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ABSTRACT

Spreadsheets are used in almost all businesses, for applications ranging from the mundane to the mission-
critical. Errors in the data, formulas, or manipulation of spreadsheets could be costly, even devastating. The
received wisdom is that about 5% of all formulas in spreadsheets contain errors, and this rate is consistent
across spreadsheets. However, this estimate is based on five studies, some of which are quite informal, and
a total of only 43 spreadsheets. Our research was designed to deepen our understanding of spreadsheet
errors. Specifically, we address three questions about errors in operational spreadsheets: what is the aver-
age cell error rate, how does it differ among spreadsheets, and what types of errors are most prevalent? We
created a spreadsheet auditing protocol and applied it to 50 diverse operational spreadsheets. We found
errors in 0.9% to 1.8% of all formula cells, depending on how errors are defined. We also found that the
error rate differed widely from spreadsheet to spreadsheet. [Article copies are available for purchase from
InfoSci-on-Demand.com]
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INTRODUCTION

Errorsin software have been a problem since the
beginning of the computer era. The discipline of
software engineering (Sommerville,2004) was
created in part to develop methods to minimize
errors in software code. Professionally devel-
oped software is now generally created and
debugged using disciplined approaches from
software engineering.

The advent of the personal computer in
the 1980s increased by orders of magnitude

the number of people who worked closely with
computers. Just as professional programmers
were learning to use disciplined approaches to
programming, millions of so-called end-user
programmers began to create their own pro-
grams in the form of spreadsheets. One of the
appealing features of spreadsheet programming
on a personal computer is that the end user
can work independently of the constraints of a
professional programmer or an MIS group. This
allows the end user much more freedom and
speed in completing the business task at hand.
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But very few end users have any training for
the programming tasks they attempt, and many
have little appreciation for the risks inherent in
a casual approach to programming.

As spreadsheets have spread throughout
business, they have increasingly been used
for mission-critical applications (Croll, 2005;
Grossman, Mehrotra, & Ozluk, 2005). At the
same time, evidence has accumulated that many
spreadsheets have errors (Panko, 2005) and that
sometimes these errors cost the organizations
that use them millions of dollars (EUSPRIG,
n.d.). End users and organizations that rely on
spreadsheets generally do not fully recognize
the risks of spreadsheet errors. In fact, spread-
sheets tend to be somewhat invisible, both as
corporate assets and as sources of risk.

Although the received wisdom holds that
errors are prevalent in spreadsheets, our review
of the literature suggests that this conclusion
is based more on casual empiricism than solid
research. In fact, researchers have produced
only limited information on the types of er-
rors that occur, how frequently they occur on
average, and how the error rate varies from one
spreadsheet to another.

The current study was designed to im-
prove our understanding of spreadsheet errors
by testing a large sample of spreadsheets in
actual use by organizations. We developed a
detailed auditing protocol and trained a group
ofresearchers to apply it consistently. Using an
explicit protocol is important for two reasons:
(1) it allows other researchers to replicate and
improve on our work; and (2) it contributes to the
development of improved auditing procedures,
which is important in its own right. The audit-
ing procedure is described in detail in Powell,
Baker, and Lawson (2006b).

Webeginthis article with a summary of pre-
vious work on spreadsheet errors which comes
from field audits and laboratory experiments.
Then we describe the design of our study and the
sample of spreadsheets we audited. Our results
are summarized in terms of error instances (the
occurrence of a single type of error) and error
cells (the number of cells affected by a single
error instance). We also categorize the errors

as to whether they generate wrong numerical
results. We report the total number of errors we
identified, as well as how they were distributed
across error types and across spreadsheets. This
is the first data on errors and their distribution
to appear in the research literature that can be
replicated with parallel studies using similar
methods.

PREVIOUS WORK ON
SPREADSHEET ERRORS

Since our interest in this article is primarily
with the classification and frequency of errors,
we will discuss only those questions here. In a
related article (Powell, et al., 2006a), we pro-
vide a review of the literature on all aspects of
spreadsheet errors.

