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SUMMARY
Sensitivity, specificity, positive and negative predictive value are typically used to quantify the
accuracy of a binary screening test. In some studies it may not be ethical or feasible to obtain
definitive disease ascertainment for all subjects using a gold standard test. When a gold standard
test cannot be used an imperfect reference test that is less than 100% sensitive and specific may be
used instead. In breast cancer screening, for example, follow-up for cancer diagnosis is used as an
imperfect reference test for women where it is not possible to obtain gold standard results. This
incomplete ascertainment of true disease, or differential disease verification, can result in biased
estimates of accuracy. In this paper, we derive the apparent accuracy values for studies subject to
differential verification. We determine how the bias is affected by the accuracy of the imperfect
reference test, the percent who receive the imperfect reference standard test not receiving the gold
standard, the prevalence of the disease, and the correlation between the results for the screening
test and the imperfect reference test. It is shown that designs with differential disease verification
can yield biased estimates of accuracy. Estimates of sensitivity in cancer screening trials may be
substantially biased. However, careful design decisions, including selection of the imperfect
reference test, can help to minimize bias. A hypothetical breast cancer screening study is used to
illustrate the problem.

Keywords
Bias; Predictive values; Screening; Sensitivity; Specificity

Correspondence to: Todd A. Alonzo.

NIH Public Access
Author Manuscript
Stat Med. Author manuscript; available in PMC 2012 July 10.

Published in final edited form as:
Stat Med. 2011 July 10; 30(15): 1852–1864. doi:10.1002/sim.4232.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



1 Introduction
In a trial by Lewin et al. [1], study participants were considered to have breast cancer if a
suspicious screening result or signs and symptoms during follow-up led to pathological
confirmation of disease. The accuracy of digital mammography was compared against two
reference standards: the gold standard of biopsy followed by pathological confirmation, and
an imperfect reference standard of follow-up for cancer status. Only women with suspicious
imaging exams received biopsy.

In many screening trials, as in the trial by Lewin et al., [1], ethical and practical constraints
make it impossible to apply the gold standard test to all study participants. Studies which use
an imperfect reference standard in addition to a gold standard are subject to differential
verification bias [2], [3], [4]. Differential verification can result in biased estimates of the
accuracy of the screening test. Rutjes et al. [5] examined 487 screening studies published
between 1999 and 2002, and found that 20% of the studies had differential verification.
However, the bias could not be quantified, because the truth was unknown.

Differential verification bias differs from verification bias and imperfect reference standard
bias. Verification bias occurs when only the data from participants who receive a gold
standard test is used to assess diagnostic accuracy [6]. A variety of maximum likelihood
(e.g., [6], [7], [8]) and Bayesian (e.g., [9], [10]) approaches are available to provide
estimates of sensitivity and specificity in the presence of verification bias. Imperfect
reference standard bias occurs when all study participants are evaluated with an imperfect
reference standard. There is an extensive literature assessing bias in accuracy estimates
resulting from the use of an imperfect reference test (e.g., [11], [12], [13], [14]). When the
screening test and imperfect reference test are conditionally dependent, i.e. not independent
conditional on the true disease status, use of an imperfect reference test can result in
significant bias in estimates of accuracy [13].

In this manuscript, we quantify differential verification bias and describe the factors that
affect it. We explicitly allow conditional dependence between the index test and the
imperfect reference test. We focus on designs commonly used to evaluate the accuracy of
breast cancer screening methods. In Section 2, we present equations to quantify the amount
of differential verification bias in the apparent values of prevalence, sensitivity, specificity,
positive predictive value (PPV), and negative predictive value (NPV). These equations are
used in Section 3 to show the possible extent of the bias and investigate the impact various
parameters have on the bias. In Section 4, we use accuracy values from the literature to
construct a hypothetical breast cancer study with differential disease verification, and
estimate the bias. We end with a discussion. The results of this study will allow investigators
to choose their tests and designs in order to avoid or minimize differential verification bias.

