,bench) + .5*dbinom(x,n,bench)
Xx<-x-1
}
X<-X+2
midpexceedsp <- pbinom(x-1,n,bench) + .5*dbinom(x,n,bench)
cat("Maximum tolerable number of failures given alpha =",1-conf,"with an observed mid-p significance level of",1-
midpexceedsp,"is:",n-x,"\n\n")

}

# Binomial sample size estimation for large samples given confidence, power, p, the critical difference, and number
of tails

# conf is the desired level of confidence expressed asimber between 0 and 1 or 1 and 100
# e.g., 95% confidence would be .95 or 95

# power is also a number between 0 and 1 or 1 and 100, alwayssided,

# e.g., 50% confidence would be .50 or 50 (with z = 0)

#

n.binomial.largesample <function(conf,powerp,d,tails) {

if (conf > 1) conf <- conf/100

if (power > 1) power <- power/100

if (tails != 1) zconf <- abs(gnorm((1-conf)/2))

if (tails == 1) zconf <- abs(gqnorm((1-conf)))

zpower <- abs(gnorm((1-power)))

z <- zconf + zpower

q<-1-p

n <- ceiling((z*2)*p*q/(d"2))

cat("\nRESULT\n\n")

cat("Recommended sample size:",n,"\n")

cat("\n")

}

# Binomial sample size estimation for small samples given confidence, power, p, the critical difference, and number
of tails

# conf is the desired level of cdidence expressed as a number between 0 and 1 or 1 and 100
# e.g., 95% confidence would be .95 or 95

# power is also a number between 0 and 1 or 1 and 100, alwayssided,

# e.g., 50% confidence would be .50 or 50 (with z = 0)

#

n.binomial.smallsample<- function(conf,power,p,d,tails) {

if (conf > 1) conf <- conf/100

if (power > 1) power <- power/100

if (tails != 1) zconf <- abs(gnorm((1-conf)/2))

if (tails == 1) zconf <- abs(gnorm((1-conf)))

zpower <- abs(gnorm((1-power)))

z <- zconf + zpower

q<-1-p

ninit <- ceiling((zA2)*p*q/(d*2))

padj <- (ninit*p + (z*2)/2)/(ninit + z/2)
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gadj <- 1 - padj

n <- ceiling(((z*2)*padj*qgadj/(d*2)) - (z*2))
cat("\nRESULT\n\n")

cat("Recommended sample size:",n,"\n")
cat("\n")

}

# Sample size estimation for correlation

#

# r is the expected correlatior if unknown, set to 0
# conf is the desired level of confidence

# critd is the desired width of the resulting confidence interval
n.correlation <- function(r,d,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

z <- abs(gnorm((1-conf)/2))

n <- ceiling(((z"2*(1-r*2)"2)/d"2)+1+6*r"2)
cat("\nRESULTS\n\n")

cat ("n:",n,"\n")

cat ("\n")

}

# Sample size estimation for a McNemar (difference in dependent proportions) test

# pl2 is the expected proportionfaliscordant pairs in which participants succeed with A but fail with B
# p21 is the expected proportion of discordant pairs in which participants succeed with B but fail with A
# d is the difference between p12 and p21

# conf is the desired level of cofence expressed as a number between 0 and 1 or 1 and 100
# e.g., 95% confidence would be .95 or 95

# power is also a number between 0 and 1 or 1 and 100, alwayssided,

# e.g., 50% confidence would be .50 or 50 (with z = 0)

#

n.mcnemar <function(conf,power,p12,p21) {

d <- abs(p12 - p21)

if (conf > 1) conf <- conf/100

if (power > 1) power <- power/100

zconf <- abs(gnorm((1-conf)/2))

zpower <- abs(gnorm((1-power)))

z <- zconf + zpower

Ninit <- ceiling(((z*2)*(p12 + p21)/(d”2)) - (z*2))

padj12 <- ((p12*Ninit) + (z*2)/8)/(Ninit + (z*2)/2)

padj21 <- ((p21*Ninit) + (z*2)/8)/(Ninit + (z*2)/2)

dadj <- padj21 - padj12

N <- ((z*2)*(padj12 + padj21)/(dadj”2)) - 1.5*(z"2)

n <- ceiling(N)

cat("\nRESULT\n\n")

cat("Recommended sample size:",n,"\n")

cat("\n")

}

# Sample size estimation for twby-two N-1 ChiSquared (difference in independent proportions) test
# conf is the desired level of confidence expressed as a number between 0 and 1 or 1 and 100

# e.g., 95% confidence would be .95 or 95

# power is &0 a number between 0 and 1 or 1 and 100, always ided,
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# e.g., 50% confidence would be .50 or 50 (with z = 0)
#

n.nminusonechisquared <function(conf,power,p1,p2) {
if (conf > 1) conf <- conf/100

if (power > 1) power <- power/100

d <- abs(pl - p2)

zconf <- abs(gnorm((1-conf)/2))

zpower <- abs(gnorm((1-power)))

z <- zconf + zpower

p <-(pl+p2)/2

q<-1-p

n <- ceiling((2*(z*2)*p*q/(d*2)) + .5)
cat("\nRESULTS\n\n")

cat("Recommended sample size per group:",n,"\n")
cat("Recommended total sample size:",2*n,"\n")

cat("\n")

