Chapter Summary

The previous chapter discussed how a clearly defined goal helps the researcher or
developer choose the type of study to perform. In this and the following chapter, it
is assumed that an experiment, referred to as a user study, is to be executed.
Different names are used to describe such studies depending on the discipline. For
example, experiments, as they are called in psychology, are more often called user
studies in informatics or randomized clinical trials in medicine. Regardless of the
name used, the design of the study will influence whether any interesting results
are found and the degree to which these results can be trusted and generalized
beyond the study.

This chapter describes the different types of variables that one needs to under-
stand and define when conducting a user study. The independent variable is the
treatment or the intervention. In informatics, this is usually the new system or
algorithm that needs to be evaluated. It is compared against one or more other
conditions, systems or algorithms. The dependent variable is the outcome or the
result that is important to the users, developers or researchers. In informatics, it is
often an improvement in processes or decisions that can be attributed to the new
system or algorithm. How these two types of variables are defined and measured
will affect the trustworthiness of the study and also how well the results can be
generalized to other situations. Confounded variables, nuisance variables and bias
all affect the relationship between independent and dependent variables. By con-
trolling these additional variables and choosing the best design, the researcher can
ensure the best possible, honest results. A poor design can lead to spurious con-
clusions, but more often it will lead to missing existing effects and a waste of
time, money and effort.

G. Leroy, Designing User Studies in Informatics, Health Informatics, 29
DOI 10.1007/978-0-85729-622-1_2, © Springer-Verlag London Limited 2011



30 2 Variables

Independent Variables

The term independent variable means the same as treatment or intervention [1] and
signifies a “causal event that is under investigation” [2]. The independent variable,
manipulated by the researcher, describes what is expected to influence the outcomes.
A treatment is a specific condition of this independent variable. The goal of a user
study is to compare the outcomes for different treatments. The independent variable
is connected to the dependent variable, which measures the outcome, by means of
the hypotheses [3]. A simple hypothesis is a prediction of a causal effect of the
independent variable on the dependent variable: depending on the condition of the
independent variable a different outcome is predicted for the dependent variable.

A user study can have one or more than one independent variables and, in this
case, each variable represents a treatment that can be controlled and systematically
manipulated by the researcher. Studies with more than one independent variable are
more complex to execute, analyze and interpret. The number of variables also affects
the number of participants that need to be found for the study. Usually, more inde-
pendent variables will mean that more subjects are needed. However, in some cases
subjects can participate in multiple conditions.

In medical informatics, many studies will evaluate the impact of one independent
variable only. This independent variable includes a new or improved information
system that is to be compared with other, older approaches. For example, assume a
researcher has designed a persuasive text messaging system that uses text messag-
ing to encourage obese people to lose weight. The system sends messages a few
times a day about possible activities that are suitable given the day of the week and
the weather forecast. The goal is to help people lose weight by encouraging them to
engage in physical activity. The study will test whether the persuasive messaging
system is more effective than, for example, meetings with a dietician. However, it is
possible to consider other independent variables. In this example, the researchers
suspect that the system will be more suitable for younger users because most already
love using their mobile phone. So the researchers also want to compare older and
younger people, which can be defined as a second independent variable.

Types of Variables

The independent variables can be of different types, and these different types can be
present in the same study. Understanding the types will help the researcher choose
the levels to be used in the study. Qualitative independent variables describe differ-
ent kinds of treatments. For example, a qualitative independent variable called
“System Availability” could have two conditions: the presence (condition 1) or
absence (condition 2) of the information system. Such a qualitative comparison also
could be made between two types of systems, or between an information system
and behavioral therapy, among others. In all these examples, there are two or more
conditions for one independent variable. For the weight loss messenger system
described above, it would be possible to compare weight loss of people who use
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the system versus people who work with a dietician. In many cases, the current
situation, and this can consist of an existing information system or a non-computer
information system, serves as a baseline. For example, Gorini et al. [4] compare
three conditions for treating generalized anxiety disorder: one condition consists
of using virtual reality via a mobile phone with biofeedback, a second condition
consists of the virtual reality via a mobile phone but without biofeedback and a third
condition consists of no intervention.

Quantitative independent variables compare different amounts of a given treat-
ment. For example, one could compare sending one message per day with sending
one message during every daytime hour. When using a quantitative independent
variable, it is important to carefully consider which levels to use. Especially when
conducting an initial evaluation of a system, it is best to evaluate levels taken from
a wide enough range so that the results will show as much of the impact as possible.
If possible, include two extremes and at least one, but better two, levels in between.
This will improve understanding the effect of the intervention.

For example, as shown in Fig. 2.1a, a linear effect may be present where the
outcome is directly proportional to the input. Having only two levels will make it
hard to show the type of relationship that exists. Figures 2.1b and 2.1c show other
relationships where it is advantageous to have multiple levels of the independent
variable. Figure 2.1b shows a relationship where the extremes are not the best val-
ues and where the effect of the independent variable levels off. Often this happens
when the intermediate levels represent a more balanced treatment approach.
Similarly, Fig. 2.1c shows how the extreme conditions do not present the best out-
come. Worse, no effect at all would be noticeable if only the extremes were mea-
sured. With new systems, the extreme situation may still be unknown and a poorly
designed study will lead to the conclusion that there is no effect, while the study
only failed to measure it.

Use common sense when deciding on the levels of the independent variable.
Consider theoretical reasons as well as ethical and practical limitations. Consider
the following treatment levels of the text messaging system: the lower extreme
value, the minimum, could be 1 message per day; the highest level, the maximum,
could be 32 messages or 1 message every 30 min during the day. One message a day
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may have no effect at all, while receiving a message every 30 min may be annoying
and have adverse effects, such as people turning off their phones so they do not
receive any more messages.

Note about Random Assignment

It is important to remember that random assignment of subjects to the experimental
conditions is what makes a study a true experiment. By randomly assigning subjects
to conditions, one can avoid systematic distortion of the results. A note of caution
is needed however. Even though random assignment is critical to discover causal
relations, it may introduce a new bias, especially in medicine. With many studies,
especially clinical trials, patients or consumers will have a preference for a certain
treatment; they usually prefer to receive the new treatment. For some patients, it is
their last hope. Random selection does not take this preference into account, and
this may influence enrolment, sample representativeness, attrition, adherence or
compliance, and outcomes [5]. For example, only patients who are willing to be part
of a placebo condition may participate, or patients may drop out when they suspect
they are not receiving the new treatment.

