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Fuzzy Spreadsheet:
Understanding and Exploring

Uncertainties in Tabular Calculations
Vaishali Dhanoa, Conny Walchshofer, Andreas Hinterreiter, Eduard Gröller, Marc Streit

Abstract—Spreadsheet-based tools provide a simple yet effective way of calculating values, which makes them the number-one
choice for building and formalizing simple models for budget planning and many other applications. A cell in a spreadsheet holds one
specific value and gives a discrete, overprecise view of the underlying model. Therefore, spreadsheets are of limited use when
investigating the immanent uncertainties of such models and answering what-if questions. Existing extensions typically require a
complex modelling process that cannot be smoothly embedded in a tabular layout. In Fuzzy Spreadsheet, a cell can hold and display a
distribution of values. This integrated uncertainty handling immediately conveys sensitivity and robustness information. The
fuzzification of the cells enables calculations not only with precise values but with distributions, and probabilities. We conservatively
added and carefully crafted visuals to maintain the look and feel of traditional spreadsheet while facilitating what-if analyses. Given a
user-specified reference cell, Fuzzy Spreadsheet automatically extracts and visualizes contextually relevant information, such as
impact, uncertainty, and degree of neighborhood, for the selected and related cells. To evaluate its usability and the perceived mental
effort required, we conducted a user study. The results show that our approach outperforms traditional spreadsheets in terms of
answer correctness, response time, and perceived mental effort for almost all tasks tested.

Index Terms—Uncertainty visualization, tabular data, spreadsheet augmentation.
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1 INTRODUCTION

S PREADSHEETS, due to their intuitive and direct approach
to computation, are one of the most widely used tools

for building and formalizing models in areas as diverse as
science, finance, and business [22]. However, the precision
implicit in traditional spreadsheet cells [35] often hinders
users in performing calculations with uncertain values. Es-
tablished spreadsheet tools—such as Microsoft Excel [27],
Google Sheets [16], and Apache OpenOffice Calc [43] do
not take uncertainty into account at all or lack features
for exploring how uncertainties propagate and combine
throughout calculations.

Integrated handling of variability would be helpful, for
instance, to model estimated future values [41] or to plan a
budget. To cope with the lack of built-in support for work-
ing with uncertain information, users often simplify their
problems by calculating alternative scenarios, for instance,
covering the worst, best, and average cases. This oversim-
plification of the problem results in a limited understanding
of the complete scenario. To better supports users who want
to properly include uncertainty in their calculations, a tool
must communicate effectively how individual components
influence the final result of the calculations—both in terms
of expected value and in terms of uncertainty. To be seam-
lessly integrated into existing workflows, such a tool should
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retain the familiar spreadsheet interface and enhance it with
additional information about uncertainty.

Our primary contribution is the Fuzzy Spreadsheet ap-
proach, which augments well-established spreadsheets with
compact in-cell visualizations. These visualizations allow
users to assess probability distributions and trace compu-
tational relationships directly within the spreadsheet cells.
Users can analyze how uncertainty propagates through the
values and explore the effects of hypothetical changes. As
a secondary contribution we present the results of a user
study which indicates that Fuzzy Spreadsheet is effective in
working with uncertain information in tabular calculations.

2 CHARACTERIZING UNCERTAINTY IN SPREAD-
SHEETS

To discuss the limitations of traditional spreadsheets and
to introduce our terminology, we present an example of
a spreadsheet that models the resources required for the
maintenance of cars (see Figure 1). We use this spreadsheet
as a guiding example throughout the paper. Let us assume
that a classic-car enthusiast wants to manage the predicted
costs for two of her cars. For the first car, she sums the
cost of the checkup and the cost of replacing its expendable
parts. For the second car, she plans to upgrade the engine.
To reflect this, she enters the cost of buying a new engine
and subtracts the selling price of the old one, which results
in the total cost for Car 2. To obtain the Grand Total Cost,
she combines the summed cost of each car.

To make the underlying network of cells more trans-
parent and to understand which cells influence other cells,
we use a computational graph [48]. Figure 2 shows the
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Fig. 1. A simplified spreadsheet for planning the maintenance of two
classic cars, containing cost and time required for the maintenance of
each car and uncertainty values provided in the adjacent columns.

Fig. 2. Computational graph of the example Figure 1, showing the
relationships between cells.

computational graph of the example above that models the
relationships between cells and highlights the functional
expressions that combine them.

Based on experience with Car 1 in the previous years,
she knows that each spare part has a different chance of
failing within a year. This makes the cost uncertain, as it
will only be incurred if the spare part fails. For the second
car, her friend shows an interest in buying the engine for the
price specified. However, as the deal has not yet been closed,
she captures this uncertainty by adding a likelihood of 0.8
in the adjacent column. She computes the likelihood of the
total cost by multiplying the individual likelihoods of the
input costs. She observes that, according to the spreadsheet
(shown in Figure 1), the Total Cost (Car 1) is 6.5 k Euros with
a 38% likelihood. However, since such a calculation covers
only one of many possible paths in a probability tree, she
receives no indication of the remaining 62% case(s). In order
to gain a complete overview of the actual cost, all the influ-
encing costs must be combined correctly into a distribution.
Furthermore, the contribution of each influencing cost on
the distribution of the Total Cost (Car 1) can be analyzed if
each influencing cost is treated as a distribution rather than
a scalar value.

As a traditional spreadsheet lacks this ability to treat
a cell as a distribution, she must somehow keep track of
the underlying distribution herself. The distribution of an
independent cell, such as Spare Part A (Car 1), which is not
influenced by other cells, may still be easy to understand.

However, as more of these cells are combined by using
formulas to produce cells such as Total Cost (Car 1) and
Grand Total, the calculation becomes increasingly complex.
The functional expressions in these cells, in this case ”sum”,
no longer perform computations on scalar values, but on
distributions. Hence, the Total Cost (Car 1) is then obtained
as the sum of individual distributions. In the absence of
additional visual cues, it becomes difficult to estimate how
the uncertainty propagates from independent cells (Spare
Parts A & B (Car 1)) to the cells which depend on them (Total
Cost (Car 1)). Furthermore, the car owner decides to include
the time it would take her to inspect and later fix or remove
each part to avoid paying a professional car mechanic. She
enters the time required for each part. However, as each
part has a different chance of failing, the time spent on each
part varies accordingly. As when calculating cost, temporal
variability must be considered and can be modeled as a dis-
tribution by specifying a standard deviation for each part in
an adjacent column. The Total Time spent is then computed
by adding the influencing distributions. Now, she has to
monitor not only the uncertainty in cost, but also in time.
Without a proper way to model them in the spreadsheet, it
becomes difficult to keep track of the distributions and how
they propagate throughout the spreadsheet. With the Fuzzy
Spreadsheet approach, users are able to achieve these tasks.

In some cases, it may be relevant to analyze the impact a
cell has on another, for instance, to identify highly influential
cells such as Total Cost (Car 1) and its impact on the Grand
Total. Conceptually, a cell’s impact can be defined as how
much its value contributes to the value of another cell. In
some cases, it is sufficient to simply look at the values of
the cells to identify those with the highest impact. However,
determining the exact impact a cell has on another requires
calculation. We compute this impact as a percentage of how
much the value xi of cell i contributes to the value xj of
cell j. If i is a first-degree influencing neighbor of j (i.e.,
i ∈ N1(j), then we define its impact as:

I (i→ j) =
σ · xi∑

k∈N1(j)
|xk|

. (1)

Here, σ = +1 if i contributes to j via a summation, and
σ = −1 if i contributes to j via a difference. The total relative
sum of the impact percentages of each contributing cell ci
must be 100%. This direct computation involving simple
addition or subtraction is straightforward but longer calcu-
lations involving intermediate results, such as a difference
of sums, can make assessing the impact challenging. We
categorize the nature of this impact as positive or negative
based on the sign and relationship of the cell j with i.
In a spreadsheet, an additional column may be created to
compute the impact that value xi in cell i would have on
value xj of cell j. For a cell i, as its impact value influences
j, j must be re-evaluated every time i changes.