}

# Sample size estimation for focus on intercept (or any other prediction)
#
# s2x and s2e are the estimated population variances
# conf is the desired level of confidence (e.g., 95% confidence would be .95 or 95)
# d is the desirednagnitude of the resulting margin of error
# predictor is the value of x for the targeted prediction of y
# barx is the mean of the
# When focusing on the-intercept, use O for the value of "prediction" in the function
# Uses iteration to estimate requéd sample size, max of 1000 iterations
#
n.prediction < function(s2x,s2e,d,conf,predictor, barx) {
if (conf > 1) conf <- conf/100
ncurr <--1
nprevl <- -2
nprev2 <- -3
iteration <- 0
z <- abs(gnorm((1-conf)/2))
nprevl <- ceiling((z*2*s2e*(1+(predictor-barx)*2/s2x))/(d"2)+2)
df <- nprev1 - 2
while ((ncurr != nprevl ) && (ncurr != nprev2) && (iteration < 1001)) {
iteration <- iteration + 1
nprev2 <- nprevl
nprevl <- ncurr
t <- abs(qt((1-conf)/2,df))
ncurr <- ceiling((t*2*s2e*(1+(predictor-barx)*2/s2x))/(d"2)+2)
df <- ncurr - 2
}
cat("\nRESULTS\n\n")
if (ncurr == nprev2 && ncurr < nprevl) cat("No convergence, fluctuating between:",ncurr,"and",nprevl,"\n")
if (ncurr == nprev2 && ncurr < nprevl) ncurr <- nprevl
cat("Recommended sample size:",ncurr,"\n")
cat("Number of iterations:",iteration,"\n")
if (iteration > 999) cat("WARNING: Over 1000 iterations -- problem converging \n")
cat("\n")
}
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# Sample size estimation for focus on slope given x and e populatemences, conf, and d
#
# s2x and s2e are the estimated population variances
# conf is the desired level of confidence (e.g., 95% confidence would be .95 or 95)
# d is the desired magnitude of the resulting margin of error
# Uses iteration to estimate regjred sample size, max of 1000 iterations
#
n.slope <function(s2x,s2e,d,conf) {
if (conf > 1) conf <- conf/100
ncurr <- -1
nprevl <- -2
nprev2 <- -3
iteration <- 0
z <- abs(gnorm((1-conf)/2))
nprevl <- ceiling((z*2*s2e)/(d"2*s2x)+2)
df <- nprev1 - 2
while ((ncurr !=nprevl ) && (ncurr != nprev2) && (iteration < 1001)) {
iteration <- iteration + 1
nprev2 <- nprevl
nprevl <- ncurr
t <- abs(qt((1-conf)/2,df))
ncurr <- ceiling((t*2*s2e)/(d"2*s2x)+2)
df <- ncurr -2
}
cat("\nRESULTS\n\n")
if (ncurr == nprev2 && ncurr < nprevl) cat("No convergence, fluctuating between:",ncurr,"and",nprevl,"\n")
if (ncurr == nprev2 && ncurr < nprevl) ncurr <- nprevl
cat("Recommended sample size:",ncurr,"\n")
cat("Number of iterations:",iteration,"\n")
if (iteration > 999) cat("WARNING: Over 1000 iterations -- problem converging \n")
cat("\n")
}

# Sample size estimation for orgample ttest given confidence, power, sd, critical difference, and 1 vs 2 tailed
# conf is the desired level of confidence expsesl as a number between 0 and 1 or between 1 and 100
# e.g., 95% confidence would be .95 or 95

# power is also a number between 0 and 1 or 1 and 100, alwayssided,

# e.g., 50% confidence would be .50 or 50 (with z = 0)

# Uses iteration to estimateequired sample size, max of 1000 iterations

#

n.t.onesample.givensd <function(conf,power,sd,d tails) {

if (conf > 1) conf <- conf/100

if (power > 1) power <- power/100

var <- sd”2

ncurr <- -1

nprevl <- -2

nprev2 <- -3

iteration <-0

if (tails != 1) zconf <- abs(gnorm((1-conf)/2))

if (tails == 1) zconf <- abs(gnorm((1-conf)))

zpower <- abs(gnorm((1-power)))

z <- zconf + zpower
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nprevl <- ceiling((z*2)*var/(d"2))
df <- nprevl -1
while ((ncurr = nprevl ) && (ncurr != nprev2) && (iteration < 1001)) {
iteration <- iteration + 1
nprev2 <- nprevl
nprevl <- ncurr
if (tails != 1) tconf <- abs(qt((1-conf)/2,df))
if (tails == 1) tconf <- abs(qt((1-conf),df))
tpower <- abs(qt((1-power),df))
t <- tconf + tpower
ncurr <- ceiling((tA2)*var/(d*2))
df <- ncurr -1
}
cat("\nRESULTS\n\n")
if (ncurr == nprev2 && ncurr < nprevl) cat("No convergence, fluctuating between:",ncurr,"and",nprevi,"\n")
if (ncurr == nprev2 && ncurr < nprevl) ncurr <- nprevl
cat("Recommended sample size:",ncurr,"\n")
cat("Number of iterations:",iteration,"\n")
if (iteration > 999) cat("WARNING: Over 1000 iterations -- problem converging \n")
cat("\n")
}

