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Abstract

Organizational databases have a signi�cant rate of data errors and detecting and correcting these errors can be problematic.
This paper builds on a stream of research demonstrating that users of these databases can detect data errors under certain
circumstances. A theory of error detection and research on the e/ect of base rate expectations in probabilistic judgement tasks
are applied to the development of two propositions about error detection. It is argued that expectations about the base rate
of errors in data a/ect error detection performance when they are developed through direct experience and that incentives
a/ect error detection performance. The two research propositions are tested in a laboratory experiment. Experience-based
expectations about the base rate of errors and incentives are found to a/ect error detection performance. ? 2001 Elsevier
Science Ltd. All rights reserved.
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1. Introduction

Between one and 10% of data items in critical organiza-
tional databases are estimated to be inaccurate [1,2], sug-
gesting a large potential problem if these data are used for
managerial decision making. Though some (e.g. [3]) have
argued for system-based error detection, practical limita-
tions of this approach to improving data quality suggest that
system-based error detection alone will not provide an ade-
quate solution in most organizations.

System-based error detection is limited by the following
factors. First, organizations may not be willing to pay the
system development costs associated with preventing data
errors. Second, even when organizations are willing to pay
the costs associated with system-based error detection, it is
di=cult to predict all data errors that might occur. Third,
even if system-based approaches ensure high-quality data at
one point in time, over time data may become inaccurate
if the entities and attributes described by the data change
while the corresponding data do not change. Orr [4] notes
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that data that are not used by humans will soon be in-
correct. Fourth, users may have di/erent understandings
about the meaning of certain data �elds. System-based ap-
proaches cannot solve this kind of problem. Fifth, even if
systems developed by MIS professionals contain reasonably
e/ective error detection algorithms, systems developed by
end users are much less likely to contain such programs.

Given these limitations, system-based error detection
alone will not typically result in high quality data. Indeed,
Orr notes that “no serious information system has data
quality of 100%” [4]. For most organizations, the optimal
approach to error detection should probably rely on both
human and system-based approaches to error detection [5].

Several studies have been critical of human ability to
�nd data errors [1,6,7]. However, recent evidence collected
in both laboratory experiments [5] and in �eld studies [8]
demonstrates that users of information systems can and do
detect data errors in certain circumstances and that human
error detection performance can be improved. In Klein et al.
[8], evidence from interviews with professionals in three do-
mains suggests that high levels of incentives to detect data
errors, perceptions about the materiality of data errors, and
perceptions about the base rate of errors are associated with
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incidents of error detection. Klein et al. [5] used a comple-
mentary pair of laboratory experiments to test these con-
tentions in a controlled fashion. They found that user’s error
detection performance is inJuenced by explicit goals and
incentives in expected ways, but they found no signi�cant
e/ect of base rate expectations.

One explanation of why Klein et al. [5] did not �nd a
relationship between base rate expectations and error detec-
tion performance is that base rate expectations were manip-
ulated by giving subjects information about the historical
error rate of the information with which they worked. In
contrast to the information-based expectations of subjects
in the laboratory experiment, the base rate expectations of
the professionals interviewed in the �eld study had been de-
veloped through several years of direct experience working
with data. The conclusion drawn from the disparate �ndings
of the laboratory and �eld studies is that users will respond
to the experience of detecting errors in data rather than to
information about the base rate of errors. It appears that ex-
pectations about the error rate are most strongly inJuenced
by hands-on experience with error detection.

This conclusion is consistent with current thinking on the
e/ect of base rate expectations in probabilistic judgement
tasks. Probabilistic judgements have been found to be af-
fected by base rate expectations when these expectations are
developed through direct experience [9].

This paper presents the �ndings of a laboratory exper-
iment testing the e/ect of experience-based expectations
about the base rate of errors on error detection performance.
To date, the only evidence supporting this relationship
has been found in a �eld interview study that relies on
self-reported incidents of error detection. Evidence collected
in a controlled laboratory setting would clearly increase
our con�dence in the existence of a relationship between
experience-based expectations and performance. The lab-
oratory experiment discussed in this paper also provides
further evidence about the relationship between incentives
and error detection performance. While the main emphasis
is on understanding the way in which base rate expectations
a/ect performance, the evidence on incentives and perfor-
mance provides a partial replication and an extension to the
work discussed in Klein et al. [5].

The remaining sections of this paper present (1) a review
of prior research on the question of user detection of er-
rors in data, (2) a theory of error detection, (3) the research
propositions and experimental methodology, (4) the results
of a laboratory experiment, (5) a discussion of the experi-
mental results, and (6) conclusions.

2. Background

Researchers working in the area of data quality agree
that data accuracy, currency, and completeness are impor-
tant areas of concern (e.g. [10–13]). This study is primar-
ily concerned with data accuracy which has been de�ned as

agreement with an attribute of a real world entity, a value
stored in another database, or the results of an arithmetic
computation [12].

A number of broad conclusions can be drawn from the re-
search on data quality. First, error rates signi�cantly greater
than zero have been found in all of the studies that have
measured the rate of errors in data (e.g. [1,14,15]). Second,
while some researchers propose methods designed to com-
pletely rid databases of errors (e.g. [16]), others propose
tools for determining how to best allocate limited resources
to controlling the level of data errors [3,17–19]. Third, some
researchers recognize that purging all errors from databases
is sometimes an unrealistic objective and suggest a variety
of approaches for using imperfect data [17,20–24].