Finally, it can often be helpful to explore the results of
hypothetical changes to the spreadsheet to answer questions
such as “What would happen to the Grand Total Cost if
I were to change the chance of failure of Spare Part A
of Car 1 from 0.75 to 0.5?” The model must be able to
incorporate the new uncertainty for Spare Part A of Car 1
and propagate the change through the computational graph.
This analytical concept of what-if analysis often involves
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TABLE 1
Terminology used for describing uncertainty and other relevant concepts.

Term Definition

Standard Deviation Uncertainty of cells modeled via a normal distribution N(µ, σ2) with user-provided values for mean µ
and standard deviation σ

Likelihood Probability p = P(X = A) that a variable X modeled via a Bernoulli distribution assumes the value A

Distribution General description of uncertain variables, assigning a probability density to each possible value

Relationship Relationship between a cell and other cells based on the direction of influence (input/output) and the
degree of neighborhood

Degree of Neighborhood (DON) Distance between two cells in the computational graph

Impact How much the value of a cell contributes to the value of another cell, expressed as percentage

changing the certainty of values to create and analyze
different scenarios. Such an analysis requires considerable
mental effort if intermediate changes are not tracked and no
visual clues are provided. With Fuzzy Spreadsheet, we aim
to support users in maintaining their mental models during
calculations involving uncertainty. Brief descriptions of the
key terms introduced in this section are given in Table 1.

3 RELATED WORK

Uncertainty is an inherent part of data collection, pro-
cessing, and sensemaking. When dealing with uncertainty,
visualization is an indispensable tool for communicating
effectively both the data itself and the underlying un-
certainty. Exploring and understanding variabilities may
have a considerable impact on the outcome of decision-
making [2], [21]. Research into how uncertain values can
be visualized effectively has been ongoing for centuries [3],
[33]. Various uncertainty visualization techniques have been
applied in a diverse range of fields, such as medicine [25],
geoscience [39], business intelligence [45], and fishery [36].
As technology develops rapidly, tools are proliferating, but
current applications focus on showing complex information
and do not make use of the familiar spreadsheet layout
to present different scenarios—such as worst, best, and
expected case—in a way that is easy to understand and
visualize [34], [37]. With our work, we aim to deepen the
understanding of uncertain values and their use in tabular
calculations.

3.1 Uncertainty Visualization
Uncertainty can be visualized for zero-, one-, or higher-
dimensional data [37]. Sanyal et al. [38] introduced a frame-
work for data dimensionality (0D, 1D, 2D, 3D), visual-
ization approaches (scalar, vector, tensor), and uncertainty
visualization techniques (e.g., blurring, transparency, noise).
Typical techniques for showing zero-dimensional data (after
decoupling of the temporal dimension) include changes in
glyph size to indicate a variation in the data points [4]. As
for one-dimensional data, line blurring and transparency
changes are common techniques to indicate the level of
certainty [38]. Further, probability density functions [7], [10]
are used to represent uncertainty by, for instance, line and
bar charts [40], [44], dotplots [11], violin/boxplots [18], or
heatmaps [19].

3.2 Spreadsheet-based Tools

The suitability of a particular type of uncertainty encoding
depends on the application. For the purpose of this work,
we limit the discussion of related work to spreadsheet-
based tools that address the encoding and propagation of
uncertainty information.

Streit et al. [41] proposed a technique for augmenting
a spreadsheet with uncertain information. To introduce un-
certainty in the calculations, users can specify an interval or
range in a cell. The underlying theoretical concept is known
as interval arithmetic. The uncertainty information is then
propagated to other cells that use these ranges as inputs. To
convey to the user that—as an effect of the propagation—
these cells now contain intervals, affected cells are high-
lighted by shading. Finally, these intervals are plotted as
a chart that represents the uncertainty.

The FuziCalc tool [8], aimed at modeling under uncer-
tainty, followed a similar approach. FuziCalc allowed the
user to enter fuzzy inputs in the form of shapes, such as
triangles representing best, worst, and expected cases. It
then generated a fuzzy output from fuzzy input cells. This
way, it reduced the mental effort for users by not exposing
them to the complex underlying computations. Since Fuz-
iCalc was developed as an independent spreadsheet tool,
it missed fundamental features of conventional general-
purpose spreadsheet tools. In most cases, it was used in
addition to conventional spreadsheet tools and not as a
replacement, which resulted in a cumbersome workflow.
Since this commercial software is no longer available, it
could not be tested.

More recent tools for uncertainty visualization in spread-
sheets are Palisade @Risk [32] and Oracle Crystal Ball [30].
These tools use Monte Carlo simulation to compute possible
outcomes of uncertain events [12]. Both applications are
commercially available as extensions for Excel, and both
allow users to explore different scenarios and provide re-
sults in the familiar Excel charts. They share the concept
that the user can input a distribution for the cells by using
either a formula or a graphical user interface. The user can
choose distributions for cells which are not influenced by
other cells and compute the model for a reference cell (which
is usually a cell that is influenced by input cells). The cells
are then colored to indicate that they no longer contain exact
but fuzzy values based on probability distributions. More
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information on a distribution appears upon mouse-over
action and click-based interaction in the cases of @RISK and
Oracle Crystal Ball, respectively. The user can interact with
the distribution to analyze the probability of finding a value
in a particular range. However, these tools lack an overview
of the underlying uncertainty across the spreadsheet, and
require a complex modeling process of the distributions
for each cell. Furthermore, for users who are not familiar
with probability distributions, it is challenging to define and
interpret them [15].

A tool that avoids the complexity of the modeling pro-
cess is Guesstimate [17]. It was developed as an independent
web-based spreadsheet tool that allows the user to easily
input a fuzzy number as a range, an interval, or a distri-
bution, and immediately provides an output based on the
relationship. Relationships between the cells are shown as
links connecting the related cells. Similar to Palisade @Risk
and Oracle Crystal Ball, it uses Monte Carlo simulation to
compute the propagation of uncertainty. In the course of
our investigation, we contacted one of the main contributors
of Guesstimate. He informed us that users generally prefer
staying close to traditional spreadsheet-based approaches
and primarily rely on normal distributions due to a lack of
knowledge about applying other distributions, even though
further ones are supported. This confirmed our findings
in the context of the FuziCalc software that users are less
likely to model their use cases in an unfamiliar environment.
We found that existing tools for uncertainty exploration
with what-if analyses are either too complex for a novice
user or fail to provide the wide range of features provided
by general-purpose spreadsheet tools. This inspired us to
develop an approach that (1) retains the layout of a tra-
ditional spreadsheet and (2) is augmented with compact
visualizations to communicate the uncertainty.

4 TASK CHARACTERIZATION

We collected the most prevalent user tasks that are sup-
ported by various related tools (see Section 3 for a survey)
and put these tasks into the context of existing analysis task
frameworks [1], [6]. For the purpose of discussing Fuzzy
Spreadsheet, we categorize user tasks in two different ways.

