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Abstract:
Cost justification of software usability has been criticized to be subjective and in some cases biased. This
study is aimed at providing scientific basis to be used in usability cost justification models. Two decision
tools were developed that help usability practitioners and/or engineer managers iteratively determine
expected benefits of usability. Pareto analysis, interaction modeling, distribution fitting, bootstrap
resampling, quantile regression, goal programming optimization modeling, and sensitivity analysis were
used to develop these decision tools. The benefits of usability incorporated into the decision tools were
increased sales, increased traffic of the web sites, reduced error rate of users, and decreasing task time.
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optimal number of steps to complete a task to the
average number of steps to complete the task‖ [24].
A definition in terms of efficiency factor is provided
by Porat and Tractinsky (2012) as: ―Usability work is
a focus on the design and evaluation of activities in
order to aid users accomplish the intended tasks
efficiently‖ [21]. User satisfaction is ―the freedom
from discomfort, and positive attitudes towards the
use of the product‖ [13].

INTRODUCTION
Usability is often described as ‗ease of use‘.
However, it is definitely well beyond this short
definition [22]. It is defined in ISO 9241-11
guidelines as ―the extent to which a product can be
used by specified users to achieve specified goals
with effectiveness, efficiency and satisfaction in a
specified context of use‖ (1998, p. 2) [13]. Thus,
according to the ISO standards, the three main factors
that should be considered in order to design for
usability are: effectiveness, efficiency, and user
satisfaction. Effectiveness is ―the accuracy and
completeness with which users achieve specified
goals‖, whereas efficiency is ―the use of resources in
relation to the accuracy and completeness with which
users achieve goals‖ (ISO 9241-11, 1998, p. 2).
Common effectiveness metrics are task completion
rates and error rates. On the other hand, efficiency is
usually measured by time on task and task flow
deviation. Task flow deviation is ―the ratio of the

In the software industry, usability is a
measure of how well a software program facilitates
user learning, helps users remember what they have
learned, reduces error rates, increases efficiency and
effectiveness, and how much users are satisfied with
the software [7]. Usability not only benefits the end
users of the software, but also the developers, the
companies they work for, and the vendors [8].
Marcus (2005) listed the return on investment of
usability for software internally used as: (1) increased
user productivity, (2) decreased user errors, (3)
decreased training costs, (4) decreased development
costs, and (5) decreased user support costs.
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Moreover, returns on investment of usability for
externally sold software are listed as: (1) increased
sales, (2) decreased customer support costs, (3)
savings gained from making changes earlier in the
development life cycle, and (4) reduced cost of
training offered through vendor company [18].

during dot.com era, yet there has been a declining
trend in usability justification model development
lately [1]. Majority of the models in cost justification
of usability domain were gathered in a book by Bias
and Mayhew in 1994 [3]. After that there were a few
primary theories, yet most of the establishments were
modification of those primary models to different
business cases such as organization type. This
research study is a much needed re-focus on the cost
justification of usability. Existing cost justification
models are based on many assumptions. Currently,
there is no study that provides reliable numerical
ranges for these assumptions. However, it is crucial
that usability practitioners show reliable numbers to
decision makers to promote usability investments.
How much increase or decrease may happen in any
performance measure after usability investments is
not apparent. Therefore, it is assigned to the usability
practitioner to make assumptions on the magnitude of
the usability benefits. The accuracy of these usability
benefit expectations depend mainly on the
consistency of usability practitioner or researcher.
Consistency in usability testing endeavors is a major
problem as reported in Vermeeren et. al., 2008 [29].
For instance, a variation of 37% to 72% has been
detected on within-team consistency, which indicates
considerable subjectivity [29].This paper provides
two decision tools for usability practitioners to
determine expected changes in sales, traffic rate,
error rates of users and task times. These expected
changes shall further be converted into monetary
figures for justifying usability investments by using
cost justification theories.

Investment costs are inevitable. The key
point is to validate the investment with the profits
gained. According to survey results [11], 62% of
people are convinced of the value of user centered
design by testimonials, case stories, and
demonstrated results, 23% by support from
customers, management, and outside companies, and
only 15% by cost-benefit analysis. Even though
survey results showed that cost-benefit analysis was
not a primary method to influence people of the value
of user centered design, 54% of the participants in the
same survey believed that cost-benefit analysis would
be convincing if in-depth information about how the
model worked and the assumptions and data used
would be provided (Harrison et. al., 1994, p. 233)
[11]. Even though it is not a primary convincing
factor, cost-benefit analysis is the main tool used by
usability researchers to cost-justify usability in the
literature. Management looks for quantified cost and
benefit figures for all investment alternatives. ―The
cost-benefit analysis is a method of analyzing
projects for investment justification [14]‖. The
method has the following steps [20]:
•
Identification of relevant costs and benefits,
•
Measurement of costs and benefits,
•
Comparison of cost and benefit streams
accruing during the lifetime of the project,
•
Project selection

METHODOLOGY
This paper involves three stages of methods to
develop decision tools for cost justification of
usability. The first stage provides target values and
constraints for the goal programming models that are
developed in third stage, while the second stage is to
test validity of these constraints. Figure-1
demonstrates the basis of the three-stage
methodology of this paper.

Donahue (2001) listed the steps of costbenefit analysis for usability as (p. 1): ―Selecting a
usability technique, determining the proper unit of
measurement, making a rational assumption about the
benefit‘s magnitude, and translating the estimated
benefit into a monetary figure. Considering these
steps, it can be stated that cost-benefit analysis is
performed to cost justify usability by estimating the
costs and benefits of usability activities and
comparing against the costs of not performing any
usability activities‖ [8].
Justification of usability investment has
been a major part of the usability research domain
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ensure data comparability between
studies.
The first point in the list has been
established by a literature review via online
databases, and electronic journals. A State-of-the-Art
Matrix Analysis technique for literature review was
conducted to assist in the data collection of the
research articles surveyed [2]. See also [28]; and [27]
for further examples of this literature review
technique. The second point was fulfilled by
selecting the studies that includes a numeric data as a
result of any usability improvement, and a common
index was picked as ‗percentage changes in usability
benefits‘ as a result of usability improvement.

1st Stage Methods:
Data collection
State-of-the-Art Matrix analysis
Pareto analysis
Theoretical distributions
Regression modeling
Bootstrap resampling

Constraints and
target values

A total of 135 studies including hypothetical
and real world cases were explored with a total of
385 data points. The total percentage data available is
156. Any data point, which is out of the range of 3
standard deviations below or above the mean, was
accounted as an outlier. There were two outliers
detected for increased sales category. The results
with and without outliers are both provided in results
section. Table-1 shows the number of hypothetical
versus real data gathered for usability benefits.