# Sample size estimation for orgample ttest given confidence, power, variance, critical difference, and 1 vsigth
# conf is the desired level of confidence expressed as a number between 0 and 1 or between 1 and 100
# e.g., 95% confidence would be .95 or 95
# power is also a number between 0 and 1 or 1 and 100, alwayssided,
# e.g., 50% confidence would beQ®r 50 (with z = 0)
# Uses iteration to estimate required sample size, max of 1000 iterations
#
n.t.onesample.givenvar <function(conf,power,var,d,tails) {
if (conf > 1) conf <- conf/100
if (power > 1) power <- power/100
ncurr <- -1
nprevl <- -2
nprev2 <- -3
iteration <- 0
if (tails = 1) zconf <- abs(gnorm((1-conf)/2))
if (tails == 1) zconf <- abs(gnorm((1-conf)))
zpower <- abs(gnorm((1-power)))
z <- zconf + zpower
nprevl <- ceiling((z*2)*var/(d"2))
df <- nprevl-1
while ((ncurr != nprevl ) && (ncurr != nprev2) && (iteration < 1001)) {
iteration <- iteration + 1
nprev2 <- nprevl
nprevl <- ncurr
if (tails != 1) tconf <- abs(qt((1-conf)/2,df))
if (tails == 1) tconf <- abs(qt((1-conf),df))
tpower <- abs(qt((1-power),df))
t <- tconf + tpower
ncurr <- ceiling((tA2)*var/(d*2))
df <- ncurr -1

}
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cat("\nRESULTS\n\n")

if (ncurr == nprev2 && ncurr < nprevl) cat("No convergence, fluctuating between:",ncurr,"and",nprevi,"\n")
if (ncurr == nprev2 && ncurr < nprevl) ncurr <- nprevl

cat("Recommended sample size:",ncurr,"\n")

cat("Number of iterations:",iteration,"\n")

if (iteration > 999) cat("WARNING: Over 1000 iterations -- problem converging \n")

cat("\n")

}

# Sample size estimation for tweample ttest given confidence, power, sd, crital difference, and 1 vs 2 tailed
# conf is the desired level of confidence expressed as a number between 0 and 1 or between 1 and 100
# e.g., 95% confidence would be .95 or 95
# power is also a number between 0 and 1 or 1 and 100, alwayssided,
# e.g, 50% confidence would be .50 or 50 (with z = 0)
# Uses iteration to estimate required sample size, max of 1000 iterations
#
n.t.twosample.givenequalsd <function(conf,power,sd,d,tails) {
if (conf > 1) conf <- conf/100
if (power > 1) power <- power/100
var <- sd”2
ncurr <- -1
nprevl <- -2
nprev2 <- -3
iteration <- 0
if (tails != 1) zconf <- abs(gnorm((1-conf)/2))
if (tails == 1) zconf <- abs(gqnorm((1-conf)))
zpower <- abs(gnorm((1-power)))
z <- zconf + zpower
nprevl <- ceiling(2*(z*2)*var/(d"2))
df <- 2*(nprevl - 1)
while ((ncurr != nprevl ) && (ncurr != nprev2) && (iteration < 1001)) {
iteration <- iteration + 1
nprev2 <- nprevl
nprevl <- ncurr
if (tails != 1) tconf <- abs(qt((1-conf)/2,df))
if (tails == 1) tconf <- abs(qt((1-conf),df))
tpower <- abs(qt((1-power),df))
t <- tconf + tpower
ncurr <- ceiling(2*(t"2)*var/(d*2))
df <- 2*(ncurr - 1)
}
cat("\nRESULTS\n\n")
if (ncurr == nprev2 && ncurr < nprevl) cat("No convergence, fluctuating between:",ncurr,"and",nprevl,"\n")
if (ncurr == nprev2 && ncurr < nprevl) ncurr <- nprevl
cat("Recommended sample size per group:",ncurr,"\n")
cat("Recommended total sample size:",2*ncurr,"\n")
cat("Number of iterations:",iteration,"\n")
if (iteration > 999) cat("WARNING: Over 1000 iterations -- problem converging \n")
cat("\n")
}