Types of Errors

Before we can productively study spreadsheet
errors, we need to define and classify the types of
errors we seek. Classification isuseful because it
helps us to understand what is common among
errors. It also allows us to compare different
studies of errors, and eventually to understand
the causes of errors and to develop cures.

At the outset, we make a distinction be-
tween errors in the use of a spreadsheet and
errors in the cells of the spreadsheet itself. A
spreadsheet can be perfectly correct but used
to solve the wrong problem, or its results could
be misinterpreted. More concretely, a correct
spreadsheet can lead to an error if sorting is
done improperly, or if formulas are overwritten,
or if incorrect data were entered temporarily.
All of these errors would be difficult or impos-
sible to detect purely from examination of the
spreadsheet itself.

Most classifications of spreadsheet errors
have focused primarily on the spreadsheetitself,
not on errors in use. Because spreadsheets es-
sentially consist of data and formulas, an error
in the spreadsheet must arise from erroneous
data or erroneous formulas.
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There is no generally accepted taxonomy
of spreadsheet errors, possibly because differ-
ent classifications are appropriate for different
purposes. The first researchers who studied
spreadsheet use simply listed examples of
errors without attempting to classify them.
Subsequent authors offered distinctions (but
not complete taxonomies), such as thatbetween
domain errors (lack of knowledge of the ap-
plication area) and device errors (misuse of the
spreadsheet itself).

Panko and Halverson (1996) were the first
to offer a real taxonomy of errors. They dis-
tinguished qualitative and quantitative errors,
and further decomposed quantitative errors
into mechanical, logic, and omission errors.
Quantitative errors lead to wrong numbers in
the current version of the spreadsheet. The three
types were defined as follows:

e Mechanical errors arise from typing or
pointing errors.

*  Logicerrorsarise from choosing the wrong
function or creating the wrong formula.

e Omission errors arise from misinterpreta-
tion of the situation to be modeled.

Qualitative errors do not lead to wrong
numbers in the current version of the spread-
sheet, but are risky practices that could lead to
errors insubsequentuse. This category includes
practices such as hard-coding numbers into
formulas. It can also include long formulas,
poor physical layout, or lack of sufficient
documentation.

Rajalingham, Chadwick, and Knight
(2000) and Purser and Chadwick (2006) have
developed the most elaborate taxonomy of errors
available to date (see Table 1). The first distinc-
tion in this hierarchy is between application-
identified errors and developer/user-identified
errors. Excel has eight categories of errors
that it displays in a cell when it cannot resolve
a formula; these are application-identified
errors. The remaining errors are developer/
user-identified errors.

Although this taxonomy may be interesting
from atheoretical perspective, it has limitations
as a practical tool for auditing. First, its catego-
ries overlap. For example, an error caused by
lack of domain knowledge could occur during
insertion. Second, it may not be possible in
practice to determine the cause of an error and

Table 1. Error taxonomy (Rajalingham et al., 2000, Purser & Chadwick, 2006)

1. Qualitative Errors
A. Structural

a. Visible

b. Hidden
B. Temporal

A. Reasoning

B. Accidental

b. Update

A. Application-Identified Errors

B. Developer/User-Identified Errors

2. Quantitative Errors

a. Domain Knowledge

1. Real-World Knowledge

2. Mathematical Representation
b. Implementation

1. Syntax

2. Logic

a. Insertion

1. Modification
2. Deletion
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therefore to properly categorize it. For example,
a complex formula giving wrong results could
be due to lack of domain knowledge, incorrect
syntax, or an accidental typing mistake.
Powell etal. (2006a) summarized the litera-
ture on classification of errors as follows:

*  Classifications are offered without specify-
ing the contexts or purposes for which the
classification is intended.

*  The existing classifications do not include
sufficient examples of specific errors that
satisfy each category.