Dependent Variables

A dependent variable is also called an outcome or response variable [1, 6] and rep-
resents the outcome of a treatment. The dependent variable should be chosen so that
one can make a conclusion about the treatment in relation to the professed goal. It
is expected that this dependent variable will show different outcomes for the differ-
ent experimental conditions. If the goal is to develop an information system that
helps people with weight loss, the dependent variable should reflect this goal and
allow the researchers to draw conclusions about losing weight with help from the
information system that is being evaluated. For example, the weight lost after
1 month could be the dependent variable. For the persuasive text messaging system
described above, it is expected and hypothesized that participants will lose more
weight with the text messaging system than without.

A good evaluation will have complementary measures to assess the impact of a
treatment. When the outcomes of complementary measures point in the same direc-
tion, for example, that a system is user friendly, this provides a much stronger evalu-
ation and the researcher can be much more confident about the conclusion. Moreover,
such additional measures often are useful to help explain unexpected results of
using the system. Keep in mind that each analysis will evaluate the impact of the
conditions, the independent variable, on one outcome measure, the dependent vari-
able, at a time.

When choosing a set of evaluation metrics, it is important to include existing
metrics decision makers are already familiar with when possible. Regardless
whether the decision makers are the future users, the buyers of the software or
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fellow researchers, metrics used for many years or in many evaluations are more
likely to be well understood and accepted as part of the decision making process.
Naturally, relying solely on metrics that have been used historically is unwise.
Evaluations should include the metrics that are most relevant to the study. For exam-
ple, if one designed a system for online appointment scheduling, the clinic where
the system will be tested will most probably already keep track of the number of
people who do not show up for appointments. Obviously, they will be interested in
seeing the effects of the system on such a well known metric. In addition, it may be
quite reasonable to measure the number of changes in appointments and the associ-
ated costs. A new system may not only affect no-shows but also the time needed for
rescheduling existing appointments.

Below, a general approach to categorizing variables and measures is described.
This is followed by a list of commonly used metrics. The metrics to be used are
often determined by the field of study, the environment or the decision makers;
however, it is important to remember that the choice of the metric also will affect the
power of the study or how sensitive it is. Some metrics are better than others to show
a significant effect even when used on the same dataset. For example, when an
ordered list is being evaluated, rank order metrics, which take the order into account,
show a higher effect size than all-or-none metrics, where only the presence of the
correct answer counts [7].

Types of Variables

There is a broad choice of possible dependent variables. They have different advan-
tages and disadvantages, and their popularity depends on the field of study. One way
of looking at the types of variables is to categorize them according to the aspect of
the information that is being evaluated. Goodman and Ahn [8] list five categories of
measures: technical properties; safety; efficacy and efficiency; economic attributes
or impacts; and legal, social, ethical or political impacts. Below are examples of
many measurements that belong to the first three categories. The last two are beyond
the scope of this book.

The development phase of a project affects the choice of dependent variable.
There are several outcome measures that are suitable for use in multiple phases of
the system’s life cycle stage. However, there are other outcome measures that are
particularly suited to early or late development phases. As Kushniruk and Patel [9]
point out, usability evaluations are especially useful during the formative phases of
the software. Waiting until the final development stages or implementation to test
usability is not a good idea. Problems with the interface and expected interactions
between the system and users need to be caught early. With current software tool-
kits, user interfaces can be prototyped very early in the development cycle and tested
with a variety of measures. During explorative, early phases of development, mea-
sures such as relevance, completeness of results, feasibility and risk will take center
stage. Many other measures, such as cost savings or improved decision making, are
usually better suited for later stages, when the system has reached maturity.
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Once it has been decided what the dependent variable will be, it is necessary to
choose a metric. Metrics are the measurement tools. For example, an already exist-
ing, validated survey instrument could be used to measure user preference. Another
example is the use of a formula to calculate precision or recall. The metrics provide
the concrete value for the chosen measure [10]. It is best to have a combination of
measures for a study to have a balanced evaluation. The simplest and most straight-
forward approach is to use single or base metrics. However, sometimes derived or
composite metrics are needed. This distinction also is referred to as base versus
synthetic metrics [11].

For example, to determine user friendliness, one measure could be the subjective
evaluation of system’s user friendliness with a survey. However, in most studies,
participants will be required to complete a task that allows additional metrics to be
measured. For example, a complementary metric could be a count of the number of
errors made when working on the tasks, which would capture objectively how user
friendly the system was. When working with tasks, it is important that they are rep-
resentative of the final intended usage of the system. Otherwise, the metrics will be
irrelevant. For example, if a clinician is required to evaluate only one x-ray per half
hour, the speed of loading the x-ray on the screen will not be that important.
It should not matter whether it loads in 500 ms or in 1 s and a dependent variable
measuring load time would be pointless in this case. However, when evaluating a
decision support system where a few thousand images are loaded and clustered for
a clinician to review, the time it takes to load them will be extremely important.

For study designers who have complete discretion over the choice of dependent
variables, a good trio to consider is: effectiveness, efficiency and satisfaction.
Effectiveness measures whether the information system does what it is supposed to
do. Examples are the number of errors, counts of (relevant) events, precision, recall,
and false positives and false negatives, among others. Efficiency measures whether
the information system does its job in a suitable manner. Examples are whether
tasks were completed, time taken to complete the task, run time and memory
requirements, among others. An alternative view on these two measures is outcome
versus performance measures. Qutcome measures are used to evaluate the results of
applying the information system, similar to effectiveness measures, while perfor-
mance measures are used to evaluate the process itself, similar to efficiency mea-
sures. Satisfaction measures are more subjective and relate to the users’ perception
of a system. Example measures range from simple questions such as “Which system
do you prefer?” (when comparing systems) to multi-item validated questionnaires.

Common Information Retrieval Measures

Precision, Recall and the F-measure are three outcomes that are among the most
frequently used in information systems evaluations. Precision and recall are indi-
vidual measures, while the F-measure is a composite value, providing a balanced
number that combines both precision and recall. They are particularly popular in
the evaluation of information retrieval systems. Yousefi-Nooraie et al. [12] use
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precision and recall to compare three different PubMed search filters that are meant
to help answer clinical questions. Kullo et al. [13] use precision and recall to evalu-
ate algorithms that extract information from electronic medical records for use in
genome-wide association studies.

