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Abstract

Objectives: The objective of this study was to study the impact of ignoring uncertainty by forcing dichotomous classification (presence
or absence) of the target disease on estimates of diagnostic accuracy of an index test.

Study Design and Setting: We evaluated the bias in estimated index test accuracy when forcing an expert panel to make a dichotomous
target disease classification for each individual. Data for various scenarios with expert panels were simulated by varying the number and
accuracy of “‘component reference tests’” available to the expert panel, index test sensitivity and specificity, and target disease prevalence.

Results: Index test accuracy estimates are likely to be biased when there is uncertainty surrounding the presence or absence of the
target disease. Direction and amount of bias depend on the number and accuracy of component reference tests, target disease prevalence,

and the true values of index test sensitivity and specificity.

Conclusion: In this simulation, forcing expert panels to make a dichotomous decision on target disease classification in the presence of
uncertainty leads to biased estimates of index test accuracy. Empirical studies are needed to demonstrate whether this bias can be reduced
by assigning a probability of target disease presence for each individual, or using advanced statistical methods to account for uncertainty in

target disease classification. © 2019 Elsevier Inc. All rights reserved.
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1. Introduction

In diagnostic test accuracy studies, the discriminatory
ability of the test of interest (index test) is evaluated by
comparing its results with those of the reference standard
in a group of individuals suspected of the target disease.
While analyzing this comparison, it is often assumed that
the reference standard can perfectly distinguish two groups
of individuals: those with and without the target disease
[1,2]. For many diseases, however, the best available refer-
ence standard is not perfect [3,4]. In the absence of a single
perfect test that can be held as the reference standard,
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alternative approaches have been proposed, including com-
posite reference standards (applying multiple tests and
combining their results using a fixed rule), latent class
models (using a statistical method to link multiple tests’ re-
sults to a latent class), and expert panels [5].

Using an expert panel is a common approach to assign a
final diagnosis in fields where an accepted reference standard
is lacking [6]. In such a panel, multiple experts combine infor-
mation from multiple tests, patient characteristics, and clinical
expertise to make a final decision on whether the target dis-
ease is present or absent for each individual. Typically, in
an expert panel, all individuals are ultimately classified as
either having or not having the target disease based on a
decision-making procedure, such as majority vote or by
consensus [6,7]. With this dichotomization (presence or
absence) of the target disease, measures of index test accuracy
can be calculated in the traditional way [8.,9].

Compared with a single-test error-prone reference stan-
dard, the panel diagnosis may improve reference standard
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What is new?

Key findings

e Ignoring uncertainty in target disease classification
by a reference standard leads to biased estimates of
sensitivity and specificity of the index test under
study.

What this adds to what was known?

o A step-by-step illustrative example is used to guide
readers through understanding the process that
leads to bias in estimates of sensitivity and speci-
ficity when ignoring uncertainty in the target dis-
ease classification, a situation that is common in
studies using an expert panel as reference standard.

e This adds to evidence of similar issues that can
occur when a composite reference standard is used.

What is the implication and what should change

now?

e Researchers involved in diagnostic studies using an
expert panel or composite reference standard
should consider obtaining estimates of target dis-
ease probability, or making use of advanced statis-
tical methods such as latent class analysis, to
account for diagnostic uncertainty.

accuracy and subsequently reduce reference standard bias
[5,10]. However, panel diagnoses almost by definition lead
to imperfect target disease classification, as evidenced by
studies of panel intraobserver and interobserver variability
[11—13]. Different experts within a panel can disagree on
the presence/absence of the target disease, in particular in
patients presenting with atypical signs and symptoms. Forc-
ing a dichotomous decision in every individual thus ignores
this uncertainty about the target disease status. Simply
ignoring this uncertainty may lead to biased accuracy esti-
mates of the index test under study. This has already been
demonstrated for composite reference standards using
explicit decision rules (e.g., at least two of four tests should
be positive to assign a target disease present classification
to an individual) [14,15], but has not been described in the
context of expert panels, which is the goal of this article.
In this study, we aim to assess the impact of dichotomi-
zation of the target disease classification on accuracy esti-
mates of the index test. An expert panel with multiple
imperfect tests at its disposal will be used as a reference
standard. We first present an example to illustrate how
ignoring uncertainty in the target disease classification
can lead to biased accuracy estimates of the index test.
Readers familiar with this type of bias can skip this section
(Section 2) and directly go to the description of the

methods and results of our simulation study, illustrating
the bias due to dichotomization of target disease status
across a range of scenarios. Implications of the results for
diagnostic research will be discussed, and alternative strate-
gies for reducing bias in index test accuracy estimates will
be proposed.

