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Abstract

Spreadsheets are widely used in organizations for various purposes such as data aggregation,
reporting and decision-making. Since spreadsheets, like other types of software, can contain
faulty formulas, it is important to provide developers with appropriate methods to find and
fix such faults. Recently, various heuristic and statistics-based fault identification methods
were proposed, which point developers to potentially faulty parts of the spreadsheets. Due
to their heuristic nature, these methods might, however, miss some faults. As a result, if
spreadsheet developers rely too strongly on these methods, they might not pay sufficient at-
tention to problems that are not pinpointed by the methods. In this research, we are the first
to study this potential problem of over-reliance in spreadsheet debugging, which may lead
to limited debugging effectiveness. We report the outcome of a controlled experiment where
59 participants were tasked to find faulty formulas in a given spreadsheet with and without
support of a novel spreadsheet debugging tool. Our results indicate that tool over-reliance
can indeed result as a phenomenon of using heuristic debugging techniques. However, the
study also provides evidence that making users aware of potential tool limitations within
the debugging environment may help to address this problem.
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1. Introduction

Spreadsheets are widely used in organizations for all types of calculations and decision-
making processes. However, spreadsheets are prone to error, and various examples exist
where faulty spreadsheet formulas led to significant financial losses for organizations2. Wor-
ryingly, since spreadsheets are in many cases created by users who are not IT experts, the
error rate is often assumed to be higher than in traditional software. According to Mc-
Connell [1] (p. 521), the average industrial experience is 1-25 errors per 1000 lines of code.
Depending on the underlying quality assurance techniques and processes, this rate can be
further reduced and companies like Microsoft report 0.5 defects per 1000 lines of code in
released products. The error rate in spreadsheets, in contrast, is estimated to be as high
as about 3-5 % [2]. Therefore, a variety of approaches for assuring the quality of spread-
sheets were proposed over the years [3], often with a particular focus on the problem that
spreadsheet users in many cases have no education in software engineering.

One important means to help users avoid or detect errors are static checkers and tools
for automated fault localization. Such tools are designed to aid spreadsheet developers in
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particular during maintenance and debugging activities. Various fault localization tech-
niques were proposed over the years for general, e.g., procedural or object-oriented, software
[4, 5]. In many cases, such tools determine a set of “suspicious” elements in the program
code and provide developers with a ranked list of code artifacts for further inspection. The
set of suspicious elements (often termed candidates) can be determined in different ways.
In some cases, analytical approaches are adopted, which, for example, investigate the data
flow in the program [6] or use model-based techniques [7] to identify problematic parts of
a program. Another approach is to use heuristics to pinpoint areas in a program that are
assumed to have a certain probability to contain a fault. Typical approaches of that type
are software smells [8], software fault prediction [9] and spectrum-based fault localization
techniques [10, 11].

A number of different fault identification and debugging techniques were also proposed
in the spreadsheet domain, including model-based approaches [12, 13], techniques based on
heuristics [14, 15, 16, 17] and smells [18, 19], and spectrum-based techniques [20]. To eval-
uate the effectiveness of fault-localization techniques, researchers—also in the spreadsheet
domain—commonly rely on computational experiments. In such experiments, algorithms
are typically compared in terms of their capability of ranking the fault candidates in a way
that the true faults appear earlier in the list than the false positives that may also be re-
turned in particular by heuristic techniques. While such an approach is generally plausible,
the question was raised by Parnin and Orso [21] and subsequent works if some of the as-
sumptions of such computational experiments always hold. In the end, this amounts to
the question to what extent existing fault localization techniques—or more generally, au-
tomated debugging techniques—really help programmers, see also [22]. Furthermore, it is
unclear if there might even be unexpected negative side-effects of providing such tools, for
example, that programmers rely too much on them and focus only on potential issues that
are highlighted by the tool.

Ultimately, such questions can only be answered with certain reliability through studies
that involve humans. As pointed out by Parnin and Orso [21], developers might not behave
as expected when they investigate a list of fault candidates. They, for example, might
not recognize the true fault even when pointed to it, or they might not inspect the list of
candidates from top to bottom but in another order. In our work, we continue this line
of research on the human side of automated fault identification. Specifically, we focus on
the question if the existence of a fault identification tool might lead to a certain level of
over-reliance on the tool on the user’s side. In this context, over-reliance might lead to the
effect that developers trust the tool too much and, as a result, mainly or solely inspect the
highlighted candidates but not other parts of the program.

The potential threats of user over-reliance on tools have not yet been studied deeply
in the software engineering literature, and—to our knowledge—not at all in the domain of
spreadsheets. Over-reliance on technology in general is, however, not a new phenomenon. In
the medical domain, for example, Goddard et al. [23] analyzed the extent of automation bias
through an empirical investigation. Specifically, they measured how often medical doctors
followed an automated incorrect advice and changed their previously correct prescription for
a given scenario. A systematic review of the literature on automation bias [24] indicates that
this phenomenon exists across different research fields such as healthcare, aviation, military
or general Human Computer Interaction.

To close these existing research gaps, we study the phenomenon of tool over-reliance—
which is potentially caused by an underlying automation bias—for the problem of spread-
sheet debugging. In our research, we conducted a between-subjects user study where 59
participants were tasked to locate faulty formulas in a given real-world spreadsheet. The
participants in two different treatment groups were supported by a debugging tool which
highlighted faulty formulas based on a recent metrics-based fault identification approach
[25]. To measure the extent of tool over-reliance, we, however, injected additional faults to
the spreadsheet of which we knew that the metrics-based approach will not highlight them.
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Our general research question then was if the study participants in the treatment groups
would focus too much on the formulas that are highlighted by the tool and, as a result, on
average miss more of the faulty formulas than the control group, which had no tool support.

The obtained results in fact indicate that participants who were provided with the fault
identification tool may end the debugging task too prematurely, and, as a result, may identify
fewer of the injected faults. In particular, they primarily miss faults that are not highlighted
by the tool. However, when we raised the awareness of users about the potential limitations
of the fault identification tool by showing a warning, it turned out that users were inspecting
the spreadsheets more carefully and missed fewer faults. Overall, our work, therefore, has
important practical implications regarding the design of fault identification tools.

The paper is organized as follows. In Section 2, we discuss previous works on debugging.
Background information about the novel debugging tool named SmellChecker that was
used in the context of the study is given in Section 3. We provide details about the exper-
iment design and the study materials in Section 4 and present the results of the study in
Section 5. Section 6 discusses potential threats to validity. The work ends with a discussion
of practical implications and an outlook on future works.

2. Previous Works

This section discusses related works in the context of software and spreadsheet debugging
(Section 2.1), human-centric evaluation approaches (Section 2.2), and research on over-
reliance and automation bias (Section 2.3).