Three early studies in the data quality literature present
considerable evidence of poor user performance in detect-
ing data errors. Davis et al. [6] conducted a �eld experi-
ment in which individuals were mailed banking con�rma-
tion statements with embedded errors. Approximately half
of the individuals failed to detect important errors in their
account information. Despite a warning stating that users
should verify the accuracy of information provided by the
FBI, Laudon [1] found that users of criminal information
systems rarely detect errors in information provided to po-
lice departments by the FBI. Ricketts [7] conducted a labo-
ratory experiment in which over 90% of the subjects failed
to detect a substantial data error in production planning re-
ports. The failure of humans to detect errors in data is also
an underlying assumption in much of the literature on data
quality that advocates for the upfront improvement of data
quality in organizational databases [2].

More recent studies show that users of information sys-
tems detect data errors under some conditions. In a study in-
vestigating whether actuaries typically detect errors in data,
all 10 of the actuaries interviewed reported instances in
which they detected errors in data. The degree to which data
items were reviewed for errors prior to use was a/ected by
the actuaries’ expectations about the likelihood of errors in a
given dataset. The actuaries did not attempt to detect all er-
rors, apparently responding to a perceived tradeo/ between
the time and e/ort required to �nd additional errors versus
the potential impact of a more accurate dataset [25].

Two laboratory experiments demonstrate that explicit
goals and incentives improve users’ error detection perfor-
mance, but that giving users information about the error rate
does not a/ect performance [5]. A �eld study shows that
incentives, the materiality of data errors, and expectations
about the error rate developed through direct experience
improve error detection performance [8].

3. A theory of error detection

There are four possible outcomes in error detection tasks,
as shown in Fig. 1 [26]. Data errors can be successfully de-
tected (hits) or missed (misses). When no error exists, an
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Fig. 1. Presence of errors and detector responses.

individual may incorrectly conclude there is an error (false
alarm) or correctly conclude there is no error (correct rejec-
tion). The performance of an individual can be characterized
by a table like the one in Fig. 1 with a conditional proba-
bility in each cell. Research on quality control inspection in
manufacturing systems uses a similar conceptualization of
error detection behaviour [27–29].

3.1. Signal detection theory and error detection

Signal detection theory is an extension of statistical deci-
sion theory that gives us a better understanding of how situ-
ational factors a/ect the likelihood of the four outcomes in
Fig. 1. Signal detection theory has been applied to a broad
range of tasks such as the detection of a tone [30], the de-
tection of a Jash of light [30], the detection of social cues
[31], recognition memory [32], and human vigilance [33].
In all of these studies there is an interest in explaining the
performance of humans distinguishing between two events.
Signal detection theory labels these two events as “noise”
and “signal”. Noise can be thought of as background, and a
signal is a stimulus that may be detected because it deviates
from background noise. Signal detection theory explains the
performance of humans who are trying to determine when
a signal is present [30,34–36].

When we apply signal detection theory to the detection of
data errors, a record without errors represents background
noise, and a record with a data error provides a signal. Typ-
ically, a user must examine a display of information and de-
termine whether the data contained in the display are correct
or errorful. Records with errors and records without errors
present di/erent aspects to the user, and this presumably af-
fects the user’s perception of the record. Following signal
detection theory, this can be represented by the two distri-
butions in Fig. 2 [37].

The two curves shown in Fig. 2 represent two di/erent
distributions of the internal state of the human detector that
mediates between a stimulus and a response [37]. One of
the curves represents the distribution of the internal state
that occurs in the presence of random noise. The other curve
represents the distribution of the internal state that occurs
when a signal is added to random noise. A record with a
glaring error might be perceived by a user as being near the
right-hand side of the �gure, to the right of x2. These the user
could reliably classify as errorful. A record with no hint of
problems might be perceived as being near the left-hand side
of the �gure, to the left of x1. These the user could reliably

Fig. 2. Distributions for data with an error and data without errors.

classify as correct. In general, it is assumed that a user is not
able to perfectly distinguish correct from errorful records
in all cases [36,37]. Thus, the two distributions overlap.
Records perceived as being in the overlapping portion of the
�gure (between x1 and x2) cannot be so easily classi�ed.
The stimulus variable on the x-axis in Fig. 2 has a more ab-

stract meaning when the diagram is applied to human-based
error detection than it typically does in signal detection. In
most signal detection research, x is the magnitude of some
explicit signal such as the loudness of a tone or the bright-
ness of a light. In human-based error detection, x is a “dis-
comfort index” assumed to be generated by the human in
the course of looking at the data.

Two factors drive the performance of individuals attempt-
ing to distinguish between signal and noise: the discrim-
inability of the distributions and the response criterion. As
the overlap between the two distributions increases, discrim-
inability decreases and a greater portion of stimuli cannot
be reliably classi�ed. With decreased discriminability, false
alarms or misses become more frequent. High discriminabil-
ity would mean that if there were an error, it would tend
to be very glaring. Thus it would be easy to discriminate
between correct and errorful records. Low discriminability
would mean that many records had ambiguous clues that
might or might not reJect actual errors.

Signal detection theory suggests that human detectors set
a response criterion at some point between x1 and x2 to
determine whether to label an ambiguous stimulus as noise
or as a signal. An example response criterion is shown in Fig.
2 as xc. Perceptions to the right of xc would be labeled signal,
and perceptions to the left of xc would be labeled noise.
An individual might set his or her response criterion at any
point between x1 and x2. For example, a user might decide to
ignore all but the most glaring clues about errors (i.e., place



394 B.D. Klein /Omega 29 (2001) 391–404

the response criterion far to the right). Alternatively, a user
could decide to Jag any even slightly ambiguous record as
errorful (i.e., place the response criterion far to the left).