2nd Stage Method:
Quantile regression
Validate the
constraints

Table 1- Number of Hypothetical and Real Data
Benefit

Hypothetical

Real

Total

Increased sales

4

44

48

Decreased
time

2

39

41

Decreased error
rate

4

30

34

Increased
website traffic

0

19

19

Decreased
training time

7

7

14

3rd Stage Method:
Goal programming
optimization model

Figure 1- Methodology
Data Collection
In this research, a quantitative research
methodology was used and data collection was held
through a complete literature review. Types of data
are percentages. The steps of the methodology used
for data collection can be listed as follows.
1.

2.

A fairly extensive literature search for
relevant studies was conducted through
professional journals, using online
databases to identify studies addressing
the topic
Each study‘s results are converted to a
common statistical index in order to

task

First of all, usability benefit types mentioned
in the literature were collected. The mostly
mentioned benefit was found as increased sales. See
Figure 2 for the Pareto chart of usability benefits
mentioned in the literature.
The results indicated that increased sales,
decreased task times, reduced maintenance and
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support costs, increased user satisfaction and loyalty,
decreased errors, reduced training costs, reduced
development costs, increase in website traffic, and
increased completion rates were the usability benefits
that are mostly mentioned in the literature.

Pareto Chart for Numerical
Data
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Figure 3- Pareto Chart for Numeric Data Availability
According to numeric data availability
Pareto, increased sales, decreased task time,
completion rate, increase in traffic, reduced
maintenance and support costs, decreased error rates,
and reduced training are the significant benefits.
The problem at this point was that there
were differences in terms of unit of measurements in
between studies for the same benefit types. For
instance, in some cases the values of a benefit before
and after usability improvements were not provided.
Only data available was how many more units sold
after usability improvement, or how many less errors
were made after usability improvement (for example,
1 error per day is eliminated with usability
improvement, [17]). On the other hand, majority of
the studies provided percentage changes in a benefit
type before and after usability improvement (for
example, error rates decreased by 2.5%, [19]). In
order to have comparable data, the studies providing
percentage change data were selected, and another
Pareto Analysis was made to determine benefit types
with sufficient data for statistical purposes. Another
key reason for selecting percentages as the common
index point was that it helped address the issue of
different cost basis in different studies. The costs in

Figure 2 - Pareto Analysis for Usability Benefits
Mentioned in the Literature
The next step was gathering the numerical
data in these studies. Increased sales category was
found to be the benefit with most numeric data
availability. See Figure 3 for Pareto Analysis for
numerical data availability of usability benefits.
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each study were most likely different, but by taking
benefit percentages; costs were accounted relatively
equal. Furthermore, there were many benefit
categories that could be grouped together due to
similarity. First, decreased error rate, decreased
failure rate, and increased completion rates were
grouped. The values for increased completion rates
were reversed to count as decreased error rate. Next,
user satisfaction and loyalty, reduced employee
turnover, and purchasing experience were grouped
since user satisfaction is the key point for employee
turnover, and purchasing experience. Considering
these grouped components, a final Pareto analysis
was conducted to conclude the variables to be
evaluated. Figure 4 shows the Pareto Analysis with
the final usability benefits list.

categories such as reduced maintenance and support
cost and reduced development time etc, that will be
investigated in future studies.
It should be noted here that training time
reduction data do not involve reduced learning time
data. Training is producing a motivated user who has
the essential skills needed to apply what has been
learned and then to continue to learn on the job [5]. It
is about the training that companies offer for their
employees for ease of usage of companywide
software. On the other hand, a general definition of
learning is: ―the process by which an activity
originates or is changed through reacting to an
encountered
situation,
provided
that
the
characteristics of the change in activity cannot be
explained on the basis of native response tendencies,
maturation, or temporary states of the organism (e.g.,
fatigue, drugs, etc) [12]‖. Reduced learning time is
another usability benefit that is out of scope of this
dissertation as a result of insufficient data as can be
seen in Figure 4.
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Sample Distributions
Hypothetical data were eliminated from
statistical analysis. Distributions of the usability
benefit data samples (with only real data) were found
by ARENA input analyzer module. The best fitting
distribution is picked as the sample distribution,
which is an estimate of the population distribution
function. Arena performs the Chi-squared and
Kolmogorov-Smirnov goodness-of-fit tests for
distribution fitting. The null hypothesis for the test is
that the data follows the chosen distribution.
Therefore, failing to reject the hypothesis means
accepting the fitted distribution. It is not suggested to
use the Chi-Square test for ratios and percentages.
Moreover, the Kolmogorov test is preferred over ChiSquare test if the sample size is small. Thus, only the
result of the Kolmogorov-Smirnov test will be taken
into consideration. Arena also provides p-values
which are the type-1 error levels. A large p value
indicates a lack of evidence to reject the null
hypothesis.

Figure 4- Pareto Chart for Percentages Data

Two-way Interactions
Selected usability benefits were checked for
any correlation by Spearman‘s Rho non-parametric
test. The correlated variables were further analyzed
by using MS Excel Data Analysis module and R
statistical software. Two way interaction models were
found for those variables with significant interaction.

According to the final Pareto chart, the
usability benefits to be focused in this research are
decided to be increased sales, decreased task time,
decreased error rate, increase in traffic and decrease
in training time. The rest of the usability benefits are
saved for future research endeavor due to current data
unavailability. There are very important benefit
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Three-way and four-way interactions were omitted
due to data limitations.

In order to justify the use of quantile
regression modeling, following assumptions should
be met ([15]; [16]; [4]):

Bootstrap
The bootstrap method was introduced by
Efron (1979) [9]. It is a method to generalize a
sample statistic to the parent population in a scientific
approach [25]. It helps gathering information cheaply
and in a timely fashion. The sample data is used as a
surrogate population, and a large number of samples
of same size are resampled from the sample data.
These large numbers of samples are named bootstrap
samples. The sample statistic is then determined for
each bootstrap sample, and histogram of this set of
computed statistics is the bootstrap distribution of the
statistic [25]. The bootstrap distributions for lower
quartiles of selected usability benefits were found in
this study. The details of the method will be
illustrated in the results section.