2.1. Debugging

Software debugging is the process of eliminating faults in programs and comprises fault
detection, fault localization, the understanding of the nature of the fault, and its correction.
Starting about 40 years ago, the automation of debugging has received increasing interest
and several techniques have been introduced since then. Ducassé [26] categorized debugging
into three classes: (i) verification with respect to specifications, (ii) checking with respect
to language knowledge, and (iii) filtering with respect to a symptom. Although the research
area of automated debugging has evolved over time, many of today’s debugging approaches
can still be assigned to one of these categories. The SmellChecker tool used in our study
falls in the second category, as it uses spreadsheet metrics to point to potential faulty cells.

Wong et al. [4] provided a survey on debugging approaches focusing on spectrum-based
fault localization, model-based debugging, and also the application of machine learning
and information theory for fault localization in programs. Checking techniques like the
SmellChecker tool for spreadsheets were not considered in this survey. Quality assurance
methods and debugging techniques for spreadsheets where however reviewed by Jannach et
al. [3]. Their survey covers a variety of approaches for fault localization and repair, and also
includes checking techniques. Other work in the context of spreadsheet debugging providing
the basis of checking techniques include [18, 19, 27, 28].

The increased interest in debugging of spreadsheets led to the development of vari-
ous tools, e.g., ExceLint [17], Melford [16], CUSTODES [29], Warder [15], SGUARD [14],
CACheck [30], and the approach in Xu et al. [31]. All these mentioned works comprise an
evaluation of the proposed tools, and these evaluations usually consider already available
other tools for debugging. However, many of the existing evaluations mainly aim on demon-
strating the improved precision of debugging when the tool is used. Computational metrics
alone (like precision) can however not fully inform us about the usefulness of a tool as per-
ceived by users. In contrast to such works, we are not only presenting a tool for debugging
spreadsheets but also conducted a user study aiming to investigate how SmellChecker is
supporting users in finding faults.

Generally, note that also techniques other than checking—as used by SmellChecker—
were investigated for spreadsheet debugging in the past. This includes the use of constraints
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for localizing faults [12, 32, 33, 34], and the use of spreadsheet fragments for improved test
case generation and fault localization [35]. A comparison of such alternative spreadsheet
debugging approaches is however beyond the scope of our present work.

2.2. Human-centric Evaluation

Research dealing with the human-centric evaluation of automated (spreadsheet) debug-
ging techniques is generally sparse. Ko and colleagues [36, 37] introduced a tool allowing
users to answer Why? and Why not? questions during debugging. They performed a first
small user study aiming to show that using their tool reduces the overall debugging time.
Burg et al. [38] introduced an interactive “record-and-replay” tool for debugging. The au-
thors conducted a user study with 14 web developers and could show that using the tool led
both to a reduction in the needed time and to an increase of the degree of completion of the
debugging task.

Parnin and Orso [21] carried out a study comparing the debugging performance of pro-
grammers where one group was using a spectrum-based fault localization tool and the other
group performed debugging manually. They found that tools not necessarily help users car-
rying out debugging tasks efficiently. As a consequence of their study, Parnin and Orso made
some suggestions for future research including improving the user interface of debugging as
well as tool integration. Xie and colleagues [39] revisited Parnin and Orso’s study confirming
that debugging tools do not substantially improve the overall debugging performance and
thus require additional research work.

Interestingly, Xia and colleagues [22] also carried out a similar study, which however
led to a different result regarding the usefulness of debugging tools. In contrast to the
previous studies, Xia et al. focused on debugging support considering larger software and
experienced programmers to carry out debugging opposed to previous studies, which relied
on students. Xia et al. were able to show that tools indeed improve debugging performance,
which depends to some extent on the ranking of fault candidates presented to the user.

More recent work on the evaluation of debugging tools includes feedback-based debugging
[40], AI-assisted game debugging [41] and enlightened debugging [42]. In the context of
spreadsheet debugging, Aurigemma and Panko [43] conducted a user study comparing the
error detection capabilities of humans with the one of certain inspection functions provided
in spreadsheet implementations showing that humans performed much better. Ruthruff et
al. [44] introduced several techniques for debugging based on a specific testing methodology.
The authors conducted a user study involving students. In their study, they focused on
the effectiveness of their techniques considering various parameters that may influence the
outcome. The underlying parameters refer to the type of information and the way the
information is presented to the user. Ruthruff et al. showed that these parameters have an
impact on debugging effectiveness.

In the context of spreadsheets, Jannach et al. [35] carried out a user study with the
objective to show that spreadsheet fragments improve test case generation. This user study
is different to the user study on which we report in this paper where the focus is on effects
obtained when using SmellChecker for fault identification.

In summary, we conclude that in literature regarding tools for fault localization we
find both computational experiments without users and user studies. However, in none of
discussed papers over-reliance has been considered. The papers mainly focused on debugging
performance, i.e., whether there is an impact on time required to localize and fix faults, or
the completeness of the debugging results.

2.3. Over-reliance and Automation Bias

Humans sometimes tend to rely on computer-generated decisions even when they have
information contradicting the computer-generated decisions. This phenomenon is called au-
tomation bias. Automation bias and over-reliance are well-known problems for decades. In
the 1990s, researchers highlighted the risks of automation bias [45]. Over-reliance and au-
tomation bias are present in many different domains, e.g., health care [24, 46], military [47],
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and automotive and aviation industry [48]. Over-reliance on technology caused many un-
necessary deaths in these domains.

A prominent example of over-reliance are self-driving cars. Although current self-driving
technology explicitly requires the constant monitoring of the traffic by the driver, a recent
observational study has shown that drivers of self-driving cars are more often distracted,
e.g., by their mobile phones, than drivers of conventional cars [49]. The authors of the study
suggest that the driver training should raise awareness about this problem.

However, even though over-reliance is a long-known problem, research on raising aware-
ness and avoiding over-reliance is still at the beginning. In healthcare, the current rec-
ommendations to reduce over-reliance are (i) to reduce the amount of human interaction
wherever possible (e.g., through electronic data transmission), (ii) to design technology in a
way that reduces over-reliance (e.g., to avoid auto-completion of drug names when writing
prescriptions), and (iii) to provide proper training [50].

Mosier and Manzey [51] provide an overview of factors influencing automation bias.
They distinguish between human factors (e.g., trust, experience, and accountability), system
factors (e.g., reliability, informative vs. imperative/commanding, visibility), and task factors
(e.g., time pressure, workload, team vs. individual).

Recently, researchers have addressed the problem that students often rely on autograders
in software engineering classes. To counteract this phenomenon, they introduced a regres-
sion penalty: the student’s final score decreases each time the student’s new submission
yields a lower score than their previous submission. The penalty achieved that the students
performed more tests on their own and were more cautious when submitting their code [52].

The above examples used two methods to raise awareness: training and technology
support. Users often learn spreadsheets by doing without any proper training. It is difficult
to reach users to teach them about the risks that come from over-reliance. Therefore, we
focus on raising awareness through technology support by notifying users about limitations
of the tool.

3. Study Environment: The SmellChecker Tool

As a basis for our user studies, we relied on the SmellChecker tool, which we developed
as a plugin to the online version of Microsoft Excel. SmellChecker implements a novel
machine-learning based approach for fault identification in spreadsheets described in our
earlier work [25]. Here, we will provide a brief overview on the tool and its functionality and
the user interface.