Signal detection theory suggests that expectations about
the base rate of errors will inJuence the placement of the re-
sponse criterion. A user who expected that data from a par-
ticular source would have many errors might tend to set his
or her response criterion rather far to the left. Contrariwise,
if a user expected that most data from a second source was
error free, he or she might set the response criterion rather
far to the right [26].

Incentives derived from the costs and bene�ts of detecting
or missing errors should also a/ect the placement of the
response criterion. If a missed error is extremely damaging,
the response criterion would be set far to the left. If a false
alarm is extremely embarrassing, then the response criterion
would be set far to the right [26].

In most applications of signal detection theory it is as-
sumed that discriminability is �xed for any given task such
that individuals can adjust their response criteria but they
cannot adjust discriminability. This is a reasonable assump-
tion in the strictly perceptual task domains (such as the au-
ditory detection of a tone) for which signal detection theory
was originally developed. When discriminability is �xed, in-
dividuals cannot increase the rate of hits without increasing
the rate of false alarms. Consistent with this view of dis-
criminability, signal detection theory does not generally ad-
dress the link between e/ort and performance. However, in
applying signal detection theory to the detection of errors in
data, there may be changes in discriminability due to shifts
in attention or e/ort in this semantic discrimination task. By
trying harder or paying closer attention to a display of in-
formation, an individual may be better able to distinguish
errors from correct data values. This suggests that e/ort may
a/ect performance through changes in discriminability.

Signal detection theory thus provides a way of concep-
tualizing the error detection process as one in which indi-
viduals choose where to set their response criteria. They
may also choose how much e/ort to expend in analyzing
a data display, thus modifying their ability to discriminate
between correct and errorful records. Changes in error de-
tection performance can be analyzed in terms of shifts in
discriminability and shifts in response criteria.

3.2. Borrowing from additional theory bases

Several other theories are useful in understanding error
detection performance: theories of individual task perfor-
mance, theories of e/ort and accuracy in decision making,
theories of incentives, and theories of base rate expectations
in probabilistic judgment tasks.

3.2.1. Theories of individual task performance
Theories of individual task performance provide some

insight into conditions under which users can improve
their discriminability. Campbell’s theory of individual task

performance suggests that e/ort may a/ect error detection
performance, presumably by a/ecting an individual’s abil-
ity to successfully discriminate between correct and errorful
records [38].

3.2.2. Theories of e2ort, accuracy, and incentives in
decision making

A number of studies based on theories of e/ort and
accuracy in decision making have found that incen-
tive structures can inJuence the adoption of information
processing strategies and hence task performance (e.g.,
[39]). Numerous other studies have demonstrated that
performance-contingent incentives a/ect task performance
in both laboratory and �eld settings (e.g. [40–42]). In
the context of the error detection task, individuals may
allocate their total e/ort (including e/ort focused on im-
proving discriminability) so that they improve their total
payo/s.

3.2.3. Theories of base rate expectations in probabilistic
judgment tasks

Koehler [9] recently synthesized the literature on base rate
expectations in probabilistic judgment tasks. The synthe-
sis recognizes that there are conditions under which people
make less use of base rate information than prescribed by a
Bayesian normative standard [43–45]. However, there are
a number of task conditions that a/ect the extent to which
base rate information is used [9]. Probabilistic judgments
have been found to be a/ected by base rates under three
conditions: (1) when base rate expectations are developed
through direct experience [58,46–48], (2) when base rate in-
formation is based on multiple, random samples from clearly
de�ned sample spaces [43,49,50], and (3) when base rates
are based on large samples or provided by reliable sources
[49,51]. More recently, Roy and Lerch [52] show that per-
formance in probabilistic judgment tasks is improved when
base rate information is presented graphically rather than in
a verbal problem statement.

In this investigation, we are primarily interested in the
�nding that people make use of base rate expectations when
these expectations are developed through direct experience,
but not when they are simply given information about base
rates.

4. Research propositions and methodology

The theory of error detection outlined above can be
summarized in two propositions about the conditions under
which individuals will detect errors in data. A laboratory
experiment was conducted to test the research propositions.
The research propositions, experimental task, experimen-
tal treatments, dependent variables, and the subjects and
sample size are discussed in turn.
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4.1. Research propositions

Proposition 1. Expectations about the base rate of errors
in data developed through direct experience will in5uence
performance in the detection of data errors.

Speci�cally, there will be both more hits and better dis-
crimination when expectations about the base rate of errors
are higher. Discrimination refers to an individual’s ability
to distinguish data errors from correct values and is recog-
nized by an increase in the hit rate without an accompanying
increase in the false alarm rate.

Proposition 2. Incentives will in5uence performance in the
detection of data errors.

Incentives to detect data errors will improve the hit rate
and discrimination. Empirical evidence supporting this
proposition was found in an earlier experiment [5].

4.2. Experimental task

The experimental task was the calculation of accrued pen-
sion bene�ts for employees in several divisions of a �rm,
using data containing a number of embedded errors. After a
brief review of the spreadsheet commands needed to manip-
ulate data, subjects were given 110 min in which to perform
the experimental task for at least two, but as many as pos-
sible, of six divisions. The time limit was imposed in order
to simulate organizational settings in which users who have
several tasks to complete during a work day have to decide
how much time to allocate to error detection.

Subjects were given three types of materials to assist them
in their task: (1) a data �le for the current year in spread-
sheet format, (2) printed reports with the current and the
previous year’s data for each division to facilitate compar-
isons over time, and (3) a procedure manual explaining the
meaning of the data elements and the algorithm for the pen-
sion calculation. The procedure manual also mentions that
errors are sometimes found in the data provided by client
companies and that when errors are found a con�rmation
memo should be prepared to be sent to the client so that the
client can con�rm or discon�rm that the data items are in
error. A short questionnaire containing items for manipula-
tion checks was administered at the end of the experimental
session.