Precision refers to how accurate a result set is. For example, when testing a
search engine, precision indicates how many of the results returned in response to a
query are relevant (see Eq. 2.1). Recall, on the other hand, refers to how much of the
relevant information is contained in the result set (see Eq. 2.2). With a search engine
evaluation, recall refers to the number of relevant items in the results set compared
to all possible relevant items. Usually, a trade-off can be observed between preci-
sion and recall. When a system is tuned to be more precise, the recall goes down.
When a system is tuned for higher recall, the precision goes down. Because of this
trade-off;, it is often difficult to compare information systems and the F-measure is
sometimes preferred because it combines both measures (see Eq. 2.3).

# retrieved and relevant items
Precision = - - 2.1
# retrieved items

Recall - # retrieved and relevant items 2.2)
# relevant items

F— measure — 2% Precision* Recall 2.3)
Precision + Recall .

As noted above, the F-measure is a weighted average of precision and recall.
In the best possible scenario, when both precision and recall are perfect, the
F-measure’s value is 1. In the worst possible scenario, when precision or recall is
0, the F-measure’s value is 0. For example, assume there is a set of records and
a subset of those is considered to be relevant to an information request. A search
engine has been constructed to retrieve those relevant records from the entire set
with a given query. When the query is executed, the search engine retrieves all
relevant documents and no others. In this best case, precision is 100% and recall
is 100%, resulting in an F-measure of 1. However, had the search engine
retrieved no relevant documents, precision and subsequently the F-measure’s
value would be 0.

Classification Measures

Many algorithms and information systems are developed with the intent to auto-
matically categorize or label people, records or other data items. They perform a
type of prediction called classification. Based on a set of rules, a label is automati-
cally assigned to each data point. The rules can be acquired with machine learning
algorithms, based on codified expert knowledge or with statistical calculations.
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There may be different kinds of labels that can be assigned. For example, algorithms
can be trained to distinguish between two classes for brain images displaying a mass
and label them as either benign growths or tumors.

Evaluating such a system entails finding out whether the label was assigned cor-
rectly. Several measures can be used for this. In the informatics community, accu-
racy is the most common measure used to evaluate the correctness of classification.
Measuring accuracy requires that a gold standard is available to compare the algo-
rithm outcome against the correct solution. Accuracy then refers to the percentage
of items correctly classified in an entire set as compared against the gold standard
(see Eq. 2.4). For example, if there is a set of mammograms with a subset known to
display a tumor, then accuracy of an algorithm would be evaluated by calculating
how many mammograms were correctly classified as containing a tumor or not. In
medical informatics, accuracy is described using four more specific metrics: True
Positives (TP), True Negatives (TN), False Positives (FP) and False Negatives (FN).
In addition, other derived measures are commonly used that form combinations of
these four, namely specificity and sensitivity. However, this nomenclature is useful
when only two classes are being distinguished. When there are more classes, a con-
fusion matrix is a better choice. Each of these measures is described in detail
below.

TP+TN
Accuracy = ki 2.4
TP+TN + FP+ FN

The True Positive, True Negative, False Positive and False Negative classification
can be used with a gold standard for evaluating system, algorithm and even expert
classifications. For example, assume a neural network has been trained to distinguish
between cancerous and normal tissue on images displaying masses. After training
the algorithm, it is evaluated using a dataset for which the correct outcome is known.
If such an algorithm classified an image as showing cancerous tissue, this is consid-
ered a True Positive (see Eq. 2.5) when that is a correct decision. However, if the
image did not show cancerous tissue, the algorithm would be wrong and this would
be called a False Positive (see Eq. 2.7). Similarly, if the algorithm correctly classified
an image as not showing cancerous tissue, this is called a True Negative (see Eq. 2.6)
if this was the correct decision. Again, if the tissue had been cancerous after all, then
the algorithm was wrong and the decision would be called a False Negative (see
Eq. 2.8). While the terms TP, TN, FP and FN are most commonly used in medicine,
there are synonymous terms which are more commonly used in psychology: Hit
instead of TP, Correct Rejection instead of TN, False Alarm instead of FP and Miss
instead of FN. Table 2.1 shows an overview of this classification.

True Positive (Hit) = an instance correctly labeled as (2.5)
belonging to a group

True Negative (Correct Rejection) = an instance correctly labeled (2.6)
as not belonging to a group '
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Table 2.1 Demonstration of classification measures for two classes

System predicted outcome

Actual outcome Diabetes No diabetes Total
Diabetes TP FN
No diabetes FP TN
Total
False Positive (False Alarm) = an instance incorrectly labeled 2.7

as belonging to a group

False Negative (Miss) = an instance incorrectly labeled as not (2.8)
belonging to a group

As noted above, in medical informatics the TP, TN, FP and FN are also combined
into two additional, derived metrics. Sensitivity (see Eq. 2.9), also called the detec-
tion rate, refers to how well positive instances can be detected. Specificity (see
Eq. 2.10) is a reference to how correctly that decision is made; in other words, how
often the test correctly detects cancerous tissue.

P
Sensitivity = —— 29
Y TP+ FN 2.9)

TN
Specificity = ——— 2.10
pecificity FP+TN ( )

In medicine, these specific measures help evaluate systems and tests relative to
their intended use. For examples, for a serious and life-threatening disease such as
HIV, a diagnosis of that disease is devastating, stressful and will lead to a battery of
follow-up tests and treatments. Therefore it is essential that the specificity is high to
avoid unnecessary stress and treatment. On the other hand, missing such a serious
disease is disastrous too, and so the test should be sensitive enough. In addition to
differences based on the seriousness of the disease, the timing of diagnosis also
plays arole. Sometimes, clinicians want to use tests with high sensitivity for screen-
ing or early detection and follow up with tests with high specificity to confirm a
diagnosis. In addition to providing such evaluations, it is also common to compare
new tests with existing tests for sensitivity and specificity, as was done, for example,
for a genetic algorithm/support vector machine combined algorithm to find protein-
protein interactions [14], scoring systems to predict blood stream infection in
patients [15] or a search engine to search and identify cancer cases in pathology
reports [16].