First, we assign the tasks to one of two types of phases of
the typical spreadsheet workflow: Authoring and Analysis.
In the Authoring phase, users set up content and structure
of the spreadsheets. In the Analysis phase, users seek to
understand the results of calculations and draw conclusions
for their applications. Complex problems may require users
to go through multiple iterations of Authoring and Analysis
phases.

Second, we label user tasks by the requirements they
impose on Fuzzy Spreadsheet. In order to facilitate decision-
making in the face of uncertainty, Fuzzy Spreadsheet must
extend traditional spreadsheets in two ways. To reflect on
the necessary extensions, we define the following three task
requirements:

Basic spreadsheet functionality is required for all tasks
that can be readily performed in a typical spreadsheet
tool without any extensions, such as inputting numbers
and referencing cells in formulas.

Computational graph parsing is required for all tasks
that involve extracting relationship information from
the computational graph underlying the spreadsheet.

Fuzzification of the spreadsheet is required whenever
tasks cause a transition from exact numbers to probabil-
ity distributions.

Not all user tasks need to be assignable to exactly one of
these requirements. Certain tasks involve basic spreadsheet
functionality, but may lead to fuzzification or may pave
the way to improved analysis of the computational graph.
Other tasks may be equivalent to those performed in non-
augmented spreadsheets, but may acquire a new meaning in
the context of uncertainty. Table 2 summarizes the user tasks
we identified for spreadsheets with uncertainty propagation
and lists their requirements and to which phase we assigned
them. The following sections describe the user tasks in more
detail.

4.1 Authoring Tasks
In the authoring phase, users set up the initial content
and structure of the spreadsheets. We extracted four tasks
that are essential in this phase. First, users Tabulate Num-
bers . Users choose a layout according to which they
input values into cells. In traditional spreadsheet tools, all
values are treated as exact numbers. However, in Fuzzy
Spreadsheet, cells which are computed as the average of
other cells are considered to be uncertain cells. By extension,
the cells which are influenced by these average cells are also
treated as uncertain cells. Each value is a potential node in
the spreadsheet’s underlying computational graph. Second,
users Set Up Relations by inputting formulas, which
introduce links between nodes in the computational graph.
Third, users Specify Uncertainties . In this essential step
for the fuzzification of spreadsheets, users specify which
cells should no longer be treated as exact, but fuzzy values.
To the users, this task can be equivalent to a Tabulate Numbers
task, with the important conceptual difference that the input
numbers are given a special meaning in the subsequent
analysis phase. Fourth, users might want to Introduce
Alternatives to treat numbers as potential results of
probabilistic binary processes. As explained in Section 2,
we borrow the term likelihood from statistics to refer to
the chance of such a process having a particular outcome.
Again, the act of inputting the likelihood can essentially
be a Tabulate Numbers task with the system assigning a
special meaning to the numbers. Since Fuzzy Spreadsheet
is designed to build upon these authoring tasks, it does
not provide any special functionality for supporting them.
These tasks must be performed in advance in a spreadsheet
program, as they are essential for the analysis phase.

4.2 Analysis Tasks
While the authoring tasks are important for setting up
content and structure of the spreadsheet, Fuzzy Spreadsheet
focuses mainly on enabling new tasks in the analysis phase.
The analysis tasks are extracted from the rationale-based
tasks identified by Amar et al. [1] and extended to incor-
porate tasks that played a role in the tools we surveyed.
Additionally, we also cover the four search tasks (Lookup,
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TABLE 2
User tasks for Fuzzy Spreadsheet. Tasks are divided into Authoring
and Analysis phases, and labeled depending on the requirements.

Tasks requiring basic spreadsheet functionality

Tasks requiring parsing of the computational graph

Tasks requiring fuzzification

Authoring • Tabulate Numbers

• Set Up Relations

• Specify Uncertainties

• Introduce Alternatives

Analysis T1 Look up Values

T2 Trace Relations

T3 Assess Impact

T4 Expose Uncertainty

T5 Formulate Cause and Effect

T6 Compare Probability Distributions

Locate, Browse, Explore) and two query tasks (Identify and
Compare) from the Multi-Level Task Typology framework
of Brehmer and Munzner [6]. Our discussion of the visual
encodings used in Fuzzy Spreadsheet and of the user study
results are based on the following analysis tasks:

T1 Look up Values
The most basic analysis task when working with spread-
sheets is to look up values in cells. In the same way
that input tasks can acquire a special meaning if they
introduce uncertainty to the spreadsheet, so do look-up
tasks that retrieve these special values.

T2 Trace Relations
Tracing relationships between cells in a spreadsheet is
important for understanding the “flow” of computa-
tions. As discussed in Section 2, this flow is described
by the spreadsheet’s underlying computational graph.
In classic spreadsheet tools, the computational graph
is, for the most part, hidden from the user. Given a
selected cell, only the immediate inputs used in formulas
in that cell can be readily retrieved. This retrieval is only
one special case of the more general analysis task Trace
Relations, which is a bidirectional task: in addition to
finding direct neighbors that influence a given cell, it also
includes finding cells that are influenced by other cells.
Neither influencing nor influenced by cells are limited to
direct neighbors in the computational graph, but can be
extended to a higher degree of neighborhood (DoN). If
no special interface is provided for determining higher-
degree neighbors, they can be found by detecting first-
degree neighbors in a nested and possibly branched
manner.

T3 Assess Impact
Having located cells that influence another cell, users
often need to gain a better understanding of the indi-
vidual contributions of each of these influencing cells.
In Section 2, we introduced the impact as a direct mea-

sure of how strongly the value of one cell contributes
to the result in another cell. In simple cases, such as
the addition of multiple values, assessing the impact
can be as straightforward as looking up several values
and comparing them. If more elaborate formulas are
used, and/or in the case of tracing longer paths in the
computational graph, assessing impacts is challenging
in standard spreadsheet tools.

T4 Expose Uncertainty
In the authoring phase, users Specify Uncertainties and
Introduce Alternatives. As a result, computations in the
spreadsheet can no longer be based on exact num-
bers but require probability distributions. Users must
be able to asses these distributions, preferably directly
in the spreadsheet cells without auxiliary calculations.
Depending on the level of detail with which they want
to analyze these probability distributions, users must
perform a number of low-level visualization tasks, such
as assessing shapes, finding extrema, and estimating
areas under the curve.

T5 Formulate Cause and Effect
While adding uncertainty to spreadsheets allows users to
make more informed decisions, it also makes interpret-
ing the relationships between cells in a spreadsheet more
challenging. As described in Section 2, a what-if analysis
is a powerful approach that allows users to safely ex-
plore the results of hypothetical changes in an attempt
to better understand which values are important. To
enable this, users must be able to change the spreadsheet
reversibly. When users end their exploratory analysis,
they can decide to either keep the new results or revert
back to the initial values. Hypothetical changes typically
include changing the mean values, uncertainties, and/or
likelihood values of cells while keeping the topology of
the computational graph unaltered. Given the density of
data in typical spreadsheets, making reversible changes
might not be enough for an effective what-if analysis.
Users must be able to see how a change in one cell
propagates through the computational graph and how
each change leads to additional, implicit changes in
other cells. Explicitly addressing this subtask by visu-
alizing changes prevents users from having to Trace Re-
lations (T2) repeatedly in the course of a what-if analysis.