Errors were embedded in 10 of the 50 employee records
that subjects received for a target division. An example of
an error in an employee record is an inconsistency between
the value in the “hire date” �eld and the value in the “years
of service” �eld. A domain expert veri�ed that the types of
errors embedded in the data are representative of the data
errors that occur in the domain. The embedded errors for
the target division were the same in all of the experimental
conditions.

Table 1
Experimental design (cells with a $100 prize are noted)

Base rate expectations

Incentives
1. High 2. Control 3. Low

1. Detection $100 prize $100 prize $100 prize
2. Random $100 prize $100 prize $100 prize
3. No Incentive No prize No prize No prize

4.3. Experimental treatments

The experimental treatments divided subjects into three
base rate expectations (High, Low, and Control) and three
incentives (Detection, Random, and No Incentive).

4.3.1. Expectations about the base rate of errors
The expectation construct was operationalized through

direct experience. Subjects were not told how many errors
were present in the datasets. Instead, in the High base rate
expectations condition, subjects performed the pension cal-
culations using a dataset containing an error rate of 30%
(15 of 50 records contained an error) before performing
the pension calculations for a second target division. On
average, subjects in the High base rate expectations condi-
tion actually found 6.8 out of 15 errors in the data for the
�rst division. In the Low base rate expectations condition,
subjects performed the pension calculations using a dataset
containing an error rate of 4% (2 of the 50 records con-
tained an error) before performing the pension calculations
for a second target division. On average, subjects in the Low
base rate expectations condition actually found 0.09 out of
2 errors in the data for the �rst division. For the Control
condition, subjects performed the pension calculations for
the target division before doing the task for any other di-
visions. In the Control condition subjects had no prior ex-
perience from which to develop base rate expectations. The
error rate for the target division was the same (10 of the 50
records contained an error) for all the experimental condi-
tions.

4.3.2. Incentives
The incentives construct was operationalized through

$100 prizes. A lottery procedure found to be e/ective in
prior research (e.g. [5,39]) was used to award the prizes.
Altogether six $100 prizes were awarded (see Table 1).

In the Detection condition, subjects were told that their
performance on the task would be evaluated and that the
30% of subjects with the best performance would be entered
into a lottery from which one person would receive $100.
These subjects were told that performance on the con�r-
mation memo would be weighted three times as heavily
as performance on the accrued pension calculations. In the
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Random condition, subjects were told that everyone who
conscientiously participated in the experiment would be
entered into a lottery from which one person would receive
$100. No prizes were awarded in the No Incentive condition.

Instructions about the prizes were given to subjects in
the Detection and Random conditions at the beginning of
the experiment and were displayed prominently on an over-
head projector screen throughout the experiment. Subjects
in these conditions had an a priori chance of 1 in 18 of win-
ning the prize making these incentives salient to them.

4.4. Dependent variables

Four dependent variables were used: the proportion of
errors successfully detected for the target division (i.e.,
hits), the proportion of correct records misidenti�ed as
errors for the target division (i.e., false alarms), and two
measures of discrimination. In signal detection theory,
discrimination is usually based on several di/erent trials
for each subject. In this experiment there is only a single
hit-rate=false-alarm-rate pair for each subject. We use a
technique that estimates discrimination when only a sin-
gle hit-rate=false-alarm-rate pair is available [30,53,54].
This measure will be called DiscriminationSD (based on
Signal Detection Theory). DiscriminationSD varies from
0.5, which is random performance, to 1.0 which is perfect
performance. See Appendix A for more detail.

Because DiscriminationSD is an estimate of discrimina-
tion, a second measure of discrimination from behavioral
decision research is also used [55]. This measure conceptu-
alizes discrimination as the extent to which items are cor-
rectly sorted. For example, a person asked to separate defec-
tive and perfect items exhibits perfect discrimination if all
defective items are placed in one pile and all perfect items
are placed in a second pile. This measure of discrimina-
tion, called DiscriminationBD (based on Behavioral Decision
Theory) in this study, is a measure of the extent to which the
proportion of defective items in each pile deviates from the
base rate of defective items. In this study, DiscriminationBD
varies from 0, which is random performance, to 0.16 which
is perfect performance. See Appendix A for more detail.

4.5. Subjects and sample size

Students from upper-level undergraduate and MBA busi-
ness courses participated in the experiment. Students were
used because they are less likely to have beliefs about the
base rate of errors in data than experienced professionals.

Subjects were randomly assigned to the nine conditions
(see Table 1). A power analysis suggested that a sample
size of 18 observations per condition would be su=cient to
detect an e/ect size equal to one standard deviation of the
distribution of the dependent variables with a power of 0.95.
This gave a total of 162 observations.

5. Results

Table 2 presents the results of a standard ANOVA for
each of the four dependent variables. Main e/ects of the in-
centives factor on hits, false alarms, and DiscriminationBD
were found. For the base rate expectations factor, main ef-
fects were found for all four of the dependent variables.
Interaction e/ects between the incentives factor and the
base rate expectations factor were found for false alarms,
DiscriminationSD and DiscriminationBD. The power of the
tests for which statistically signi�cant e/ects were not found
is greater than 0.98.

An analysis of the residuals was conducted to determine
whether the ANOVA models are appropriate for the data
collected in the experiment. When the hit rate and the two
measures of discrimination are the dependent variables,
no departures from the assumptions of independence of
error terms, normality of error terms, and equality of pop-
ulation variances were detected. Additionally, no outliers
were detected. When the false alarm rate is the dependent
variable, the assumption of independence of error terms
was not violated and no outliers were detected. However,
the assumptions of normality of error terms and equal-
ity of population variances were violated [56]. Additional
non-parametric tests were therefore conducted to test for
the e/ect of base rate expectations and incentives on false
alarms. These non-parametric tests are not a/ected by the
violation of the assumptions of the ANOVA model.