When there are only two classes possible, the TP, TN, FP, FN notation is suffi-
cient. However, in machine learning algorithm evaluations, a different notation is
used that can easily be extended to more than two classes: a confusion matrix or
contingency table. A confusion matrix is a better tool to evaluate the results with
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Table 2.2 Demonstration of classification measures for four classes

System predicted outcome

Type 1 Type 2 Gestational
Actual outcome diabetes diabetes diabetes No diabetes  Total
Type 1 diabetes X1 a b c Y1
Type 2 diabetes d X2 e f Y2
Gestational diabetes g h X3 i Y3
No diabetes ] k 1 X4 Y4
Total Z1 z2 Z3 74

multiple classes. It can be seen as the extension of the foursome discussed above
adjusted to multiple outcome classes. A confusion matrix provides accuracy num-
bers per class and also provides details on how errors are classified. When evaluating
systems or algorithms, these measures provide an indication of how well algorithms
can be used to complete tasks that are often labor intensive and boring for humans.
It should be noted that the human classification process itself is seldom error free.

For example, assume a system has been trained to predict who will get diabetes
based on data in electronic medical records. It is possible to have any of three types
of diabetes or to have no diabetes at all. After running the classification algorithms
on the training data (training the model), the outcome is evaluated using test data.
The algorithm classification of this test data is compared against the actual outcome.
A confusion matrix can provide a detailed evaluation. For example, if very many
errors are made in classifying instances as gestational diabetes, one of the condi-
tions, this would not be clear from reporting true positives and true negative but it
would be apparent in the confusion matrix.

Table 2.2 shows how such an evaluation looks for a classification with four pos-
sible outcomes. The true positives in the case of four labels can be found on the
diagonal (X1, X2, X3, X4). The other numbers in the matrix (a-1) show the errors
and provide details of how the records are classified incorrectly. For example, there
are a records classified as belonging to people with Type 2 diabetes that should have
been diagnosed with Type 1 diabetes. The totals (Y1, Y2, Y3, Y4 and Z1, 72, Z3,
Z4) provide rates for each specific class. For example, Z1 records were predicted to
belong to people with Type 1 diabetes; X1 of these were correct. And Y1 records
belonged to people with Type 1 diabetes while the system predicted only X1 of
these correctly.

N-Fold Cross-Validation

When the rules to classify or label instances, such as patients, images or records, are
learned by algorithms without human intervention (machine learning), a dataset can
be used multiple times. This is done by dividing the entire set into n subsets which
are called folds. This is possible with machine learning algorithms because their
memory can be erased from one dataset to another so that each evaluation can be
seen as independent. With n-fold cross-validation, each data point is randomly
assigned to one of n subsets. Once the dataset is divided, one set is set apart for
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for test group

Calculate average accuracy

Fig. 2.2 N-fold cross-validation example (N =3)

testing and the remaining (n— 1) sets are used for training the algorithm. Once
training has been completed, the algorithm is tested on the set that was kept apart.
The accuracy of the algorithm predictions is calculated for that test set. Note that the
test set was not contained in the training data for the algorithm, and so this evalua-
tion is for data that the algorithm will not have encountered during training. This
process is repeated as many times as there are folds (n). The accuracy is then aver-
aged over all folds. N-fold cross-validation cannot be used when rules are learned
and encoded by a human because a person is unable to ignore the previous round of
training and would be biased by previous interactions with the data.

As an example, Fig. 2.2 shows the process of evaluating a classification algo-
rithm using 3-fold cross-validation (n=3). Assume a dataset is available that con-
tains N mammograms. Each mammogram shows a mass which is known to be
benign or not based on a biopsy that was conducted. The entire dataset is labeled
with the correct answer: benign or not benign. The algorithm is developed to read
those images and learn whether the mass is benign or not. The goal is to use such an
algorithm as a second opinion for new mammograms showing a mass. With 3-fold
cross-validation, the dataset is split into three equal groups: each subset has one-
third of the mammograms. Training of the classification model' and subsequent
testing is repeated three times. The model is first trained using the combined data
from two subsets and tested on a third. This provides the first accuracy measure.
This process is completed three times. Each fold or subset serves as the test set once.
The final accuracy is the average of the three accuracy numbers.

There are several advantages to this approach. First of all, the evaluation is
repeated n times and does not depend on a single outcome. If each evaluation results
in high accuracy scores, this is a good indication that the algorithm is stable. The
test dataset may contain many examples the algorithm was not trained for and so
the results would be worse than expected with other datasets. It is also possible that
the test dataset contains mostly examples that the algorithm is highly trained for and

"'Such training is done with supervised machine learning techniques also called classifiers. For
example, a feedforward/backpropagation neural network (FF/BP), decision tree or other type of
classifier could be used.
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so the results will be better than expected with other datasets. To avoid reliance on
one dataset, the common evaluation approach is to do n-fold cross-validation or n
evaluations using the same dataset. In addition to a balanced evaluation, this approach
is also useful for training the algorithm because it avoids over-fitting of the data.

The random assignment to n-folds may be adjusted to ensure that each subset is
sufficiently representative of the entire dataset. This should be considered when
there are classes in the dataset that appear very infrequently. If none of the examples
belonging to this rare class was present in the training dataset, it would be impos-
sible for the algorithm to learn its characteristics. For such datasets, stratified sam-
pling would provide a more balanced approach of division into folds and would
ensure that each subset has examples from each possible class.

For example, assume there is a dataset consisting of electronic health records
(EHR) and researchers have developed an algorithm to predict which type of diabe-
tes (if any) is associated with different characteristics. Each record in the dataset has
a label associated with it indicating whether the person has diabetes and which type:
Type 1 diabetes, Type 2 diabetes, gestational diabetes or no diabetes. This dataset is
used to train the new algorithm to learn people’s characteristics and if they are asso-
ciated with diabetes. Since the number of people with gestational diabetes may be
very small, the researchers should ensure that at least a few of these cases appear in
each fold. Which ones will appear in a specific fold can be decided by random
assignment to ensure that all records of women with gestational diabetes do not end
up in one fold. If they were to end up in one fold, the algorithm would not be able
to generalize information of this type in the evaluation. Software packages, e.g.,
Weka [17], usually include this option for evaluation and let the user choose the
number of folds to be used.

Counts

Counts are a simple and often effective approach to evaluation. In many cases,
several critical events can be counted that are indicative of the quality of a system.
Some of these events are desired, while others need to be avoided. For example,
with a decision support system, it is important to support correct decisions. In other
cases, for example, a medical records system, it is important to reduce the amount
of clicking and page visits needed to complete a record. Counting such events can
contribute significantly to understanding why a system is accepted by users or not.