T6 Compare Probability Distributions
In later stages of the analysis, most of the intermedi-
ate and final results of calculations in the spreadsheet
are modeled by probability distributions. This means
that comparing two or more cells requires comparing
two or more probability distributions. We refer to this
as between-cell comparison. Additionally, hypothetical
changes in a cell during a what-if analysis may entail
comparing old and new results within a single cell. We
refer to this as within-cell comparison.
Fuzzy Spreadsheet addresses most of these analysis

tasks by introducing compact visualizations directly in the
spreadsheet cells, with additional detailed information in
a separate side panel. The between-cell comparison is sup-
ported by in-cell encodings. Fuzzy Spreadsheet allows users
to compare probability distributions of two or more cells by
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means of individual encodings presented within the cells.
Detailed information about each cell, such as the probability
distribution with computed mean and standard deviation,
can be viewed in the side panel upon selecting a cell. During
a what-if analysis, the encodings of the old and the new
probability distributions are stacked within a cell, which
facilitates a within-cell comparison. The within-cell changes
can also be viewed in the side panel.

5 FUZZY SPREADSHEET TECHNIQUE

We designed Fuzzy Spreadsheet as an extension of tradi-
tional spreadsheet programs, which enables users to incor-
porate our solution seamlessly into their familiar workflow.
Fuzzy Spreadsheet comprises three parts: (1) functionalities
to calculate how the uncertainty information propagates
through the spreadsheet; (2) carefully chosen compact vi-
sualizations that are embedded directly in the spreadsheet
cells; and (3) a side panel with the user interface and
additional information. Figure 3 shows an example spread-
sheet with some of the Fuzzy Spreadsheet encodings (the
traditional spreadsheet version is shown in Figure 1). We
first discuss the pre-processing needed for calculating the
propagation of uncertainty information, followed by how
users control the in-cell visualizations from the side panel,
and then describe the design of the visual components in
more detail.

5.1 Computational Graph Parsing and Uncertainty Cal-
culations

Before relational and uncertainty information can be en-
coded and interacted with, the relevant content must be
extracted from the spreadsheet. To this end, Fuzzy Spread-
sheet parses the spreadsheet’s underlying computational
graph. In order to perform an analysis task (see Section 4.2),
a user needs to choose a reference cell—typically a cell of
interest whose value depends on other cells. The Fuzzy
Spreadsheet extension stores the address of this cell and uses
it as a reference for all future computations. This gives the
user the possibility of selecting another cell and viewing its
details with respect to the reference cell. Fuzzy Spreadsheet
allows the user to focus on two cells at any given time: a
reference cell and a selected cell.

For the analysis tasks, the extension performs the com-
putations required for obtaining impact values and proba-
bility distributions, as explained in Section 2. Based on the
headers of the adjacent columns of each uncertain cell, the
extension parses the values of standard deviation and like-
lihood. If an uncertain cell is composed of other uncertain
cells, their parsed values are ignored in the calculation of
their distributions. The tool performs Monte Carlo simula-
tion to obtain the distributions. Due to computational limita-
tions, we discretize each distribution to 100 samples. During
a what-if analysis, after a cell value is changed, an automatic
parsing of the computational graph is performed to derive
new results for impact, likelihood, and distribution. If the
newly obtained results are different from those obtained in
the initial parsing progress, the cell encoding for probability
distribution and the side-panel visualization for all selected
options is updated.

5.2 Side Panel

The side panel, as shown in Figure 3(B), provides the control
interface for our extension. To start working with Fuzzy
Spreadsheet, users need to trigger the parsing and creation
of the computational graph by clicking on the Initialize
button. Users must then select a cell in the spreadsheet and
mark it as the reference cell. The reference cell is automati-
cally highlighted with an orange border in the spreadsheet
(see Figure 3(D)), and its address is shown in the same color
in the upper-right corner of the side panel.

Next, users select which kind of cells they are interested
in: cells influencing the reference cell or cells that are influ-
enced by the reference cell. Subsequently, they choose the
degree of neighborhood (DoN) up to which they want to
explore related cells. A DoN of zero refers to the reference
cell itself. A DoN of one corresponds to the direct neighbors
(connected by links in the computational graph) of the
reference cell, excluding the reference cell itself. A DoN
of two corresponds to the direct neighbors of the direct
neighbors, excluding the cells with a DoN of one. Up to this
point, no visual changes have appeared in the spreadsheet.
To indicate that a DoN of zero limits the selection to the
reference cell itself, the zero option is colored in the same
orange hue that is used for the borders of reference cell.
This neighborhood-selection dialog simultaneously serves
as a legend for the relationship encoding (see Section 5.4).
We refer to this dialog/legend hybrid as active legend. In
our Excel extension prototype (see Section 6), we use a dark
green shade for all information related to the selected cell to
keep the design consistent with Excel’s default color setting
for the border of the selected cell (see Figure 3 (C)).

Based on this information, users can display visualiza-
tions of impact, likelihood, and distribution for the selected
and related cells on demand. At any point, they can change
the DoN, which controls the overall amount of information
displayed. Furthermore, users can start a what-if analysis
by activating a button at the bottom of the side panel. We
explain for each visualization separately how this analysis
mode affects the encoding.

5.3 Compact Visual Encoding

Given the small cell size in traditional spreadsheets, we
had to evaluate encodings that work effectively in this con-
strained space. Sparklines and glyph-based encodings [4]
are one option. Nobre et al. [29] introduced an aggregated
layout in tabular cells that could be adapted to show fuzzy
values within a cell. Box plots, heatmaps, sparklines, his-
tograms, and dotplots used in Taggle by Furmanova et
al. [13] are also possible choices for in-cell encodings. All
these visualizations inspired our final encodings. The cell
encodings are designed to give overview information about
the reference cell and its related cells—serving as an initial
guidance in identifying critical cells. We justify our final
choice of encoding for each of the suggested visualizations
in individual sections below.

5.4 Relationship Encoding

To enable Trace Relations tasks (T2), each cell of interest
is equipped with a relationship marker. The shape of this
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Fig. 3. Fuzzy Spreadsheet applied to the car-maintenance subset from the example in Figure 1. The in-cell visualizations indicate (A)
impact , likelihood , relationship , and probability distributions . The side panel (B) allows users to
control the visualizations. Users select a cell (C) and explore its influence on a reference cell (D). Additional information is displayed in the active
legends (E) for impact and (F) for likelihood with dark green markers indicating original values and dark pink markers indicating new values obtained
after the what-if analysis, where the user reduces the value of Old Engine by 0.1. The detailed distribution charts (G) for the original and the new
values of (C) are also displayed, and the probability ranges, can be viewed by hovering over them.

marker encodes the direction of influence with respect to
the reference cell. A diamond marker represents a cell that
influences the reference cell, and a disk represents a cell that
is influenced by the reference cell. We chose these shapes to
avoid cross-talk with the impact and likelihood encodings.
The side panel also emphasizes this information by outlin-
ing the marker in dark green if a related cell is selected.

Additionally, the DoN is encoded in the brightness of the
marker. Cells with a DoN of one (i.e., immediate neighbors
in the computational graph) are represented by black mark-
ers, with lighter shades of gray for for cells with a DoN of
two and three.