The coefficients determined by the
quantile regression must be
significantly different than zero. In
other words, zero should be out of
the confidence interval for the
quantile regression coefficient.
Confidence intervals are found by
using the output of the quantile
regression in R software. The
significance level is selected as 5%.
 The coefficients determined by the
quantile regression should be
significantly different than the
coefficients estimated by the
ordinary least squares regression,
namely linear regression. In other
words, the confidence intervals
found via the output of the R
software
for
each
quantile
regression
coefficient
should
exclude the linear regression
coefficients.
 The coefficients determined by
quantile regression for different
quantiles should be significantly
different than each other. So as to
check if each coefficient is
significantly different than each
other, quantile regression plots are
analyzed via R software.
 Heterosdecasticity
should
be
checked. The Breusch-Pagan test
statistics must be significantly
different than zero. In R software,
the command ‗> bptest‘ applies the
Breusch-Pagan test. The null
hypothesis in Breusch-Pagan test is
that error variances are equal. On
the other hand, the alternative
hypothesis is that the error
variances are a multiplicative
function of one or more variables.
A large chi-square indicates that
heteroscedasticity is present.
If all the assumptions are met, the quantile
regression results will indicate reliably the marginal
relationships between usability impact factors. This
will help software vendors and developers determine

Quantile Regression
First ordinary least square regression was
used to find the correlation models. The next step is
conducting quantile regression to see if these models
are valid for different quantiles of the dependent
variables.
In this research study, quantile regression
modeling is utilized to see:


The effect of website traffic on
sales for usability investments with
low, medium, and high percentage
changes in sales,
 The effect of error rate on task time
for usability investments with low,
medium, and high percentage
changes in task time.
Thus, the main difference is exploring the
impacts of independent variables on dependent
variables for different quantiles of the dependent
variable.
The first quantile regression analysis was
conducted for sales and traffic rate. Sales is assumed
to be the dependent variable, and traffic rate is
counted as independent variable. Secondly, quantile
regression was conducted for error rate and task time.
Decreased task time is counted as the dependent
variable, whereas decreased error rate is processed as
the independent variable.
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how much to invest on usability, since they will
know the level of website traffic increase and error
rate decrease that no further provides any value to the
company. Table 2 provides the number of data points
for interactions of variables.

Table 3-Random samples
Random Samples (1 to 1000)

Usability
Benefit

Sales

Sales

Traffic
5

Error
Rate

Task
Time

3

2

Task Time

3

0

4

Total
Sample
Size
in
Data
Table

44

19

30

X1,3

…………
…………
………….
.

X1,1000

X2,1

X2,2

X2,3

…………
…………
………….

X2,1000

…………
…………
…………

X19,1000

2

4

39

1
9

X19,1

X19,2

X19,3

Sample
1000

…………………

Error Rate

X1,2

…………………...

0

X1,1

1

…………………...

2

5

Sample
3

………………….

3

Sample
2

…………………

3

Traffic

Ranks (1 to 19)

Table 2-The Number of Interaction Data Points in the
Data Table

…………
…………
…………
……

Sample
1

The point of interest is the row averages in
order to determine the expected value of the ranks 1
trough 19.

The first step on the quantile regression was
to use only these data points to analyze sales and
traffic interaction (5 data points), and task time and
error rate interaction (4 data points). These
interaction data were analyzed in R-Studio software.
The second step was to create random samples from
the original samples to increase the number of
interaction data points. For sales, 1,000 random
samples were created with a sample size of 19, in
order to match the sample size of traffic sample in the
data table. These 1,000 samples were ranked from
smallest to largest (See Table 3).

E[Ranki]=

∑

for

Eq 1

i=1,..,19

Once the expected values of the ranks were
found, they were matched with the traffic data ranked
smallest to largest. The same random sampling
procedure was used for task time data in order to
match the 30 error rate data points.
E[Ranki]=
i=1,..,30

51

∑

for

Eq 2

International Journal of Information Technology and Business Management
29th August 2014. Vol.28 No.1
© 2012-2014 JITBM & ARF. All rights reserved

ISSN 2304-0777

www.jitbm.com

The last step was conducting the quantile
regression in R-Studio and checking the quantile
regression assumptions.

Table 5 Increased Sales Distribution Fitting with
outliers

RESULTS

Distribution
Summary

Distribution Results
Weibull distribution fits the ‗percentage
increase in sales‘ sample without any outliers data.
However, exponential distribution also fits the data
very good, which is expected as exponential
distribution is a subset of Weibull. A decision was
made here to assume exponential distribution. The
square error for Weibull fit is 0.00156, whereas
0.00225 for exponential fit. See Table 4 for the
ARENA input analyzer solution for increased sales
sample without outliers in data table.

Data
Summary

Expression

"-0.001
WEIB(1.71,
0.596)"

Square Error

0.002920

Test
Statistic

0.144

Correspondin
g p-value

> 0.15

Number
of
Data Points

46

Min
Value

Data
0

Max
Value

Data

Distribution

Exponential

Expression

"-0.001
+
EXPO(1.38)"

Square Error

0.002253

Sample Mean

3.04

0.12

Sample
Dev

8.2

Test Statistic
KolmogorovSmirnov Test

Weibull

Corresponding
p-value

+

KolmogorovSmirnov Test

Table 4 Increased Sales Distribution Fitting, Outliers
Excluded

Distribution
Summary

Distribution

Data
Summary

46.2

Std

> 0.15

Number of Data
Points

44

Min Data Value

0

Max Data Value

9

Sample Mean

1.38

Sample Std Dev

1.86

The next best fitting distribution is
exponential distribution however KolmogorovSmirnov test p-value is less than 0.01, therefore we
reject the null hypothesis that exponential model fits
data. Thus, when the outliers exist in data, increased
sales followed a Weibull distribution as provided in
Table 7.
Next, beta distribution fits the ‗percentage
decrease of task time‘ sample data. See Table 6 for
ARENA input analyzer results.

See Table 5 for the ARENA input analyzer
solution for increased sales sample with outliers in
data table.
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On the other hand, gamma distribution fits
the ‘increased traffic time’ sample data. See Table 8
for distribution summary retrieved from ARENA
input analyzer.

Table 6 Decreased Task Time Distribution Fitting

Distributio
n
Summary

Kolmogoro
v-Smirnov
Test

Distribution

Beta

Expression

BETA(1.17,
1.4094)

Square Error

0.015179

Test Statistic

Data
Summary

0.077

Corresponding
value
Number
Points

of

Table 8 Increased Traffic Rate Distribution Fitting

Distribution
Summary

p> 0.15

Data

Kolmogoro
v-Smirnov
Test

39

Min Data Value

0.04

Max Data Value

0.98

Sample Mean

0.453

Sample Std Dev

0.263

Data
Summary

Beta distribution fits the ‗percentage
decrease of error rate‘ sample data. See Table 7 for
ARENA input analyzer results.
Table 7 Decreased Error Rate Distribution Fitting

Distribution
Summary

Kolmogoro
v-Smirnov
Test

Data
Summary

Distribution

Beta

Expression

1 * BETA(1.58,
0.913)

Square Error

0.013359

Test Statistic

0.171

Corresponding
p-value

> 0.15

Number of Data
Points

30

Min Data Value

0.09

Max Data Value

1

Sample Mean

0.645

Sample Std Dev

0.266

Distribution

Gamma

Expression

GAMM(1.18,
1.04)

Square Error

0.009704

Test Statistic

0.104

Corresponding pvalue

> 0.15

Number
Points

19

of

Data

Min Data Value

0.06

Max Data Value

4.54

Sample Mean

1.23

Sample Std Dev

1.27

Finally, triangular distribution fits the
'decreased training time' sample data as summarized
in Table 9.
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Table 9-Decreased Training Time Distribution Fitting

Distribution
Summary

KolmogorovSmirnov Test

Data
Summary

H11: There is either a tendency for larger values of
Tf to be paired with larger values of S, or there is a
tendency for smaller values of Tf to be paired with
larger values of S.