An additional variable was added to the ANOVA models
for each of the four dependent variables to test whether there
were di/erences in performance between graduate and un-
dergraduate students. No statistically signi�cant di/erences
were found.

A discussion of the e/ect of base rate expectations and
incentives on each dependent variable follows. Treatment
means and paired comparisons for each dependent variable
are presented. Results of the non-parametric tests for the
false alarm dependent variable are also discussed.

5.1. E2ect of base rate expectations and incentives on
the hit rate

The treatment means showing the e/ect of the incen-
tives and base rate expectation factors on hits are shown in
Table 3.

The mean number of hits ranges from 2.4 to 7.5 across
the experimental conditions. Since it was possible to detect
10 errors, the hit rate ranges from 0.24 to 0.75. The Tukey
method of multiple comparisons was used to conduct pair-
wise comparisons of the treatment means for hits. Since
there is no interaction e/ect between the incentives and base
rate expectations factors for the hit dependent variable, the
paired comparisons were performed in terms of the factor
level means [56]. Using a family con�dence coe=cient of
0.95 for the incentives factor, it was concluded that subjects
in the Detection condition had more hits than subjects in the
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Table 2
ANOVA results

Hits False alarms DiscriminationSD DiscriminationBD

Main e/ect of incentives Yes Yes No Yes
(p=0:0001) (p=0:0001) (p=0:0001)

Main e/ect of base rate expectations Yes Yes Yes Yes
(p=0:0001) (p=0:0001) (p=0:0001) (p=0:0001)

Interaction e/ect No Yes Yes Yes
(p=0:0001) (p=0:0001) (p=0:0001)

Table 3
E/ects of base rate expectations and incentives on hitsa

Base rate expectations

High Control Low

Detection 7.5 (0.75) 5.6 (0.56) 3.4 (0.34)
Incentives Random 5.1 (0.51) 3.4 (0.34) 3.0 (0.30)

No incentive 3.9 (0.39) 3.3 (0.33) 2.4 (0.24)
aEach cell gives the mean number of hits followed by the mean

hit rate in parentheses.

Random condition and that subjects in the Detection condi-
tion had more hits than subjects in the No Incentive condi-
tion. The following conclusions were drawn for the base rate
expectations factor using a family con�dence coe=cient of
0.95: (1) subjects in the High condition had more hits than
subjects in the Control condition, (2) subjects in the High
condition had more hits than subjects in the Low condition,
and (3) subjects in the Control condition had more hits than
subjects in the Low condition.

5.2. E2ect of base rate expectations and incentives on
the false alarm rate

The treatment means showing the e/ect of the incentives
and base rate expectation factors on false alarms are shown
in Table 4.

The mean number of false alarms ranges from 0.06 to 7.17
across the experimental conditions. Since it was possible to
have 40 false alarms, the false alarm rate ranges from 0.002
to 0.179. With the exception of subjects assigned to the De-
tection level of the incentives factor and the Low level of
the base rate expectations factor, subjects had on average
fewer than one false alarm. The Tukey method of multi-
ple comparisons was used to conduct pairwise comparisons
of the treatment means for false alarms. Since there is an
interaction e/ect between the incentives and base rate ex-
pectations factors that cannot be removed through a transfor-
mation, the paired comparisons were performed in terms of
the treatment means [56]. Using a family con�dence coe=-
cient of 0.95, it was concluded that subjects assigned to the

Detection level of the incentives factor and the Low level of
the base rate expectations factor had more false alarms than
subjects in all of the other eight conditions. No other signif-
icant di/erences in the paired comparisons were found.

The �ndings of non-parametric tests conducted because of
the violations of the assumptions of the ANOVA model tell
a similar story. Table 5 shows the number and percentage
of subjects at each level of the base rate expectations factor
with one or fewer false alarms and with more than one false
alarm. The conclusion from a test of the di/erence between
these population proportions [57] is that the proportions are
not equal. Thus, there is a relationship between base rate
expectations and false alarms. Subjects with Low base rate
expectations are more likely to have more than one false
alarm than subjects in the control condition, and subjects
with High base rate expectations are less likely to have more
than one false alarm than subjects in the control condition.

Table 6 shows the number and percentage of subjects at
each level of the incentives factor with one or fewer false
alarms and with more than one false alarm. The conclusion
from a test of the di/erence between these population pro-
portions [57] is that the proportions are not equal. Thus,
there is a relationship between incentives and false alarms.
Subjects with incentives to detect data errors are more likely
to have more than one false alarm than other subjects.

5.3. E2ect of base rate expectations and incentives
on DiscriminationSD

The treatment means showing the e/ect of the incentives
and base rate expectation factors on DiscriminationSD are
shown in Table 7.

The DiscriminationSD scores shown in Table 7 range from
0.584 to 0.937. A score of 0.50 reJects a complete lack of
discrimination (i.e., random performance), and a score of
1.0 reJects perfect discrimination. DiscriminationSD scores
greater than 0.80 are generally considered to reJect good
discrimination. The Tukey method of multiple comparisons
was used to conduct pairwise comparisons of the treatment
means for DiscriminationSD. Since there is an interaction ef-
fect between the incentives and base rate expectations fac-
tors that cannot be removed through a transformation, the



398 B.D. Klein /Omega 29 (2001) 391–404

Table 4
E/ects of base rate expectations and incentives on false alarmsa

Base rate expectations

High Control Low

Detection 0.06 (0.002) 0.44 (0.011) 7.17 (0.179)
Incentives Random 0.06 (0.002) 0.22 (0.006) 0.67 (0.017)

No incentive 0.28 (0.007) 0.50 (0.013) 0.56 (0.014)
aEach cell gives the mean number of false alarms followed by the mean false alarm rate in parentheses.