*  Classifications are not rigorously tested
to demonstrate that multiple users can
consistently classify actual errors into the
proper categories.

*  The boundary between quantitative errors
and qualitative errors remains vague.

*  No studies compare the types of errors by
development stage.

Frequency of Errors

Research on the frequency of errors in spread-
sheets comes from a variety of sources, mostly
experiments in the laboratory. One approachis to
observe subjects as they build spreadsheets and
record the number of errors they make. Another

Table 2. Spreadsheet error rates (Panko, 2005)

Source Number

Audited
1. Coopers and Lybrand (1997) 23
2. KPMG (1998) 22
3. Hicks (1995) 1
4. Lukasic (1998) 2
5. Butler (2000) 7
6. Clermont (2002) 3
7. Lawrence and Lee (2004) 30

Average

*Weighted average of 88 spreadsheets in sources 1-7.

approach is to ask subjects to build a spread-
sheet from a written description and determine
the frequency of errors in the finished product.
However, the approach of mostrelevance to our
research is the field audit, in which operational
spreadsheets are examined for errors.

Panko (2005) summarized the results of
seven field audits in which operational spread-
sheets were examined, typically by an outsider
to the organization. His results show that 94%
of spreadsheets have errors and that the average
cell error rate (the ratio of cells with errors to
all cells with formulas) is 5.2%.

Table 2 summarizes the data behind these
estimates. In total, 88 spreadsheets are repre-
sented in the table. For all 88, the weighted
average percentage of spreadsheets with errors
is 94%. Data on cell error rates were available
on 43 of these spreadsheets, and the weighted
average for this sample is 5.2%.

There are several reasons to question the
reliability of these estimates. First, three of the
seven sources are unpublished (Hicks, 1995;
Lukasic, 1998; Butler, 1992). Second, the major-
ity of the sources gave little or no information
on their definition of errors or on the methods
used to find errors. Third, Lawrence and Lee
(2004), whose observations account for 70%
of the sample used to estimate the cell error

Percent with Cell Error Rate
Errors (% of cells)
91 N/A
91 N/A
100 1.2
100 22
86 0.4
100 3.0
100 6.9
94 5.2%*

**Weighted average of 43 spreadsheets in sources 3-7.
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rate, did not actually report a cell error rate of
6.9% on completed spreadsheets. Rather, they
reported that auditors had “issues” concerning
6.9% of the cells on the initial review of mod-
els that they subsequently discussed with the
developers. The authors provided no details on
the definition of an “issue” or its relation to an
actual error. Moreover, the initial model version
that was reviewed was revised an average of six
times before the model was complete. Thus the
estimate of a 6.9% error rate applies only to is-
suesraised by auditors on initial model versions,
not to errors in completed spreadsheets. If, as
seems warranted, we exclude this study from
the calculation of the cell error rate, the average
cell error rate decreases from 5.2% to 1.3% on
a base of only 13 audited spreadsheets.

Our review of the literature on spreadsheet
errors draws attention to several shortcomings.
First, no generally accepted classification of
errors exists. Second, the classifications that
do exist are of more theoretical than practical
value. Third, existing estimates of error rates
are based on extremely limited data. Fourth, no
studies of errors have fully revealed the sources
of'spreadsheets tested, how errors were defined,
and the auditing methods that were used.

RESEARCH DESIGN

Ourresearch into spreadsheet errors is predicat-
ed on several guiding principles or constraints.
First, our interest is in errors in completed,
operational spreadsheets, not errors made in
a laboratory setting or errors made during the
development of a spreadsheet. A second prin-
ciple is that we conduct the audit using only the
information in the spreadsheet itself, without
relying on the developer. A third principle is
that we use an explicit auditing protocol that
any moderately experienced user of Excel can
master.