2 Bias in studies with incomplete verification
We consider two designs common in screening studies (Figure 1). In the first, the
incomplete differential verification design (IDV), disease status is assessed using the gold
standard for a fraction of the screen positives and for a fraction of screen negatives. Disease
status is ascertained using an imperfect reference test for those who do not receive the gold
standard. In the second design, the complete differential verification (CDV) design, the gold
standard is applied to all screen positives and the imperfect reference test is given to all
screen negatives. Motivated by the trial of Lewin et al. [1], we also consider a particular
CDV design where the imperfect reference test is 100% specific but less than 100%
sensitive.
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Bias in screening studies depends on two measures of agreement or conditional dependence
between the screening and imperfect reference tests: the true positive positive fraction
(TPPF) and the true negative negative fraction (TNNF) [15]. The TPPF (pa in Table 1) is the
probability that both the screening test and the imperfect reference test classify diseased
subjects as having disease. The TNNF (ph) is the probability that both the screening test and
the imperfect reference test classify non-diseased subjects as not having disease.

2.1 Apparent accuracy in the IDV Design
Consider an IDV design where the gold standard test is administered to γ × 100% of the
subjects who test positive with the screening test and τ × 100% of the screen negatives. An
imperfect reference test is used to assess disease status for the remaining subjects.

Errors in the imperfect reference standard test can result in four types of misclassification: 1)
true positives can be misclassified as false positives (pb in Table 1), 2) false positives can be
misclassified as true positives (pe), 3) false negatives can be misclassified as true negatives
(pd), and 4) true negatives can be misclassified as false negatives (pg).

Denote the true sensitivity, specificity, PPV, and NPV of screening test T as SeT, SpT, PPVT,
and NPVT, respectively. Similarly, the sensitivity and specificity of the imperfect reference
test R are denoted SeR and SpR, respectively. The prevalence of disease is π. In Appendix A
we derive the following equations for apparent accuracy of the screening test T in an IDV
design (denoted by subscript IDV):

(1)

(2)

(3)

(4)

(5)

These equations reduce to true disease prevalence and screening test accuracy when the
imperfect reference test is 100% sensitive (i.e. SeR = 1) and 100% specific (i.e. SpR = 1).

Investigators can use the above equations to determine the amount of bias that would result
from using an IDV design by subtracting true accuracy from the apparent accuracy
calculated using the equations above. The amount of bias resulting from common scenarios
are considered in Section 3.3. In addition to specifying the true sensitivity and specificity of
the screening test and imperfect reference test along with disease prevalence, investigators
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need to specify the misclassification rates (pb, pd, pe, and pg), or the amount of agreement
between the screening test and the imperfect reference test.

2.2 Apparent accuracy in the CDV Design
The CDV design is a special case of the IDV design where the gold standard is applied to all
screen positives and the imperfect reference test is given to all screen negatives. That is, the
CDV design is an IDV design where γ = 1 and τ = 0. In this design the cell probabilities pa +
pb, pe + pf, pc + pg, and pd + ph are observed rather than the individual cell probabilities
because of the differential disease verification.

Substituting γ = 1 and τ = 0 into equations (1)–(5) yields the following equations for the
apparent accuracy of a CDV study (denoted by subscript CDV):

These equations reduce to true disease prevalence and screening test accuracy when the
imperfect reference test is 100% sensitive (i.e. SeR = 1) and 100% specific (i.e. SpR = 1).
When the imperfect reference test is 100% sensitive and 100% specific, pa = SeT and ph =
SpT. By substituting these values into the above equation for πCDV, we see that πCDV reduces
to the true disease prevalence and it follows that SeCDV = SeT.

By subtracting true accuracy values from the apparent values calculated using the equations
above, investigators can determine the amount of bias resulting from a CDV design. PPV
from a CDV design is equivalent to the true PPV because PPV is the proportion of screen
positives with disease, and true disease status is obtained for all screen positives.

2.3 Bias for CDV design with 100% specific reference test
In some CDV studies the imperfect reference test is 100% specific but less than 100%
sensitive. A common example is in cancer screening, where study participants are assumed
to be cancer-free unless cancer is detected in follow-up. Follow-up occasionally misses
cases of cancer. Thus, follow-up is 100% specific but less than 100% sensitive. This implies
pe = pg = 0, ph = SpT, and pd is the probability of misclassification by the imperfect
reference test. By substituting these values into the equations in Section 2.2, we obtain the
following equations for the percent bias, which is the bias, apparent value minus the true
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value, divided by the true value multiplied by 100%. The percent bias is a function of the
probability results are misclassified by the imperfect reference test (denoted MC).

where MC=πpd and Pr(T−) = 1 −[πSeT + (1 − π)(1 − SpT)].