Table 5
Number and percentage of subjects with more than one false alarm
at each level of base rate expectations

Base rate False alarms 6 1 False alarms ¿ 1
expectations

High 53 (98.1%) 1 (1.9%)
Control 48 (88.9%) 6 (11.1%)
Low 38 (70.4%) 16 (29.6%)

Table 6
Number and percentage of subjects with more than one false alarm
at each level of incentives

Incentives False alarms 6 1 False alarms ¿ 1

Detection 39 (72.2%) 15 (27.8%)
Random 51 (94.4%) 3 (5.6%)
No Incentive 49 (90.7%) 5 (9.3%)

Table 7
E/ects of base rate expectations and incentives on DiscriminationSD

Base rate expectations

High Control Low

Detection 0.937 0.881 0.584
Incentives Random 0.862 0.789 0.779

No Incentive 0.815 0.724 0.751

paired comparisons were performed in terms of the treat-
ment means [56]. Using a family con�dence coe=cient of
0.95, the following conclusions can be drawn: (1) for the
Detection level of the incentives factor, subjects with High
base rate expectations had better discrimination than sub-
jects with Low base rate expectations and subjects in the
Control condition had better discrimination than subjects in
the Low condition, (2) subjects assigned to the Detection
level of the incentives factor and the Low level of the base
rate expectations factor had poorer discrimination than sub-
jects assigned to all of the other conditions except the No
Incentive and Control base rate expectations condition.

Table 8
E/ects of base rate expectations and incentives on
DiscriminationBD

Base rate expectations

High Control Low

Detection 0.1133 0.0769 0.0283
Incentives Random 0.0730 0.0456 0.0373

No Incentive 0.0540 0.0441 0.0285

5.4. E2ect of base rate expectations and incentives on
DiscriminationBD

The treatment means showing the e/ect of the incentives
and base rate expectation factors on DiscriminationBD are
shown in Table 8.

The DiscriminationBD scores shown in Table 8 range from
0.0283 to 0.1133. The highest possible DiscriminationBD in
this experiment is 0.16. The Tukey method of multiple com-
parisons was used to conduct pairwise comparisons of the
treatment means for DiscriminationBD. Again, since there is
an interaction e/ect between the incentives and base rate
expectations factors that cannot be removed through a trans-
formation, the paired comparisons were performed in terms
of the treatment means [56]. Using a family con�dence coef-
�cient of 0.95, the following conclusions can be drawn: (1)
subjects assigned to the Detection incentive and the High
base rate expectations condition had better discrimination
than subjects in all of the other conditions, (2) subjects as-
signed to the Detection incentive and the Control base rate
expectations condition had better discrimination than sub-
jects assigned to the three experimental conditions with Low
base rate expectations, and (3) subjects assigned to the Ran-
dom incentive and the High base rate expectations condition
had better discrimination than subjects assigned to the three
experimental conditions with Low base rate expectations.

6. Discussion of experimental results

The results relative to the two research propositions are
summarized in Table 9. A discussion of the results for each
proposition follows.
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Table 9
Summary of results for research propositions

Error detection performance will be inJuenced by: Research results

1. Expectations about the base rate of errors Main e/ect on the hit rate

E/ect on the false alarm rate and discrimination through an interaction
with incentives

2. Incentives Main e/ect on the hit rate

E/ect on the false alarm rate and discrimination through an interaction
with base rate expectations

Proposition 1. Expectations about the base rate of errors
in data developed through direct experience will in5uence
performance in the detection of data errors.

There is strong evidence that base rate expectations had
an impact on the hit rate. Subjects with High base rate ex-
pectations had more hits than subjects in the control group,
and subjects with Low base rate expectations had fewer hits
than subjects in the control group. Base rate expectations
also inJuenced the false alarm rate through an interaction
with incentives. This interaction stems from an unexpect-
edly large number of false alarms in the Low base rate ex-
pectations and Detection incentive condition. On average,
subjects in this condition had slightly more than seven false
alarms while in the other eight experimental conditions sub-
jects had on average fewer than one false alarm. Even so, a
pattern is apparent in the results for the false alarm rate
shown in Table 4. At each level of the incentives factor,
subjects with Low base rate expectations had more false
alarms than subjects in the control condition, and subjects
with High base rate expectations had fewer false alarms than
subjects in the control condition.

There is strong evidence that base rate expectations also
inJuenced discrimination through an interaction with incen-
tives. Both measures of discrimination are a function of the
hit rate and the false alarm rate. Because of the high false
alarm rate in the Low base rate expectations and Detection
incentive condition, we �nd the poorest average discrimina-
tion for subjects in this cell of the experiment. A clear pat-
tern emerges for DiscriminationBD with High base rate ex-
pectations leading to better discrimination than the control
condition and Low base rate expectations leading to poorer
discrimination than the control condition. A similar pattern
emerges for DiscriminationSD although subjects with no in-
centive and Low base rate expectations have slightly better
discrimination than subjects with no incentive who are as-
signed to the Control condition for base rate expectations.
This di/erence is not statistically signi�cant.

Proposition 2. Incentives will in5uence performance in the
detection of data errors.