These principles limit our study in certain
ways. When we work without access to the
spreadsheetdevelopers, we are notable to check
our understanding of a model with an expert. In
practice, this means thatattimes we will accepta

suspicious formulaas correct because we cannot
be sure that it is incorrect. It also means that we
cannot hope to uncover errors in formulating
the underlying problem or errors in interpret-
ing spreadsheet results. Detecting these types
of errors requires a much more time-intensive
longitudinal study of how spreadsheets are
used in the broader context of problem solving.
Offsetting these limitations is the fact that we
can audit a much larger volume of spreadsheets
using our protocol than otherwise.

Our procedures almost certainly lead to an
underestimate of the actual error rates in the
spreadsheets we audit. We may occasionally
classify a cell incorrectly as an error, but we
have been conservative in limiting our defini-
tion of errors to cells for which we can have
a high degree of confidence that our judgment
is correct. On the other hand, there are entire
classes of errors that we cannot hope to iden-
tify with the procedures used in this study. For
example, most (but not all) errors in input data
are beyond our scope.

Sample Spreadsheets

Our sample of 50 spreadsheets came from a
wide variety of sources. Some were obtained
during site visits to companies. We carried
out site visits at two consulting companies, a
bank, a college, a large energy company, and
a state government agency. We also obtained
spreadsheets from a variety of organizations
through the alumni and faculty networks at
the Tuck School of Business. No single source
contributed more than five spreadsheets to the
sample of 50 analyzed here.

We also obtained spreadsheets from vari-
ous Websites. Several software companies post
spreadsheets on their Webssite, either to illustrate
how to use their software or to showcase the
results that practitioners have had with their
software. The Web site of Decisioneering Inc.
(http://www.decisioneering.com), makers of the
Crystal Ball add-in for Excel, is typical. This
site lists hundreds of sample models used in
industries ranging from aerospace to utilities.
Eachofthese spreadsheets has been contributed
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by apractitioner, and it can be assumed that these
spreadsheets are carefully engineered and tested
by the time they appear on the Web site.

Our search for sample spreadsheets was not
strictly random. We asked potential contribu-
tors to give us important spreadsheets that were
completed and had been in use for some time.
We eliminated any spreadsheet that contained
only data and no formulas. We also eliminated
spreadsheets that contained a very small number
of'cells or that were too simple to warrant audit-
ing (using only a couple of SUM functions, for
example). We eliminated some spreadsheets that
involved broken links to other spreadsheets. We
also eliminated some thatused complex macros.
Thus our sample is by design not representative
of the class of very small spreadsheets, which
we believe are very common in practice. It is
also not representative of the most elaborate
spreadsheets in use. (Grossman et al. [2005]
reported on some very large Excel models used
in critical applications.)

While our sample is not strictly random,
it is certainly representative of the general
population of spreadsheets (with the caveats
cited above). The sample includes spreadsheets
from many different types of organizations,
spreadsheets created by both novice and ex-
pert developers, and spreadsheets that span
a broad range from small and simple to large
and complex.

Auditing Software

When we began this research, we were aware of
the auditing and error checking tools available
in Excel, but we knew little about third-party
auditing software. As we learned more, we
realized that many auditing tools are available,
and some research suggests that appropriate
software can make auditing easier. Accordingly,
we decided to include a small number of audit-
ing tools in our protocol. From a list of roughly
50 such tools supplied by Roger Grinde of the
University of New Hampshire, we selected
10 to review in some detail. Eventually we
settled on two to use in our auditing protocol:
XL Analyst (http://www.codematic.net/default.

htm) and Spreadsheet Professional (http://www.
spreadsheetinnovations.com/).

XL Analystis an Excel add-in thatevaluates
28 aspects of a spreadsheet, from “Formulas
evaluating to an error” to “Use of SUMIF.”
Spreadsheet Professional is a collection of
tools for building, testing, analyzing, and using
spreadsheets. In our auditing protocol we made
use of two features of this tool: maps and calcu-
lation tests. The mapping tool creates a coded
version of each worksheet in a workbook. Each
non-blank cell is coded as a label, a number, or
a formula. It also shows which formulas have
been copied from an original formula. The
calculation test tool checks a workbook for 25
conditions such as “Blank cell referenced.” For
each of these categories it gives the number of
cells involved and their cell addresses.