It is clear from these equations that the CDV design will underestimate disease prevalence
when the imperfect reference test has 100% specificity and less than 100% sensitivity, and
thus, overestimate the sensitivity, specificity, and NPV of the screening test. The percent
bias in estimating sensitivity, specificity, and NPV increases as MC, the probability results
are misclassified by the imperfect reference test, increases. MC is greatest when the
screening test and imperfect reference test have the highest agreement (TPPF). The
magnitude of the bias for various scenarios with this design is considered in Section 3.1.

If the imperfect reference test is less than 100% sensitive and less than 100% specific, the
CDV design could result in underestimation or overestimation of sensitivity and specificity
depending on the accuracy of the imperfect reference test and the agreement between the
screening and imperfect reference tests. Numerical examples are presented in Section 3.2.

3 Numerical Study
In this section numerical studies are performed to investigate the magnitude of bias in test
accuracy that would be observed in CDV and IDV studies with varying true test accuracy,
imperfect reference test accuracy, agreement between tests, and disease prevalence. We
consider scenarios where the screening test is less accurate than the imperfect reference test
(SeT=0.5, SeR=0.7, SpT=0.8, SpR=0.9), screening test and imperfect reference test have the
same accuracy (SeT = SeR=0.7, SpT = SpR=0.9), and screening test is more accurate than the
imperfect reference test (SeT=0.9, SeR=0.7, SpT=0.9, SpR=0.7).

Agreement is measured by TPPF for participants with disease and TNNF for participants
without disease. TPPF and TNNF have the following constraints [16]:

We consider minimum agreement, maximum agreement, and median agreement which is
calculated as the midpoint between minimum and maximum agreement.
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3.1 CDV design with 100% specific reference test
We now discuss estimation of sensitivity, specificity, PPV, and NPV of the screening test in
CDV studies where the reference test is 100% specific but less than 100% sensitive (Table
2).

• Sensitivity - There is no bias in estimating screening test sensitivity when there is
minimum TPPF because this results in pd = 0 when SeT + SeR ≥ 1 which is true in
the scenarios considered and typically in practice. However, increasing TPPF,
increases the percentage of cases that screen negative and are incorrectly identified
as non-cases by the imperfect reference standard test. This results in larger bias
when estimating sensitivity (Figure 2). Sensitivity can be overestimated by as much
as 100% when the sensitivity of the screening test and reference test are both 50%
and there is maximum TPPF. That is, the CDV design would erroneously indicate
the screening test was 100% sensitive when in truth it was only 50% sensitive.
Increasing the sensitivity of the imperfect reference standard test decreases the bias
observed for sensitivity.

• Specificity - Similar to sensitivity, there is no bias in specificity when there is
minimum TPPF and SeT + SeR ≥ 1. The magnitude of the bias observed for
specificity (0.5%–2.3%) is much smaller than that for sensitivity (Figure 2) because
in the scenarios considered only a small fraction of the truly non-diseased cases are
misclassified by the imperfect reference test. The amount of bias in specificity
increases as prevalence increases and decreases as the sensitivity of imperfect
reference test increases.

• PPV - There is no bias in PPV because PPV is the proportion of screen positives
with disease, and in this design true disease status is obtained for all screen
positives.

• NPV - NPV is overestimated by up to 5% in the scenarios considered in Table 2.
The amount of bias in NPV increases as prevalence increases, and bias decreases
for increasing sensitivity of the imperfect reference test.

The observation that a CDV design with an imperfect reference that is 100% specific but
less than 100% sensitive will overestimate the sensitivity and specificity of the screening test
is consistent with the findings of [17].

3.2 CDV design
Consider CDV studies where the imperfect reference test is less than 100% sensitive and
less than 100% specific.

• Sensitivity - In these scenarios the CDV design can result in overestimation or
underestimation of true sensitivity depending on the amount of agreement between
the screening and imperfect reference tests (Figure 3). The largest bias occurs when
the screening test is more accurate than the imperfect reference test. Generally less
bias is observed for larger TNNF because this results in less misclassification of
results by the imperfect reference test. Increasing TPPF decreases bias, except for
the case with maximum TNNF in which increasing TPPF increases bias. The
magnitude of sensitivity bias decreases as the true prevalence increases.

• Specificity - The bias for specificity is low with bias ranging from −4.8% to 2.8%.