# Sample size estimation for tweample ttest given confidence, power, variance, critical difference, and 1 vs 2
tailed
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# conf is the desired level of confidence expressed as a number between 0 and 1 or betweesh 108n
# e.g., 95% confidence would be .95 or 95
# power is also a number between 0 and 1 or 1 and 100, alwayssided,
# e.g., 50% confidence would be .50 or 50 (with z = 0)
# Uses iteration to estimate required sample size, max of 1000 iterations
#
n.t.twosample.givenequalvar <function(conf,power,var,d,tails) {
if (conf > 1) conf <- conf/100
if (power > 1) power <- power/100
ncurr <- -1
nprevl <- -2
nprev2 <- -3
iteration <-0
if (tails != 1) zconf <- abs(gnorm((1-conf)/2))
if (tails == 1) zconf <- abs(gnorm((1-conf)))
zpower <- abs(gnorm((1-power)))
z <- zconf + zpower
nprevl <- ceiling(2*(zA2)*var/(d"2))
df <- 2*(nprevl - 1)
while ((ncurr !=nprevl ) && (ncurr != nprev2) && (iteration < 1001)) {
iteration <- iteration + 1
nprev2 <- nprevl
nprevl <- ncurr
if (tails != 1) tconf <- abs(qt((1-conf)/2,df))
if (tails == 1) tconf <- abs(qt((1-conf),df))
tpower <- abs(qt((1-power),df))
t <- tconf + tpower
ncurr <- ceiling(2*(tA2)*var/(d*2))
df <- 2*(ncurr - 1)
}
cat("\nRESULTS\n\n")
if (ncurr == nprev2 && ncurr < nprevl) cat("No convergence, fluctuating between:",ncurr,"and",nprevl,"\n")
if (ncurr == nprev2 && ncurr < nprevl) ncurr <- nprevl
cat("Recommended sample size per group:",ncurr,"\n")
cat("Recommended total sample size:",2*ncurr,"\n")
cat("Number of iterations:",iteration,"\n")
if (iteration > 999) cat("WARNING: Over 1000 iterations -- problem converging \n")
cat("\n")
}

# Probability of an event happening at least once

#

p.atleastonce <function(p,n) {

prob<-1-(1-p)*n

cat("\nRESULT\n\n")

cat("Probability of an event of p =",p,"happening at least once in",n,"trials:",prob,"\n")
cat("\n")

}

# Probability of x or more events
# The application is to assess the number of significant outcomes for multiple tests
# The inputs are the number of significant results given alpha, the number of tests run, alpha,
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# and a criterion for determining the critical value of-xthe value of x at which the likelihood of x or more events is
less than the criterion
# For examp®, in Table 9.5 of Practical Statistics for User Research, the criterion was .10
#
p.xormore < function(numsig,numtests,alpha,criterion) {
# Build array of binomial probabilities
binomprobs <- array(0,c(numtests+1,2))
x<-0
prob <-0
while (x <= numtests) {
binomprobs[x+1,1] <- x
binomprobs[x+1,2] <- dbinom(x,numtests,alpha)
if (x >= numsig) prob <- prob + dbinom(x,numtests,alpha)
X <-x+1
}
x<-0
stopsearching <- 0
while (x <= numtests) {
if (sum(binomprobs[x:numtests+1,2]) <= criterion && stopsearching == 0) {
critx <- x
stopsearching <- 1
}
X <-x+1

}
cat("\nRESULTS\n\n")

(
cat("Probability of",numsig,"or more significant outcomes given",numtests,"tests with alpha of",alpha,"is:",prob,"\n")
cat("For the criterion of",criterion,"the critical value of x is:",critx,"\n")
Cat(ll\nll)
}

# Standard error of the mean given an array of scores (x)
#

se.fromarray <function(x) {

n <- length(x)

stder <- sd(x)/(n".5)

cat ("\nRESULTS \n\n")

cat ("Std deviation:\t",sd(x),"\n")
cat ("Sample size:\t",n,"\n")

cat ("Standard error:\t",stder,"\n")
cat ("","\n")

}

# Correlation magnitude, significance, and confidence interval
#

# datal and datal are arrays of matched scores and must be of equal length
# conf is the desireddvel of confidence

test.correlation < function(datal,data2,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

correl <- cor(datal, data2)

n <- length(datal)

r2t <- correl/((1-correl*2)/(n-2))7.5

df<-n-2
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p <- 2*(1-pt(r2t,df))

zprime <- 0.5*log((1+correl)/(1-correl))

z <- abs(gnorm((1-conf)/2))

critd <- z/(n-3)A.5

upperzprime <- zprime + critd

lowerzprime <- zprime - critd

upper <- (exp(2*upperzprime)-1)/(exp(2*upperzprime)+1)
lower <- (exp(2*lowerzprime)-1)/(exp(2*lowerzprime)+1)
rsquared <- paste(round((correl*2)*100,digits=2),"%",sep="")
cat("\nRESULTS\n\n")

cat ("r:",correl,"\n")

cat ("df:",df,"\n")

cat ("p:",p,"\n\n")

cat (confper,"Confidence Interval","\n")

cat ("Upper limit:", upper, "\n")

cat ("r:", correl, "\n")

cat ("Lower limit:", lower, "\n\n")

cat ("R-squared:",rsquared,"\n")

cat ("\n")