In the design process, we considered two alternatives
to the categorical relationship markers. First, we considered
drawing lines that connect related cells, which would have
represented the underlying node-link structure of the com-
putational graph. In Excel, users already have the option
to turn on this kind of encoding as an overlay. However,
we found that this encoding caused visual clutter and was
prone to drastic changes depending on the layout (i.e.,
positioning) of the cells chosen by the user in the Authoring
phase. Second, we considered small arrow-like glyphs or
stubs [23] pointing towards or away from the reference
cell. While this encoding was easy to understand in simple
cases, we discarded it because identical glyphs would have
acquired different meanings depending on their locations
in the spreadsheet. The current encoding has the advantage
that it is fully independent of the spreadsheet layout chosen
by the user in the Authoring phase, and the markers make
it easy to quickly spot the cells of interest.

5.5 Impact Encoding
Impact markers enable users to Assess Impact (T3). We add
boxes of fixed size on the left side of a cell and color them
according to how strongly the value in the cell influences
the reference cell (see Figure 3(A)). We use a diverging color
scale from dark red (strong negative impact) to white (no

impact) and dark blue (strong positive impact), to help
users to quickly identify the sign of a cell’s contribution
to the reference cell. Furthermore, the dark colors at each
end of the scale make high-impact cells more salient, while
cells with an (almost) white impact marker can be safely
disregarded by users while they are gaining an overview.

The side panel also serves as an active legend for the
impact. The active legend consists of a red/blue color scale
(see Figure 3(E)). Using a dark green marker, the legend
shows—for a selected cell—either its impact on the reference
cell or the impact of the reference cell on it. Using the same
dark green which is used as the border color of the selected
cell, the legend also shows the value of the impact in per-
cent. The position of this marker changes dynamically when
the selected cell is changed. To support Formulate Cause and
Effect tasks (T5) during a what-if analysis, a second, dark
pink marker is shown in the active legend if any of the
hypothetical changes affect its value, as indicated in the
legend in Figure 3(E).

5.6 Likelihood Encoding
We encode the likelihood associated with a cell by a square
marker shown on the left side of the cell. The likelihood
value determines the area of this marker. If only the like-
lihood visualization but not the impact visualization is
switched on, we show gray likelihood markers in corre-
sponding sizes. If both likelihood and impact visualizations
are switched on, we encode the likelihood in the size of the
impact marker and use the color from the impact encoding.

The side panel also functions as an active legend for the
likelihood. The active legend for the likelihood consists of
grey squares placed in ascending order of their length. For a
selected cell, we show its likelihood value (in percent) in the
legend and enframe its corresponding square with a dark
green box, as seen in Figure 3(F). As for the impact encoding,
a second, dark pink marker in the active legend indicates
changed likelihood values during what-if analyses.
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5.7 Probability Distribution Encoding

Users can switch on the probability visualization in the side
panel to show small, in-cell distribution heatmaps attached
to the cells of interest (see Figure 3). The heatmaps serve
as a first visual aid for Expose Uncertainty tasks (T4). Each
heatmap is based on a binned histogram of samples drawn
from a continuous probability distribution p(x). The value x
increases from left to right, and the heatmap is divided into
a fixed number of intervals I (i.e., the bins). The range of the
heatmap is based on the minimum and maximum cell value
present in the spreadsheet, and is the same for all cells to
enable an unbiased comparison. Due to the limited space,
the range cannot be shown numerically or quantitatively
within a cell. However, as the vertical space in the side panel
is not limited, we indicate the range of the heatmap on a
shared x-axis with a bar chart for the detailed distribution
plot, as shown in Figure 3(G). The horizontal orientation
of the distribution heatmaps facilitates comparison between
values of cells in the same column and uses the space
provided by typically sized spreadsheet cells optimally. The
color scale for the heatmaps is based on the selected cell
color (by default dark green in Excel), and each interval
is colored according to the binned probability P (x), where
x ∈ I . Thus, higher probabilities are represented by darker
shades of the base color. Zero is represented by a neutral
grey, which lets users distinguish easily between improbable
(light-colored) and impossible (gray) values.

Similarly, we color each bar in the detailed distribution
plot in the side panel in the same shade of the base color
as in the heatmap, and align a copy of the heatmap with
the bottom of the bars. This allows users to easily match
the heatmap encoding in the spreadsheet with the bar-
chart encoding in the detailed view. Mouse-over interactions
let users assess exact probability values for each interval.
Additionally, we add the mean and standard deviation of
the shown samples as numbers and indicate these values by
vertical lines in the bar chart. The distribution bar chart in
the side panel enables Expose Uncertainty tasks (T4) for which
the heatmap encoding cannot provide sufficient detail.

In the course of a what-if analysis, changes made by the
users often affect the probability distributions of cells. To
let users assess these changes at a glance, we replace each
heatmap with a stacked heatmap (see Figure 3(C) or thumb-
nail at the beginning of this section). The stacked heatmaps
allow users to Compare Probability Distributions (T6) and
Formulate Cause and Effect (T5) directly in the spreadsheet. We
show the original distribution heatmap in green in the top
half of the cell, and the updated distribution in pink in the
bottom half. Both heatmaps have the same value range as
the original heatmap. Similarly, we change the detailed view
in the side panel from a single bar chart to two bar charts,
representing the original and the updated distributions (see
Figure 3(G)). The base hue used in the updated distribution
heatmap and bar chart is the same shade of pink that
encodes the updated impact and likelihood values in the
active legends.

In the design process, we also considered using spark-
lines to visualize the probability distributions. We chose the
heatmap encoding instead for two reasons. First, the vertical
space in the cells is constrained. As heatmaps encode the

values in the color channel, they require little vertical space
compared to bar charts or sparklines, which rely on the ver-
tical position for encoding the values. Additionally, during a
what-if analysis two distributions must often be shown for
a cell at the same time. We found that a stacked heatmap
encoding uses the space more effectively and with less
visual clutter that overlaid sparklines. Second, heatmaps are
particularly suited to comparing distributions (T6) across
vertically neighboring cells [14].

5.8 Change Indicators
Not all Formulate Cause and Effect tasks (T5) necessarily in-
volve tracking changes in impact, likelihood, and/or prob-
ability distributions. In many cases, it might be sufficient
to simply see how the value of a cell is affected by changes
made elsewhere. During a what-if analysis, we display small
arrows to indicate increases (upward arrow) or decreases
(downward arrow) as a result of the changes (see Figure 3(C)
or thumbnail above). Additionally, the value difference is
specified next to the arrow.

6 IMPLEMENTATION

For the implementation, we investigated the most com-
monly used spreadsheet tools and evaluated them accord-
ing to their official API extension support and feature list.
Microsoft Excel emerged as our tool of choice because
it provides the Office JavaScript API. We used the Host
Specific Office API model for Excel [28], which allows
our extension to be loaded as a so-called add-in in both
the desktop and the web version. The add-in currently
supports Office 365 and the Microsoft Edge Web Browser.
We implemented the prototype in TypeScript, HTML,
and CSS. The source code is available at https://github.
com/JKU-ICG/fuzzy-spreadsheet. A demo version can be
accessed at https://jku-icg.github.io/fuzzy-spreadsheet/.
Our prototype uses external libraries, the most notable ones
being discrete-sampling [26] for sampling discrete probabil-
ity distributions, jstat [46] for performing advanced statis-
tical operations, maths.js [9] for flexible expression parsing,
and D3.js [5] for creating customized visualizations.