2. The source of bias: an illustrative example

Consider the following hypothetical example of 1,000
individuals with a target disease prevalence of 40% to
which an index test with sensitivity and specificity 80%
is applied. Assuming we have a perfect (gold) reference
standard, we can construct Table 1, which we will refer
to as the true contingency table.

Now suppose that there is no perfect reference standard,
and that the disease classification is made by a panel of ex-
perts. These expert panels are frequently applied in various
clinical domains such as psychiatric disorders and cardio-
vascular diseases when a single reference standard is lack-
ing [6]. For example, when assessing screening tools for
diagnosis of autism spectrum disorder, expert panels are
used as a reference standard, which requires (subjective)
interpretation of different components from the Diagnostic
and Statistical Manual of Mental Disorders [16,17]. Note
that in this article, we will not consider a continuous spec-
trum of target disease severity, but rather focus on expert
panel’s uncertainty regarding the presence or absence of a
single well-defined target condition.

Expert panels combine the results of several imperfect tests
to make the final classification whether the target disease is
present or absent. Each separate test available to the expert
panel will hereinafter be referred to as a “component test”.
We use the term component test in a broad sense, as any piece
of information (e.g., patient characteristic, biomarker, imag-
ing) that might help in making the disease classification. In
this example, we use two dichotomous component tests, the
first having a true sensitivity and specificity of 80%, and the
second a sensitivity and specificity of 90%. For simplicity,
we assume that the errors of these component tests are uncor-
related; in other words, the test results are conditional inde-
pendent given the true target disease status [18].

We simulate the implicit decisions by an expert panel on
target disease classification by making them explicit, solely
based on the assigned probability of target disease presence
given the component test results for any given individual. In-
dividuals are then classified to target disease present (i.e.,
probability of disease presence of 50% or higher) or target
disease absent (i.e., probability of disease presence below
50%). We assume that the panel is well calibrated (they
assign correct target disease presence probabilities) and
consistent (they apply the same threshold value of 50%
across all individuals when dichotomizing). Ultimately, the
panel is forced to classify each individual as either being dis-
ease present or disease absent. This final classification is
used to calculate sensitivity and specificity of the index test.
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Table 1. True contingency table for a hypothetical index test when
compared to a gold standard

Disease absent
(according to

Disease present
(according to

gold standard) gold standard) Total
Index test + 320 120 440
Index test — 80 480 560
Total 400 600 1,000

Because this is a simulation study, we know the true values
of sensitivity and specificity of the index test, and therefore,
the corresponding bias can be calculated.

In this example, there are four possible component refer-
ence test patterns (++, +—, —+, ——). The probability of
observing a specific test pattern is given by the sensitivity
(Se) and specificity (Sp) of the component tests, and the
target disease prevalence (prev). When a ++ pattern is
observed, the first and second component test are positive.
This can occur in two ways: an individual has the disease
and these are two true positive component test results [with
probability: prev*Secomp1*Se€comp2] Or an individual does not
have the disease and these are two false positive component
test results [with probability: (1—prev)*(1—Spcomp1)
*(1—Spcomp2)]- The total probability of observing pattern
~++ is the sum of these two probabilities. This can be gener-
alized for each possible component test pattern, obtaining the
following formulas for the probability of each pattern:

Pattern (k)

Probability for diseased cases

1 + + prev*Secomp1* S€comp2 +
2 -+ prev*(1—Secomp1)*Secompz +
3 + - prev*Secomp: “(1—Secomp2) +
4 - - prev*(1—Secomp1)*(1—Secomp2) —+

