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Abstract

Traditional surveys are excellent instruments for establishing the correlational relationship between
two constructs. However, they are unable to identify reasons why such correlations exist. Computer-
Adaptive Surveys (CAS) are multi-dimensional instruments where questions asked of respondents
depend on the previous questions asked. Their principal advantage is they allow the survey
developer to input a large number of potential causes. Respondents then roll down through the
causes to identify the one or few significant causes impacting a correlation. This study compared a
café satisfaction CAS to a traditional survey of the same item bank to test whether CAS performs its
intended task better than a traditional survey. Our study demonstrates that when one is trying to
find root cause, CAS achieves a higher response rate, requires fewer items for respondents to
answer, has better item discrimination, and has a higher agreement among respondents for each
item.

Keywords: Computer-Adaptive Surveys, traditional surveys, conclusion validity

Introduction

Computer-Adaptive Surveys (CAS) are most useful for the situation where there are two or more
constructs which are correlated and one desires to understand the reason why those constructs are
correlated. Consider two different scenarios. In one scenario, a technology is perceived as something
desirable to adopt, because it is useful and easy to use, i.e., adheres to TAM/UTUAT (Bagozzi 2007;
Gefen et al. 2003; Legris et al. 2003). However, as researchers, we want to know what characteristics
of the technology make it useful or easy to use- questions existing survey instruments cannot answer
(Pinsonneault and Kraemer 1993). In a second scenario, a café owner wants to know not only what
aspect of customer service he could improve on, but also how he can improve (Fundin and Elg 2010;
Sampson 1998; Wisner and Corney 2001). However, with traditional survey techniques, he would be
forced to give customers a huge survey to identify the salient issues for improvement.

Surveys must strike a balance between trying to understand every respondent’s individual views and
opinions, and not exhausting the respondent with too many questions (Haschke et al. 2013; Hayes
1992; Sinclair et al. 1993). If the survey is too long, respondents will suffer from a fatigue effect, and
not answer questions properly (Berdie 1989; Deutskens et al. 2004). If the survey is too short, it will
not provide enough information to adequately capture respondent sentiment (Hayes 1992). Finally,
long surveys can be broken up over time (Goodman et al. 1992). However, these often still are unable
to identify root causes of issues (Hayes 1992; Peterson and Wilson 1992).
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One way of handling these issues is through a Computer-Adaptive Survey (CAS), which is a new kind
of survey. Unlike in a traditional survey, where every question is asked (Hayes 1992), in a CAS, the
previous questions determine the next questions asked. CAS differs from traditional surveys in several
ways. First, the items in CAS are arranged in a hierarchy, whereas traditional methods assume a “flat”
set of items. Second, respondents legitimately only fill in some of the questionnaire items- unfilled
questions cannot be treated as non-responses. Unfortunately, methods for validating CAS are under
researched- to the point where they are nonexistent.

This paper attempts to validate that CAS outperforms a traditional survey in identifying one or a few
narrowly defined constructs that respondents as a whole have the greatest or least affiliation to. To do
this, we compare a customer satisfaction CAS against its equivalent traditional survey. We find that
CAS has several advantages over the traditional survey, as CAS has a higher response rate, requires
fewer items for respondents to answer, has better item discrimination in that respondents tend to
provide more extreme scores in CAS, and has a higher agreement among respondents for each item.

The paper is constructed in the following manner. The next section introduces the related literature,
describing CAS and its design. We then compare the results of CAS with a traditional survey of the
same item bank. Finally, findings are presented and discussed.

Computer Adaptive Surveys (CAS) vs. Traditional Surveys

CAS and traditional surveys differ, as traditional surveys are about establishing a correlation between
two or more constructs, whereas CAS investigates why those constructs are correlated (i.e., identify
root cause). As an example, a traditional survey establishes a high negative correlation between food
quality and satisfaction. A CAS is used to identify whether customers are unhappy with the taste,
temperature, texture, arrangement, etc. of the food.

To identify root cause, it is often necessary to ask many questions. Most surveys are not designed to be
very long. Therefore, they are not especially designed to be informative or diagnostic for identifying
root cause (Goodman et al. 1992; Hayes 1992; Peterson and Wilson 1992). Also, in most surveys, the
respondent is intended to answer the majority of questions. With a large survey, the respondent is
likely to encounter fatigue and quit before providing critical information (Galesic and Bosnjak 20009;
Groves 2006; Groves et al. 2004; Heerwegh and Loosveldt 2006; Porter et al. 2004). Finally, the
effort to complete a CAS grows logarithmically with the length of the CAS. In contrast, effort grows
linearly with the length of a traditional survey. This is because questions in a CAS are represented in a
tree and the respondent navigates down a branch of the tree instead of doing the whole survey.