Distribution

Triangular

Expression

TRIA(0.17,
0.918, 1)

Square Error

0.167297

Two-tailed test

Test Statistic

0.558

Corresponding
p-value

0.0164

Number of Data
Points

Decision Criteria: Reject Ho at the level of alpha
equals 0.05, if absolute value of Sperman‘s Rho is
greater than its 1-alpha/2 quantile. This value is 0.8
as given in Quantiles of Sperman‘s rho table in
Conover, 2007 [6].

7

Spearman‘s Rho=1>0.8

Min Data Value

0.25

Max Data Value

1

Thus, we reject the null hypothesis at a significance
level of 0.95. There is a significant positive
correlation between increased sales and traffic rate.

Sample Mean

0.787

Sample Std Dev

0.302

o

Test Statistics for Error rate and task
time: Spearman‘s Rho=0.95

Hypothesis:
It should be noted that even though the best
fit is triangular distribution, Kolmogorov-Smirnov
test result indicates that it is not a good fit. The null
hypothesis is rejected. .

H01: ER and TaT are mutually independent
H11: There is either a tendency for larger values of
TaT to be paired with larger values of ER, or there is
a tendency for smaller values of TaT to be paired
with larger values of ER.

Two-way Interactions Analysis Results
Spearman‘s rho test was used to determine
existence of any two way interactions. Increased
sales and traffic was found to have a dependency.
Moreover, decreased error rate and decreased task
time was detected to have dependency. Rest of the
two way interactions were detected to be
insignificant. Training time is not correlated with any
other variables, thus is removed from further
analysis.

Two-tailed test
Decision Criteria: Reject Ho at the level of alpha
equals 0.05, if absolute value of Sperman‘s Rho is
greater than its 1-alpha/2 quantile. This value is again
0.8 as given in Quantiles of Sperman‘s rho table in
Conover, 2007 [6].
Spearman‘s Rho=0.95>0.8

o

Thus, we reject the null hypothesis at a significance
level of 0.95. There is a positive correlation between
decreased error rate and decreased task time.

Test Statistics for Sales and Traffic:
Spearman‘s
Rho=1
(Positive
Correlation)

Hypothesis:

For these significant two-way interactions,
parametric non-linear regression was used to
determine the relationship models. First, increased

H01: S and Tf are mutually independent
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sales and traffic rate interaction were analyzed. See
Table 10 for the sales versus traffic rate regression
output.

Next two-way interaction to be shown is
between task time and error rate. See Table 11 for
regression output summary.

Table 10-Increased Sales x Increased Traffic Rate
Regression Summary Output

Table 11-Decreased Task Time x Decreased Error
Rate Regression Summary Output
R Square

R Square

0.880
27981
3

0.970
90703
9

Adjusted
R Square

0.840
37308
4

Adjusted
R Square

0.956
36055
9

Standard
Error

1.194
77380
6

Standard
Error

0.030
53570
7

Observati
ons

Observat
ions

4

5

ANOVA

ANOVA

df

MS

F

1

31.488
07

31.488
07

22.0
584
3

Residual

3

4.2824
53

1.4274
84

Total

4

35.770
52

Regressio
n

SS

0.0182
56

Coeffic
ients

Standar
d Error

t
Stat

Pvalue

Intercept

0.2597
46244

0.8819
94

0.29
45

0.7875
79

Increased Traffic
Rate

5.0703
78837

1.0795
76

4.69
664

0.0182
56

SS

MS

F

Signifi
cance
F

Regressi
on

1

0.062
23514
1

0.0622
35141

66.74
51520
2

0.0146
53848

Residual

2

0.001
86485
9

0.0009
32429

Total

3

0.064
1

Intercept

Decreased
Rate

R-square is almost 0.9 and Significance F
value is 0.01, thus increased sales and increased
traffic rate regression model is reliable.
Increased
sales
=
-0.2597462
+5.0703788*Increased Traffic Rate

df

Signifi
cance
F

Error

Coeffi
cients

Standa
rd
Error

t Stat

Pvalue

0.222
95807
5

0.0388
70687

5.735
89237
8

0.0290
75612

0.447
57383
1

0.0547
84137

8.169
77062
2

0.0146
53848

R square is almost 1, and Significance F is
0.01, thus regression equation is reliable.

Eq 3

Decreased
task
time=
0.222958+0.4475738*Decreased error rate
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Rows function returns the number of rows in
the array, and index function returns a value from the
referred position of the single column. Thus,
Equation 5 enables random selection of a number
from the sample.

Bootstrap Results
The bootstrap method is used for the
usability benefits with significant correlation;
increased sales, increased traffic, decreased error rate,
and decreased task time. The bootstrap sample size is
denoted as n (which equals to the sample size),
whereas the number of bootstrap samples is denoted
as N. There are many different recommendations on
how to determine the number of bootstrap samples in
the literature. Efron and Tibshirani (1986) suggested
usage of at least 250 bootstrap samples for finding
confidence intervals [10]. Conover (2007) stated that
for estimating simply the mean and the standard error
of an estimator, 100 or 200 replications are needed
unless confidence intervals are needed [6]. In this
study, the point estimate for the lower quantile of the
population is the key interest, thus the confidence
intervals are not found. The approach used in this
study in determining the number of bootstrap samples
is taking the second power of the sample size (N=n2)
as recommended in Singh and Xie (2008) [25]. The
difference from their recommendation is that after
finding n2, the closest upper thousand value was
selected. Table 12 shows the selected N for each
benefit type.

The sample size (n) for increased sales is 44.
Therefore, the sample size for each bootstrap samples
is 44 as well. The statistic investigated is the lower
quantile of increased sales. Table 13 shows the
descriptive results.
The values of the overall population
parameters are unknown. The data analysis results
lack the usability investment data that is kept
confidential by companies. It is just a representative
random sample from a whole population of
companies that have invested on usability. Since, the
population parameters are unknown, standard error is
taken into consideration to estimate the variation of
the statistic rather than standard deviation. Standard
error indicates how precisely you know the statistic
of the population [26]. Standard error in Table 13 is
calculated by dividing the standard deviation by the
square root of the number of bootstrap samples. Very
small standard error indicates that 0.28844 is a very
precise estimation for the increased sales population's
lower quantile. Figure 5 shows the bootstrap
distribution of increased sales lower quantile.