}

# N1 TwoProportion Test with confidence interval given p and n
# Inputs are p1, nl, p2, n2, and conf

# conf is the level for the confidence interval
# expressed as a number betwa 0 and 1 or between 1 and 100 (e.g., 95% confidence would be .95 or 95)
#

test.nminusonetwoproportion.givenpandn <function(p1,n1,p2,n2,conf) {
if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")
x1<-pl*nl

X2 <-p2 *n2

N <-nl+n2

a<-x1

b<-n1l-x1

c<-x2

d<-n2-x2

m<-a+b

n<-c+d

r<-a+c

s<-b+d

P <- (x1 +x2)/(nl+n2)

Q<-1-P

testznum <- (p1 - p2)*((N-1)/N)7.5

testzden <- (P * Q * (1/n1 + 1/n2))A.5

testz <- testznum/testzden

ptestz <- 2*pnorm(-abs(testz))

z <- abs(gnorm((1-conf)/2))

pladj<- (a+2z72/4)/(m + z"2/2)

p2adj <- (c +z"2/4)/(n + z2/2/2)

nladj <- m+2z72/2

n2adj<- n +z/2/2

diff <- p1-p2

diffadj <- pladj - p2adj
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se <- ((pladj*(1 - pladj)/nladj) + (p2adj*(1 - p2adj)/n2adj))*.5
critdiff <- z*se

upper <- diffadj + critdiff

lower <- diffadj - critdiff

cat("\nRESULTS\n\n")

cat ("N-1 Two-Proportion z:",testz,"\n")

cat ("p:",ptestz,"\n\n")

cat (confper,"confidence interval of difference between proportions","\n")
cat ("p1:",p1,"\n")

cat ("p2:",p2,"\n")

cat ("P:",P,"\n")

cat ("Adjusted value of p1:",pladj,"\n")

cat ("Adjusted value of p2:",p2adj,"\n")

cat ("Adjusted difference:",diffadj,"\n")

cat ("Margin of error:",critdiff,"\n")

cat ("Upper limit:", upper, "\n")

cat ("Maximum likelihood estimate (observed difference):", diff, "\n")
cat ("Lower limit:", lower, "\n")

cat ("\n")

}

# Phi correlation magnitude, significance, and confidence interval
#

# datal and datal are arrays of matched scores and must be of equal length
# conf is the desired level ofonfidence

test.phi < function(a,b,c,d,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

phi <- (a*d-b*c)/((a+b)*(c+d)*(a+c)*(b+d))*.5

n <- a+b+c+d

chi <- n*phir2

df<-1

p <- 1-(pchisq(chi,df))

zprime <- 0.5*log((1+phi)/(1-phi))

z <- abs(gnorm((1-conf)/2))

critd <- z/(n-3)A.5

upperzprime <- zprime + critd

lowerzprime <- zprime - critd

upper <- (exp(2*upperzprime)-1)/(exp(2*upperzprime)+1)
lower <- (exp(2*lowerzprime)-1)/(exp(2*lowerzprime)+1)
cat("\nRESULTS\n\n")

cat ("phi:",phi,"\n")

cat ("chi-squared:",chi,"\n")

cat ("df:",df,"\n")

cat ("p:",p,"\n\n")

cat (confper,"Confidence Interval","\n")

cat ("Upper limit:", upper, "\n")

cat ("r:", phi, "\n")

cat ("Lower limit:", lower, "\n\n")

cat ("\n")

}

# N1 TwoProportion Test with cafidence interval given x and n
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# Inputs are x1, n1, x2, n2, and conf

# conf is the level for the confidence interval
# expressed as a number between 0 and 1 or between 1 and 100 (e.g., 95% confidence would be .95 or 95)
#

test.nminusonetwoproportion.giveixandn < function(x1,n1,x2,n2,conf) {
if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

a<-x1

b<-nl-x1

c<-Xx2

d<-n2-x2

m<-a+b

n<-c+d

r<-a+c

s<-b+d

N<-a+b+c+d

pl<-a/m

p2 <-¢c/n

P <-(x1+x2)/(n1+n2)