Sometimes, it will be necessary for the experimenter to observe the users’ inter-
actions with the system. However, be aware that few users will act in the same way
when observed as when they are not. When people know they are being observed
their behavior is not always completely natural. Luckily, counts often can be con-
ducted by logging interactions with a system. For example, when conducting a
study to evaluate a user interface it is possible to establish which links should or
should not be followed because the assigned task and required outcome are known.
In these cases, links followed in error can be tracked and they can be seen as indica-
tions that the interface is not intuitive.
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Since counts are simple evaluation measures, they may not tell the entire story and
it is best to complement them with other measures. The researcher also should con-
sider how much emphasis should be put on these counts when explaining the study to
the participants and when interpreting results. For example, with new software inter-
faces, many users will explore the new software and click many menus and options.
This is not necessarily an error. If every click counts, the participants in the study
should be aware of this so they focus on the task at hand without exploring.

Usability

Usability is an important characteristic of every information system. Today, an
information system that could be considered perfect in all aspects but that was not
usable or user friendly would not be considered acceptable. There are different
approaches to measuring usability. A very popular approach in informatics is the
use of survey based measures of usability. Validated surveys exist for this purpose.
For example, the Software Usability Measurement Inventory (SUMI) developed by
Kirakowski [18] contains 50 statements measuring five dimensions of usability:
Efficiency, Affect, Helpfulness, Control and Learnability. Unfortunately, many
researchers quickly put together a survey without taking any possible biases into
account or without any validation. The conclusions that can be made using such an
instrument are doubtful.

In addition to using surveys, usability also can be measured in an objective man-
ner by counting events, counting errors or measuring task completion. Many differ-
ent measures can be constructed in this manner. The more interesting measures
compare different users on their training or task completion times. For example,
when an information system is extremely usable, there should be little training time
required. Some good examples of such systems can be found in museums where the
goal is to have zero training time information systems. Visitors to the museum can
walk up to a computer and use the information system without any training. Another
good evaluation of usability is based on the comparison between novice and expert
users. For example, REU or Relative User Efficiency (see Eq. 2.11), as described
by Kirakoswki [11], is the time an ordinary user would need to complete a task
compared to the time needed by an expert user:

RUE = Ordinary User Time .

- 100 (2.11)
Expert User Time

User Satisfaction and Acceptance

User satisfaction and user acceptance are generally related to each other, and both
factors are often measured with a onetime survey. However, often users need to be
satisfied with a system in the short term before the system will be accepted in the
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long term. As a result, measuring acceptance becomes more meaningful when more
time has passed for users to get acquainted with the system.

Almost every user study of information systems will contain a user satisfaction
survey. Most of these surveys are filled out at the end of limited time interaction
with the new system. Unfortunately, very few of these surveys have been validated.
An exception is the Computer Usability Satisfaction Survey developed by Lewis [19].
It contains 19 items divided over 3 subscales: System Usefulness, Information
Quality and Interface Quality. The 19 items are presented with a 7-point Likert scale
ranging from “Strongly Agree” (score 1) to “Strongly disagree” (score 7), with a
“Not Applicable” option outside the scale. The survey is fast and easy for study
participants to complete [20, 21].

Many researchers and developers of information systems use their own surveys,
but the usefulness, validity, objectivity and reliability of these is often questionable.
It is very difficult to compose a survey that measures specific constructs. Wording
of questions and answers will affect the results, biases will affect the results and
many surveys will be incomplete or not measure what they intend to measure. It is
therefore much better to use a survey that has been validated. This makes it possible
to compare with other systems and be reasonably sure that the answers will be
meaningful. Those researchers intending to develop their own survey should consult
and learn the basics of psychometry, the field in psychology concerned with com-
posing and conducting surveys. Evaluation of information systems is much more
straightforward than psychological studies, since there deception is seldom neces-
sary to measure constructs of interest. However, being knowledgeable on how to
avoid biases, how to conduct a valid survey and how to avoid overlapping items
measuring the same construct will improve any survey.

Processing Resources

Time and memory are two processing resources that are very suitable for evaluating
individual algorithms. In algorithm development, there is a common trade-off
between time and memory needed to complete a task. If all other factors are equal,
a shorter processing time usually requires more memory, while using less memory
will usually result in more processing time being needed.

A complexity analysis is a formal approach to evaluating an algorithm’s runtime
or memory usage in comparison to the input given to the algorithm. Big-O analysis
is a commonly used complexity analysis. It provides an evaluation of an algorithm
independent of the specific computer or processor being used. This analysis is
important since information systems may show very good evaluation results, but
may be too complex to be used in a realistic setting. The “O” refers to “in the Order
of ...” [22]. The analysis is used to define the worst case or average case of an algo-
rithm’s hold on resources (time or memory) in relation to the given input (N). It is
very useful when describing algorithms with varying performance. The analysis
focuses on the loops in an algorithm and allows comparison of space or processing
time in terms of order of magnitude.
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For example, if the input datasets consist of N items, then an algorithm that runs
in O(N) time is an algorithm that runs in linear time: the amount of time needed to
complete is directly related to the number of input items. However, an algorithm
that runs in O(N?) needs much more time to complete. It needs NxN or N? to com-
plete processing a dataset with N input items. This analysis provides a simple mea-
sure that is expressed as an order of magnitude. For example, it does not matter
whether the time increase was 6x or 200x times the input X, both would be noted as
O(N). Similarly, if the algorithm requires (x*>+ 10x) time for an input of X, it would
be noted that the algorithm runs in O(N?). For a detailed description of how to con-
duct this analysis, the reader is referred to Nance and Naps [22] or other introduc-
tory computer science books covering algorithm and data structure analysis.

Although computer speed and memory have become a commodity for many
simple applications, in medicine and biomedicine there are several applications
where such analysis is essential, for example, visualization of protein folding or
image analysis of moving organs. The analysis is essential in the development of
many algorithms that will become part of sophisticated software packages. For
example, Xiao et al. [23] describe the reduced complexity of such a new algorithm
used in tomography, a technique used to reconstruct data for many types of medical
scans. The algorithm complexity was reduced from O(N*) to O(N*logN).