7 USAGE SCENARIO

To demonstrate the applicability of Fuzzy Spreadsheet, let
us assume that conference organizers have been assigned
the task of planning the budget for an annual conference.
Using a simple model, the organizers predict the revenues,
expenses, and the balance for the next year as the average of
the previous six conferences (see Figure 4). As planning is
prone to uncertainty, decisions on the variation of all uncer-
tain values must be made and conveyed in the spreadsheet.
Since the spreadsheet itself does not offer much support for
dealing with uncertain data, the organizers decide to use
the Fuzzy Spreadsheet extension. Due to its easy modeling
requirements, they simply create two additional columns to
enter the uncertainty parameters, namely standard devia-
tion and likelihood. For each uncertain value, they specify
the value of standard deviation where required. The orga-
nizers expect a likelihood value of one (100% likelihood) for
all uncertain values except for Venue and Catering. These

https://github.com/JKU-ICG/fuzzy-spreadsheet
https://github.com/JKU-ICG/fuzzy-spreadsheet
https://jku-icg.github.io/fuzzy-spreadsheet/
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Fig. 4. Conference planning usage scenario with Fuzzy Spreadsheet encodings. The user selects as a reference cell (A) and controls the
visualization using the side panel. In the what-if analysis mode, they reduce the value of Catering 2021 to zero (B) and analyze its effect on
the focus cell (C). More detailed information for the focus cell is shown in the side panel (right).

two costs will only occur if the conference takes place on
site. Since unexpected worldwide events have recently led
to travel restrictions, they estimate the likelihood for an on-
site conference—and therefore for the Venue and Catering
costs—as 50%..

To visually analyze the effect of uncertainty on the bal-
ance and the intermediate calculations, they load the Fuzzy
Spreadsheet extension. Conference organizers tend to aim
for a slightly positive balance, using any surplus for the
next conference or better catering. The organizers start the
analysis by clicking on the Initialize button, which automat-
ically parses the computational graph of the spreadsheet,
and mark the summed balance as the reference cell (see
Figure 4(D)).

The organizers can now decide which visual analysis
support they want to activate in the side panel: relationship,
neighborhood, impact, likelihood, and/or distribution. To
determine which cells influence the uncertainty of the bal-
ance (T4), they first display the influencing cells (T2) and
change the DoN to two. The glyphs that appear within the
cells indicate the direction of influence by shape and the
DoN by color ( ). Subsequently, to analyze the probability
ranges of expenses, the organizers activate the distribution
visualizations. Related cells then show the heatmaps of the
distribution for the expenses. Upon analyzing the distribu-
tion, they realize that the value of the balance as shown in
the spreadsheet is not very likely, and the computed mean—
based on correct uncertainty propagation—is negative.

To evaluate how changes in the likelihoods for the ex-
penses affect the balance, they enter the what-if analysis
mode and change the DON to three to view the changes
in all influencing cells. Their goal is to compare the scenario
of the conference being held on site with the alternative of a
virtual event.

To reflect the expected budget changes in the case of
a virtual conference, the organizers start by reducing the
expenses of venue and catering to almost zero with a high
likelihood (see Figure 4, where the value of Catering is
reduced to zero). This new value causes changes in the
distributions of Catering, Total Expenses and Balance. They
inspect the new distribution in the lower stack of the
heatmap present in each of these cells and keep an eye
on the side panel, as shown in Figure 4(C). To reflect the

increased technical support needed for running the event
virtually, they increase the corresponding cost. Since no local
advertising is necessary and venue/catering expenses are
reduced, conference sponsors will also pay less. Based on
this information, the organizers obtain a more reliable (i.e.,
narrower) range of the balance. Additionally, registration
costs per person are also to be reduced. After decreasing
sponsorship amount and registration cost, the organizers
try to increase the number of participants to make sure
that the balance lies within a positive range, while being
insensitive to minor fluctuations. Once the organizers are
satisfied with their adapted planning, they decide to keep
the updated values and save the changes in a separate file.
The in-cell visualizations are preserved in the new file. They
may choose to share this file with their colleagues, who can
locally view the encodings even in the absence of the Fuzzy
Spreadsheet add-on.

Once familiar with these encodings, such as the relation-
ship encodings for the influencing cells, it becomes easy
to grasp the underlying computational graph. The impact
encoding helps to identify the extent and nature of the
influence a cell has on the reference cell. The changes made
during the what-if analysis present in the form of change
indicators provide an overview of what has changed and by
how much. The stacked heatmap encodings in changed cells
indicate how a value has become more certain. After sharing
the findings, the organizers continue the analysis of the on-
site conference scenario in the original file. In this case, the
likelihood of expenses, such as Venue and Catering, can be
increased, and the deviation in the amount of sponsorship
can be decreased. This changes the probability distribution
of the balance, which in turn makes the balance amount
more certain.

This usage scenraio highlights the benefits of using
Fuzzy Spreadsheet: hypothetical scenarios can be analyzed
based on immediate visual and numerical feedback. This is
especially important in the case of high-stakes investments,
where changes are crucial to ensure a positive balance. The
what-if analysis helps to determine sensitive values and
to obtain a stable range of values for the final outcome
without limiting the number of possible scenarios that can
be investigated. Thus, Fuzzy Spreadsheet can improve the
outcome of the decision-making process.
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8 EVALUATION

The goal of the user study was to compare the performance
of a standard spreadsheet tool with that of the Fuzzy
Spreadsheet approach for the six analysis tasks summarized
in Table 2. We chose Microsoft Excel as a representative
spreadsheet tool, assuming that tools such as Google Sheets
and Apache OpenOffice Calc would perform similarly. As
Fuzzy Spreadsheet is built for casual users and is not meant
to compete with specialized tools for expert analysis, such
as Oracle Crystal Ball and @Risk, we did not choose them
for the user study. Our main objective is to keep the famil-
iar spreadsheet layout and to add uncertainty exploration.
Therefore, we also dropped Guesstimate as a comparison
tool, as it lacks spreadsheet features and focuses on the
uncertainty analysis only. To avoid a learning effect, we used
a between-subject design for comparing the two conditions
(i.e., Excel with and without our extension). We conducted
three pilot studies to test the functionality of the Fuzzy
Spreadsheet, to fine-tune the levels of difficulty of the tasks,
and to estimate the time needed for each participant. We
incorporated the feedback regarding functionality and us-
ability from the pilot into our prototype. To reduce the time
per subject, we decided to reduce the number of questions
to two per task, with additional two questions for the more
high-level task T5. A dataset was chosen that could easily be
understood by all participants. The context of the dataset
was conference planning, as for the dataset described in
Section 7. It contained three columns of forecast values
with their corresponding likelihood and standard deviation
values and fewer parameters than described in Section 7.
We conducted the main study remotely with 14 participants
(P1–P14; Gender: m = 10, f = 4; Age: M = 28.21, SD =
4.32), seven of which were assigned to Excel and seven
to the Fuzzy Spreadsheet prototype. Two instructors were
present throughout—one moderator guiding the participant
through the experiment and a second for taking notes. We
also like to point out that these studies were performed with
some slightly different choices for the visual encoding. The
initial design of the change indicators consisted of red and
green glyphs that—despite their different shapes—could be
hard to distinguish for people with color vision deficiency,
which is why we changed them for the current version.
Additionally, we fixed a minor error in the color schemes
of the heatmaps.

We used a mixed-method approach to compare how
both tools perform at each task in terms of three quanti-
tative measures: (1) the ratio of correct answers in percent;
(2) the response time in seconds, and (3) the mental effort
required [31], measured on a seven-point Likert scale rang-
ing from one (very low mental effort) to seven (very high
mental effort). In addition, we assessed the System Usability
Scale (SUS) score based on ten questions developed by
Brooke et al. [20, p. 189ff]. Furthermore, we analyzed the
thinking-aloud protocol, the feedback from questionnaires,
and the follow-up interviews.