Several techniques have been used to obtain more information from traditional surveys (Calinescu et
al. 2012; Calinescu and Schouten 2016; Groves and Heeringa 2006; Schouten et al. 2013). One is
open-ended questions where respondents write down their feelings (Hayes 1992). However, open-
ended survey responses are often time-consuming to analyse (Jackson and Trochim 2002). In most
cases, interpretation of responses to open-ended questions is difficult (Jones and Lin 1997). In
addition, response rates for open-ended questions are lower than for multiple choice ones ( Krosnick,

1999).

Follow-up contacts have been consistently reported as being the most powerful technique for
increasing response rates, both in mail and online surveys (Wiley et al. 2009). Follow-up surveys or
interviews are used to obtain more in depth information (Locker 2000; Woodruff 1997). As an
example, Mirror Wave Surveys are three-question surveys that are followed up every time a new
product is purchased. This way, a customer’s purchasing patterns can be monitored (Payne and Frow
2013). When the goal is to drill down into individuals’ perceptions, numerous follow-ups may be
required. However, studies show when multiple follow-ups are used, the response rates decreased after
the second follow-up (Cook et al. 2000; Zhang 2000). Repeated follow ups have diminishing returns
and may be treated as spam, hence irritating potential respondents (Fan and Yan 2010; Montgomery
and Cutler 2013; Porter 2004; Rogelberg and Stanton 2007).

Another way to get more precise responses is to increase survey length. However, survey fatigue,
which is also called over-surveying, survey disillusionment, or survey saturation can cause
nonresponse or false responses. There are several studies showing that length has a negative effect on
participation rates (Galesic and Bosnjak 2009; Krosnick 1999). As an example, in one study, two
surveys were given where the long version took approximately 30—45 minutes to finish, while the
short version could be completed within 15 to 30 minutes. The results indicated that the response
rates were significantly higher in the shorter version (Deutskens et al. 2004).
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Computer-Adaptive Surveys

Computer-Adaptive Surveys (CAS) are multi-dimensional instruments where questions asked of
respondents depend on the previous questions asked. Its principal advantage is it allows the survey
developer to include a large number of questions. The only questions the respondent answers are the
ones most salient to the issue being addressed- in our case, the things about the café the respondent is
least satisfied with. In contrast, if the same number of questions were asked on a traditional survey,
the respondent is likely to encounter fatigue and quit before providing critical information (Galesic
and Bosnjak 2009; Groves 2006; Groves et al. 2004; Heerwegh and Loosveldt 2006; Porter et al.
2004).

CAS can be thought of as a hybrid of a traditional perception survey and a Computer-Adaptive Test.
Computer-Adaptive Tests are designed to efficiently assess and evaluate a respondent’s ability or
performance through questions which are dynamically assigned based on answers to the questions the
participant answered previously (Thompson and Weiss, 2011). For example, the Graduate
Management Admission Test (GMAT) asks the respondent to answer language and mathematical
questions in increasing order of difficulty (Stricker et al. 2006). The next question asked of a
respondent depends on whether the previous questions were answered correctly. Similarly, in the
Merrell and Tymms test (2007), the aim is to understand the reading ability of students to provide
better feedback and implement appropriate reading practices.

CAS and CAT are similar in that they both use a very large item bank, and rely on the idea that the
response of one item directs the next item. They are different in several ways. One is that their goals
are very different. CAS aims to identify the child constructs most salient to a correlation between two
constructs for a particular group of respondents (e.g., which things did you like the least or most),
while CAT assesses an ability or performance (Hol, Vorst, and Mellenbergh, 2008; Merrell and
Tymms, 2007). Traditionally, the goal of the typical CAT is to produce a score evaluating ability or
performance on a single or few constructs. In contrast, the goal of CAS is typically to identify which of
many child constructs are perceived by the respondent as most relevant to them.