Confounded Variables

Two variables are confounded when their effects cannot be separated from each
other. When designing user studies, this problem is encountered when there is a
variable other than the independent variable that may have caused the effect being
studied. The variable causing the confounding reduces the internal validity of the
study [24]: one cannot say for sure that the treatment, i.e., the independent variable,
caused the effect. This variable changes with the experimental variable but was not
intended to do so. As a result, the effect of the treatment cannot be attributed to the
independent variable but may well have been caused by the other variable, the con-
founder. In some cases, confounded variables are difficult to avoid. Consider, for
example, an experimenter effect. Most participants who voluntarily participate in
user studies wish the researchers well and hope they succeed. If they know which
condition the experimenters favor, they may evaluate it more positively.

To avoid having confounded variables, it is important to take possible bias into
account, to make sure participants are assigned randomly to experimental condi-
tions and to verify that the independent variable is the sole element that can be caus-
ing the effect. Consider the example of a weight loss support system that uses text
messages and that is compared against another support system that does not use text
messages. For practical reasons, the researchers may decide that it is easier to assign
the text message condition to subjects who already possess a mobile phone because
it makes it easier to run the study. Study participants without a mobile phone are
assigned to the condition that does not use text messaging. With this design, it is
very probable that the researchers have introduced confounded variables which
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make it impossible to conclude that any differences in weight loss between the two
groups can be attributed to the text messaging system. For example, compared to
participants who possess a mobile phone, participants without mobile phones may
belong to a less affluent demographic group with a different lifestyle, different
access to health information and a different attitude to healthy living.

Several approaches can be taken to avoid losing validity due to confounded vari-
ables. Naturally, the best approach is to design the experiment such that confound-
ing variables are avoided. When this is not possible, other precautions can be taken
that would allow the researcher to draw valid conclusions. First, one can use demo-
graphic data to measure possible confounding. When conducting a user study, it is
useful to collect additional demographic data so that expected confounding can be
objectively evaluated. Systematic differences in such variables between conditions
would indicate confounding variables. However, if experimental groups do not dif-
fer on these measures, the study is strengthened. For example, when evaluating the
weight loss support system, researchers could collect information about education
levels, reading comprehension and even attitudes toward healthy living. They could
then compare whether there are systematic differences between the experimental
groups with regard to these variables.

A second approach to avoid making conclusions based on confounded variables
is to include complementary outcome measures in the study. When such comple-
mentary measures are used, contradictions in their outcomes may be an indication
that there are confounded variables. In studies with the elderly, the author and her
students observed such confounding between the experimental condition, a new
versus an old user interface, and an experimenter effect. Usability was evaluated
with subjective and objective measures. The study participants mentioned they
enjoyed their time working with the graduate students and wanted to help them
graduate. This was clearly visible in the participants’ survey ratings; it could be
concluded that the participants loved the new system compared to the old system.
However, the objective measures used did not show any benefit of the new system
over the old.

A third approach is to improve the design to avoid possible confounding. With
new information technology, such as telemedicine or virtual reality, many more
options to improve study designs and avoid bias are available. For example, in stud-
ies where communication styles or other similar characteristics are correlated with
other personal characteristics, there could be confounded variables. Mast et al. [25]
evaluated the impact of gender versus the communication styles of physicians on
patient satisfaction. In most cases, the communication style is very much related to
gender. As a result, it is extremely difficult to pinpoint which of the two affects
patients’ satisfaction. Information technology helped disentangle these variables.
Using a virtual physician, the researchers were able to control each variable inde-
pendently and measure the effects on patient satisfaction. The results showed it was
the caring style, not the gender, which affected satisfaction.

Finally, other designs and analyses can take potential confounding into account
and even use it. Multivariate statistical analysis can be used to take the effect of
confounded variables into account [1]. In other cases, some controlled confounding
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is sometimes integrated into the design to reduce the number of participants needed
to complete a study. These complex study designs, which are more common in the
behavioral sciences, are discussed, for example, in Chap. 13 of Kirk [2].

Bias Caused by Nuisance Variables

Nuisance variables are variables that add variation to the study outcome that is not
due to the independent variables and that is of no interest to the experimenter. They
introduce undesired variation that reduces the chance of detecting the systematic
impact of the independent variable. Even if there is a true difference between the
experimental conditions, it may be undetectable if there is too much variation unre-
lated to the experimental conditions. If this type of variation is unsystematic, it is
called noise. When the variation is systematic, it is a called bias [2]. If this bias also
coincides with the levels of the independent variable, then the independent variable
and the bias are confounded variables. Blocking, which can be used to counter some
bias, is explained in Chap. 5 (blocking one nuisance variable) and Chap. 6 (blocking
multiple nuisance variables). Other countermeasures to such bias are discussed in
Chap. 13.

For example, assume a researcher is interested in the effects of caffeine on alert-
ness in executive MBA classes, which are usually held in the evenings. It has been
decided that the independent variable will be the number of cups of coffee: 0, 1 or 5.
The dependent variable is the alertness in class and will be measured with a self-
administered survey. All students in the class have agreed to participate in the study.
The researchers realized that some students may have had a big meal before attend-
ing class, while others may hold out until after class. So, a nuisance variable in this
study consists of eating (or not) a big meal before going to class. This variable will
affect the outcome because participants will be less alert after that big meal. Thus,
this nuisance variable needs to be controlled, for example, by giving all students a
big meal before class. Then, any change in the measured alertness cannot be attrib-
uted to whether or not a meal was eaten.

Bias is a well studied topic and there are several famous experiments demonstrat-
ing bias. Many types of bias have received their own names over the years because
they commonly appear in studies. Learning about these different types of bias will
help the researcher design a better experiment by countering them as much as pos-
sible. Controlling the nuisance variables and the bias will increase the validity of the
experiment and also the chances of discovering a true effect.

Subject-Related Bias

One subject-related bias is the good subject effect. This effect is the result of study
subjects who act in a certain way because they know they are participating in a
study. There are three types of good subject effects. The first type is the effect that
is most often associated with being a good subject, which involves some form of
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altruism. Such subjects are trying to give the researcher what he wants; they act in
a way they believe is appropriate for the study and the treatment condition. There
are two problems that result from this bias. The first is that the subjects do not
behave naturally but act, i.e., they alter their behavior. The second is that the change
in behavior is based on what the subjects believe or understand about the study.
However, their understanding may be incomplete or wrong. With the emphasis on
participants’ satisfaction in many information systems’ evaluations, this effect must
be controlled. When the researcher is a doctoral student doing a dissertation study,
subjects may be especially inclined to help the student with his research.