To assess the usability of Fuzzy Spreadsheet, we formu-
lated four hypotheses, as listed in Table 3. H1 investigated
the differences between a traditional spreadsheet in Excel
and a Fuzzy Spreadsheet with regard to answer correctness.
We expected Fuzzy Spreadsheet—with its in-cell visualiza-

tions and the active legend—to show a higher answer cor-
rectness than Excel (H1a). H2 evaluated the influence of our
prototype on the response time. We presumed that, with the
additional support provided by Fuzzy Spreadsheet, a faster
response time can be achieved (H2a). With H3, we tested
whether Fuzzy Spreadsheet or traditional Excel requires
a higher mental effort. Given that our approach uniquely
combines visual support and calculation of changes (what-
if analyses), we hypothesized that the mental effort required
is lower with Fuzzy Spreadsheet than with Excel (H3a).
With H4, we examined statistical differences between the
two systems with regard to the SUS score. Based on these
hypotheses, we expected Fuzzy Spreadsheet to achieve a
higher SUS score than Excel (H4a).

8.1 Procedure

To make the results comparable, we followed a similar
procedure for both conditions, as illustrated in Figure 5.
On enrollment in the study, each participant received an
explanation of the study goals and the procedures, and was
given access to the dataset loaded into the spreadsheet. This
introduction also incorporated the nomenclature and the
formulas used. For the Fuzzy Spreadsheet prototype, we
provided an additional explanation of the visual encodings
in the side panel and the in-cell visualizations for relation-
ship, impact, likelihood, and distribution. For the Fuzzy
Spreadsheet participants, we installed our extension on the
participants’ computers and verified functionality by means
of a test file. After successful set-up and introduction, we
asked the participants to perform the six analysis tasks.
To avoid a selection bias, tasks were assigned in random
order. In the course of the study, we recorded (i) externalized
knowledge in a thinking-aloud protocol and (ii) the mental
effort required for each task. After completion of the tasks,
we gathered data for the SUS score and demographics in
a survey, and performed semi-structured interviews to gain
further insights into the usage of uncertain calculations. We
closed each session with a debriefing.
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Fig. 5. Study procedure for both systems, � Excel and � Fuzzy
Spreadsheet, starting with an introduction followed by task completion,
a questionnaire, and an interview.
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TABLE 3
Overview of the hypotheses tested in our user study, with 3 and 7 indicated accepted and rejected hypotheses, respectively.

# Hypothesis Accept / Reject

H10 There is no statistically significant difference regarding answer correctness between the Excel system and Fuzzy Spreadsheet. 7

H1a Fuzzy Spreadsheet shows a statistically significantly higher answer correctness than the traditional spreadsheet. 3

H20 There is no statistically significant difference in response time between the Excel system and Fuzzy Spreadsheet. 7

H2a Fuzzy Spreadsheet shows a statistically significantly lower response time than the traditional spreadsheet. 3

H30 There is no statistically significant difference in the mental effort required between the Excel system and Fuzzy Spreadsheet. 7

H3a Fuzzy Spreadsheet requires a statistically significantly lower mental effort than the traditional spreadsheet. 3

H40 There is no statistically significant difference in the SUS score between the Excel system and Fuzzy Spreadsheet. 7

H4a Fuzzy Spreadsheet shows a statistically significantly higher SUS score than the traditional spreadsheet. 3

8.2 Setup
As both conditions were based on Excel, we created one
worksheet per question in a single file. For a fair compar-
ison, we developed a Visual Basic for Applications (VBA)
script which recorded the answers, checked for correctness,
and recorded the time until answer submission. Response-
time tracking started with the activation of a sheet and
ended when a participant submitted an answer. In addi-
tion, the script stored the Likert scale value for the men-
tal effort required. Since this was a remote laboratory ex-
periment, we performed and recorded each session using
the video conference platform Zoom [49]. The moderator
shared the screen to introduce the prototype features to the
participants. During the study, we asked the participants
to share their screens so we could observe their actions.
If the installation of the extension did not work prop-
erly due to incompatible system requirements, participants
were asked to connect to the moderator’s computer via
TeamViewer [42].We employed the online and open-source
survey tool LimeSurvey [24] for scoring the ten items from
the System Usability Scale, for capturing the demographics,
and for checking the participants’ levels of experience with
spreadsheet tools, data visualization, and data science.

8.3 Study Results
To assess differences between the two conditions, we used a
χ2 independence test for our dichotomous variable answer
correctness. Further, to analyze differences in the response
time, in the mental effort captured with a seven-point Lik-
ert scale and in the SUS scores, we applied a Student’s
t-test. The results at task level were examined using a
Mann–Whitney U test for answer correctness and a one-
way Analysis of Variance (ANOVA) for both response time
and mental effort required. Further, we analyzed behavioral
observations from the user studies and the thinking-aloud
protocol.

8.3.1 Tool Comparison
First, we analyzed the significance of differences between
the two tools in terms of answer correctness. We ascer-
tained that answer correctness with Fuzzy Spreadsheet was
statistically significantly higher than that of the standard
Excel condition (χ2(1) = 21.448, p = .000), based on
which we reject our null-hypothesis H10 and accept H1a.

Based on our analysis of response times, we can also re-
ject H20. With Fuzzy Spreadsheet, the mean response time
was 102.21 s (SD = 57.90 s), which is significantly shorter
than the response time for the Excel tool (M = 170.60 s,
SD = 142.54 s, t(184) = −4.286, p = .000; accept H2a).

Subsequently, we took a closer look at the subjective
measure of mental effort required, and investigated the
difference between the two tools. There was a significant dif-
ference in mental effort required for the Fuzzy Spreadsheet
(M = 2.94, SD = 1.23) and the traditional spreadsheet
(M = 3.44, SD = 1.77) conditions (t(188) = −2.260,
p = .025), leading us to reject H30 and accept H3a. These re-
sults coincide with our observation that Fuzzy Spreadsheet
was also used as an affirmative support tool. Participants
first sought to calculate the results in their heads before
confirming them with the extension. Thus, the mental effort
was perceived to be lower with Fuzzy Spreadsheet than
with Excel. In general, participants in both groups tried
to rely on prior knowledge to answer questions about the
financial model without recourse to the extension. Further,
participants from the Excel control group made supplemen-
tary calculations, either directly in Excel or with external
tools, such as calculators or Wolfram Alpha [47]. Partici-
pants using Fuzzy Spreadsheet scored statistically signifi-
cantly higher on the System Usability Scale (M = 78.57,
SD = 15.27) than participants using a standard spreadsheet
(M = 48.57, SD = 15.93, t(12) = 3.597, p = .004). Hence,
we can also reject H40 and accept H4a. According to the SUS
scores, Fuzzy Spreadsheet was classified as a good and the
traditional Excel as an awful tool for the given tasks.

In summary, Fuzzy Spreadsheet had a higher response
accuracy, shorter response time, required an overall lower
mental effort, and was rated with a higher SUS score than
Excel.

8.3.2 Task Comparison
We noticed that some tasks were performed more easily
with one tool than with the other one. Thus, we decided to
assess the applicability of our spreadsheet augmentation in
a fine-grained analysis. Based on our quantitative measures,
we determined differences between the six tasks.