3.1. Fault Identification Approach

SmellChecker uses a heuristic and supervised learning-based approach to fault iden-
tification. Specifically, it is based on training a machine-learning model using a collection
of spreadsheets with known faults as training data to predict if a given formula in a new
spreadsheet is faulty or not.

The general structure of the supervised learning problem is sketched in Figure 1. Each
row in the table corresponds to a spreadsheet formula in the training data. The binary label
expresses for each formula if it was faulty or not. The columns of the table (or: features)
correspond to spreadsheet-specific product metrics, see [53] for a systematic review of such
metrics. Each metric can be considered as a heuristic that indicates a likelihood that the
given formula is faulty. The complexity of a given formula, e.g., in terms of the used variables
or the nesting level, would be an example of a metric. More complex formulas are often
assumed to be more prone to error, and the corresponding metric would, therefore, return
higher values for more complex formulas. In our previous work [25], we proposed a catalog
of more than 60 metrics that can be used as features in the machine learning approach.
We have used all of these metrics in our approach. The number of referenced cells and the
number of function operators turned out to be among the most important features.
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Figure 1: Supervised learning approach in SmellChecker, adapted from [25].

Once the input data for the learning problem is designed, as shown in Figure 1, various
machine learning techniques can be applied. In our previous research, we for example ex-
perimented with Support Vector Machines, Random Forests, and a Deep Learning model.
Furthermore, we trained and tested the models using different spreadsheet corpora with
known faults. Ultimately, we found that in particular Random Forests led to consistently
strong performance levels for all data-sets in terms of precision, recall, and F1. In the
experiments reported in our present paper, we, therefore, relied on Random Forest as clas-
sification method. To maximize the amount of training data, we furthermore combined the
three individual spreadsheet corpora from our previous work [25] into one larger corpus.

While the prediction approach is learning-based, it is also a heuristic one because the
features of the model, i.e., the product metrics (including the smells), are mainly heuris-
tics that were previously proposed by spreadsheet researchers. Therefore, the prediction
method’s accuracy largely depends not only on the available training data, but also on the
metrics that are included in the model. Moreover, the learned model returns a value between
0 and 1 for a given formula, which expresses a formula’s estimated degree of being faulty. In
practice, in particular this latter aspect means that a threshold must be defined in a fault
identification tool that is based on this approach. This threshold can then be used by the
debugging tool to decide if a formula “smells enough” to be brought to the attention of the
spreadsheet user.

As a result, depending on the setting of the threshold, the system can either be configured
to be “aggressive” or “conservative”. In an aggressive setting, the threshold will be set to a
low value, and already lightly smelling formulas will be reported as potentially faulty. Such
a setting can easily lead to false alarms (i.e., false positives), where actually correct formulas
are indicated as being suspicious. In a more conservative setting, only formulas with a high
predicted fault probability will be highlighted, leading to the danger of missing actually
faulty cells there were not brought to the attention of the spreadsheet user by the tool
(i.e., false negatives). In our research on potential tool over-reliance in debugging settings,
we are specifically interested in the second type of problem, i.e., where the system did not
mark some existing faults as potentially faulty, and where over-relying users may not invest
sufficient time to search the spreadsheet for such faults. Note that in the original proposal
of SmellChecker, we evaluated the underlying learning-based approach with the help of
offline experiments. Since this study focuses on the evaluation with users, we designed a
user interface which we discuss next.

3.2. User Interface

We assume that the design of the user interface (UI) can be highly decisive for the
adoption of a fault identification tool in practice. Therefore, we designed a user interface that
(i) is smoothly integrated into the surrounding spreadsheet environment, and that (ii) puts
only limited cognitive burden on the users, e.g., by limiting the provided functionality and
UI elements as much as possible.

SmellChecker is implemented as a plugin to the web-based version of Microsoft Excel,
which also avoids the need to have local copies of Microsoft Excel installed on the computers
of the study participants. After the plugin is activated, the main “ribbon” (interactive menu)
of Microsoft Excel is extended with an additional symbol, as shown in Figure 2.
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Figure 2: Extended ribbon of Microsoft Excel after activating SmellChecker.

Once the user (here: study participant) clicks on the symbol, a task pane3 opens on
the right hand side of the screen. When the pane is opened the first time, it displays short
information about the tool and provides a single-button labelled with “Compute Suspicious-
ness”.

Figure 3: Spreadsheet with highlighted cells and the overview pane.

After the button is hit, the tool computes the fault predictions for each cell in the
spreadsheet and visually highlights those cells where the prediction value surpasses the
given threshold. When copy-equivalent cells4 are suspicious, SmellChecker highlights
all of them. In addition, the tool populates the pane at the right-hand side of the screen
with summary statistics and links to the formulas that are considered suspicious, see also
Figure 3. With the help of additional buttons, the user can reset the visual highlighting and
recompute the suspiciousness scores in case changes to the formulas were applied. Changing
individual formulas was not required in the particular study; in a real-world application,
it is, however, likely that a developer would repeatedly calculate the suspiciousness of cells
after a debugging activity.

For the sake of the user study, we added an additional button to the pane (labeled
“Finish Task”), which study participants could use to move to the next step of the online
experiment.

3.3. System Architecture

The overall software architecture of SmellChecker, as used in the study, is shown in
Figure 4. The user of the tool interacts with the online version of Microsoft Excel through
the browser. The online user interface of Excel is extended by us with the SmellChecker
tool, which is built using the “Excel Javascript API” provided by Microsoft Office. Plugins
are written in JavaScript and run through node.js5.

3https://docs.microsoft.com/en-us/office/dev/add-ins/design/task-pane-add-ins
4Copy-equivalent cells do the same computations, but use different inputs [54].
5https://nodejs.org/
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Through the plugin mechanisms, additional UI elements are created, as shown in Fig-
ure 3. The plugin code furthermore implements the system’s reactions when the user inter-
acts with the plugin UI elements. In our case, the plugin communicates with a web server,
which is run by us and which implements the necessary back-end logic for the debugging
process. Specifically, the server hosts (i) the code that implements the machine learning
model (implemented in Python based on [25]) and (ii) code that computes the values for
the product metrics (implemented in Java based on [55]). Generally, when we designed
the architecture and implemented the software, we paid special attention to response times
and fast client-server communication round-trips to ensure that the user interface reacts
promptly to user actions. Furthermore, we logged the relevant information for the user
study (task completion time, number of cells traversed, number of recomputes, etc.) in a
MongoDB database. We discuss the design of our study in detail in the next section.

Request From Client
(JSON)

Response From
Server (JSON)

Microsoft Cloud

Server hosting ML
Model

Catalog of Metrics

Web Browser

Experiment
Spreadsheets Office Online Plugin

Database MongoDB

Figure 4: Architecture of SmellChecker (as used in study).

4. Study Design and Execution

In what follows we describe our research hypothesis, the specific research questions, the
corresponding study design, and how the study was executed.