The second type of good subject effect is due to subjects who change their behav-
ior as the result of a desire to comply with an authority. The subjects may feel that
the researcher knows best. As a result, the study subjects may not feel qualified to
argue, disagree or even voice an opinion. This is particularly true in medicine where
the clinic staff is seen as the authority by patients, and so this effect may affect stud-
ies where patients or their caregivers are the subjects. In addition, there is also a
clear hierarchy among the clinical staff members that may lead to the same type of
bias and affect results in studies where the participants are clinical personnel.

Finally, a third type of good subject effect, the look good effect or the evaluation
apprehension effect, is related to how the study subjects feel about themselves.
Subjects who participate in experiments are often self-aware. They know they are
being observed and they want to look good as a person. It is not clear how much this
effect plays a role when evaluating software where behavior based measures, such
as the number of errors made, are added to belief based measures, such as how good
one feels or how much pain one feels. However, researchers should be aware of the
effect and take it into consideration when forming conclusions.

Several studies have been done to evaluate and compare these biases. In the
1970s, a series of carefully controlled experiments was conducted to compare the
different good subject effects [24, 26-28]. One of the goals of these studies was to
tease apart the different origins of the good subject effect and discover the most
influential reason. The evidence points mostly in the direction of a look good effect.
When the look good and the altruism effect are competing factors, it seems that
looking good becomes more important and is the main motivation of participants.
A related study evaluated the effect of altruism in a medical context [29]. Subjects
in three studies were interviewed about their reasons for participating in a study.
There was no personal gain to participants in two of the three studies. The research-
ers concluded that the subjects’ participation was mainly for the greater good.
However, in each of these three studies, the participation may have been confounded
by a personal look good feeling. There was no conflict in these studies between
altruistic and look good feelings and so the differences between these two could not
be measured. The authors also acknowledge this potential influence and refer to it
as the potential to receive ‘a warm glow’ from participating. They refer to related
work that looks at this type of altruism from an economic perspective via the dona-
tion of funds [30] instead of research participation.

A second subject-related bias is the selection bias or the volunteer effect. This
bias may be encountered when the participants are volunteers [31] because there
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may be traits common in volunteers that are different from people who do not
volunteer. Naturally, this may influence the findings. For example, the healthy
volunteer bias [1] refers to overrepresentation of healthier participants in a study.
This bias is especially pronounced in longitudinal studies. In addition to health,
other personal characteristics may be overly present in a group of volunteers. In a
formal study of selection bias, Adamis et al. [32] found that the method of getting
elderly patients’ informed consent for a mental health study had an enormous influ-
ence on the size and characteristics of the sample of participants. A formal capacity
evaluation procedure followed by informed consent was compared to an informal
procedure, which was “the usual” procedure, where informed consent and evaluat-
ing capacity were mingled. The formal procedure led to a smaller group of partici-
pants with less severe symptoms who agreed to participate and who were considered
capable of making that decision.

Finally, a third well recognized subject-related bias is the authorization bias.
This is the bias found when people need to authorize the use of their data for an
observational study that does not require active participation in the study. Variations
have been found when the informed consent process included a request for people
to agree having their data included in a study. Kho et al. [33] found that differences
existed between groups who consented and those who did not, but there was no
systematic bias across all studies reviewed.

In addition to these known biases, there are other study participant characteris-
tics that may form a bias and influence the study. Although these are more difficult
to control, measuring the relevant characteristics may be helpful to identify outliers.
For example, language skills are important. It is vital that participants understand
the questions asked in a question-answer task or the items presented in a survey.
Physical characteristics also should be considered. Participants may have difficulty
using a mouse or clicking on scroll bars due to poor eyesight or tremors. Religion
and political belief also may influence attitudes during testing. Measuring the study
participants’ relevant characteristics may serve as a pre-selection tool and help
exclude non-representative people from participating. For example, in a study to
measure the impact of various writing styles on understanding of health educational
pamphlets, Leroy et al. [34, 35] excluded people with any medical background.
Because the information presented was at the layman’s level, any medical knowl-
edge would have influenced the study’s measurements of understanding. Other
examples are required physical abilities to conduct the study as intended. For exam-
ple, when designing visualization tools using 3D displays or colors in visualization,
itis necessary to test the ability of participants to perceive 3D displays or see differ-
ent colors.

Experimenter-Related Bias

Experimenter-related bias or experimenter effects are a type of bias related to exper-
imenter behaviors that influence the outcomes or data. In most cases these effects
are unintentional, and good experimental design or use of information technology
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can control many. There are two types of experimenter effects [24]: non-interactional
and interactional experimenter effects. Interactional experimenter effects are those
that lead to different behaviors or responses in the study participants due to the
experimenter during the course of the study. The non-interaction effects are related
to actions by the experimenter after the interaction with participants has been
concluded.

Many interaction effects are not the results of dishonesty but of subtle cues that
are given by the experimenter and picked up by the study participants. For example,
an extra nod or more in-depth questions given during interviews may lead to better,
longer or higher quality responses. An early and famous example is the Clever Hans
effect. This effect is based on Clever Hans, a horse that could count. Oskar Pfungst
determined that cues from his owner, who wasn’t even aware of giving such cues,
were responsible for the horse’s abilities [36—38]. In the case of the horse, behaviors
such as leaning forward when the count wasn’t done yet and leaning backward
when it was done helped the horse count. Current examples can be found in the
many home videos of ‘smart’ pets. Another interactional experimenter effect is
caused by personal characteristics of the facilitator that influence the participants.
Gender, personal interaction styles, race, language skills and even personal hygiene
are some of the many characteristics that may affect the outcome. Along the same
lines, the topics or tasks covered may have an effect. People may be sensitive and
prefer to avoid specific topics or may already be more or less biased before the
experiment.

In addition to the biases that influence the interaction with participants, there
exist observer effects or non-interactional experimenter effects that are the result of
experimenter actions once the study has been executed. For example, different
evaluation outcomes by different observers or evaluators demonstrate this effect.
One evaluator may apply more lenient coding for the output of a new system. In
most cases, this is unintentional.

Design-Related Bias

Some biases are inherent to the particular design used and cannot be attributed to
subject or experimenter characteristics. One such design-related bias is the placebo
effect, which is well known in medicine. It is an effect that can be attributed to par-
ticipants believing that they are getting the treatment, even if they are not in reality
getting any treatment.