Second, they differ on how questions are administered. CAT uses Item Response Theory (IRT) that
refers to a set of mathematical models which, describe in probabilistic terms, the relationship between
a person’s response to a question and his or her level of the ‘latent variable’ being measured by the
scale (Reeve and Fayers 2005). In the IRT, there are two model(s), which can be either dichotomous
or polytomous. Dichotomous IRT models require each item to be scored either correct or incorrect.
For example, the Graduate Management Admission Test (GMAT) asks the respondent to answer
language and mathematical questions in increasing order of difficulty (Stricker, Wilder, and
Bridgeman, 2006). The next question asked of a respondent depends on whether the previous
questions were answered correctly. In contract, in polytomous IRT models, an item can have two or
more response categories. For example, a 5-point Likert type scale (Reeve and Fayers 2005).
Polytomous models are more common in surveys, such as measuring political knowledge
(Montgomery and Cutler 2013), or measuring workplace bullying (Ma, Chien, Wang, Li, and Yui,
2014). In contrast, CAS uses an adaptive version of branching to arrange the questions. The lowest or
highest score on a set of questions triggers the retrieval of related, but more precise questions. In
addition, the question structures are also different. On the GMAT, which is based on IRT, the
“correct” answer adds a point to the score, while an incorrect one deducts from 0.25 to 0.20 from
one’s score. In contrast, items in CAS are more akin to those on traditional psychometric instruments
that are designed to “load” on a construct.

Finally, initiation and termination in CAS and CAT function in specific ways. In most cases,
respondents taking a particular CAT test all begin in the same way. In contrast, we could have the first
20 respondents taking a CAS begin with generic questions about the café. If we realise that most
respondents are indicating issues with the service, the next 20 respondents might begin at a lower
level of the hierarchy- on the service-related questions. Similarly, a CAT terminates when the CAT has
enough information to perform a diagnosis, either when a fixed number of items have been answered
(Babcock and Weiss 2009; Ho and Dodd 2012; Shin et al. 2012) or because further questions in the
item bank provide no additional statistically meaningful information (Thompson and Weiss, 2011). In
contrast, a CAS ends either when one has fully traversed a set number of branches of the hierarchy, or
when the user reaches some threshold for a proxy for fatigue (e.g., user answers a certain number of
questions).
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CAS Implementation and Design

A typical CAS item bank can contain hundreds of items. In addition, constructs are mapped together
in a hierarchy, with constructs concerning higher level concepts linking to constructs with greater
precision. Child constructs are formative and represent more precise dimensions of their parent. To
illustrate the process, consider the CAS we have developed, which is designed to elicit the problems
customers have with cafés. The item bank consists of 175 survey questions. Most customer satisfaction
surveys comprise 30 items or less- because of a lack of respondent patience, often only a single
question is asked per construct (Heerwegh and Loosveldt 2006). There are five overarching constructs
in our survey: (1) convenience, (2) service quality, (3) quality of food and drink, (4) price and value,
and (5) ambiance.

How CAS Works

In CAS, respondents perform a depth-first traversal of the tree, where each stage of the traversal
involves the respondent rating all items in the stage. Respondents then receive only child constructs
associated with the lowest or highest rated constructs. Each respondent could traverse the CAS
hierarchy in a different way. To illustrate, see Figure 1. If food is the area the customer is least satisfied
with, CAS then retrieves questions about the quality of the food (i.e., preparation, portion, menu
choice). If the customer is least satisfied with menu choice, CAS retrieves questions about how the
food was cooked, taste, special needs, options, and availability. CAS does not retrieve further
questions on constructs the respondent rated satisfactorily. As the respondent continues to answer
questions, CAS navigates deeper down the tree and questions roll down until the respondent hits one
set of constructs with no children, for example, that there are insufficient vegetarian items on the
menu. If most respondents agree there are insufficient vegetarian items on the menu, this would
indicate lack of vegetarian items is the root cause for many customers’ dissatisfaction. Of course, not
every respondent would navigate the hierarchy the same way. Thus, aggregating the results from
respondents allows the researcher to observe the multiple major problems across respondents. In
addition, it allows managers of commercial enterprises to quickly find key issues to address.