Q<-1-P

testznum <- (p1 - p2)*((N-1)/N)A.5

testzden <- (P * Q * (1/n1 + 1/n2))A.5

testz <- testznum/testzden

ptestz <- 2*pnorm(-abs(testz))

z <- abs(gnorm((1-conf)/2))

pladj<- (a +z"2/4)/(m + z72/2)

p2adj <- (c +z*2/4)/(n + z"2/2)
nladj<-m+z"2/2

n2adj<- n +z/2/2

diff <- p1-p2

diffadj <- pladj - p2adj

se <- ((pladj*(1 - pladj)/niadj) + (p2adj*(1 - p2adj)/n2adj))*.5
critdiff <- z*se

upper <- diffadj + critdiff

lower <- diffadj - critdiff

cat("\nRESULTS\n\n")

cat ("N-1 Two-Proportion z:",testz,"\n")

cat ("p:",ptestz,"\n\n")

cat (confper,"confidence interval of difference between proportions","\n")
cat ("p1:",p1,"\n")

cat ("p2:",p2,"\n")

cat ("P:",P,"\n")

cat ("Adjusted value of p1:",pladj,"\n")

cat ("Adjusted value of p2:",p2adj,"\n")

cat ("Adjusted difference:",diffadj,"\n")

cat ("Margin of error:",critdiff,"\n")

cat ("Upper limit:", upper, "\n")

cat ("Maximum likelihood estimate (observed difference):", diff, "\n")
cat ("Lower limit:", lower, "\n")

cat ("\n")

}

# Twotailed betweensubjects (independent) #est with confidence interval given two arrays
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# x and y are the two arrays; conf is the level for the confidence interval
# expressed as a number between 0 and 1 or between 1 and 100 (e.g., 95% confidence would be .95 or 95)
#

test.t.independent.fromarrays <function(x1,x2,conf) {
if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

ul <- mean(x1)

u2 <- mean(x2)

d<-ul-u2

sdl <- sd(x1)

sd2 <- sd(x2)

nl <- length(x1)

n2 <- length(x2)

varl <- sd172

var2 <-sd2/2

se <- ((varl/n1) + (var2/n2))*.5

t<-d/se

swdfnum <- ((varl/n1l) + (var2/n2))"2

swdfden <- ((var1/n1)~2/(n1-1)) + ((var2/n2)*2/(n2-1))
df <- floor(swdfnum/swdfden)

p <- 2*pt(-abs(t),df)

cat("\nRESULTS\n\n")

cat("t:",t,"\n")

cat("df:",df,"\n")

cat("p:",p,"\n\n")

critt <- abs(qt((1-conf)/2,df))

critd <- critt*se

lower <- d-critd

upper <- d+critd

cat (confper,"confidence interval \n")

cat ("Upper limit:", upper, "\n")

cat ("Mean difference:", d, "\n")

cat ("Lower limit:", lower, "\n")

cat ("Margin of error:",critd, "\n")

cat ("\n")

}

# Twotailed betweensubjects (independent)-test with confidence interval given summary data
# ul, sd1, and nl are the mean, standard deviation, and sample size of the first group,

# u2, sd2, and n2 are the mean, standatdviation, and sample size of the second group,

# conf is the level for the confidence interval

# expressed as a number between 0 and 1 or between 1 and 100 (e.g., 95% confidence would be .95 or 95),
# df computation uses the WelcBatterthwaite procedure

# (appropriate for unequal group variancesslightly conservative if variances equal)

#

test.t.independent.fromsummary <function(ul,sd1,n1,u2,sd2,n2,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

d<-ul-u2

varl <-sd1A72

var2 <-sd2A2

se <- ((varl/n1) + (var2/n2))*.5

t<-d/se
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swdfnum <- ((varl/n1l) + (var2/n2))2
swdfden <- ((varl/n1)~2/(n1-1)) + ((var2/n2)*2/(n2-1))
df <- floor(swdfnum/swdfden)

p <- 2*pt(-abs(t),df)
cat("\nRESULTS\n\n")

cat("t:",t,"\n")

cat("df:",df,"\n")

cat("p:",p,"\n\n")

critt <- abs(qt((1-conf)/2,df))

critd <- critt*se

lower <- d-critd

upper <- d+critd

cat (confper,"confidence interval \n")
cat ("Upper limit:", upper, "\n")

cat ("Mean difference:", d, "\n")

cat ("Lower limit:", lower, "\n")

cat ("Margin of error:",critd, "\n")

cat ("\n")

}

# Twotailed within-subjects (paired)test with confidence interval on difference scores
# d is a single array of difference scores; conf is the level for the confidence interval
# expressed as a number beeen 0 and 1 or between 1 and 100 (e.g., 95% confidence would be .95 or 95)
#

test.t.paired.fromarray.ofdifferences <function(d,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

n <- length(d)

mean <- mean(d)

sd <- sd(d)

se <- sd/(n".5)

df<-n-1

t <- mean/se

p <- 2*pt(-abs(t),df)

cat("\nRESULTS\n\n")

cat("t:",t,"\n")

cat("df:",df,"\n")

cat("p:",p,"\n\n")

critt <- abs(qt((1-conf)/2,df))

critd <- critt*se

lower <- mean-critd

upper <- mean+critd

cat (confper,"confidence interval \n")

cat ("Upper limit:", upper, "\n")

cat ("Mean difference:", mean, "\n")

cat ("Lower limit:", lower, "\n")

cat ("Margin of error:",critd, "\n")

cat ("\n")