• PPV - There is no bias because PPV is the proportion of screen positives with
disease, and in this design true disease status is obtained for all screen positives.
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• NPV - Percent bias for NPV ranges from −33% to 4% and −33% to 16% when true
disease prevalence is 10% and 30%, respectively. Generally less bias is observed
for larger TNNF because this results in less misclassification by the imperfect
reference test.

• Disease prevalence - Percent bias for prevalence ranges from −30% to 270% and
−30% to 70% when the true disease prevalence is 10% and 30%, respectively. The
magnitude of prevalence bias decreases as the true prevalence increases. The
largest bias occurs when the screening test is more accurate than the imperfect
reference test. Generally less bias is observed for larger TNNF because this results
in less misclassification of results by the imperfect reference test. Increasing TPPF
decreases bias, except for the case with maximum TNNF in which increasing TPPF
increases bias.

3.3 IDV design
We first consider IDV designs where γ × 100% of the screen positives receive the gold
standard and the remaining screen positives and all screen negatives (i.e. τ=0) receive the
imperfect reference test. The design γ = 0 is only subject to reference standard bias because
an imperfect reference test is applied to all study subjects. Conversely, designs with γ > 0
results in differential verification bias.

• Sensitivity - This design can underestimate sensitivity by as much as 79% when γ =
0 (Figure 4e) and overestimate it by as much as 50% when γ = 0 (Figure 4a) when
there is 10% disease prevalence. Smaller disease prevalence, similar to that
considered in the breast cancer illustration in Section 4, yields even greater bias
(results not shown). The largest amount of bias is observed for minimum TNNF
because misclassification occurs when pg > 0, and as TNNF increases, pg must
decrease for a fixed SeT. It is clear in Figure 4 that there is less bias for increasing
prevalence. In addition, there is less bias for increasing γ except for median TNNF
when there is 10% prevalence (Figures 4 a,c,e).

• Specificity - This design results in little bias in specificity. For 10% prevalence, the
bias ranges from −4.8% to 8.6%, −3.4% to 8.5%, and −8.2% to 6.9% for settings
where the screening test has inferior, identical, and superior accuracy compared
with the imperfect reference test. The amount of bias decreases as γ increases
because more study participants have their disease status ascertained by the gold
standard. As prevalence increases, this design yields increasing negative bias in
estimating specificity. There is greater bias if accuracy of the screening and
imperfect reference tests are equal but smaller than those considered (results not
shown).

• PPV - This design can result in substantial bias when estimating PPV for small
values of γ (Figure 5). This design can overestimate PPV by as much as 140%
(Figure 5a) and underestimate it by as much as 29% (Figure 5c). The largest
amount of bias is observed for the maximum non-diseased agreement (i.e. TNNF).
Again, bias decreases as γ increases and for increasing prevalence.

• NPV - Since only results for screen negatives are included in estimation of NPV,
NPV bias is not a function of γ. In this design none of the screen negatives receive
the gold standard. This can result in varying amounts of bias when estimating NPV
depending on the amount of agreement. For example, minimum TNNF results in
bias of −11.1%, −9.9%, and −32.7% for settings where the screening test has
inferior, identical, and superior accuracy compared with the imperfect reference
test, respectively. Maximum TNNF results in bias of 1.4%, 1.2%, 6.9% for the
same settings.
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Next, we consider the effect of varying τ for IDV designs with a fixed value of γ. Increasing
τ reduces the amount of bias when estimating sensitivity, specificity, and NPV for a fixed
value of γ. For a fixed value of γ, there is no effect of varying τ on PPV estimation because
there is no impact on results for the screen positives. For increasing τ, the percent bias for
the apparent prevalence decreases linearly from overestimation to underestimation.

4 Breast cancer illustration
In the previous sections, we demonstrated that bias for accuracy studies can range from non-
existent to severe in studies with differential disease verification. In a real screening study,
what would the effect of bias be? In this section, we use data from observational studies to
provide reasonable estimates of the diagnostic accuracy parameters for a hypothetical study
of mammography screening for breast cancer. We then calculate the resulting bias present in
the apparent estimates of diagnostic accuracy to demonstrate the utility of our methods.