However, it is possible there are more candidate constructs in that level of the hierarchy than allowed
by a threshold. For example, assume initially that the respondent rated questioni “I am overall
satisfied with the ambiance of the café” with a 1, and question3 “I am overall satisfied with the quality
of food/drinks of the café” with a 1. CAS must retrieve constructs associated with the least scoring
question. But CAS cannot determine which of the questions 1 or 3, to choose from. At this point, CAS
asks the respondent which of questions 1 or 3 is most relevant to the respondent. If question 3 is
chosen, then the constructs mapping to question 3 are retrieved by CAS. The process repeats until no
subsidiary constructs can be selected, whereupon CAS stops.
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Figure 1. How CAS works for café satisfaction

Assessing the Results of CAS versus the Traditional Survey

Assessing the validity of CAS’s results requires different techniques from traditional surveys for a
number of reasons. One, unlike traditional surveys, a CAS cannot be used to find cause in the sense of
there being an independent variable and dependent variable on the survey. In a CAS, cause is
assumed; there is an implicit dependent variable (e.g., customer satisfaction) that the survey does not
ask. Second, in CAS, there are child- parent relationships, where constructs that are children to other
constructs in the hierarchy should represent some dimension of the parent construct. As a result, in
CAS, we can expect high correlations between a parent and one child (e.g., if a respondent says they
are dissatisfied with service, there is at least one subdimension of service they are unhappy about).
However, because the subdimensions are orthogonal (as child constructs are formative on their
parent), we expect low correlations across subdimensions (e.g., that someone is dissatisfied with the
efficiency of service does not mean they are dissatisfied with the quality of service). Traditional
statistical techniques cannot handle such complex correlations between items on a survey. Given the
problems with traditional approaches, we argue for a new approach to assess the validity of CAS’s
results.

This paper solely focuses on assessing the conclusion validity of CAS. We test whether CAS is better at
finding root cause than a traditional survey. There are clearly other forms of validity, such as
conclusion, construct, internal, and external validity (Shadish et al. 2002). Testing these other forms
of validity of CAS is the purview of other research. For example, in earlier research, we developed a
methodology for evaluating the construct validity of CAS (Sabbaghan et al. 2016). In that
methodology, we provided a framework where the hierarchies that independent raters develop are
transformed into a quantitative form, and that quantitative form is tested to determine the inter-rater
reliability of the individual branches in the hierarchy. The hierarchies are then successively
transformed to test if they branch in the same way. In addition, we developed techniques for
evaluating the similarity of those hierarchies for evaluating the construct validity of CAS (Sabbaghan
et al. 2017).

We employ café satisfaction as a proxy context for evaluating the efficacy of CAS. CAS typically
identifies one or a few narrowly defined constructs that respondents as a whole have the greatest or
least affiliation to. Hence for CAS to have credible results would mean that the “correct construct(s)”
have been identified. Our hypotheses compare the café satisfaction CAS against a traditional survey on
properties that suggest CAS is better for identifying these “correct constructs.”
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Many studies have tried to decrease nonresponse rates by using different techniques such
incorporating incentives, or adaptive designs (Calinescu and Schouten 2016; Groves and Heeringa
2006; Peytchev 2013; Singer 2012; Wagner 2008). One supposed benefit of CAS is it will have a lower
non-response rate, because respondents are required to answer fewer items to complete the survey.
Therefore, we hypothesize:

H, Our café satisfaction CAS will have a higher response rate than the traditional survey.

In a CAS about dissatisfaction, a non-chosen item should mean the respondent was not dissatisfied
with the parent of the item, and therefore the item itself. To test whether this is true, we compare the
items unanswered by all respondents in CAS against responses in a traditional survey. A
demonstration that the corresponding items in the traditional survey tend towards “satisfaction”
rather than “dissatisfaction” on the Likert scale would provide evidence the CAS is performing as
intended. Hence, we hypothesize:

H. For all non-chosen items in CAS, the corresponding item in the traditional survey will tend
towards “satisfaction” rather than “dissatisfaction.”

Respondents may not produce quality responses for various reasons, such as lack of motivation or
cognitive overload (Krosnick 1991). Disengaged respondents may not provide quality responses, they
may either leave items blank or provide false responses (Galesic and Bosnjak 2009; Groves 2006;
Heerwegh and Loosveldt 2006; Porter et al. 2004; Tourangeau et al. 2004) . One example of false
responses is answering a sequence of items in exactly the same way, i.e., straightlining (Fricker et al.
2005). As an example, a traditional survey with a 5-point Likert scale could have a straight line
sequence of 5s, indicating the respondent filled those items without bothering to read the questions (
Krosnick, 1991; Zhang and Conrad, 2013). Another example is choosing a neutral response options
(for example, “No opinion” and “Don’t know” answer options) instead of substantive options such as
only choosing the value 3 from a 5-point Likert scale. In addition, false responses could also be
produced when respondents randomly choose an answer to avoid the substantial cognitive effort
required of processing each questionnaire item (satisficing) (Krosnick 1991). Other factors such as
speeding (i.e., giving answers very quickly) (Zhang and Conrad 2013), fatigue and boredom (Galesic
and Bosnjak 2009) accumulate throughout the survey, and decrease the willingness of respondents to
invest in the effort needed for good quality answers.