4.1. Research Questions

Given the discussions in Section 2, over-reliance on tools is not an uncommon phe-
nomenon, which has, however, not been explored largely within tool-support software de-
velopment processes. In the context of our studies, our hypothesis is that tool over-reliance
in the debugging process manifests itself in a lack of attention to parts of the program (i.e.,
formulas) that are not highlighted by the supporting tool as being potentially faulty. Our
first research question, therefore, is:

RQ1 : Do users who receive tool support by means of SmellChecker miss more faults,
on average, than users that debug spreadsheets without additional tool support?

However, we also hypothesize that tool users will look more carefully also at non-
highlighted formulas once they are more aware of the potential limitations of the tool,
i.e., that also non-highlighted formulas might be faulty. Note that such awareness of tool
limitations in practice often comes from longer-term experiences with a tool. In our study,
we will raise this awareness through explicit informational hints. Therefore, our second
research question is:

RQ2 : Does raising the awareness about the potential limitations of SmellChecker
impact the fault detection and localization rate?
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A prerequisite to investigate the effects of a debugging tool on the observed outcomes
is that the tool itself is perceived as being usable and useful by users in the first place.
Therefore, we have to check the following research question to validate that the results are
not negatively affected by the tool’s usability.

RQ3 : How do users perceive and assess the general utility (usability and usefulness) of
the SmellChecker debugging tool?

4.2. Materials and Procedure

General Overview. In the conducted between-subjects user study, participants were tasked
to locate faults in a given spreadsheet. Participants in two treatment groups (referred
to as treatment groups A and B) were supported through the debugging functionality of
SmellChecker; participants in the control group did not receive such support. As the main
dependent variable, we measured the fault identification performance of the participants.
Here, we determined in particular how many of the existing faults were properly identified
as such.

Both treatment groups were informed in the user manual of the tool that it might not
be able to find all faults. Participants in group B additionally (i) had to tick a checkbox
before they could start the task, confirming they understood the limitations of the tool6, and
(ii) were shown a message when they clicked on the button to finish the fault identification
task. The message informed participants that the SmellChecker tool will not necessarily
highlight all existing faults, and allowed participants to continue looking for faults if they
wanted. An overview of what was presented to different groups after the plugin was installed
is shown in Figure 5.

Control Group Treatment Group A Treatment Group B

Figure 5: User interfaces (UI) shown to the participants based on the group type i.e., control, treatment A
and treatment B.

We added these warnings for treatment group B to investigate RQ2 from above regard-
ing the effects of raising the awareness among study participants regarding the potential
limitations of the tool.

6The text read: “SmellChecker only detects certain types of faults. I acknowledge that I will not solely
rely on the tool when locating the faults in the spreadsheet.”
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Faulty Spreadsheet. Based on our experiences from previous user studies on spreadsheet
debugging [35, 13], we selected one real-world spreadsheet from the Enron error corpus [56]
for our experiment. A main challenge in that context is to find a spreadsheet that:

� is complex enough to ensure that the debugging task is not trivial;

� is simple enough so that participants are able to comprehend how it is intended to
work and locate the faults within reasonable time;

� represents typical spreadsheets found in practice; and

� contains common faults that one would find in real-world spreadsheets.

The selection of one particular spreadsheet may arguably be a potential limitation of
studies like ours. Through the careful selection of the test spreadsheet we are, however,
confident that the findings are representative for many spreadsheets found in the real world.
After inspecting various spreadsheets for the experiment and after making pretests with a
smaller short list of candidates, we selected the “Sun Devil Project Request.xls” spreadsheet
from the Enron error corpus, shown in Figure 6.

Figure 6: Spreadsheet used in the study. We slightly reformated the layout of the original spreadsheet to
make it more compact and we added plausible numbers in the input cells.

The spreadsheet implements typical project cost estimations in the energy domain. It
consists of 50 formulas, 12 of them are unique in terms of R1C1 notation (i.e., there are
several copy-equivalent cells). The spreadsheet formulas consist of various multiplications
and summations. Compared to other spreadsheets from the Enron or EUSES corpus [57],
we consider this spreadsheet to be of still manageable complexity, e.g., in terms of the
number of unique formulas. The spreadsheet is also comparable in terms of its complexity
to spreadsheets used in related studies in the domain [13, 35].

The original spreadsheet, as found in the Enron error corpus, contains one fault in a
formula in cell L22. It is a typical range error, where not all relevant cells were included
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in the calculation.7 For the purpose of study, we, however, injected eight additional faults
in the form of mutations [58] into the spreadsheet: Three faults (cells G22, N22 and N33),
which are detected by the tool, and five faults (cells L18, N19, N37, L29 and L21), which
were not detected with the given configuration of the metric thresholds. To be able to assess
potential effects of tool over-reliance, our goal was to deliberately create a situation where
the tool highlights some of the true faults and does not highlight some other faults. To keep
the complexity of the study manageable, we decided not to include situations where the tool
incorrectly marks a correct formula as being faulty.

After injecting an equal number of range and semantic faults, our spreadsheet contained
nine faults (including the original one).8 We then configured the SmellChecker tool in a
way that it will highlight four of these nine faults and not highlight the remaining five.

Supporting Materials. All study participants were provided with the following additional
materials, which we also share online:

� A short overview of their tasks during the study of about 130 words.

� An installation guide describing how to install the plugin. The installation simply
consists of uploading a provided XML file to MS Excel online. All participants (i.e., in
both treatment groups and in the control group) had to install a plugin; in the case of
the control group, the plugin, however, did not provide the debugging functionality, but
only displayed buttons for the users to indicate when they start and stop debugging,
and a link to the post-task questionnaire.

� A user manual for the plugin. The manuals for the treatment and control groups
were different. While the manual for the treatment groups showed how to operate the
plugin’s debugging functionality, the manual for the control group only explained the
mentioned buttons for starting and stopping the debugging task. These buttons were
present both for the control and treatment groups.

� A short description of about 110 words regarding the functionality of the spreadsheet
to be debugged because some basic understanding of the intended functionality of the
spreadsheet is needed to be able to debug it.

Post-Task Questionnaire. In the post-task questionnaire, we made inquiries regarding dif-
ferent aspects. We list the detailed questionnaire items below in Table 1. The questionnaire
consisted of the following blocks.

� Demographics & Expertise: Five questions (D1 to D5) targeted at understanding the
background and spreadsheet expertise of the users.

� Perceived Effort of Fault Identification: Six questions (E1 to E6), inspired by Sung et
al. [59], were used to assess how effortful the task was perceived by the participants.
We used 5-point Likert scale items for these questions.

� Perceived Tool Usefulness: This block of questions (U1 to U7) was only asked to
participants in the treatment groups. Seven questions inspired by Davis [60] were
asked to determine, for example, if the participants found the SmellChecker tool
useful for finding faults or how confident they were that they found all faults. Again,
5-point Likert items were used.