Table 12-Bootstrap Sample Sizes and the Number of
Samples
n

n2

N

Increased Sales

44

1936

2000

Increased Traffic

19

361

1000

Decreased
Rate

Error

30

Decreased
Time

Task

39

900
1521

1000
2000

In order to create the bootstrap samples,
INDEX function was used in Microsoft Excel. The
formula is provided below.

=INDEX($A$2:$A$45,
ROWS($A$2:$A$45)*RAND()+1)

Eq
5
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800

Table 13-Descriptive Statistics of the Lower Quantile
Statistic of the Bootstrap samples of Sales

120.00%

700

0.28844

600

Standard Error

0.001588663

500

Median

0.25

Mode

0.24

Standard Deviation

0.071047187

200

Sample Variance

0.005047703

100

Kurtosis

3.015876451

0

Skewness

1.576551555

Range

0.54

Minimum

0.15

Maximum

0.69

Sum

576.88

Count

2000

Confidence
Level(95.0%)

0.003115609

100.00%
80.00%

400

60.00%

300

40.00%
20.00%
0.00%
0.15
0.223636364
0.297272727
0.370909091
0.444545455
0.518181818
0.591818182
0.665454545

Frequency

Mean

Bin

Figure 5 - Increased Sales Lower Quantile Bootstrap
Distribution

The next usability benefit sample
investigated is the web site traffic. The traffic
bootstrap resampling yielded the following
descriptive statistics.
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Table 14-Descriptive Statistics of the Lower Quantile
Statistic of the Bootstrap samples of Web Site Traffic

180

Mean

0.41168

140

Standard Error

0.00540605

120

Median

0.425

120.00%

Frequency

160

100.00%
80.00%

100

60.00%

80

Mode

0.2

Standard Deviation

0.170954315

Sample Variance

0.029225378

20

Kurtosis

0.943345886

0

Skewness

0.598495433

Range

1.1025

Minimum

0.0675

Maximum

1.17

Sum

411.68

Count

1000

Confidence
Level(95.0%)

0.010608516

60

40.00%

40

20.00%

0.0675
0.209758065
0.352016129
0.494274194
0.636532258
0.778790323
0.921048387
1.063306452

0.00%

Bin

Figure 6 - Increased Traffic Lower Quantile
Bootstrap Distribution

The bootstrap statistics for the error rate are
provided in Table 15.

The standard error is less than 0.01, which
indicates that 041168 is a precise estimation for the
lower quantile of the traffic population. Figure 6 is
the histogram of the bootstrap distribution for traffic
rate.
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Table 15-Descriptive Statistics of the Lower Quantile
Statistic of the Bootstrap Samples of Error Rate
0.48438

Standard Error

0.003991428

Median

0.4575

Mode

0.45

Standard Deviation

0.126220034

Sample Variance

0.015931497

Kurtosis

-0.46639272

Skewness

-0.052572036

Range

0.6825

Minimum

0.1175

Maximum

0.8

Sum

484.38

Count

1000

Confidence
Level(95.0%)

0.007832544

160

100.00%

140
120
Frequency

Mean

120.00%

80.00%

100

60.00%

80
60

40.00%

40

20.00%

20

0.00%
0.1175
0.205564516
0.293629032
0.381693548
0.469758065
0.557822581
0.645887097
0.733951613

0

Bin

Figure 7 - Decreased Error Rate Lower Quantile
Bootstrap Distribution

Finally, the results of the bootstrap analysis
for the decreased task time are provided below.

The standard error is very low, which
indicates very narrow confidence interval. The
estimate of 048438 for the lower quantile of the error
rate is precise. Figure 7 shows the histogram.
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Table 16-Descriptive Statistics of the Lower Quantile
Statistic of the Bootstrap samples of Task Time

Standard Error

0.000960638

Median

0.265

Mode

0.25

Standard Deviation

0.042961049

Sample Variance

0.001845652

Kurtosis

1.386176074

Skewness

-0.769764818

Range

0.37

Minimum

0.1

Maximum

0.47

Sum

515.62

Count

2000

Confidence
Level(95.0%)

0.001883957

120.00%

300

100.00%

250

80.00%

200
60.00%
150
40.00%

100
50

20.00%

0

0.00%
0.1
0.150454545
0.200909091
0.251363636
0.301818182
0.352272727
0.402727273
0.453181818

0.25781

Frequency

Mean

350

Bin

Figure 8 - Decreased Task Time Lower Quantile
Bootstrap Distribution

Quantile Regression Results
The quantiles investigated are the lower quantile
(25th percentile), the median (50th percentile), and
the upper quantile (75th percentile).

The standard error is less than 0.001,
indicating that the estimation of 025781 for the lower
quantile of decreased task time population is very
precise. The histogram is demonstrated below.

Sales and Traffic Quantile Regression Results
Table 17 shows the coefficients and the
confidence intervals for sales and traffic quantile
regression.
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Table 17-Quantile Regression Coefficients and
Confidence Intervals for Sales and Traffic with
Original Data Points
25th
Percentile
Intercept

Coefficients

Lower
Bound

Upper
Bound

0.05345000

-inf

0.57343

Increased
Traffic
Rate

5.043170

-inf

inf

50th
Percentile

Coefficients

Lower
Bound

Upper
Bound

Intercept

0.05345000

-inf

inf

Increased
Traffic
Rate

5.043170

-inf

inf

Table 18- Comparison of Ordinary Least Square
regression and Quantile Regression
Increas
e
in
sales

OLS
Regressi
on

Quantile
Regressi
on
at
25th
quantile

Quantile
Regressi
on
at
50th
quantile

Quantile
Regressi
on
at
75th
quantile

Interce
pt

-0.2597

0.05345
000

0.05345
000

0.15667

Increas
ed
websit
e
traffic

5.0704

5.04317
0

5.04317
0

6.33333




th

75
Percentile

Coefficients

Lower
Bound

Upper
Bound

Intercept

-0.15667

-0.32186

inf

Increased
Traffic
Rate

6.33333

-inf

inf

*: Significantly different quantile regression
coefficients than zero at 5%
+: Significantly different quantile regression
coefficients from OLS coefficients at 5%

As can be seen, the assumptions of the
quantile regression are not satisfied with these 5
original interaction data points. Next, the results for
the expected value of ranks data set are shown in
Table 19.