CAS has two distinguishing features compared to traditional surveys. One is the role of choice
questions. When a respondent indicates equal dissatisfaction with two things, CAS prompts the
respondent to identify the item they are least satisfied with. Second is that items are administered so
that previous questions determine the next questions, hence increasing the amount of interaction with
respondents and distinguishing the branches which require more attention. Studies have shown that
interactions such as conditional branching can not only assist with decreasing nonresponse items, but
also increase respondents’ attention to each question and increasing the quality of responses (
Krosnick 1991; Manfreda, Batagelj and Vehovar 2002).

In this study, one of the aims is to assess which instrument (CAS or traditional survey) produces
responses that better differentiate constructs associated with root cause. For this to be true,
respondents should rate certain items more highly than others. We argue because respondents are
more engaged with CAS, respondents will provide more truthful answers, and thus such
discrimination between items will occur. Conversely, the length, and monotony of the traditional
survey causes the respondent to switch off. The respondent no longer answers questions in a
traditional survey in a focused way. Responses in a traditional survey vary less, because the
respondent is less engaged. Thus, we hypothesize:

H; In the café satisfaction CAS, the standard deviation within an individual, across items will be
higher than the traditional survey.

Response quality has been an important factor in survey research. As an example, in one study, the
findings indicated that most peoples’ answers to survey questions are completely random. In fact, if
the same people are asked the same question in repeated interviews, only about half give the same
answer (Zaller and Feldman 1992). In other studies, the findings indicated that in shorter surveys,
respondents suffer less fatigue, hence there are less blank items and false responses (Deutskens et al.
2004; Galesic and Bosnjak 2009).

When respondents are more engaged, they are able to focus more on the questions. This means we
expect respondents will produce answers in CAS that are “closer to the truth.” By implication, if a café
is genuinely poor at a particular area of satisfaction, we should receive more consistent feedback to
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that effect. Conversely, if a café is satisfactory in an area of satisfaction, CAS should more closely
reflect that. In a traditional survey, because the respondent is less engaged, there is more randomness
in the answers, thereby increasing the error. Hence:

H, The café satisfaction CAS compared to the traditional survey will have a lower standard deviation
within items across respondents.

Methodology

The remainder of this section describes how the sample, instrument, and data collection was
conducted.

Sample

We selected the 5 most popular cafes in the university campus to compare and assess the results. The
target population was customers of the 5 cafes- i.e., university students. Our sample was students
from the Information Systems and Operation Management (ISOM) Department and Economics
Department. We were limited to only two departments due to conditions imposed by our ethics
committee. There were approximately 5700 undergraduates and 120 post graduates in both
departments. An invitation to participate in our study was disseminated through the university
student learning management system. As an incentive to participate, respondents were entered into a
lucky draw worth 20 New Zealand dollars. 20 respondents won the lucky draw.

We collected our data in two waves from each instrument. We performed a non-response bias test
across the two waves, with the second wave being a proxy for non-response. The test was performed
by running an independent sample t-test for each item having at least 20 responses. For the café
satisfaction CAS, we found the mean scores were not significantly different across all items and thus
there was no evidence for non-response bias. However, for the traditional survey, we found that for
three items, the mean scores were significantly different. However, at a p-value of 0.05, we expect 1 in
20 tests to be significant. Out of 175 items, 3 item were significant, which is well within the margin of
error of a test of significance (McHugh 2011).