7The cell containing this original fault will be detected and highlighted by our SmellChecker tool as
being very suspicious, even when the threshold for reporting suspicious cells is set to a high value. Therefore,
our method developed in previous work [25] proved to be effective for the original spreadsheet.

8To ensure reproducibility of our work, we share the spreadsheet together with other materials of our
study online at https://doi.org/10.5281/zenodo.5533460.
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� Usability: Participants in the treatment groups finally had to answer usability ques-
tions (S1 to S10). We relied on the ten-item System Usability Scale (SUS) for this
measurement. As discussed above, our goal is to minimize risk that any observed
effects of using SmellChecker are due to usability issues regarding the tool.

� Finally, all participants could leave free-text comments at the end of the questionnaire.

ID Question and answer options

D1 How often do you use spreadsheets with formulas in your daily work?
Daily / Once in a week / Once in a month / Rarely / Don’t use at all

D2 How many years have you been using spreadsheet in your daily work?
Less than a year / 1-3 years / 4-6 years / More than 6 years

D3 I rate my expertise with spreadsheets as follows.
Beginner / Intermediate / Advanced / Expert / Free Text Answer

D4 How old are you?
18-25 years / 25-30 years / 30-35 years / 35-40 years / 40 years - or older

D5 What is your gender?
Male / Female / Other / Prefer not to say

Perceived Effort
All answers are on a 1-5 Likert scale (1=strongly disagree; 5=strongly agree)
E1 It was difficult for me to locate faults.
E2 It took a lot of time to locate faults.
E3 The provided description of the spreadsheet was sufficient to understand the formulas.
E4 The provided spreadsheet was large and complex.
E5 Installing the tool in the spreadsheet was easy.
E6 I found the installation guide and user manual really helpful.

Perceived Usefulness (Treatment groups only)
All answers are on a 1-5 Likert scale (1=strongly disagree; 5=strongly agree)
U1 I am confident that the tool helped me in locating all faulty cells.
U2 The tool helped me to improve the quality of the spreadsheet.
U3 Overall, I found the tool useful.
U4 Using this tool enables me to accomplish tasks more quickly.
U5 I would have found all the faults even without the tool.
U6 The tool was not responsive at all.
U7 I did not understand why certain cells were colored.

Usability (Treatment groups only)
All answers are on a 1-5 Likert scale (1=strongly disagree; 5=strongly agree)
S1 I think that I would like to use this tool frequently.
S2 I found the tool unnecessarily complex.
S3 I thought the tool was easy to use.
S4 I think that I would need the support of a technical person to be able to use this tool.
S5 I found the various functions in this tool were well integrated.
S6 I thought there was too much inconsistency in this tool.
S7 I would imagine that most people would learn to use this tool very quickly.
S8 I found the tool very cumbersome to use.
S9 I felt very confident using the tool.
S10 I needed to learn a lot of things before I could get going with this tool.

Comments and Suggestions
C1 Do you have any comment or suggestions how to improve the tool? (Treatment groups)

Free text answer
C2 What would have helped you to complete the task?

Free text answer
C3 Any additional comments? (Control group)

Free text answer

Table 1: Post-Task Questionnaire Items
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Detailed Procedure. Figure 7 shows on overview of the participants’ tasks in our experiment.
At the beginning of the study, after providing informed consent, the participants were asked

Read
Handouts

Install 
SmellChecker

Post Task
Questionnaire

Con
tro

l G
ro

up

Treatment A

Treatment B

Compute
Suspiciousness

Mark Faulty
Cells

Read Warning

Start
Task

Start
Task

Start
Task

Acknowledge
Warning

Mark Faulty
Cells

Mark Faulty
Cells

Compute
Suspiciousness

Finish
Task

Finish
Task

Finish
Task

Figure 7: Overall Flow of the Experiment

.

to read the overview document and follow the steps described in it. The overview document
contained an online link which referred them to an online directory where the additional
materials were provided. The first task was to read the installation guide and install the
plugin. After that, participants had to read the user manual and the spreadsheet description.
Once these preparatory steps were done, they started the main task by opening the provided
spreadsheet in the browser (with the plugin already activated).

Once the spreadsheet was opened, they had to click on the “Start” button in the plu-
gin and begin with the debugging process. Both the treatment and control groups were
instructed to look for faults in the given spreadsheet. Once they identified a potential fault,
they had to use the comment functionality of MS Excel and add a comment to every cell
of which they thought that it contained a faulty formula.9 Once they felt that they had
found all faults in the spreadsheet, they were instructed to click on the “Finish” button in
the plugin to proceed to the post-task questionnaire. In treatment group B, as mentioned
above, a warning about the potential limitations of the tool was shown.

The control group, as mentioned, only had the “Start” and “Finish” buttons available
through the plugin. In the treatment groups, the SmellChecker debugging functionality
was available to the participants, as shown in Figure 3. Participants could use this function-
ality to compute the suspiciousness values of all formulas. Once these values were computed,
cells that contained suspicious formulas were visually highlighted. Other than that, every-
thing was identical as for the control group, i.e., participants also had to use the comment
functionality of MS Excel to report faults. After clicking the “Finish” button, participants
were forwarded to the post-task questionnaire.

4.3. Participants

We recruited study participants through the crowd-sourcing platform Prolific10. We ran
a number of trials before we launched the experiment to gauge the reliability of the crowd
workers on this platform. The results of these initial trials were generally very positive.

Overall, 59 participants successfully completed the task online through their personal
computers. The participants were randomly assigned to the treatment and control groups.

9Remember that we are interested only in faults in formulas.
10https://www.prolific.co
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At the end, we had 20 participants in control and treatment group A and 19 participants in
treatment group B (with awareness) group. On average, participants needed 11.57 minutes
to complete the task. We paid £ 7 for each participant who completed the task through the
crowd-sourcing platform.

To be allowed to participate in the study, participants were required to be proficient in
English. Through our post-task questionnaire, we found the most frequent age group was
between 18 and 25 years. The participant population was diverse in terms of the experience
with spreadsheets, ranging from “less than one year” to “more than six years”.

We manually checked the fault identification behavior of the participants to ensure they
did the task with the required care. We applied a conservative strategy and only disregarded
one participant (from treatment group B) who apparently marked cells as being faulty in a
random way, and in particular did not consider any cell that was highlighted by our tool.

5. Results

Our study led to the following observations, which (i) point to the existence of potential
problems of tool over-reliance (RQ1), and (ii) indicate that raising the awareness of tool
limitations can be beneficial (RQ2). Furthermore, we observed that participants generally
found the SmellChecker tool both usable and useful (RQ3).

5.1. Over-reliance and Awareness Effects (RQ1 and RQ2)

In this section, we will first analyze how many of the faults were on average correctly
identified and how much time participants spent on completing the task. We will then review
in more detail which faults were found and to what extent participants marked correct
formulas as faulty (false positives). Finally, we will examine the behavior of treatment
group B, who received warnings about tool limitations, in some more depth.