There is evidence that incentives had a direct impact on
the hit rate and had an e/ect through the interaction with
base rate expectations on the false alarm rate and on dis-
crimination. At all levels of the base rate expectations factor,
subjects with incentives to detect errors found more errors
than subjects who did not have this incentive. Subjects who
had incentives to conscientiously participate in the experi-
ment (i.e., the Random incentive condition) had more hits
than subjects who had no incentives. On average, subjects
who had incentives to detect errors and Low base rate ex-
pectations reported signi�cantly more false alarms and ex-
hibited poorer discrimination than all other subjects. With
the exception of these subjects, subjects with incentives to
detect errors had better discrimination than subjects who did
not have this incentive, and subjects who had incentives to
conscientiously participate in the experiment had better dis-
crimination than subjects who had no incentives.

7. Conclusion

The introduction of this paper mentions an earlier
laboratory experiment in this research stream in which
information-based base rate expectations had no statistically
signi�cant e/ect on error detection performance. Table 10
shows a comparison of the experiment reported in this
paper and this earlier experiment. The two experiments
used a similar experimental task, similar subjects, and the
same dependent variables. The manipulation of the base
rate expectations factor was di/erent in the two experi-
ments. In the study reported here, base rate expectations
were manipulated through direct experience. In the prior
experiment [5], base rate expectations were manipulated
by giving subjects information about the error rate. Two
levels of the incentives factors (Detection and Random)
were used in both studies. The No Incentive level of the
incentives factor was used for the �rst time in this study.

This paper provides three contributions to the literature
on data quality and human performance. First, it is shown
that base rate expectations a/ect performance in the detec-
tion of data errors when these expectations are developed
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Table 10
Comparison with an earlier experiment

Findings of this paper Findings of an earlier experiment [5]

Experience-based base rate expectations Information-based base rate expectations
Main e/ect found for hits. E/ect on false alarms and No e/ect found for hits, false alarms, and
discrimination through an interaction with incentives discrimination

Incentives Incentives
Main e/ect found for hits. E/ect Main e/ect found for hits and
on false alarms and discrimination through an discrimination. No e/ect found for false
interaction with incentives alarms.

through direct experience, although not when derived from
direct information. From a theoretical standpoint, this �nd-
ing provides support for the contention that a theory of error
detection based on signal detection theory gives leverage for
understanding the detection of data errors. As predicted by
the theory, humans are shown to improve their discrimina-
tion in response to base rate expectations. The �nding also
contributes to the broader literature on human performance
by showing that humans respond to base rates similarly in
two very di/erent types of tasks: the detection of data errors
and probabilistic judgment tasks.

Second, strong con�rmatory evidence for the e/ect of in-
centives on error detection performance is provided. In ad-
dition to con�rming the results of an earlier experiment [5],
this study provides a rich understanding of how incentives
a/ect performance. The �nding that the false alarm rate goes
through the roof with strong incentives and low base rate ex-
pectations was unexpected and merits careful attention from
scholars and managers. The question of whether this is a
general phenomenon is not answered by this study, and the
phenomenon should be con�rmed in additional studies ex-
amining error detection performance as well as performance
on other tasks. One might expect that an incentive system
that rewards hits while penalizing false alarms would keep
the false alarm rate from going through the roof. Unfortu-
nately, prior research [5] suggests that incentive schemes
that penalize false alarms may discourage error Jagging ac-
tivity and lead to a suppression of the hit rate.

Third, the study provides the �rst evidence that even in the
absence of incentives, users’ error detection behavior may
respond to other task conditions. Even in the absence of any
sort of incentive, subjects with High base rate expectations
have more hits and better discrimination than subjects with
Low base rate expectations.

While no single study can provide a de�nitive guide for
practice, several guidelines are suggested by the research
�ndings.

1. Users should be given opportunities to learn about the
error rate in the data with which they work before opti-
mal error detection performance is expected. It is pos-
sible that working closely with a mentor who has had
more direct experience with the data would be useful,

although this collaboration would have to go beyond
simply giving the novice user information about the
error rate.

2. Managers of operations with a low error rate should
proceed cautiously before giving users strong incen-
tives to detect data errors. A careful analysis of the cost
of missed errors and the cost of false alarms should pro-
ceed the implementation of such an incentive program.

3. Managers of operations with a high error rate should
consider implementing an incentive scheme that re-
wards users for detecting errors in data. The results
of this study suggest that incentives to detect errors
in an environment with a high error rate will improve
the number of errors detected without increasing the
number of false alarms.

Two directions for future research emerge from these
guidelines. First, research on the question of how appropri-
ate base rate expectations can be developed in organizational
settings is needed. It is important to understand, for example,
whether experience with one dataset is brought to bear on
tasks done with another related dataset or whether base rate
expectations are discarded when users begin working with
a new dataset. Second, additional research addressing the
question of how to encourage error Jagging activity with-
out allowing the number of false alarms to soar is needed.
The �ndings of this research would be particularly useful
for managers working in environments in which the cost of
investigating possible data errors is high.

A limitation of this study is that the experience of work-
ing with the initial dataset with an error rate of 30% may
have improved subjects’ abilities to detect data errors rather
than changing their expectations about the error rate. Fu-
ture research should examine this possibility by training all
subjects to an equivalent level of error detection compe-
tence before manipulating expectations about the base rate of
errors through direct experience.

Appendix A. Measures of discrimination

Two measures of discrimination are used in this inves-
tigation. The �rst measure was developed by researchers
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working in the area of signal detection theory [30,53,54].
The second was developed in the area of behavioral deci-
sion theory [55]. The measure from signal detection theory
is called DiscriminationSD here and is discussed in Section
1. The measure from behavioral decision theory is called
DiscriminationBD here and is discussed in Section 2.