Instrument

The item bank for the café satisfaction CAS and the traditional survey consisted of 175 survey
questions. It was developed as follows. First, we synthesized existing café satisfaction surveys (Hwang
and Zhao 2010; Kim et al. 2005; Liang and Zhang 2009; Pizam and Ellis 1999; Pratten 2004; Ryu and
(Shawn) Jang 2008; Saglik et al. 2014; Shanka and Taylor 2005). Most surveys comprised 30 items or
less- because of a lack of respondent patience, often only a single question is to be asked per
construct. In addition, the first author trawled Internet café forums to identify common
complaints. New items were developed based on those complaints. Here, principles from grounded
theory (Strauss and Corbin 1994) specifically, axial coding, guided us, as existing categories were
saturated and items were explored and similarities were found. This continued until no more new
conceptual categories emerged. As an example, if we found in an internet café forum, customers were
complaining about payment methods, we would explore payment methods and explore different
possible ways of payment in cafés (e.g., cash, credit card, vouchers). This would continue until we had
covered all existing ways. Approximately 400 items were collected. Items across the surveys and from
the forums were then compared and duplicates were discarded. Fewer than 300 items remained after
this step and two independent raters blinded to the study’s purpose went through the items and
marked items that were either vague or repetitive. Approximately 60 items were dropped here. Next,
we rearranged and reorganized the questions into a hierarchy. Constructs are mapped together in a
hierarchy with constructs concerning higher level concepts linking to constructs with greater
precision. Two blind and independent raters grouped and mapped the constructs together. The
hierarchies were then transformed into a quantitative form, and that quantitative form was tested to
determine the inter-rater reliability of the individual branches in the hierarchy. The hierarchies were
then successively transformed to test if they branched in the same way. We have assessed the
instrument for construct and content validity and items which did not “fit in” the hierarchy were
dropped, leaving only 175 items (Sabbaghan et al. 2016, 2017).
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Data collection

The data was collected in the following manner. First, respondents were presented a consent form
and agreed with it. Respondents were informed of the length of the survey (i.e., 175 items). We did
this, because research suggests informing subjects up front about this increases response rates
(Marcus et al. 2007). If the respondent discovers a survey is longer than anticipated, trust placed in
the researcher by the respondent is revoked, leading to a higher nonresponse or an increase of
dropouts (Heerwegh and Loosveldt 2006).

Respondents then filled out some demographic details. They next chose one of the 5 mentioned cafés
they wished to assess. Next, each respondent was assigned a random number (1 or 2) which
determined which survey each respondent would be assigned to. The traditional survey took
approximately 20-40 minutes to finish and approximately 3 to 5 minutes was required for the CAS.
We preformed two rounds of data collection. In the first round, the preliminary results from CAS
indicated that “price and value” was the construct respondents were most dissatisfied with. However,
the items for “price and value” were situated in the bottom of the traditional survey, where there was a
high item nonresponse rate. Hence, in the second round, we moved the items associated with “price
and value” to the top of the traditional survey and left CAS with no alterations. Approximately 510
responses were collected from both instruments for all five cafés. In the first wave, 170 responses were
collected for CAS and 142 responses for the traditional survey. In the second, which was conducted 3
months after the first wave, 105 responses were collected for CAS and 93 responses were collected
from the traditional survey.

After assessing the results, the overarching constructs “convenience” and “ambiance” did not have
sufficient data for further assessment. Hence these constructs were dropped from the analysis and the
constructs “service quality,” “food and drink quality,” and “price and value” for all cafés were selected
for further assessment. It should be noted that the CAS results for the overarching constructs which
were dropped had high mean scores which suggest respondents were not dissatisfied with either
construct across the five cafes. Thus, dropping those constructs did not materially impact our analysis.

Analysis

In this study, we compare a café satisfaction CAS against its equivalent traditional survey. First, we
hypothesize that our café satisfaction CAS will have a higher response rate than the traditional survey.
We have two data points- non-response for the CAS and non-response for the traditional survey.
Hence, statistical analysis to support the hypothesis is not possible. It should be noted that a
comparative statistical analysis of non-response is generally impossible. However, we feel that just
because a question cannot be answered numerically does not mean the question should not be asked.
Instead, we qualitatively analysed comments given by respondents who had quit either instrument. As
there were only comments for the traditional survey, we went through the comments and grouped
together comments which were similar. In addition, the first author’s grouping was compared to the
grouping of one independent rater blind to the study purpose to ensure inter-rater reliability. Kappa
was 0.73, above the recommended threshold of 0.7 (Landis and Koch 1977). We then gave each
grouping a label to ascertain the causes for quitting.

In our second hypothesis, we expect that for any item(s) in CAS that was not chosen by any
respondent, the corresponding item in the traditional survey will tend towards “satisfaction” rather
than “dissatisfaction.” To test this hypothesis, we calculated the mean and standard deviation of all
items in the traditional survey which had no corresponding score across all completed CAS. We then
ran a one-tailed one-sample t-test against a mean of 3 (i.e., “average” on a 5-point Likert scale) to
assess if the true mean of the sample is higher than the comparison value (3). We also counted the
number of people who scored each item less than 3.