We consider a study with a CDV design to assess the accuracy of mammography screening
to detect breast cancer. All women who screen positive on mammography receive the gold
standard test, biopsy. All women who screen negative on mammography receive the
imperfect reference test, one year of clinical follow-up. Using data from the Breast Cancer
Surveillance Consortium (BCSC) [18], [19] and a report of 752,081 clinical breast
examinations and screening mammography [20], we used the following parameter values in
our analysis. Mammography has 79% sensitivity and 90% specificity [18]. Follow-up has a
sensitivity of 59% and specificity of 93% [20]. The prevalence of breast cancer is 0.006
[21], [18] and TPPF and TNNF between mammography and follow-up are 0.43 and 0.83,
respectively (based on data from [20]).

Using these parameter values, we calculated the bias for a CDV design, where all women in
the study received a single round of screening mammography. The results are shown in
Table 3. This design would substantially overestimate both breast cancer prevalence and the
sensitivity of mammography screening. There would be little bias in the apparent specificity
and NPV of mammography screening. There is no bias when estimating PPV because all
screen positives have definitive disease status determined by the gold standard.

We made a few assumptions that could impact the amount of bias. First, we assumed that
the diagnostic accuracy of clinical breast examination is roughly equivalent to that of
clinical follow-up. We thought this was a reasonable assumption because clinical follow-up
is positive when a woman or her physician detects signs or symptoms of disease including
breast lumps, nipple discharge, skin changes, or architectural distortions [22]. In a clinical
breast examination, a physician is looking for the same physical signs of breast cancer.

Second, we may have misspecified the amount of agreement between screening
mammography and follow up. We calculated the TPPF as the proportion of cases with an
abnormal clinical breast exam and an abnormal mammogram from Table 2 in [20]. We
calculated the TNNF from the BCSC summary tables [18], [19] using the reported
specificity of screening mammography and the proportion of non-cases who had a
diagnostic mammogram due to signs and symptoms of breast cancer.

Finally, we used estimates of accuracy for mammography and follow-up from the largest
studies available. However, we could have used different estimates. Prospective studies of
the accuracy of mammography have yielded estimates of sensitivity ranging from 41% to
77% and specificity ranging from 92% to 98% [1], [21], [23], [24]. The sensitivity of
clinical breast examination, as a surrogate for clinical follow-up, ranges from 21% to 59%
and the specificity ranges from 92% to 99% [20],[25],[26],[27]. The estimates of bias in
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Table 3 are relatively insensitive to changes in the sensitivity or specificity of
mammography, or the sensitivity of follow-up.

However, increasing the specificity of follow-up reduces the amount of bias. If the
specificity of follow-up is 99% with minimum TNNF between mammography and follow-
up, then the percent bias is 160.7% for prevalence, −61.4% for sensitivity, −0.1% for
specificity, and −1.1% for NPV. If the specificity of follow-up is 99% with maximum
TNNF between mammography and follow-up, then the percent bias is −5.0% for
prevalence, 5.3% for sensitivity, 0.003% for specificity, and 0.03% for NPV. This illustrates
that a CDV design can yield little bias in a low prevalence setting if the imperfect reference
standard has high specificity. Statisticians designing screening trials can essentially remove
differential verification bias in cancer screening by choosing a follow-up test with excellent
specificity in a low prevalence setting.

5 Discussion
The formulae presented in this paper for calculating apparent accuracy requires one to
specify the amount of agreement (TPPF and TNNF) expected between the screening test and
imperfect reference test. If pilot data are not available to aid the determination of the
magnitude of agreement, then a sensitivity analysis, similar to that of [28], could be
performed for the minimum and maximum amounts of agreement. This approach is used in
Section 3.

When bias is expected for a design with differential disease verification, it would be
beneficial to have estimation methods that account or adjust for this differential verification
so as to eliminate or reduce the amount of bias in the resulting estimates of accuracy.
Maximum likelihood methods do not appear feasible in this setting because there are more
parameters to be estimated than there are degrees of freedom in the data. An alternative may
be to use a Bayesian approach that places prior distributions on the parameters. It may be
possible to extend the Bayesian approaches used to correct for verification bias (e.g., [9],
[10]) to adjust for differential verification bias, similar to the recent work of Lu et al. [29].
This is an area that requires future attention.