In medicine, the placebo effect is significant when considering the importance of
belief and mind over matter. Placebos are often used as the control condition in
double-blind studies. Participants are given an inert pill, injection or treatment that
looks the same as the experimental treatment. In some cases, the control condition
has been found to have a positive effect even though no real treatment was provided.
This placebo effect is therefore understood to be the effect of a control condition
that is meant to be a placebo, without effect, but which has an effect after all.
However, a note of caution is needed. The placebo effect found in medical studies



Bias Caused by Nuisance Variables 49

may sometimes be more than a response bias and may be based on actual change in
the brain or body [39].

In informatics, the use of a placebo control condition is difficult to accomplish.
When evaluating an information system, it is not easy to organize a placebo condi-
tion where all interactions with a system are the same except for some interactions
provided by the new system. Therefore, in informatics a different control condition
is generally used: a baseline to compare the next system against. Since the baseline
is usually the existing situation and often includes an existing system, it is incorrect
to speak of a placebo effect.

A second design-related bias is a carryover effect or contamination effect which
can be found when there are effects from the control condition that carry over
to the experimental condition. It shows clearly how no experimental design is
completely free of bias and the importance of choosing the best design for each
study. The carryover effect is often a worry with within-subjects designs where
study participants participate in multiple experimental conditions. For example,
consider a validation study for a survey where each participant fills out two ver-
sions: the existing paper version and the new computerized version. The results of
both versions are compared. With a within-subjects design, participants first start
with one version of the survey and then complete the second version. However, it
is very possible that experience with the first version influences the results of the
second. For example, participants may try to repeat the same answers without
really reflecting on the survey questions. This bias can be countered by counterbal-
ancing the orderings, which is discussed in Chaps. 5 and 6.

A third design-related bias is the second look bias. This term, used in particular
in medicine, refers to an effect similar to a carryover effect. It is encountered when
study participants view data or an information system more than once and each time
under different experimental conditions [34]. This bias especially needs to be taken
into account with studies adopting a within-subjects design. Participants have an
initial interaction with the system and learn about using the system or form an opin-
ion about it. This first interaction will influence the second interaction. When they
have a second look at the system, they may already have a better idea of how to use
it efficiently, they may be less inclined to search for functions and so be more effi-
cient (or give up faster on a task) or they may believe the system to be useless. This
bias also can originate when the same data is reused over different experimental
conditions.

Hawthorne Effect

The Hawthorne effect is one of the most famous biases and its discovery resulted in
a set of books, commentaries, articles and many criticisms. In short and in its most
simple terms, the Hawthorne effect is a change in behaviors that is supposed to be
due to the knowledge that one is being measured or monitored.

The origin of this well known effect lies in a series of studies, conducted over
several year, 1927-1932, at the Hawthorne Works of the Western Electric Company
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in Chicago [40, 41]. The studies started with five participants in the first few months,
but soon many more workers, as many as 20,000 in total, participated and were
interviewed. The experiments focused on worker conditions and efficiency by
looking at changes such as rest pauses, shorter working days and wage incentives,
among many other conditions. A general conclusion was that the changes in
productivity were more due to the extra attention received and the knowledge that
productivity was measured. However, these experiments were conducted in very
different conditions from today: the tasks were monotone, the participants were
females and many workers in those days had low levels of education. As such, there
has been much debate over the years and caution is needed when generalizing these
results [42]. It is doubtful the explanation is always as simple as a measurement or
attention effect. Gale [43] shows how the context can help explain these effects.

The emerging use of informatics and technology in the realm of persuasion makes
this effect a current topic again. It is said that 100% compliance, for example, with
hand washing, can be accomplished with the placement of just one camera. Regardless
of how simple or complex the effect may be, the term Hawthorne effect has stuck and
is found frequently in educational and healthcare settings. For example, Leonard and
Masatu [44] evaluate the impact of the presence of a research team on quality of care
in Tanzania. They conclude that a Hawthorne effect is present with an increase of
quality at the beginning of the team’s presence, which over time gradually levels off
to the same original levels. Conducting a randomized trial is no guarantee against a
Hawthorne effect. Cook et al. [45] used self-reporting to measure the effects of an
online versus print based diet and nutrition education program. They found signifi-
cant improvements in both groups, regardless of the experimental conditions, and
suggest this may be due to a Hawthorne effect.

Other Sources of Bias

There are other sources of variance and bias that cannot easily be categorized. One
such source of variance that may result in bias is the availability of identity informa-
tion. When doing studies, the identifying patient information is usually not present
for privacy reasons. However, the identity of the treating physician may have an
impact, especially when using historic cases. For example, when study participants
consist of medical personnel, they may be acquainted with the treating physicians
of the cases used in the study and they may put more or less trust in their own deci-
sions for the case when seeing the decision by the known treating physician. This
will influence how they work with each case and their willingness to make different
decisions than the ones described in the case. Similarly, the study participants may
have knowledge of the typical patients the treating physician works with and this
may change their assumptions about the case and options for treatment.

The study environment factors are the characteristics of the environment that may
affect the outcome of a study: characteristics associated with the room where the
study is conducted, including noises, smells and temperature. Conducting experi-
ments in a noisy room may prevent participants from concentrating and will affect
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many types of outcomes. Smelling the kitchen from a local restaurant may lead to
participants hurrying through a self-paced study if they were hungry. An experi-
menter’s personal characteristics or habits may affect the study. Some people are not
aware of a personal smell and participants may feel uncomfortable when in close
proximity during the study. Others may click their pen continuously during a study,
annoying the participants. These environmental factors may introduce additional
variance and affect the potential to see an effect of the experimental treatment. For
example, when evaluating a visualization algorithm of health text [46], the author found
that results from a first pilot study did not look promising. When scrutinizing the com-
ments made by participants in response to an open question requesting comments on
the algorithm, one of the subjects remarked that there was too much noise in the room
when conducting the study. This led to a close look at the data for each experimenter
which revealed that weaker results were attained by one of the two experimenters.
It was discovered that after explaining the purpose of the study, this experimenter would
spend the duration of the study time chatting with friends.

The unwanted effects resulting from bias can have serious consequences. Biases
of a similar nature across all conditions may prevent the study from showing any
results. Such studies may lead to a halt in follow-up research because no effect was
found. When the bias arises in one but not other conditions, the consequences may
be more serious and erroneous conclusions may be reached. Different systems or
algorithms may be developed based on results from such studies.
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