In our third hypothesis, we expect the standard deviation within an individual, across items will be
higher than in the traditional survey. Hence in both instruments, we calculated the standard deviation
of all items an individual filled across the entire survey. We then calculated the mean and standard
deviation of the standard deviations. Finally, a two sample one-tailed t-test was executed to compare
the café satisfaction CAS and traditional survey.

Our final hypothesis is that the across-individual, within-item standard deviation in a café satisfaction
CAS should be lower than the equivalent item in a traditional survey. Thus, we first calculated the
standard deviation within item across individuals for both instruments for all cafés. This produced
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two standard deviations per questionnaire item, one for CAS, one for the traditional survey. It was not
possible to perform a traditional parametric statistical analysis with this sample size. Instead, we
performed a sign test (Dixon and Mood 1946). We subtracted the standard deviation of the traditional
survey from CAS from each item, and assessed the extent the signs were positive or negative. An
overwhelming number of negative signs would suggest items in the traditional survey tended towards
a higher standard deviation.

Results

In our first hypothesis, we expected that our café satisfaction CAS would have a higher response rate
than the traditional survey. For CAS, out of 275 respondents, 31 quit without providing a reason. For
the traditional survey of 236 respondents, 70 quit. 40 respondents quit the traditional survey with a
reason as tabulated in Table 1 and 30 respondents quit without providing a reason.

As noted earlier, statistical analysis is not possible given the data. Nevertheless, our analysis of the
qualitative responses given is telling. Notably, 60% of respondents in the traditional survey quit the
survey due to the large number of the items in the survey. The next most common reason given was
only given by 7.5% of respondents. This suggests support for Hi.

Table 1. Reasons for quitting the traditional survey
Reason for quitting percentage example
Number of items 60% 175 questions is too long
Long time 7.5% The survey will take too long for me to do.
repetitive 7.5% too long, a lot of repetition, never ending
Have put enough effort 7.5% I have already answered 50 ....
Not sufficient motive 7.5% I am not gonna answer 175 questions
boring 5% I'm bored it’s too long mate
Incentive not sufficient 5% too many questions, not worth a voucher

Table 1. Presents the reasons for quitting the traditional survey

In our second hypothesis, we expected that any item not chosen by any respondent doing CAS would
have corresponding scores in a traditional survey indicating that respondents were satisfied with the
item. The number of items no respondent answered in the CAS for cafés 1 to 5, are respectively, 64,
48, 54, 47, and 71. Consider Figure 1 which presents the corresponding items to the ones no
respondent answered in the CAS, for the traditional survey for cafés 1-5. The red shades represent the
responses with the value of 1, the purple shades responses with the value of 2, yellow 3, blue 4, and
green 5 respectively. As illustrated, the majority of responses for those items are equivalent to three
and above.
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Figure 1. Presents the corresponding items no respondent answered in the café satisfaction CAS, for the
traditional survey for café 1-5.

A one-tailed one-sample t-test against a mean of 3 (i.e., “average” on a 5-point Likert scale) of all the
items which were null in CAS confirms this. In addition, we identified the number of items with a
mean less than 3 for each café. About 5-11 percentage of items had a mean score of less than 3, the
number dependent on the café analyzed. Given the significance of the test results and relative small
percentage of responses indicating dissatisfaction, H2 is supported.

Table 2. The t-test of all the non-chosen items in CAS for all traditional surveys for the five cafés.
Cafe Number of | number of Mean for Std. Test Value = 3

blank items with traditional Deviation " I S0

items in mean value < 3 | survey Items 18- (2-

CAS tailed)
cafe1 70 4 3.4798 0.29189 | 13.15 69 <0.001
cafe2 48 4 3.7887 0.35517 | 15.385 | 47 <0.001
cafe3 54 0o 3.5264 0.29615 | 13.061 | 53 <0.001
cafeq 47 3 3.7028 0.41698 | 11.555 | 46 <0.001
cafes 71 8 3.3646 0.40286 | 7.625 | 70 <0.001

Table 2. Presents the t-test of all the items which were non-chosen in CAS for all
traditional surveys for the five cafés.
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In our third hypothesis, we expected the standard deviation across all items answered by an individual
will be higher in CAS than the traditional survey. Figure 2 presents the responses for both instruments
for café 1. The grey shades represent the responses which are either item non-response in the
traditional survey or have not been chosen by respondents in the café satisfaction CAS. The red shades
represent the responses with the value of 1, the purple shades responses with the value of 2, yellow 3,
blue 4, and green 5 respectively. Cafés 2-5 share a similar pattern with café 1. As the Figure
demonstrates, only a fraction of the items is responded to in CAS. The construct “price and value” is
indicated as one respondents are least satisfied with in both instruments as it has been answered by
most respondents. In addition, in the café satisfaction CAS, certain items of the construct “price and
value” show larger patches of red and purple compared to the traditional survey, which means
respondents were very unhappy with these items. The graph suggests CAS will have a higher cross-
item standard deviation.
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Figure 2. Presents the responses for both instruments for café 1.