As indicated in Figure 6, Fuzzy Spreadsheet outper-
formed the traditional spreadsheet in all tasks. Especially
the low response accuracy below 50% for T2 and T4 in
the Excel group is noticeable. On closer examination, we
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found that participants took statistically significantly longer
(M = 351.47 s, SD = 196.84 s) for T3 with the tradi-
tional spreadsheet than for the other tasks (F (25, 13, 597) =
18, 540, p = .000). This is consistent with our observations
and the thinking-aloud protocol. Participants using Excel
without Fuzzy Spreadsheet stated that an impact in percent
“is difficult to compute, especially in the case of higher
DoNs” (P6–P10). We also determined—by means of a post-
hoc Tukey HSD test—that Assess Impact (T3) was not only
the task that showed the longest response time, but also
the task which required the highest mental effort for Excel
users (M = 5.46, SD = 1.61). All participants in the
control group used auxiliary calculations to answer ques-
tions related to this task, while participants from the Fuzzy
Spreadsheet condition used the side panel as an additional
confirmatory tool. In contrast, Lookup Value (T1) tasks were
perceived as the least demanding by Excel users.
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Fig. 6. Differences in answer correctness, response time, and mental
effort between � Excel and � Fuzzy Spreadsheet for each analysis
task (T1–T6).

Overall, Fuzzy Spreadsheet led to higher response accu-
racies, shorter response times, and required lower mental
effort (except for T1).

8.3.3 Behavioral patterns
To further describe differences between the Excel and the
Fuzzy Spreadsheet condition, we analyzed the thinking-
aloud protocols and the interviews. We discuss behavioral
patterns that we observed while participants performed the
tasks.

Observations of the control group showed behavioral
patterns with the traditional spreadsheet, which we had
anticipated and addressed with Fuzzy Spreadsheet. For
instance, we observed that all participants from the Fuzzy
Spreadsheet condition activated the relationship and neigh-
borhood encoding for each task by default. In contrast,
participants who used the Excel tool had “difficulties in
incorporating the probability/likelihood and further de-
termining the impact” (translated from German) (T3). In
particular, P10 mentioned that it was unclear “how one
can determine the impact of a neighbor by taking both
likelihood and standard deviation into account” (translated
from German). This can be traced back to a generally re-
duced understanding of probability calculation (P8, P9) [15]
or understanding problems of uncertainty propagation (P1,
P4, P5, P6, P9, P11) [48]. The encoding selected to indicate
influencing and influenced by cells—glyphs with a gray value

for the DoN—was received particularly well and consid-
ered to be very helpful. However, some participants (P1,
P2, P14) were confused by the placement of the glyphs
on the far left edges of the cells. If only the relationship
glyphs were displayed and no other visual support was
enabled, they tended to associate the glyphs with the cell
to the left rather than the selected cell itself. Interestingly,
observations from the Excel control group revealed that two
participants (P8 and P11) introduced similar highlighting
for related cells themselves. They used different shades for
the DoN to facilitate fast detection of coherent cells. P11
from the Excel group even colored reference and selected
cells in a consistent color scheme across all task, which is
reminiscent of our highlighting approach. Participants who
did not mark important cells, needed longer to complete
the task. These observations support our design choice of
introducing distinct colors for the different cell types.

We further gained insight into how Excel users per-
formed Formulate Cause and Effect tasks (T5). In the course of
the analysis, two participants (P8 and P10) realized that they
forgot to write down the initial values. Participants typically
took notes next to the financial dashboard to reliably track
and compare value changes (P8, P9, P10) and to summarize
their insights (P8, P9). This way, they were able to compare
an initial value with a newly calculated one. Furthermore,
participants mostly entered initial values in hard-coded
form (P6, P7, P8), regardless of the level of familiarity with
Excel. This static note-taking approach made it difficult
for participants to compare and track changes, particularly
for tasks that included secondary calculations or even an
increased degree of neighborhood.

8.4 Summary of Findings

Fuzzy Spreadsheet makes it easier to understand the in-
formation about the underlying relationships between cells
and to explore the propagation of uncertainty. Most impor-
tantly, the user study indicates that the correctness of an-
swers can be significantly influenced by computational and
visual support. Necessary functionalities that we anticipated
in our Fuzzy Spreadsheet approach and that are available
only to a limited extent in traditional spreadsheets were
well received. In particular, the interviewees considered the
glyph encodings applied to the impact (P1, P2, P4, P5),
directed relationships with neighborhood information (P2,
P4), and the what-if analyses for assessing variations (P3,
P5) as the key features of Fuzzy Spreadsheet. In summary,
learning from our results, we recommend holding on to the
familiar tools of the spreadsheet and augmenting these es-
tablished designs judiciously and with great care to support
encodings of visual.

9 DISCUSSION

In this section, we discuss conceptual limitations of the
overall approach and technical limitations of the prototype
implementation.

Arithmetic Operations: For this work, we focused
on making the visual encoding and the uncertainty propa-
gation easy to understand. To this end, we relied on spread-
sheets that include basic mathematical operations (addition,
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subtraction, multiplication and average). We plan to extend
the functionality of Fuzzy Spreadsheet by also incorporating
more complex arithmetic operations. This is not straightfor-
ward because it requires a more sophisticated sampling and
parsing process for calculating the distributions.

Uncertainty Definition: As described in Section 4.1,
the extension assigns specific meaning to the cells to cate-
gorize them as uncertain cells. It supports only two types
of distributions with which fuzzy cells can be initialized—
Normal and Bernoulli distributions (reflected by the mean,
standard deviation, and likelihood columns). To cover a
wider range of scenarios, users need to flexibly specify
general distributions for cells, as supported by other tools,
such as Oracle Crystal Ball, @RISK, and Guesstimate.

Uncertainty Analysis over Time: By using standard
spreadsheet functionality, users can create predictions based
on time-series data. Fuzzy Spreadsheet does not yet provide
a way to display and explore the uncertainties over time. In
the future, we plan to incorporate temporal aspects into our
uncertainty visualizations.

Performance Limitations: The performance of the
extension depends on the amount of data, the sampling
approach, and the platform used. For a small data set (∼ 30
rows and ∼ 20 columns), it shows a significantly better
performance in the Excel desktop version than in the Excel
online version. The desktop version needs approximately
1.2 seconds on a standard laptop computer for parsing,
preprocessing, and displaying all data from the budget
calculation example shown in Figure 4. The same operations
take approximately ten seconds with the online version. The
reason for the performance difference is the online version’s
auto-save mode, which cannot be disabled and constantly
interferes with the construction of the visualizations. If the
size of the spreadsheet or the number of samples generated
during the uncertainty propagation increases, the perfor-
mance drops considerably in both the Excel desktop and the
online version. To address this problem, we plan to make
use of a remote service for parsing the data and carrying
out the more demanding operations such as sampling.

10 CONCLUSION

Tracing uncertainty in spreadsheets is a challenging task
that arises in many application contexts. In this paper,
we have presented Fuzzy Spreadsheet, an augmentation
approach that adds in-cell visualizations to communicate
sensitivity and robustness information while staying as
close to the familiar spreadsheet layout as possible. Fuzzy
Spreadsheet allows users to track the propagation of uncer-
tainty information through a spreadsheet and to compare
alternative scenarios as part of what-if analyses.

To evaluate the efficacy of our solution, we performed a
small-scale user study that compared the Fuzzy Spreadsheet
approach with traditional spreadsheets in terms of answer
correctness, response time, mental effort, and usability. In
summary, the results indicate that Fuzzy Spreadsheet out-
performs traditional spreadsheets and empowers users to
carry out tasks related to tracking and exploring uncertainty
information more effectively.
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