}

# Twotailed within-subjects (paired) test with confidence interval on two sets of dependemaw scores
# x and y are paired sets of scores; conf is the level for the confidence interval

# expressed as a number between 0 and 1 (e.g., 95% confidence would be .95)
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#

test.t.paired.fromarrays <function(x,y,conf) {
if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")
d<-x-y

n <- length(d)

mean <- mean(d)

sd <- sd(d)

se <- sd/(n".5)

df<-n-1

t <- mean/se

p <- 2*pt(-abs(t),df)
cat("\nRESULTS\n\n")

cat("t:".,t,"\n")

cat("df:",df,"\n")

cat("p:",p,"\n\n")

critt <- abs(qt((1-conf)/2,df))

critd <- critt*se

lower <- mean-critd

upper <- mean+critd

cat (confper,"confidence interval \n")
cat ("Upper limit:", upper, "\n")

cat ("Mean difference:", mean, "\n")
cat ("Lower limit:", lower, "\n")

cat ("Margin of error:",critd, "\n")

cat ("\n")

}

# Twotailed within-subjects (paired) test with confidence interval on difference score summary data
# difmean is the mean of the difference scores, difsd is their standard deviation,
# n is the sample size; conf is the level for tbenfidence interval

# expressed as a number between 0 and 1 or between 1 and 100 (e.g., 95% confidence would be .95 or 95)
#

test.t.paired.fromsummary <function(difmean,difsd,n,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

se <- difsd/(n”.5)

df<-n-1

t <- difmean/se

p <- 2*pt(-abs(t),df)

cat("\nRESULTS\n\n")

cat("t:",t,"\n")

cat("df:",df,"\n")

cat("p:",p,"\n\n")

critt <- abs(qt((1-conf)/2,df))

critd <- critt*se

lower <- difmean-critd

upper <- difmean+critd

cat (confper,"confidence interval \n")

cat ("Upper limit:", upper, "\n")

cat ("Mean difference:", difmean, "\n")

cat ("Lower limit:", lower, "\n")

cat ("Margin of error:",critd, "\n")
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cat ("\n")
}

# Test of twaby-two contingency table (dependent data)
# Focses on McNemar Test (twiailed) with confidence interval on difference in proportions
# a, b, ¢, and d refer to counts in the table's cells

# (a: upper left, b: upper right, c: lower left, d: lower right)
# b and c are the two different discordance counts

# conf is the level for the confidence interval

# expressed as a number between 0 and 1 or between 1 and 100 (e.g., 95% confidence would be .95 or 95)
#

test.twobytwo.dependent < function(a,b,c,d,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

m<-a+b

n<-c+d

r<-a+c

s<-b+d

N<-a+b+c+d

pl<-m/N

p2 <-r/N

z <- abs(gnorm((1-conf)/2))

adj =z72/8

aadj <- a + adj

badj <- b + adj

cadj <-c+adj

dadj <- d + adj

madj <- aadj + badj

nadj <- cadj + dadj

radj <- aadj + cadj

sadj <- badj + dadj

Nadj <- aadj + badj + cadj + dadj

pladj <- madj/Nadj

p2adj <- radj/Nad;j

p12adj <- badj/Nadj

p21adj <- cadj/Nad;j

diffadj <- p2adj - pladj

se <- (((p12adj + p21adj) - (p21adj - p12adj)*2)/Nadj)A.5
critdiff <- se*z

upper <- diffadj + critdiff

lower <- diffadj - critdiff

ndiscord <-b + ¢

smaller <- min(b,c)

bench <- .5

mle <- smaller/ndiscord

exactexceedsp <- pbinom(smaller-1,ndiscord,bench)
midpexceedsp <- pbinom(smaller-1,ndiscord,bench) + .5*dbinom(smaller,ndiscord,bench)
exactislessthanp <- 1 - pbinom(smaller,ndiscord,bench)
midpislessthanp <- 1 - midpexceedsp

mcnemarmidp <- 2*(1-midpislessthanp)

mcnemarexactp <- 2*(1- exactislessthanp)

mcnemarz <- (c - b)/(c + b)*.5

mcnemarzp <- 2*pnorm(-abs(mcnemarz))
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cat("\nRESULTS\n\n")

if (mcnemarmidp <= 1) cat("McNemar Mid Probability (recommended):", mcnemarmidp, "\n\n") else cat("McNemar
Mid Probability (recommended): 1 \n\n")

cat("Alternate analyses (not recommended) \n")

if (mcnemarexactp <= 1) cat("McNemar Exact Probability:", mcnemarexactp, "\n") else cat("McNemar Exact
Probability: 1\n")

mcnemarchisquared <- ((c - b)*2)/(c + b)

df<-1

pmcnemarchisquared <- 1-pchisq(mcnemarchisquared,df)

cat("McNemar Chi-Squared:",mcnemarchisquared," df:",df," p:",pmcnemarchisquared,"\n")
cat("McNemar z:",mcnemarz," p:",mcnemarzp,"\n")

mcnemaryates <- ((abs(c - b)-1)*2)/(c + b)

pmcnemaryates <- 1-pchisq(mcnemaryates,df)

cat("McNemar Chi-Squared with Yates Correction:",mcnemaryates," df:",df," p:",pmcnemaryates,"\n\n")
cat(confper,"CONFIDENCE INTERVAL \n\n")

cat("p1:",p1,"\n")

cat("p2:",p2,"\n")

cat ("Adjusted value of p1:",pladj,"\n")

cat ("Adjusted value of p2:",p2adj,"\n")

cat("Adjusted difference in p:",diffadj,"\n")

cat("Margin of error:",critdiff,"\n")

cat("Upper limit:",upper,"\n")