The probability of target disease presence given a compo-
nent test pattern can be derived by using Bayes’ theorem
[19,20]. For pattern ++, this post-test probability is given
by the probability of observing that pattern among diseased
[probability: prev*Secompi*Se€comp2] divided by the total
probability of getting that pattern [probability: prev*
Secompl*secomPZ + (1 _Prev)*(l _Spcompl)*(1 _Spcomp2)]~
Applying this line of reasoning to all component test patterns
leads to the following formulas:

Pattern (k)

Probability for diseased cases

1 ++ prev*Secomp1* S€comp2 /
2 -+ prev*(1—Secomp1)*Secomp2 /
3 + - prev*Secomp1 *(1—Secomp2) /
4 - - prev*(1—Secomp1)*(1—Secomp2)  /

For our illustrative example, in Table 2, we can see that
the probability of observing a component test pattern with
two positive test results is 30%, and within that component
test pattern, there is 96% (not 100%) probability of truly
having the target disease. Hence in a sample of 1,000 indi-
viduals, the expert panel will assign the target disease to all
300 individuals having the ++ pattern, of which only 288
would truly have the target disease.

In practice, the expert panel makes a dichotomous deci-
sion about the presence of the target disease for each indi-
vidual based on the results of the two component reference
tests. To reach this decision, the expert panel applies a
threshold (either implicitly or explicitly) on the probability
of target disease being present. An intuitive threshold for
dichotomizing disease status would be 50%, such that each
individual is classified to the most likely disease status (pre-
sent or absent). In our example, this would result in all in-
dividuals with component test pattern ++ and —+ being
classified as disease present, as their probabilities of having
the disease are higher than 50% (96% and 60%, respec-
tively). The remaining component test patterns have proba-
bilities below the 50% threshold; consequently, individuals
with these patterns will be classified as disease absent. We
will refer to component test patterns above the threshold as
dichotomous classification 1 (DC1) and under the threshold
as dichotomous classification 0 (DCO).

In our illustrative example, the expected distribution of
the 1,000 individuals can be calculated using the probabil-

Formulas for the probability for observing each possible component test pattern
Probability for nondiseased cases
(1—prev)*(1—Spcomp1)* (1 —Speompz)
(1—prev)*Spcomp1*(1—=Spcomp2)
(1—prev)*(1—-Spcomp1)*SPcomp2
(1—prev)*Speomp1*SPcomp2

ity of observing a component test pattern and the probabil-
ity of target disease presence (Table 2). In DCI there are
two test patterns (++ and —-+), in which 420
(300 + 120) individuals are classified as target disease pre-
sent, and of which 360 (288 + 72) are truly diseased. In the
test patterns in DCO (+— and ——), zero individuals are
classified as diseased, whereas in reality, 40 (32 + 8) are
truly diseased. From this, we can also derive that the prev-
alence according to the expert panel’s classification has

Formulas for the probability of disease presence within a component test pattern

Probability for observing component test pattern
(Prev*Secomp1 *Secomp2+(1—prev)*(1—Speomp1)* (1 —Speompz))
(prev*(1—Secomp1)*Secompz+(1—prev)*Speomp1 *(1—=Spcomp2))
(prev*Secomp1 * (1 —Secomp2)+(1—prev)*(1—Speomp1)* SPeomp2)
(prev*(1—Secomp1)*(1—Secompz)+(1—Prev)*Speomp1 *SPeomp2)
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Table 2. Distribution pattern of two component tests, mapped on a theoretical sample

Test pattern

Probability of target

Component  Probability of observing disease (given the Dichotomous Total® Truly disease  Truly disease
Component test 1 test 2 test pattern test pattern) class (DC) (n = 1,000) present (D1) absent (DO)
F 4 0.30 0.960 1 300 288 12
- + 0.12 0.600 1 120 72 48
i = 0.14 0.229 0 140 32 108
- - 0.44 0.018 0 440 8 432

The table shows how a sample with a known disease prevalence is classified by the expert panel. Dichotomous class (DC) is assigned using a

threshold for target disease presence probability of 50%.

@ Although individuals are classified as disease present (DC1) or disease absent (DCO), note that not all of them are.

changed from 40% to 42%. Note that within DC1, only
85% truly has the disease present, and in DCO, 93% is truly
nondiseased, hence a 15% overestimation of the number of
diseased individuals in DC1, and 7% overestimation of
nondiseased individuals in DCO.