Number of Correctly Identified Faults. The main metric in our study is the number of faults
that were correctly identified by participants as such. Table 2 shows the main outcomes in
terms of the mean and the standard deviation for the treatment and control groups. Figure 8
shows the distributions with the help of boxplots.

Group Mean Std. dev.
Control 5.60 2.78
Treatment A 4.05 0.58
Treatment B 6.26 2.12

Table 2: Mean number and standard deviation of correctly identified faults.

The differences between the groups, as shown in Table 2, are statistically significant
according to an ANOVA analysis, with p < 0.01. Comparing the control group (without
tool support) and treatment group A, we find that participants who were supported by the
tool found fewer faults than those who did not have such support. This difference is also
statistically significant according to a t-test, p = 0.023. The effect size is medium to large,
with Cohen’s d = 0.77. This indicates that participants in group A were overly relying on
the tool and did not look much for faults beyond what was highlighted by the tool.

Participants in treatment group B (with warning) found significantly more faults than
those in group A (p < 0.01). The difference between the two group means is also statistically
significant, with a large effect size (d = 1.43). They also only found slightly more faults
than the control group participants. The difference between treatment group B and the
control group did, however, not differ to a statistically significant extent (p = 0.422). The
findings, therefore, suggest that the implemented mechanisms were effective to raise the
awareness of study participants regarding the potential property of SmellChecker of not
highlighting all existing faults. When the warning was present, participants in treatment
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group B apparently put more effort into finding faults in cells that were not highlighted by
the tool.

Figure 8: Number of Correctly Identified Faults in Treatment and Control Groups.

Combined, these two observations indicate that a certain level of tool over-reliance existed
in the study (RQ1) and that making users better aware of tool limitations can be a potential
way to prevent such effects in practice (RQ2). As the boxplot for treatment group A reveals,
in fact almost all participants found exactly the four faults that were highlighted by the
tool. We will provide more details about the fault identification performance of individual
participants later on, see also Figure 10.

At first glance, one might conclude that the SmellChecker tool is not useful in practice,
because it only helped to improve the fault detection performance to a small and non-
significant extent. However, please note that the study was deliberately designed in a way
that the spreadsheet contains several injected faults of which we know that the tool will not
find them. The accuracy of the tool has already been evaluated previously [25] and is not
the focus of this present paper. Here, the tool was deployed in an artificial situation where
it probably performs worse than in a practical environment.

Moreover, previous research [61] has indicated that spreadsheet developers are often
overconfident about their spreadsheets, and would probably not look much for non-obvious
faults when they are not pointed to potential issues through a tool like SmellChecker (or
are not asked to do so as in our study). A tool like SmellChecker may, therefore, be more
beneficial in practical settings as it showed to be in our study, where participants were
explicitly tasked to look for faults.

Task Completion Times. Table 3 shows the mean and the standard deviation of task com-
pletion time (minutes) for the treatment and control groups.

Group Mean Std. dev.
Control 11.28 4.16
Treatment A 6.39 2.73
Treatment B 10.85 5.56

Table 3: Mean Task completion time in minutes and standard deviations.

We observe that participants in treatment group A spent statistically significantly less
time than the control group (p < 0.01). The effect size is large, with Cohen’s d = 1.38.
This supports our observation from above that participants in treatment group A overly
relied on the tool. In contrast, participants in treatment group B, who received a warning,
spent significantly more time on the task than those in group A (p < 0.01, d = 1.02),
again indicating that raising awareness stimulated participants to look for faults beyond the
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highlighted cells. Ultimately, group B participants spent about the same time on the task
as the control group, with differences being not statistically significant (p = 0.8).

Detailed Fault Identification Performance. Figure 9 shows for each of the nine faulty cells
the percentage of study participants who had correctly identified this cell as faulty. The
four left-most cells are those that were highlighted by the tool.

Figure 9: Percentage of study participants in each group who correctly identified the actual faulty cells. The
four left-most cells are those highlighted by the SmellChecker tool.

For both treatment groups, we can observe that the highlighted cells were clearly more
often identified as faulty as the non-highlighted ones. Participants in treatment group A
almost entirely focused on these highlighted cells and only in a few (nine) cases they marked
other formulas as being faulty. Participants in treatment group B in contrast more often
identified faults in areas that were not highlighted. Their fault identification performance
was at about the same level as the control group. Interestingly, there were a few cases where
participants in the treatment groups did not mark a cell as faulty even though the tool
indicated a potential problem.11

So far, we focused on the performance regarding the correct identification of the seeded
faults. Table 4 now provides information about the true positives, as reported above, the
false positives, i.e., about cells that were marked as faulty although being correct, as well as
precision and recall. Raising awareness increases the number of faults found and recall, but
it also increases the number of false positives, which negatively influences precision.

Group True positives False positives Precision Recall
Control 5.60 (2.78) 2.40 (2.41) 0.72 0.62
Treatment A 4.05 (0.58) 0.05 (0.21) 0.99 0.45
Treatment B 6.26 (2.12) 3.15 (3.13) 0.70 0.69

Table 4: Mean (std. deviation) of true positives, false positives and precision and recall

Table 4 not surprisingly shows that participants in treatment group A, who mostly
focused on the highlighted cells, in most cases did not falsely mark any additional cells as

11Looking at the distribution of correctly identified faults, we have indications that the faults that were
highlighted for the treatment groups incidentally were slightly easier to find, as can be seen from the distri-
bution for the control group in Figure 9. This, however, does not affect the outcomes of our research.
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faulty. However, participants who received a warning (treatment group B), while being able
to correctly identify more faults than participants in other groups, also often falsely marked
actually correct cells as being faulty. Note that false positives are also present in the control
group, but to a lesser extent. Overall, the provided warning apparently not only led to the
effect that participants in group B marked more cells as being faulty, but also to more false
positives.

Generally, false positives of this type are often considered to be less critical than false
negatives, i.e., missed faults. False positives may lead to extra debugging effort—until
the developer finds out that the formula is actually correct—but will not lead to wrong
calculations unless the developer changes the formula to become faulty.

Nonetheless, false positives of course remain undesired. We, therefore, looked closer at
the data to investigate if a certain subgroup of participants is particularly susceptible to
such problems. In particular, we hypothesized that a lack of experience, and corresponding
insecurity, might lead to an “over-reaction” by participants in group B after receiving a
warning. Nine participants in the control group and six in each treatment group had less
than one year of experience with MS Excel. In Table 5 we, therefore, analyzed the true and
false positives statistics (as well as precision and recall) only for participants who had more
than one year of experience with MS Excel (38 of 59 participants).

Group True positives False positives Precision Recall
Control 6.10 (2.38) 2.60 (1.80) 0.74 0.67
Treatment A 4.14 (0.63) 0.07 (0.25) 0.98 0.46
Treatment B 7.07 (1.81) 2.53 (2.27) 0.75 0.78

Table 5: Means (std. deviation) of true positives, false positives, and precision and recall for participants
having more than one year of experience with MS Excel.