Selection and Training of Auditors

Our spreadsheet auditors were undergradu-
ates, graduate students, or recent alumni from
business or engineering schools. All had sev-
eral years of experience with Excel, usually
in a business setting. None were professional
programmers or professional spreadsheet de-
velopers.

For an auditor, the first step in training was
to study the auditing protocol, which describes
in detail the stages an audit goes through and
the data to be gathered at each stage. Then an
auditor was given two or three spreadsheets to
audit. The finished audited workbooks were then
reviewed by the researchers for adherence to
the auditing protocol and for the quality of the
audit. In total, auditor training took an average
of 10 hours.

Auditing Protocol

The auditing protocol we used in this research
is a highly detailed document that specifies
the steps to take in auditing a spreadsheet for
size, complexity, several types of qualitative
features, and errors. (A complete description
of the protocol is available at http://mba.tuck.
dartmouth.edu/spreadsheet/index.html.)
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The auditing protocol involves the follow-
ing 11 steps:

1. Run the two software tools XLAnalyst and
Spreadsheet Professional.

2. Transferselected results from the software
tools to a data record sheet.

3. Record the purpose of the workbook and
each worksheet.

4. Examine workbook for use of Excel func-
tions.

5. Review the results of XL Analyst and use
them to locate errors.

6. Reviewthe Spreadsheet Professional maps
and use them to locate errors.

7. Review the Spreadsheet Professional
calculation tests and use them to locate

errors.

8. Review all formulas not already reviewed
for errors.

9. Conduct sensitivity analyses to uncover
errors.

10. Rate the workbook on various aspects
of spreadsheet design (e.g., use of mod-
ules).

11. Recordthetotal time taken by the auditand
record comments on any special situations
encountered.

This particular sequence of steps evolved
over several months of testing. During this
time we trained auditors and tested the protocol
ourselves and through our assistants on dozens
of operational spreadsheets. More details on
the auditing protocol are available in Powell
et al. (2006Db).

Error Taxonomy

One of the challenges of spreadsheet error re-
search is how to categorize errors. As we pointed
out earlier, many different error classifications
have been offered. Most of these suffer from
the same flaw: errors that arise from different
causes cannot be distinguished by an auditor.
For example, when we encounter an error in
a formula, we rarely can determine whether
the error was due to sloppy typing, lack of

domain knowledge, lack of Excel knowledge,
a subsequent user changing the formula, or
some other cause. We can, however, easily
detect some formulas that give the wrong result.
With somewhat more effort we can sometimes
identify formulas that would give a wrong
result with a different set of numerical inputs.
An example of the latter error is an IF formula
whose True condition is active in the current
versionand is correct, but whose False condition
can be activated with a different set of inputs
and is incorrect. We can also identify many
practices that are likely to cause errors as the
spreadsheet is used or that simply will make it
harder than necessary to use the spreadsheet
productively. The most common of these poor
practices is placing numerical inputs directly
into formulas. Other poor practices include
limited or nonexistent documentation, dupli-
cation of inputs, illogical physical layout, and
so on. A fundamental question in spreadsheet
error research is where to draw the line between
errors and poor practices.

Initial Error Taxonomy

Recall that our study required our auditors to
detect errors in the spreadsheets themselves,
without access to external information or to the
spreadsheet developer. Thus the types of errors
we sought had to be observable by our audi-
tors. A second requirement for our taxonomy
was consistency: a single error must with high
probability be placed in the same category by
different auditors.

Our first attempt to define an operational
taxonomy used three categories:

1. wrong result with current inputs,

2. wrong result with different but allowable
inputs, and

3. poor practice.