The infinitely wide confidence intervals are
caused by the insufficient number of data. The
coefficients are not significantly different than zero,
as the confidence intervals include zero. Moreover,
quantile regression coefficients are not significantly
different from the ordinary least squares regression
coefficients. See Table 18 for a comparison.
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Table 19-Quantile Regression Coefficients and
Confidence Intervals for Sales and Traffic with
Random Sampled Ranked Data Set
25th
Percentile

Coefficients

Intercept
Increased
Traffic
Rate

Lower
Bound

Upper
Bound

-0.10845

-0.25244

-0.08848

1.08102

0.88635

1.27745

th

50
Percentile

Coefficients

Lower
Bound

Upper
Bound

Intercept

-0.07960

-0.24485

-0.00343

Increased
Traffic
Rate

1.10562

1.05796

1.47636

75th
Percentile

Coefficients

Lower
Bound

Upper
Bound

Intercept

-0.05281

-0.29013

0.02167

Increased
Traffic
Rate

1.24361

1.08203

1.46424

Table 20- Comparison of Ordinary Least Square
regression and Quantile Regression
Increas
e
in
sales

OLS
Regressi
on

Quantile
Regressi
on
at
25th
quantile

Quantile
Regressi
on
at
50th
quantile

Quantile
Regressi
on
at
75th
quantile

Interce
pt

0.19047

0.10845
*

0.07960
*

0.05281

Increas
ed
website
traffic

1.27180

1.08102
*

1.10562
*

1.24361
*




*: Significantly different quantile regression
coefficients than zero at 5%
+: Significantly different quantile regression
coefficients from OLS coefficients at 5%

The coefficients are mostly significantly
different than zero, but they are not significantly
different than the ordinary least square regression as
indicated by the confidence intervals. Thus, the
assumptions of the quantile regression were not
satisfied. Although the quantile regression
assumptions were not satisfied, the results showed an
increase on the impact of website traffic on increased
sales for the upper quantile of sales as the coefficient
increases from 1.08 to 1.24. However, this finding
cannot be concluded as the assumptions of the
quantile regression were not satisfied. Figure 9 also
shows that quantile regression results are not
significantly different than the ordinary least squares
results. The dotted lines show the ordinary least
square regression limits, intercepting the confidence
limits of the quantile regression.

As can be seen, the infinite confidence
intervals were eliminated by increasing the sample
size. Table 20 shows the comparisons with the
ordinary least squares regression.
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Table 21-Quantile Regression Coefficients and
Confidence Intervals for Task Time and Error rate
with Original Data Points

Figure 9 Comparison of the Quantile Regression and
Ordinary Least Square Regression Coefficients for
Sales and Traffic Rate
Task Time and Error Rate Quantile Regression
Results
Table 21 shows the coefficients and the
confidence intervals for task time and error rate
quantile regression.

25th
Percentile

Coefficients

Lower
Bound

Upper
Bound

Intercept

-0.23254

-inf

inf

Increased
Error
Rate

0.3968300

-inf

inf

50th
Percentile

Coefficients

Lower
Bound

Upper
Bound

Intercept

0.22415

-inf

inf

Increased
Error
Rate

0.44615

-inf

inf

75th
Percentile

Coefficients

Lower
Bound

Upper
Bound

Intercept

0.21631

-inf

inf

Increased
Error
Rate

0.49231

-inf

inf

The confidence intervals are infinitely wide
as a result of insufficient number of data. The
coefficients are not significantly different than zero,
as the confidence intervals include zero. Moreover,
quantile regression coefficients are not significantly
different from the ordinary least squares regression
coefficients. See Table 22 for a comparison.
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Table 22- Comparison of Ordinary Least Square
regression and Quantile Regression
Quantile
Regressi
on
at
25th
quantile

Quantile
Regressi
on
at
50th
quantile

Quantile
Regressi
on
at
75th
quantile

-0.2597

0.23253
97

0.22415
38

0.21630
77

5.0704

0.39682
54

0.44615
38

0.49230
77

Decreas
e
in
Task
Time

OLS
Regressi
on

Intercep
t
Decreas
ed
Error
rate



Table 23-Quantile Regression Coefficients and
Confidence Intervals for Task Time and Error Rate
with Random Sampled Ranked Data Set

*: Significantly different quantile regression
coefficients than zero at 5%
+: Significantly different quantile regression
coefficients from OLS coefficients at 5%

As can be seen, the assumptions of the
quantile regression are not satisfied with these 4
original interaction data points. Next, the results for
the expected value of ranks data set are shown in
Table 23.

25th
Percentile

Coefficients

Lower
Bound

Upper
Bound

Intercept

-0.01322

-1.08961

0.02667

Increased
Error
Rate

0.59428

0.49440

1.68603

50th
Percentile

Coefficients

Lower
Bound

Upper
Bound

Intercept

-0.01306

-0.20349

-0.00453

Increased
Error
Rate

0.70995

0.62035

1.04829

75th
Percentile

Coefficients

Lower
Bound

Upper
Bound

Intercept

-0.05303

-0.07802

-0.01486

Increased
Error
Rate

0.97791

0.85146

1.01547

The infinite confidence intervals were
eliminated by increasing the sample size to 30. Table
24 shows the comparisons with the ordinary least
squares regression.
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Table 24- Comparison of Ordinary Least Square
regression and Quantile Regression
Decreas
e
in
Task
Time

OLS
Regressi
on

Quantile
Regressi
on
at
25th
quantile

Quantile
Regressi
on
at
50th
quantile

Quantile
Regressi
on
at
75th
quantile

Intercep
t

0.19047

0.01322

0.01306
*

0.05303
*

Decreas
ed
Error
rate

1.27180

0.59428
*

0.70995
*

0.97791
*



*: Significantly different quantile regression
coefficients than zero at 5%
+: Significantly different quantile regression
coefficients from OLS coefficients at 5%

Figure 10- Comparison of the Quantile Regression
and Ordinary Least Square Regression Coefficients
for Task Time and Error Rate

The coefficients are significantly different
than zero, except for the intercept at 25th quantile.
However, they are not different than the ordinary
least square regression significantly since the
confidence intervals of the quantile regression
coefficients includes the coefficient for the ordinary
least square regression coefficient. Thus, the
assumptions of the quantile regression were not
satisfied. Figure 10 also demonstrates that there is no
significant difference as the limits of the ordinary
least square regression intersects the limits of the
quantile regression.

Since there are no significant differences
based on the quantiles, the ordinary least square
interaction results were used as the constraints in the
goal programming models explained in the next
section.