The results not only show a small increase in true positives, i.e., more experienced
participants found more faults, but also that the difference between treatment group B
and the control group in terms of false positives disappears. We see these outcomes as an
indication that the increased number of false positives observed in Table 4 may at least partly
result from to the behavior of participants with lower experience.12 Additional research
including a larger set of participants with different experience levels, however, seems required
to be able to make reliable conclusions from such subgroup analyses.

Figure 10 finally illustrates the true positives and false positives for each participant
as a stacked bar chart. Confirming our observations from above, participants in treatment
group A mainly relied on the tool outcome, while participants in treatment group B also
investigated other cells.

Effects of Raising Awareness with Warnings. Participants in treatment group B, as men-
tioned above, were pointed to potential tool limitations by the plugin two times: at the
beginning of the task and when they clicked on “Finish” to complete the task. Moreover,
the provided user manual, which participants of both treatment groups had to read at the
beginning, also mentioned this potential limitation. Apparently, as we see from the ex-
periment, the information provided in the manual went unnoticed or was forgotten by the
participants during the study.

An analysis of the logs of the behavior of participants in treatment group B reveals that
57 % of the participants went back to the spreadsheet after they were shown the warning
before finishing the task. From the logs we can, however, not know if the other participants—
those who did not go back—were aware about the tool limitations from the first prompt
and confident that they found all faults, or if they simply ignored the warning. In any case,
the results indicate (i) that explicit prompts about tool limitations during tool usage are

12In some ways, this finding is in line with the observations made by Xia et al. [22].
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Figure 10: Number of cells each participant marked as faulty. FP (false positives) are marked cells that are
actually correct. TP (true positives) are marked cells that are actually faulty. The red frames show the
marked faults that were also indicated by the tool.

effective, and (ii) that warnings provided in manuals, even when these manuals are read,
may have a low impact on user awareness.

5.2. Tool Usability and Perceived Usefulness (RQ3)

As mentioned previously, it is important to make sure that potentially observed undesired
effects of the SmellChecker tool—such as lower fault identification rates for one treatment
group—are not due to general usability problems.

Usability. To assess the usability of our tool on an absolute scale, we used the System
Usability Scale as one element of our post-task questionnaire. Figure 11 shows the average
answers of the participants to the questionnaire items for each treatment group.

1 2 3 4 5

S10: I needed to learn a lot of things before I could get going with
this tool.

 S9: I felt very confident using the tool.

 S8: I found the tool very cumbersome to use.

 S7: I would imagine that most people would learn to use this tool
very quickly.

S6: I thought there was too much inconsistency in this tool.

S5: I found the various functions in this tool were well integrated.

 S4: I think that I would need the support of a technical person to
be able to use this tool.

 S3: I thought the tool was easy to use.

S2: I found the tool unnecessarily complex.

S1: I think that I would like to use this tool frequently.

Treatment Groups: To what extent do you agree with the following statements?

Treatment A Treatment B

1 - Strongly Disagree
5 - Strongly Agree

Figure 11: System Usability Scale Results (Post-Task Questionnaire)
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Overall, participants were largely positive about various usability aspects, leading to a
SUS score [62] of 78.25 for treatment group A and 73.42 for treatment group B. One benefit
of the System Usability Scale is that it can be interpreted at an absolute scale. Commonly,
tools that obtain a SUS score of 68 or higher are considered to be “good” [63, 64, 65]. Since
SmellChecker has a higher SUS score, we are confident that our tool did not introduce
any barriers to the fault identification task.

Looking at the different treatment groups, the responses by the participants in both
groups are highly consistent. A difference can be observed for question S6. Here, participants
in group B considered the tool to be slightly more inconsistent, although on a generally low
level of inconsistency. This inconsistency perception apparently stems from the additional
warnings that were presented by the tool to participants of treatment group B.

Perceived Usefulness. The responses to the questionnaire items relating to the usefulness of
the SmellChecker tool are shown in Figure 12. Looking at the positively framed questions
about usability (U1 to U4), the average response across treatment groups was around or
above 4 (on the 5-point scale), except for the responses for question U1 by treatment group B.
Generally, however, differences between the treatment groups were again small. Likewise,
for the negatively framed questions (U6 and U7), the average responses were below 2, again
indicating that the tool is perceived as useful by the study participants.

1 2 3 4 5

U7: I did not understand why certain cells were colored.

U6: The tool was not responsive at all.

U5: I would have found all the faults even without the
tool.

U4: Using this tool enables me to accomplish tasks more
quickly.

U3: Overall, I found the tool useful.

U2: The tool helped me to improve the quality of the
spreadsheet.

U1: I am confident that tool helped me in locating all
faulty cells.

Treatment Groups: To what extent do you agree with the following statements?

Treatment A Treatment B

1 - Strongly Disagree
5 - Strongly Agree

Figure 12: Perceived Usefulness (Post-Task Questionnaire)

Regarding question U1 (“I am confident that tool helped me in locating all faulty cells.”),
there is a pronounced difference between the treatment groups. Participants in group A were
very confident in having found all faults, while in reality they on average missed half of them.
In some ways, this corroborates previous findings made by Panko [61, 66] on overconfidence
patterns among of spreadsheet developers. Participants in treatment group B, on the other
hand, were less confident, with an average response of around 3 on the five-point scale. The
presented warnings, therefore, seem to be effective to make users aware of the problem that
they might have missed some faults.

Question U5 (“I would have found all the faults even without the tool.”), finally, is a
special case, as it is there to make an estimate of the participant’s fault identification without
the tool. The average response to the question is 2.85. Comparing the responses to those
given to question U1 indicates that participants saw value in the tool.
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5.3. Additional Analyses

In addition to usefulness and perceived usability, we gauged additional user perceptions
regarding the overall task through questions E1 to E6. Remember that these questions were
also asked to participants in the control group. The average responses by participants in
each group are shown in Figure 13.

1 2 3 4 5

E6: I found the instruction manual and tutorial guide
really helpful.

E5: Installing the tool in the spreadsheet was easy.

E4: The provided spreadsheet was large and complex.

E3: The provided description of the spreadsheet was
sufficient to understand the formulas.

E2: It took a lot of time to locate faults.

E1: It was difficult for me to locate faults.

To what extent do you agree with the following statements?

Treatment A Treatment B Control

1 - Strongly Disagree
5 - Strongly Agree

Figure 13: Perceived Effort (Post-Task Questionnaire)

The obtained results indicate that the task was perceived to be doable and not too time-
consuming for all participants. This supports that our selection of the spreadsheet for the
study, as discussed in Section 4.2, was appropriate. Furthermore, participants in all groups
found the provided material (installation instructions, user manual) useful.

However, a difference between treatment groups and the control can be found in terms of
perceived effort and difficulty. Treatment group A, i.e., those who apparently relied too much
on the tool and only identified the highlighted faults, both found the task localization less
difficult (E1) and requiring less effort (E2) than participants in the other groups. At the same
time, they on average found that the information provided to understand the spreadsheet
was sufficient compared to other participants (E3). Remember that these questions were
asked after the participants had completed the fault localization tasks. Thus, the process
of performing the task influenced the perception of the task itself. The deviation from the
other groups may in fact indicate that the tool provoked a certain overconfidence at the
user’s side, as mentioned above.