After some experience with this clas-
sification, we discovered that the category of
poor practices was so ill-defined that no two
auditors could agree in specific instances. As
a result we eliminated this category from our
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protocol. We also discovered that the second
category, wrong result with different inputs, was
ambiguous because it forced us to decide which
numerical inputs were allowable or plausible.
For example, most spreadsheets can be made
to generate errors with unlikely inputs, such as
text instead of numbers.

Interim Error Taxonomy

Eventually we settled on the following six error
types that our experience with auditing sug-
gested were well defined in theory and could be
identified with high reliability in practice:

1. Logic Error—aformulaisused incorrectly,
leading to an incorrect result.

2. Reference Error—aformulacontains one or
more incorrect references to other cells.

3. Placing Numbers in a Formula—one or
more numbers appear in formulas.

4. Copy/Paste Error—a formula is wrong
due to inaccurate use of copy/paste.

5. Data Input Error—an incorrect data input
is used.

6. Omission Error—a formula is wrong
because one or more of its input cells is
blank.

More details on this taxonomy, including
examples of situations in which a cell would or
would notbe classified as an error, are available
in Powell et al. (2006b). Not surprisingly, we
found that we had to test our categorization
extensively before we could be confident that
our auditors could implement it effectively.
Even after auditing dozens of spreadsheets, we
found it necessary for the senior researchers
to review each audited workbook and to make
judgments as to which of'the errors cited would
be included. (In the end, our overall inter-rater
reliability was on the order of 90%).

Our experience has been that errors come
in hundreds of subtle variations, many of which
do not fit neatly into any classification scheme.
If nothing else, this suggests that we should
be skeptical of drawing firm conclusions from
previous studies of errors in which both the

errors themselves and the procedures used to
find errors are not clearly spelled out.

Final Error Taxonomy

After completing our audits of 50 spread-
sheets using the taxonomy described above,
we returned to the question that motivated our
initial taxonomy: which of these errors actu-
ally give wrong results and which are merely
poor practices?

In order to investigate this distinction, we
reviewed all the instances of errors we found and
categorized each one as either a wrong result or
a poor practice. While this distinction may ap-
pearto be objective, there are many subtle cases
thatrequire interpretation. For example, simply
embedding a number in a formula is usually a
poor practice, not a wrong result. However, we
encountered situations in which one number was
embedded inaformulaand arelated butdifferent
number was included elsewhere among inputs.
For example, an input module might contain
the number 4% next to the heading “Inflation,”
but the actual inflation rate used in a formula
was 3.5%. We categorized this case as a wrong
result, even though the actual spreadsheet may
have been numerically correct. Again we stress
that determining whether a particular cell is an
error (or gives a wrong result) is not a purely
objective task.

ERRORS FOUND DURING
AUDITS

We audited 50 spreadsheet workbooks and in
three of them were unable to find any errors
of the types included in our auditing protocol.
This implies a spreadsheet error rate of 94%,
which is identical to the spreadsheet error rate
estimated by Panko (2005).

Intheremaining 47 spreadsheets, we found
a total of 483 instances of errors involving a
total 0of 4,855 error cells. (An error instance is a
single occurrence of one of the six errors in our
taxonomy. Typically a single instance involves
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more than one cell.) Thus, on average each
error instance involved 10.05 error cells. The
average cell errorrate overall 270,722 formulas
audited was 1.79%. This is considerably lower
than the 5.2% cell error rate cited by Panko
(2005), although somewhat higher than the
corrected estimate of 1.3% we derived earlier
from Panko’s data.

Table 3 shows how the error instances and
error cells were distributed by error type.

Hard-coding errors were the most common
(37.7% of instances and 43.5% of cells), fol-
lowed by reference errors (32.9% of instances
and 22.1% of cells) and logic errors (21.9% of
instances and 28.6% of cells). The remaining
three categories—copy/paste, omission, and
data input errors—together accounted for less
than 5% of instances and cells.