We ran a two sample one-tail t-test of the mean standard deviation of every individual for all five
cafes. According to Table 3, throughout the overarching constructs “service quality”, “food and drinks
quality” and “price and value” café satisfaction CAS has a higher standard deviation across items.
Hence H3 is supported.
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Table 3. Compares the standard deviation

Construct Overarching Constructs

Type CAS Traditional
survey

Mean 1.0113 0.656

Standard dev. 0.083 0.042

Observations 15

Hypothesized Mean 0

Difference

t Critical one-tail 1.7081

p (one-tail) 0.0003

Table 3. Compares the standard deviation of individuals across items of CAS with the
items of the traditional survey for the 5 cafes.

In our fourth hypothesis, we expected the café satisfaction CAS would have a lower within item
standard deviation than the traditional survey, which reflects the error the traditional survey
encourages. Table 4 presents the results of the sign test for the standard deviation of each survey
question (175 items) for both café satisfaction CAS and the traditional survey. As the number of
negative sign counts are overwhelmingly higher for each cafe, H4 is clearly supported.

Table 4. Sign Test

Café Positive sign count Negative sign | p-value
count
Café 1 CAS 11 164 <0.0001

Traditional Survey

Café 2 CAS 8 167 <0.0001

Traditional Survey

Café 3 CAS 4 174 <0.0001

Traditional Survey

Café 4 CAS 2 173 <0.0001

Traditional Survey

Café 5 CAS 13 162 <0.0001

Traditional Survey

Table 4. Sign Test for the standard deviation of each item of CAS with each item of the
traditional survey for the 5 cafes

Discussion and Conclusion

This study compared a café satisfaction CAS to a traditional survey of the same item bank. As our
study demonstrates, CAS has certain advantages over the traditional survey. First, given the same
item bank, CAS tends to have a higher response rate as respondents are required to respond to fewer
items (Galesic and Bosnjak 2009). Second, the CAS instrument can function as intended to identify
constructs which respondents have the greatest or least affiliation to. When respondents do not fill
out CAS items, it really means those items are unimportant for further analysis. Third, the cross-item
standard deviation in CAS is higher than in a traditional survey, which means it is easier to identify
salient items in CAS than in a traditional survey. Finally, CAS has a much lower random error rate,
possibly because of reduced respondent fatigue, than a traditional survey. The CAS within-item
standard deviation is much lower than in a traditional survey.
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All of this suggests CAS can be applied as a useful instrument to further a number of areas of IS
research. Traditional IS survey research has been useful for developing causal relationships between
constructs, but has been poor at “unpacking” constructs to develop a rich understanding of how things
work. As an example, Bagozzi (2007) highlights that research on the technology acceptance model
has demonstrated the relationship between perceived usefulness, ease of use, and intention to use, but
cannot articulate why this relationship holds. CAS provides a quantitative tool for doing this.
Perceived usefulness and perceived ease of use can be redefined as CAS constructs to identify why
people do not perceive a piece of IT as useful or easy to use. Just as structural equation modelling
enabled IS researchers to study complex causal structures, CAS enables IS researchers to begin
quantitatively exploring questions of why, thereby furthering theory (Sutton and Staw 1995).

As future research, we hope to explore and assess CAS in several areas. One, we want to assess CAS in
other fields. This study compared a café satisfaction Computer-Adaptive Surveys (CAS) against a
traditional survey of the same item bank. We chose café satisfaction instead of a more salient IS topic
(e.g., TAM) because of the availability of existing, relevant instruments. If we were to develop our own
TAM/UTUAT instrument, the potential quality of the questionnaire items would be a confound. By
using existing items employed in traditional surveys, this confound is eliminated. Future work will
apply CAS to develop TAM/UTUAT to determine why the constructs encourage intention to use.
Two, we continue developing techniques, strategies, and algorithms to increase the accuracy and
efficiency of CAS. This study used an adaptive version of branching for respondents to move from one
set of items to another set according to a pre-defined criterion. Future study aims to assess and
explore other possible options for determining the next set of question(s).
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