Now we can construct the contingency table that we
would expect to obtain for our index test when compared
with the expert panel’s target disease classification. DC1
consists of component test patterns ++ and —+, of which
we know that 360 individuals are diseased (D1) and that the
remaining 60 are nondiseased (DO0). For simplicity, we will
denote these diseased individuals by N(D1, DC1) and non-
diseased individuals by N(DO, DC1). Given a positive index
test and its sensitivity (Seingex) and specificity (Spingex), We
can calculate the number of true positives Sejpgex ¥ N(D1,
DC1) and number of false positives (1—Spingex) *N(DO,
DC1) in DCI. This can also be carried out given a negative
index test, and for DCO, using the following formulas:

the expert panel in both directions and dividing by the total
number of individuals. For our example, this yields
(40 + 60)/1,000 = 10% misclassification.

3. Methods of the simulation study

We investigated a series of hypothetical scenarios to
study the impact of dichotomous classification of the target
disease on the bias in sensitivity and specificity estimates of
an index test. Each scenario consists of an expert panel with
multiple component tests at their disposal, with varying ac-
curacy (all less than 100%). The calculations as described
in the preceding illustrative example were used. For further
background on the methods used, we refer to the
Supplementary File.

Ten different expert panel scenarios were assessed in our
simulation study, described in Table 4. In the base scenario,

Index test + | DC1
Index test — | DC1 =
Index test + | DCO
Index test — | DCO =

Seindex * N(D1, DC1) + (1-Spjngex) *N(DO, DC1)
SPingex * N(DO, DC1) + (1—Seinged *N(D1, DC1)
Seindex * N(D1, DCO) + (1—-Spinged *N(DO, DCO)
SPingex * N(DO, DCO) + (1—Sejnger) *N(D1, DCO)

The resulting contingency table, which we refer to as the
observed contingency table, can be found in Table 3. This
table shows the shift between true disease status by a per-
fect (gold) reference standard and observed disease status
after disease classification by the expert panel (marked by
the gray arrows). The misclassification of true diseased
and nondiseased individuals resulting in the observed clas-
sification is indicated by the red arrows. Consider the cell
with a positive index test and disease present according
to classification. In the true contingency table, this con-
sisted of 320 individuals, whereas in the observed contin-
gency table, this number has dropped to 300.

Values for sensitivity and specificity of the index test are
calculated from the observed table, yielding 71.4% and
75.9%, respectively, which, compared with the true values
of 80%, correspond to a bias of 8.6% and 4.1%, respectively.
We can also derive the total proportion of misclassifications
by adding the misclassifications in disease classification by

the expert panel was provided with four component tests,
each with a sensitivity and specificity of 70%, and the
target disease prevalence was 20%. In other scenarios,
one of the following factors was varied: the number of
component tests (two, four, and eight), the diagnostic accu-
racy of these component tests (60%, 70%, 80%, and a com-
bination of high and low accuracy component tests), and
target disease prevalence (10%, 20%, and 40%). Threshold
for dichotomizing and assigning target disease status was
kept constant at 50% across all scenarios (i.e., classification
to the most likely target disease status). In all scenarios, we
assumed conditional independence between results of
component tests.

3.1. Performance of the expert panel

Diagnostic performance of the expert panel was assessed
by calculating the area under the receiver operator
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Table 3. An illustrative example showing the differences in contingency tables and accuracy when comparing an index test to a gold standard (true)
vs. an index test to an expert panel using two imperfect tests (observed)

Disease classification Disease present according Disease absent according
method to classification Reclassified to classification Total
Gold standard 320 120 440

HH

Index test +

Expert panel 300 140

Gold standard 80 480 560
Index test —

Expert panel 120 440

Gold standard 400 600 1,000
Total

Expert panel 420 580

Sensitivity Specificity

Gold standard (true value) 320/400 = 80.0% 480/600 = 80.0%
Expert panel (observed value) 300/420 = 71.4% 440/580 = 75.9%
Bias in estimates 80.0%—71.4% = 8.6% 80.0%—75.9% = 4.1%

The shift between true and observed disease classification is given by the gray arrows.