Asexplained earlier, notall of the 483 error
instances we identified involved wrong results.
In fact, roughly 40% of these were hard-coding
errors, in which a number was included in a
formula rather than a cell reference; most of
these did not produce wrong results. In order to
determine how many errors actually gaverise to
wrong results, we categorized each instance asa
wrong result or a poor practice. With this more
restrictive definition, we found that 7 of the 50
spreadsheet workbooks we audited were error-
free, for a spreadsheet error rate of 86%.

In the remaining 43 spreadsheets, we
found a total of 281 instances of wrong results
involving a total of 2,353 cells. Using this

Table 3. Errors categorized by type

Error Type Instances

Hard-Coding

Reference 159 (32.9%)
Logic 106 (21.9%)
Copy/Paste 17 (3.4%)
Omission 13 (2.7%)
Data Input 6 (1.2%)
Total 483

182 (37.7% of total)

definition, the average cell error rate over all
270,722 formulas audited was 0.87%. This is,
of course, substantially lower than the 1.79%
cell error rate we estimated using our more
inclusive definition of error, and much less than
Panko’s estimate of 5.2%.

Table 4 shows how wrong results break
down by type of error. Most, but not all, hard-
coding errors were categorized as poor practice.
Most, but not all, of the other error categories
were labeled wrong result. In total, 58% of
error instances and 48% of error cells were
categorized as wrong result.

Our results suggest that the average cell
error rate across all spreadsheets is in the range
of 1% when we use a restrictive definition and
2% when we use an inclusive definition. But
the average error rate does not tell us how
the error rate varies across spreadsheets. The
received wisdom is that errors are unavoidable
in spreadsheets, as they are in most facets of
life. In fact, Panko (2005) cites an error rate
of 5% as the norm for many different activi-
ties. This suggests that we should expect most
spreadsheets to have a cell error rate close to
the average.

Figure 1 shows the distribution of cell error
rates using our original, inclusive definition.

Using that definition, 46% of our sample
spreadsheets had error rates below 2%; 70%
had error rates below 5%. However, several
spreadsheets had error rates above 10%; in fact
one had a cell error rate of 28%. Figure 2 shows

Cells

2,111 (43.5% of total)
1,074 (22.1%)

1,389 (28.6%)

206 (4.2%)

65 (1.3%)

10 (0.2%)

4,855
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Table 4. Wrong results and poor practices

Instances
Error Type Wrong Results Poor Practices
Hard-Coding 31 (11.0% of total) 151 (74.8% of total)
Reference 137 (48.8%) 22 (10.9%)
Logic 89 (31.7%) 17 (8.4%)
Copy/Paste 14 (5.0%) 3 (1.5%)
Omission 7 (2.5%) 6 (3.0%)
Data Input 3(1.1%) 3 (1.5%)
Totals 281 202

Cells

Error Type Wrong Results Poor Practices
Hard-Coding 191 (8.1% of'total) 1,920 (76.7% of total)
Reference 857 (36.4%) 217 (8.7%)
Logic 1,073 (45.6%) 316 (12.6%)
Copy/Paste 203 (8.6%) 3 (0.1%)
Omission 26 (1.1%) 39 (1.6%)
Data Input 3 (0.1%) 7 (0.3%)
Totals 2,353 2,502

the distribution of cell error rates using the more
restrictive definition. In this case 68% had cell
error rates below 2% and 90% were below 5%.
The highest single error rate was 17%.

We began this article by noting that the
received wisdom on spreadsheet errors main-
tains that errors average 5% of cells and this
rate is consistent across spreadsheets. Our
results give a very different impression. The
average cell error rate appears to be closer to
1% or 2%, depending on how errors are defined.
Perhaps even more important, roughly half of
the spreadsheets we tested had rates below
these levels, although a few had astonishingly
high rates. These results suggest that errors are
not a constant factor, but presumably depend
on the situation being modeled and the devel-
oper’s skills. Finally, we document for the first
time in the published literature the sources of
errors. Thirty to forty percent of errors are due
to embedding numbers in formulas. The next
most common error type is reference errors,

followed by logic errors. The remaining error
types are far less common.