A.1. DiscriminationSD

Fig. 3 shows a receiver-operating characteristic (ROC)
curve. The area under an ROC curve is a measure of discrim-
inability because the extent of overlap between the noise
and signal distributions shown in Fig. 4 of the body of the
paper determines the area under an ROC curve [30].

All of the points on an ROC curve represent equivalent
discriminability, but di/erent response criteria. Fig. 3 shows
a pair of points (a and b) with the same discriminability
but with di/erent hit and false alarm rates. The performance
represented by Point a is attained by an increased willingness
to report a signal compared to the performance represented
by Point b [30].

Fig. 3. Receiver-operating characteristic curve.

Fig. 4. Regions representing discriminability better than, worse
than, and equivalent to Point i.

The area under an ROC curve can be determined if a num-
ber of points along the curve are known. This can be done by
controlling discriminability across a series of experimental
trials and simultaneously manipulating a subject’s response
criterion. In this investigation, a within-subject manipulation
of the response criterion was not made because this would
have been detrimental to the critical realism of the experi-
mental task. Instead, for each subject we have only one hit
rate and one false alarm rate.

The area under an ROC curve can be estimated when we
have only one point on an ROC curve. The estimate is based
on determining points in a unit square representing discrim-
inability better than the observed performance, worse than
the observed performance, and equivalent to the observed
performance [30,53,54].

Point i in Fig. 4 represents a known hit rate and a known
false alarm rate. Fig. 4 shows the unit square divided into
four regions. An ROC curve containing Point i cannot pass
through the regions labeled “Better” and “Worse”. The other
two regions (labeled E1 and E2) contain points that do not
necessarily represent a change in discriminability compared
to Point i. An ROC curve containing Point i must be drawn
completely inside the regions E1 and E2 [30]. 1

The maximum possible area under an ROC curve that
includes Point i is given by

Maximum Area
= (E1 + E2 +Worse)=(E1 + E2 +Worse + Better):

The minimum possible area under an ROC curve that
includes Point i is given by

Minimum Area =Worse=(E1 + E2 +Worse + Better):

DiscriminationSD is equal to the average of the maximum
possible area under the ROC curve and the minimum pos-
sible area under the ROC curve [54].

A.2. DiscriminationBD

DiscriminationBD is a discrimination index proposed by
Yates [55]. This index is a measure of the extent to which a
subject is able to correctly categorize stimuli. In this inves-
tigation, subjects worked with two types of stimuli: records
containing an error and records not containing an error. Sub-
jects placed these stimuli into two categories: records re-
ported as errors in the con�rmation memo and records not
reported as errors in the con�rmation memo.

If a subject were completely unable to distinguish records
containing an error from records not containing an error, we
would expect the number of records correctly reported as

1 Additional details on the estimation procedure are given in
McNicol [30].



402 B.D. Klein /Omega 29 (2001) 391–404

Fig. 5. Inputs to the calculation of DiscriminationBD.

containing an error in the con�rmation memo divided by the
total number of records reported in the con�rmation memo
to be equal to the base rate of errors. We would also expect
the number of records containing an error but not reported
in the con�rmation memo divided by the total number of
records not reported in the con�rmation memo to be equal
to the base rate of errors. The discrimination index is a
measure of a subject’s improvement over this complete lack
of discrimination.

Fig. 5 illustrates the de�nition of the four inputs (labeled
A, B, C, and D) to the calculation of DiscriminationBD.
A is equal to the number of items reported as errors when

an error exists, B is equal to the number of items not reported
as errors when an error exists, C is equal to the total number
of items reported as errors, and D is equal to the total number
of items not reported as errors.

A three-step algorithm used to compute DiscriminationBD
is outlined below.

Step 1: The number of items reported as errors that are
actually errors (A) is divided by the number of items re-
ported as errors (C). The base rate of errors in the popu-
lation is then subtracted from this intermediate result. The
resulting di/erence is �rst squared and then weighted by the
total number of items reported as errors (C).

Step 2: The number of items not reported as errors
that are actually errors (B) is divided by the number of
items not reported as errors (D). The base rate of errors
in the population is then subtracted from this intermediate
result. The resulting di/erence is �rst squared and then
weighted by the total number of items not reported as
errors (D).

Step 3: The outcomes of the calculations in Step 1 and
Step 2 are summed and the result is divided by the total
number of items in the population (C+D).

The calculation of DiscriminationBD for a subject with
perfect discrimination is outlined below.

Step 1: For a subject with perfect discrimination, A=C is
equal to 1. When the base rate of errors in the population
(0.20) is subtracted from this intermediate result, we get
0.80. When this di2erence is squared and then weighted by
the total number of items reported as errors (10), we get
6.40.

Step 2: For a subject with perfect discrimination, B=D is
equal to 0. When the base rate of errors in the population
(0.20) is subtracted from this intermediate result, we get
−0:20. When this di2erence is squared and then weighted
by the total number of items not reported as errors (40),
we get 1.60.

Step 3: When we add 6.40 and 1.60 and then divide this
result by the total number of items in the population (50),
we get 0.16. The upper bound of DiscriminationBD (i.e., the
value we get for a subject with perfect discrimination) is
therefore 0.16.

The calculation of DiscriminationBD must be modi�ed in
the extreme cases of a complete lack of discrimination. First,
if no items are reported as errors (i.e., both A and C are
equal to zero), Step 1 of the algorithm is skipped. Step 3 is
changed to read “The outcome of the calculation in Step 2
is divided by the total number of items in the population”.
Second, if all items are reported as errors (i.e., both B and
D are equal to zero), Step 2 of the algorithm is skipped.
Step 3 is changed to read “The outcome of the calculation
in Step 1 is divided by the total number of items in the
population”. In these two cases, DiscriminationBD is equal
to zero.
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