Goal Programming Model
There are two models developed: (1) Sales
and traffic rate, and (2) error rate and task time.
Training time has been eliminated as no significant
correlation was detected with any other variable.
Increased Sales and Increased Traffic Rate Model
The objective is to minimize the maximum
deviation from target values for the means of
increasing sales, and increasing traffic rate. The
variables of the model are shown in Table 25.
The target values for the main decision
variables were found as follows. Data collection
yielded a table for percentages changes in usability
benefits. Bootstrap samples created by resamling
these samples in the data table. The lower quantiles
of each bootstrap samples were found. The mean of
the lower quantiles of the bootstrap samples were
picked as the target values for the goal programming
models in this study (Population Means: MS, MTf).
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wi- x di- / Μi for
underachievements

Moreover, the interaction constraints of the two goal
programming models were provided in the
interactions section above.

wi+ x di+ / Μi for
overachievements

Table 25- Variables of the Sales x Traffic Rate Model
Variable Type

Main Decision
Variables

Notation

Deviational
Variables

The objective of the model is minimizing
the maximum of the weighted percentage deviations
from target means; thus minimizing the predefined
variable Q.

Tf: Percentage increase in traffic rates
due to usability improvement

di

-

+

Eq. 7

Where; i: S, Tf

S: Percentage increase in sales due to
usability improvement

di

Eq. 6

: underachievement from target
value Mi ;

MIN Q

: overachievement from target
value Mi ;

Eq. 8

Subject to
wS- * dS- / Μs ≤ Q

Sale Goal

Eq.9

Where; i: S, Tf
wS-: weight of the negative deviation
from Μs

WTf- * dTf- / ΜTf ≤ Q

wS+: weight of the positive deviation
from Μs

Traffic Goal

Eq. 10

S + dS-- dS+ = Μs (actual versus target sale)

Eq. 11

Tf + dTf—dTf+ = ΜTf (actual versus target
traffic rate)

Eq. 12

S = -0.259746244 +5.070378837*Tf

Eq 13

di -, di + ≥0

Eq. 14

Weights
wTf-: weight of the negative deviation
from ΜTf
wTf+:
Maximum
Deviation from
Means

weight of the positive deviation
from ΜTf

Q

Where; i: S, Tf
wS-, wTf- ≥0

The weights listed in Table 2 shall be
assigned by usability practitioners depending on the
significance of the benefit types based on company
type and company goals.

Eq. 15

First set of constraints are to set the model
as a MINMAX optimization. As the objective
function is minimizing Q, these constraints make sure
that Q is the maximum weighted deviation from
target means. It should be noted that the objective
function will ignore the positive deviations from
targets, because of the fact that more percentage
increase in sales or traffic are favorable. However,
less increase in sales or traffic than target value
should be penalized. This will help usability
practitioners perform a conservative justification of
usability. The value of these penalty weights are to be

Variable Q is the maximum of the weighted
percentage deviations from the target means.
Weighted percentage deviations are calculated as
follows:
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decided by the users of the model. Any biased
manipulation of the weights will not make any
significant overall impact, since an enormous weight
assignment for any under or over achievement for a
decision
variable
will
cause
serious
underachievement in the other decision variable.
Thus, users of the model are encouraged to assign
realistic weights depending on their company type.
Second set of constraints are to set the actual versus
target functions. The third set of constraints is the
two-way interaction between sales and traffic rate.
Sales is set as the Y variable, whereas traffic rate is
the X variable. The last set of constraints is to set all
decision variables as non negative.

significance of the benefit types based on company
type and company key expectations.

Decreased Task Time and Decreased Error Rate
Model
The objective is to minimize the maximum
deviation from target values for the means of
decreasing task time, and decreasing error rate. The
variables of the model are shown in Table 26.

Where; i: ER, TaT

Variable Z is the maximum of the weighted
percentage deviations from the target means.
Weighted percentage deviations are calculated as
follows:

wi- x di- / Μi for
underachievements
wi+ x di+ / Μi for
overachievements

Main Decision
Variables

Eq. 17

The objective of the model is minimizing
the maximum of the weighted percentage deviations
from target means; thus minimizing the predefined
variable Z.

Table 26- Variables of the Error Rate and Task Time
Model
Variable Type

Eq. 16

MIN Z

Notation

Eq. 18

Subject to

TaT: Absolute percentage decrease in task time
due to usability improvement
ER: Absolute percentage decrease in error rate
due to usability improvement

WTaT- * dTaT- / ΜTaT ≤ Z

Task Time Goal

Eq 19

WER- * dER- / ΜER ≤ Z

Error Rate Goal

Eq. 20

TaT + dTaT—dTaT+ = ΜTaT
target task time)

(actual versus

Eq. 21

ER + dER—dER+ = ΜER
target error rate)

(actual versus

Eq. 22

di - : underachievement from target value Mi ;
Deviational
Variables

di + : overachievement from target value Mi ;
Where; i: TaT, ER
wER-:

weight of the negative deviation from ΜER

wER+: weight of the positive deviation from ΜER
Weights

wTaT-: weight of the negative deviation from
ΜTaT

Decreased
task
time=
0.222958075+0.44757381*Decreased error
rate

wTaT+: weight of the positive deviation from
ΜTaT
Maximum
Deviation from
Means

di -, di + ≥0

Z

Eq.23

Eq. 24

Where; i: ER, TaT
wER-, wTaT- ≥0

The weights listed in Table 26 should be
assigned by usability practitioners depending on the
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First set of constraints are to set the model
as a MINMAX optimization. As the objective
function is minimizing Z, these constraints make sure
that Z is the maximum weighted deviation from
target means. It should be noted that the objective
function will ignore the positive deviations from
targets, because of the fact that more percentage
decrease in error rate and task time are favorable.
However, less decrease in error rate or task time than
target values should be penalized. This will help
usability practitioners perform a conservative
justification of usability. Second set of constraints are
to set the actual versus target functions. The third set
of constraints is the two-way interaction between task
time and error rate. Task time is set as the Y variable,
whereas error rate is the X variable. The last set of
constraints is to set all decision variables as non
negative.

Table 27- Sales Traffic Model Sensitivity Report
with equal weights
Adjustable Cells
Final

Sensitivity Analysis
The two goal programming models
developed are non-linear as multiplications of the
variables are involved. The significant points to take
into consideration in the sensitivity analysis of nonlinear optimization in MS Excel solver module are
the reduced gradients for the variables, and Lagrange
multipliers for the constraints [23].

Cell

Name

Value

Gradie
nt

$C$
4

Actual Percent Change
Sales

0.475

0

$D$
4

Actual Percent Change
Traffic

0.145

0

$C$
5

Under Sales

0

0.479

$D$
5

Under Traffic

0.267

0

$C$
6

Over Sales

0.187

0

$D$
6

Over Traffic

0

2.429

Final

Lagran
ge

Constraints

Sensitivity Analysis for Sales and Traffic Model
Assuming all the weights are assigned a
value of 1, which means the company‘s perspective
on under and over deviations for increased sales and
increased traffic rates are the same, the sensitivity
analysis results are provided in Table 27.