6. Threats to Validity

Like for all experimental studies, there may be different threats to internal and external
validity, which we discuss in this section.

Internal Validity. Regarding internal validity, we followed established scientific practices to
minimize the chance of confounding, i.e., that there are other explanations for the observed
cause-and-effect relationship. In our experimental design, everything but the different forms
of tool support and the corresponding manuals in the treatment groups was therefore kept
static: participants were given the same spreadsheet, the same explanation of its content,
and they performed the same main task of labeling those cells that they considered faulty.
The spreadsheet that was used in the study was selected according to a number of criteria
discussed above. We do not identify any source of bias that the particular spreadsheet may
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have caused. Finally, the study participants were also randomly assigned to treatment and
control groups.

Given that we conducted a crowd-sourced study, there might be certain participant-
related aspects that influence the observed outcomes. In particular, in terms of task-
completion time, we cannot know if some participants were interrupted during the task.
As a countermeasure, we, therefore, conducted an additional analysis, in which we consid-
ered all data points as outliers that were more than two standard deviations away from the
mean, which led to the removal of 6.7% of the data. Our analysis however showed that
the results did not change with respect to statistical significance when such outliers were
removed.

Finally, we are also confident that the used post-task questionnaire did not introduce any
bias. All items in the questionnaire were adapted from the literature, and we furthermore
relied on the widely used System Usability Scale to gauge the perceived usability of the
SmellChecker tool.

External Validity. Regarding the generalizability of our findings, different threats exist as
well. First, the participant population was limited to crowd workers on the platform Prolific.
Since the majority of participants had a certain level of experience with spreadsheets, we are
confident that the participants are representative for at least a subset of typical spreadsheet
users. Moreover, due to the random assignment of participants to treatment and control
groups, we do not expect bias regarding the obtained results. Note also that we did not
allow anyone to participate in the study more than once. Regarding the number of study
participants, we trust that the findings are reliable with the current sample. A repeated
study with more participants may nonetheless help to further increase the reliability of the
findings. Such a larger study may also help us making additional analyses regarding different
subgroups, e.g., if there are strong differences between novice users and experienced users.

So far, we have only used one particular spreadsheet in our experiment, and we thus
cannot conclude with certainty that we will observe very similar phenomena for largely dif-
ferent spreadsheets. As discussed above, we have however tried to make sure in different
ways that the used spreadsheet has characteristics that are similar to those of many spread-
sheets that are commonly used in organizations. As such, we believe that the obtained
general observations are tied to the specific spreadsheet that was chosen in the study. Note
also that the spreadsheet and the injected faults were specifically designed for investigating
the phenomenon of over-reliance, where participants mostly focus on cells that are high-
lighted by the tool. As such, what probably matters more is if cells are highlighted or not,
and the specifics of the underlying spreadsheets may thus be only secondary for questions
of over-reliance.

One may also fear that the observed findings are limited to the specific debugging tool,
i.e., SmellChecker, that we used in our experiment and to the specific way the suspicious
cells are brought to the attention of the participants. However, SmellChecker actually
follows commonly used means for providing debugging information to users, i.e., highlighting
cells or code fragments. We, therefore, expect that similar results would be obtained also for
other tools that rely on comparable user interface mechanisms. Regarding the phenomena
related to over-reliance, we thus believe that similar debugging tools would lead to similar
effects. Remember also that the main design of our study is independent from the way the
underlying suspiciousness values are computed. Nonetheless, additional studies are needed
to further validate that our findings generalize when different underlying spreadsheets with
different faults are used.

Finally, we have good indications from the post-task questionnaire that participants
found the SmellChecker tool useful, which supports that our study is realistic. Nonethe-
less, study settings like ours always remain artificial to some extent, as participants are
not additionally rewarded, e.g., through an additional compensation, when they find more
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faults.13

7. Summary, Implications and Outlook

Spreadsheets are omnipresent in organizations, and faults in spreadsheets can have sub-
stantial negative consequences. More research is, therefore, required to support end user
developers during the construction and maintenance of spreadsheets. Recent works in qual-
ity assurance for spreadsheets very successfully rely on heuristics or fault statistics and the
corresponding tools are designed to point developers to potential problems in the spread-
sheets. Due to their heuristic nature, these tools are not exact, i.e., they might not be able
to highlight all existing faults or they might mark correct parts as being potentially faulty.
Therefore, certain dangers arise if spreadsheet developers rely entirely on such heuristics-
based tools. In particular, they might focus too much or solely on potential problems pin-
pointed by the tools and pay less attention to other parts of the spreadsheet, a phenomenon
we refer to as over-reliance in this work.

In this paper, we have conducted a controlled experiment with a novel tool for fault
identification in spreadsheets called SmellChecker. While the study participants found
the tool both useful and usable, our results suggest that the described phenomenon of tool
over-reliance actually exists and may lead to limited fault identification performance. At
the same time, we found that increasing the users’ awareness of the heuristic nature of the
tool can help to address this issue.

The findings of this research—which to our knowledge is the first on this topic in the
domain of fault identification in spreadsheets—have several practical implications. First of
all, it is important for tool developers to understand that tool over-reliance phenomena may
occur in practice. Therefore, it is crucial to communicate to developers what the tool is
capable of and which types of problems it might not find. Moreover, our study shows that
raising awareness regarding tool limitations may have to be done in a very explicit way.
Highlighting the limitations in a manual or during the installation was not effective in our
study. Respective prompts within the application itself, in contrast, proved to be helpful to
raise user awareness. In practice, of course, the question remains when and how often such
warnings should be displayed, as too many prompts may distract and annoy users sooner or
later.

Finally, from the perspective of tool development, we found that SmellChecker, even
though being a research prototype, is promising from the perspective of end user acceptance
and usability. In particular, the learning effort for users seems relatively low compared,
for example, to our own previous approaches based on test cases and model-based diagno-
sis techniques [13]. In terms of the underlying approach, note that the machine-learning
technique used in the background has successfully found the one true fault in the original
spreadsheet and three out of eight artificially injected faults. We deliberately injected faults
into the spreadsheet that the tool does not detect to be able to study potential effects of
over-reliance. Additional heuristics may, however, be implemented in this approach to also
highlight those faults.

Following our discussions of research limitations in Section 6, in our future work, we
plan to conduct additional experiments with different spreadsheets and participants with
diverse backgrounds, in particular in terms of their experience with spreadsheets. Further-
more, we will empirically evaluate alternative ways of making users aware of potential tool
limitations (e.g. check boxes, message dialogues) and when is the best time to make users
aware. In addition to such studies, we plan to improve the fault detection mechanisms of
SmellChecker, e.g., by adding new metrics that can help to more reliably detect various
forms of range errors.

13Providing additional compensation for more identified faults might also have an effect on the results in
terms of false positives.
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