In early phases of the development of disease screening, investigators often assess the
performance of a screening test using apparent sensitivity and specificity [30]. As shown in
this paper, apparent estimates of sensitivity and specificity may be biased. This bias may be
unavoidable, due to ethical and practical constraints. There are four strategies to avoid or
reduce bias. First, mortality can be used as an endpoint rather than diagnosis of cancer.
Mortality studies, however, are costly and take years to complete, making them impractical
for many applications. Second, the probability of interval cancers before and after the
introduction of a cancer screening test can be compared [31]. The third strategy to reduce
bias is to obtain gold standard results for more subjects. This strategy is often impossible
and unethical in cancer screening trials. The fourth strategy is to select the most appropriate
imperfect reference standard depending on the anticipated accuracy of the screening test and
disease prevalence.

We have shown that the bias when estimating accuracy is low when the following four
conditions are satisfied: (1) the disease has very low prevalence; (2) the imperfect reference
test has high specificity; (3) the true negative negative fraction attains its maximum; and (4)
the screening test has high sensitivity. These conditions hold in many cancer screening trials.
Both investigators and statisticians should be reassured as to the accuracy of their estimates.
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Appendix A

Technical derivation of apparent accuracy in IDV design
Consider a study with an IDV design where the binary test result T is available for all
subjects. Based on results of T, subjects either receive the gold standard assessment of
disease (D) or an imperfect reference test R. Let V + indicate those that receive the gold
standard and V − those that receive the reference test. Then we calculate the following
probabilities:

Next, we derive equations 1–5 by using the values for the above probabilities as needed.

Equation 1 is obtained by replacing pc in the above equation with SeR − pa and pg with SpT
− ph. Equations 2–4 are calculated as follows.
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Figure 1.
Diagram illustrating IDV and CDV designs.
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Figure 2.
Percent bias in sensitivity (solid curve) and specificity (dashed curve) for CDV design where
the imperfect reference test is 100% specific but less than 100% sensitive. The percentage of
results misclassified is varied. Prevalence is 10% and SpT = 0.7.
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Figure 3.
Percent bias in sensitivity resulting from CDV designs. Left panels have true prevalence of
10% while the right panels have prevalence of 30%. Top row: SeT=0.5, SpT=0.8, SeR=0.7,
SpR=0.9; Middle row: SeT=0.7, SpT=0.9, SeR=0.7, SpR=0.9; Bottom row: SeT=0.9, SpT=0.9,
SeR=0.7, SpR=0.7. Minimum TNNF (solid line), median TNNF (dashed line), and maximum
TNNF (dotted line).
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Figure 4.
Percent bias in sensitivity resulting from IDV designs with τ = 0. Left panels have true
prevalence of 10% while the right panels have prevalence of 30%. Top row: SeT=0.5,
SpT=0.8, SeR=0.7, SpR=0.9, TPPF=0.3; Middle row: SeT=0.7, SpT=0.9, SeR=0.7, SpR=0.9,
TPPF=0.5; Bottom row: SeT=0.9, SpT=0.9, SeR=0.7, SpR=0.7, TPPF=0.65. Minimum TNNF
(solid line), median TNNF (dashed line), and maximum TNNF (dotted line).

Alonzo et al. Page 17

Stat Med. Author manuscript; available in PMC 2012 July 10.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



Figure 5.
Percent bias in PPV resulting from IDV designs with τ = 0. Left panels have true prevalence
of 10% while the right panels have prevalence of 30%. Top row: SeT=0.5, SpT=0.8, SeR=0.7,
SpR=0.9, TPPF=0.3; Middle row: SeT=0.7, SpT=0.9, SeR=0.7, SpR=0.9, TPPF=0.5; Bottom
row: SeT=0.9, SpT=0.9, SeR=0.7, SpR=0.7, TPPF=0.65. Minimum TNNF (solid line), median
TNNF (dashed line), and maximum TNNF (dotted line).
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Table 1

Cell probabilities for a study where all subjects receive screening test T, imperfect reference test R, and gold
standard D. Some of the cells will not be observed for studies with differential disease verification. pa + pb +
pc + pd = 1 and pe + pf + pg + ph = 1
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Table 3

True and apparent accuracy parameters for hypothetical breast cancer screening study with CDV design.

Parameter Truth Apparent value Bias Percent Bias

Prevalence 0.006 0.0753 0.0693 1154.7%

Sensitivity 0.79 0.063 −0.73 −92.0%

Specificity 0.90 0.893 −0.007 −0.83%

PPV 0.0 0.0 0.0 0.0%

NPV 0.999 0.921 −0.078 −7.7%
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