Reduce
d

Cell

Name

Value

Multipl
ier

$C$
11

SalesxTraffic

-0.259

0.479

$C$
7

Goal Sales

0.288

-0.479

$D$
7

Goal Traffic

0.412

2.429

The same results are attained if the weights
assigned are 10,000, or 100,000 for the under and
over achievements for sales and traffic. This indicates
that the model is very robust; as long as the four
weights are assigned equal by the usability researcher
and/or engineering manager who uses the model, the
above results will be achieved.
In regular nonlinear models, reduced
gradient shows the change in the objective function
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in case that decision variable changes one unit. For
instance, if under achievement from target sales
increases 1 unit, the objective function increases by
0.479. Similarly, if over achievement from target
traffic increases by 1 unit, the objective function
increases by 2.429. On the other hand, the Lagrange
multiplier shows that if the right hand side of the
interaction constraint of sales and traffic increases by
1 unit, then the objective function increases by 0.479.
It should be noted clearly at this point that the
objective function is not the point of interest in this
goal programming model. The key interest is the
actual sales and traffic changes depending on the
weights assigned to under and over achievements.
The possible outcomes when the penalty weights are
different
can
be
seen
in
Figure
11.

be addressed. Achieving these levels of increase in
sales and traffic requires more usability investment,
which causes more initial costs. Usability practitioner
or engineer manager using the model must conduct a
cost benefit analysis. In the region where weights are
1 to 30, and 1 to 100, (the very left of x-axis), there is
an indication that the benefit expectation results for
sales and traffic rate is starting to get insensitive to
further changes in the x-axis. Figure 12 better shows
this
insensitivity.
2
1.8
1.6

2.00

1.4

1.80

1.2

1.60

1

1.40

0.8

1.20

0.6

1.00

Traffic

0.4

Sales

0.80

Sales

0.2

Traffic

0.60

0
1 to 1 to 1 to 1 to 1 to 1 to
600 500 400 300 200 100

0.40
0.20

Figure 12 Sensitivity Analysis for Higher Weights for
Traffic
1 to 100
1 to 30
1 to 5
1 to 1
5 to 1
30 to 1
100 to 1

0.00

In Figure 12, the rate of 1 to 200 is the
cutoff point after which the insensitivity starts. Users
of the model should not spend time on the region
smaller than 1 to 200 as it is practically useless.

Figure 11 Sales Traffic Model Sensitivity Analysis

Moreover the very right end of the x-axis in
Figure 11 shows an indication of insensitivity. Figure
13 proves this insensitivity. The usability benefit
expectations are insensitive to changes in the rates

The x-axis on Figure 4.1 shows the rate of
'penalty weight assigned to deviations from sales
target value' to 'penalty weight assigned to deviations
from traffic target value'. The plot starts with a 1 to
100 rate. Thus, an iteration of the model with this
weight ratio results in traffic rates very close to its
target value. At this point the sales are very high. An
initial perspective by looking at the plot could be
using these weights since both sales and traffic rate
are high, however there is the cost issue that needs to
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than

200

Table 28- Task Time Error Rate Model Sensitivity
Report with equal weights

0.350

Adjustable Cells
Final

0.300

Reduce
d

Cel
l

Name

Value

0.250

Gradie
nt

0.200

$C
$4

Actual
Percent
Change Task Time

0.357

0

$D
$4

Actual
Percent
Change Error Rate

0.298

0

0.100

$C
$5

Under Task Time

0

3.879

0.050

$D
$5

Under Error Rate

0.186

0

0.000

$C
$6

Over Task Time

0.098

0

$D
$6

Over Error Rate

0

1.736

Final

Lagran
ge

Sales
0.150

Traffic

100 200 300 400 500 600
to 1 to 1 to 1 to 1 to 1 to 1
Figure 13 Sensitivity Analysis for Higher Weights for
Sales

Constraints

To sum up the sensitivity findings for this
model, users should focus on the region in between
the ratios 1 to 200 and 200 to 1.

Cel
l

Sensitivity Analysis for Task time and Error Rate
Model
The non-linear optimization sensitivity
result of MS Excel solver module is given in Table
28.

Name

Value

Multipl
ier

$C
$11

ERxTaT Task Time

0.223

3.879

$C
$7

Goal Task Time

0.258

-3.879

$D
$7

Goal Error Rate

0.484

1.736

Similar to the discussions for the sales
traffic model, the interest is not the objective
function. Therefore, there is no need to explore the
reduced gradients and the Lagrange multipliers. See
Figure 14 for possible outcomes of the model with
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weights

assigned.

sensitivity. See Figure 15 for small weight ratios.

0.6

0.490
0.480

0.5

0.470
0.4

0.460

0.3

0.450

Task Time
Error Rate

0.2

Task Time
Error Rate

0.440
0.430

0.1

0.420
0.410

Task time
weight/
Error rate
weight

1 to 600
1 to 500
1 to 400
1 to 300
1 to 200
1 to 100

1 to 100
1 to 30
1 to 5
1 to 1
10 to 1
30 to 1
100 to 1

0

Task time
weight/
Error rate
weight

Figure 14 Task Time and Error Rate Model
Sensitivity Analysis

Figure 15 Sensitivity Analysis for Higher Weights for
Error Rate

The region to the very left of the plot seems
to be the optimum region since both task time and
error rate are high. However, the costs associated
with achieving those usability benefit levels should
be considered. A cost benefit analysis is needed.
Penalty weight ratios less than 1 to 100 and more
than 100 to 1 were analyzed in order to explore

The cutoff point is 1 to 200 penalty weight
ratio. Usability benefit expectations are insensitive to
further decreasing the penalty weight ratio. See
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for
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high

weight

ratios.

companies that invest on usability
are the same.

0.300


No matter how much focus is
given on increasing usability to
increase sales, as long as traffic rate
cannot be increased over 40%, the
highest increase on sales will be
around 180%.



No matter how much focus is given
on increasing usability to decrease
task time, as long as error rates
cannot be decreased more than
49%, the highest decrease on task
time will be around 44%.

0.250

0.200

0.150

Task Time
Error Rate

0.100

0.050

100 to 1
200 to 1
300 to 1
400 to 1
500 to 1
600 to 1

0.000

It should be noted that these values are
going to be used in cost justification of usability
models to find overall benefit. Then, benefits will be
compared
against
investment
costs
with
recommended financial ratio in a specific cost
justification model. Thus, the key contribution of the
decision tools developed in this dissertation is that
they provide the usability benefit expectations needed
to estimate the benefits part of the cost justification of
usability models. The subjectivity in estimations of
these assumptions in existing models was addressed
by using scientific methods in this study.

Task time
weight/ Error
rate weight

Figure 16 Sensitivity Analyses for Higher Weights
for Task Time

The cutoff point is 200 to 1 penalty weight ratio.
Usability benefit expectations for task time and error
rate are insensitive to weight ratio changes after this
point.
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