(
(
(
K
(
(

cat("Observed difference:",p2-p1,"\n")
cat("Lower limit:",lower,"\n")
cat("\n")

}

# Test of independence of twby-two contingency table (independent data)
# a, b, ¢, and d refer to counts in the table's cells

# (a: upper left, b: upper right, c: lowdeft, d: lower right)

# conf is the level for the confidence interval

# expressed as a number between 0 and 1 or between 1 and 100 (e.g., 95% confidence would be .95 or 95),
# Function returns results for N chisquared (recommended in most cases),
# standard chisquared, standard chséquared with Yates continuity correction,
# Fisher's exact probability test, and a confidence interval around the

# difference in the proportions

#

test.twobytwo.independent < function(a,b,c,d,conf) {

if (conf > 1) conf <- conf/100

confper <- paste(conf*100,"%",sep="")

m<-a+b

n<-c+d

r<-a+c

s<-b+d

N<-a+b+c+d

chisquared <- (((a*d - b*c)*2)*N)/(m*n*r*s)

df<-1

pchisquared <- 1-pchisq(chisquared,df)

mat <- matrix(c(a,b,c,d), nr=2, dimnames=list(c("A1A1", "A1A2"), c("A1", "A2")))
chisquaredyates <- (((abs(a*d - b*c) - .5*N)"2)*N)/(m*n*r*s)

pchisquaredyates <- 1-pchisqg(chisquaredyates,df)

nminusonechisquared <- (((a*d - b*c)*2)*(N-1))/(m*n*r*s)
pnminusonechisquared <- 1-pchisq(nminusonechisquared,df)
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if (r*m/N>1)ae<-0Oelseae<-1

if (s¥*m/N > 1) be <-0else be<-1

if (r*n/N>1)ce<-0Oelsece<-1

if (s*n/N>1)de<-Oelsede<-1

check <- ae + be + ce + de

if (check > 0) rec <- "Fisher Exact Test" else rec <- "N-1 Chi-Squared Test"
pl<-a/m

p2 <-¢/n

P<-(a+c)/(m+n)

Q<-1-P

testznum <- (p1 - p2)*((N-1)/N)A.5

testzden<- (P *Q* (1/m + 1/n))*.5

testz <- testznum/testzden

ptestz <- 2*pnorm(-abs(testz))

z <- abs(gnorm((1-conf)/2))

pladj<- (a+z*2/4)/(m + 2"2/2)

p2adj <- (c +z"2/4)/(n + z72/2)

nladj<-m+z"2/2

n2adj <- n +z°2/2

diff <- p1 - p2

diffadj <- pladj - p2adj

se <- ((p1adj*(1 - pladj)/nladj) + (p2adj*(1 - p2adj)/n2adj))*.5
critdiff <- z*se

upper <- diffadj + critdiff

lower <- diffadj - critdiff

fish <- fisher.test(mat)

cat("\nRESULTS\n\n")

cat ("Recommended test:",rec,"\n\n")

cat ("N-1 chi-squared:",nminusonechisquared,"\n")
cat ("df:",df,"\n")

cat ("p:",pnminusonechisquared,"\n\n")

cat ("N-1 two-proportion z:",testz,"\n")

cat ("p:",ptestz,"\n\n")

cat (confper,"confidence interval of difference between proportions","\n")
cat ("p1:",p1,"\n")

cat ("p2:",p2,"\n")

cat ("Adjusted value of p1:",p1adj,"\n")

cat ("Adjusted value of p2:",p2adj,"\n")

cat ("Adjusted difference:",diffadj,"\n")

cat ("Margin of error:",critdiff,"\n")

cat ("Upper limit:", upper, "\n")

cat ("Maximum likelihood estimate (observed difference):", diff, "\n")
cat ("Lower limit:", lower, "\n\n")

cat ("Fisher Exact Probability:",fishSp.value,"\n\n")
cat ("Standard chi-squared:",chisquared,"\n")

cat ("df:",df,"\n")

cat ("p:",pchisquared,"\n\n")

cat ("Standard chi-squared with Yates correction:",chisquaredyates,"\n")
cat ("df:",df,"\n")

cat ("p:",pchisquaredyates,"\n")

cat ("\n")

}
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