SUMMARY AND DIRECTIONS
FOR FUTURE RESEARCH

We have audited 50 operational spreadsheet
workbooks and discovered 483 error instances
involving 1.79% of all formulas. This study is
unique in several ways. First, this is the larg-
est published sample of spreadsheets that has
been audited for errors. In fact, our sample of
50 operational spreadsheets exceeds the toral
number of spreadsheets (43) cited in Panko’s
(2005) meta-study to estimate cell error rates.
Second, we have been explicit about our defini-
tion of errors. Our work in this area has shown
thaterrors manifestthemselves in a wide variety
of guises, so estimated cell error rates may be
highly sensitive to how one defines errors. In
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Figure 1. Distribution of cell error rates across spreadsheets

16

2 14

-5

£ 12

=

g 10

—

a8

s 6

AN |

RS I T |
CJIUHNUNY Bo v woole . 03, L
0.00% 5.00% 10.00% 15.00% 20.00% 25.00% 30.00%

Cell Error Rate

Figure 2. Distribution of cell error rates across spreadsheets (wrong results)

20

18

16
14

12
10

Number of Spreadsheets

S N AN
1

0.00% 5.00%

Cell Error Rate Wrong Results

10.00% 15.00% 20.00%

fact, our own estimates range from 0.87 to
1.79% of cells, depending on the definition
of error. Finally, the method we used to detect
errors is fully documented and available to
other researchers. In most previous studies
the methods used to search for errors were
not documented at all; in others only a brief
summary of the methods is offered. Our study
involves an explicit, detailed auditing protocol.
It also used two types of auditing software to
assist in the search for errors.

Our results confirm the general belief
among those who have studied spreadsheets
that errors are commonplace. The specific
estimates we have made are somewhat lower
than what has become received wisdom, but
we note that previous studies of spreadsheet
errors cannot easily be compared since they
use different (and generally undocumented)
auditing methods and definitions of errors. We
now have sound evidence for the hypothesis
that around 1% of all formulas in operational
spreadsheets are in error.
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Obtaining reliable estimates of cell error
rates is only a first step toward understanding
the fundamental question of the impact that
spreadsheets have on the quality of decision
making in organizations. Errors in formulas
should be avoided, of course, but by themselves
they donotnecessarily translate into significant
errors in the outcomes of spreadsheet use. The
next step we envision in this line of research
is to estimate the numerical impact of errors in
spreadsheets. This investigation would require
working closely with the developers of the
spreadsheet to determine which outputs are
most important and to determine the impact on
those outputs of correcting errors.

Errors in spreadsheet data and formulas
are not the only possible causes of errors in
spreadsheet use. In fact, many of the press ac-
counts reported by EUSPRIG involve misuse of
spreadsheets. For example, spreadsheet results
can be sorted incorrectly, or an out-of-date ver-
sion of a spreadsheet may be used. More gener-
ally, poor decisions based on spreadsheet models
can arise by modeling the wrong problem or by
misinterpreting the results. These types of errors
cannot be identified by auditing the data and
formulas of the spreadsheet itself. To determine
how frequentand damaging these types of errors
are to decision making would involve a kind
of ethnographic research, in which spreadsheet
users were closely observed in their natural
surroundings over months or years.

Finally, very little research (and none
outside the laboratory) has been conducted to
identify methods for avoiding or mitigating the
impacts of errors in operational spreadsheets.
One promising approach would be to audit a
sample of spreadsheets from different organiza-
tions and attempt to correlate error rates with
corporate or individual practices around spread-
sheet use. Many practitioners have offered
advice on what constitutes good spreadsheet
practice, but there is no scientific evidence from
the field yet to back up these claims.
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