The shift between disease present and disease absent, resulting in the observed classification, is indicated by the red arrows.

Note that of the 420 individuals classified as disease present by the expert panel, only 360 actually have the disease, and of the 580 individ-
uals classified as disease absent by the expert panel, only 540 actually do not have the disease

Table 4. Description of expert panel scenarios

# of component reference Component reference Component reference Target disease
Scenario tests test sensitivity test specificity prevalence
Low number of tests® 2 70% 70% 20%
Medium number of tests®* 4 70% 70% 20%
High number of tests® 8 70% 70% 20%
Low accuracy” 4 60% 60% 20%
Medium accuracy”® 4 70% 70% 20%
High accuracy” 4 80% 80% 20%
Mirrored accuracy® 4 60%—70%—80%—90% 90%—80%—70%—60% 20%
Low prevalence® 4 70% 70% 10%
Medium prevalence®™ 4 70% 70% 20%
High prevalence® 4 70% 70% 40%

A probability of 50% was chosen as a threshold for dichotomization of the target disease.
“ Base scenarios.

@ Number of component tests altered

b Accuracy of component tests altered.

¢ Target disease prevalence altered.
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characteristic (AUROC) and the proportion of misclassifi-
cations [21]. AUROC is a measure for overall discrimina-
tive performance of the expert panel that can be derived
using probability of target disease presence as a continuous
cutoff threshold. The proportion of misclassifications was
calculated as the proportion of incorrect target disease clas-
sifications using the aforementioned threshold of 50% for
dichotomization.

3.2. Bias in sensitivity and specificity estimates of the
index test

We calculated the resulting bias in sensitivity and spec-
ificity estimates of the index test after dichotomous target
disease classification by the reference standard for each
of the scenarios. A comprehensive range (0—100%) of true
index test sensitivity and specificity values was analyzed to
assess the amount and direction of bias in each scenario.
Only either index test sensitivity or specificity was varied
at a time. When varying index test sensitivity, the speci-
ficity was kept constant at 80%. In a similar way, when
specificity was varied, the sensitivity was fixed at 80%.
Conditional independence between the index test and the
component tests was assumed.

4. Results of the simulation study
4.1. Performance of the expert panel

The expected distribution of component reference test
patterns and their corresponding probability of target

Classified as

Classified as

disease presence are visualized in Fig. 1. The bars visualize
the expected relative frequencies of target disease probabil-
ities corresponding to different component test patterns.
The total number of these patterns possible for a given sce-
nario is given by two to the power of the number of compo-
nent tests (i.e., 2% =16 patterns for the base scenario). One
bar may contain more than one component test pattern
when patterns have an equal probability of target disease
presence. Target disease probability estimates toward the
extremes (zero or one) are likely to yield the least incorrect
classifications; almost all individuals in these patterns are
likely to be either truly diseased or nondiseased; hence,
forced dichotomization of the expert panel will result in
minimal incorrect classifications. However, when there
are patterns around the target disease dichotomization
threshold (in this case 50%), and probability of observing
these patterns is high, the likelihood of errors after dichot-
omization will increase.

As shown in the figure, when all component tests have
identical accuracy, many combinations of component test
patterns will have the same probability of the target dis-
ease being present. When comparing the scenarios with
a low and high number of component tests, there was a
higher likelihood of observing test patterns closer to the
extremes for the latter, which resulted in higher discrimi-
nation (AUROC) and fewer misclassifications by the
expert panel. Similar trends were observed when
increasing the accuracy of the component tests. In the
mirrored accuracy scenario, there was more spread in
the probability of target disease presence for the various
combinations of component test patterns, but overall

Proportion of

target disease absent target disease present_ AUROC misclassifications
I I 0.784 0.174
2 component tests
|] | 0.874* 0.137*
4 component tests Il a
0.950 0.086
8 componenttests [ 1 i a
I] I] 0.710 0.195
60% accuracy Il | B
0.874* 0137
% 70% accuracy I I] | B
® I 0.967 0.058
2 80% accuracy | n n
0.940 0.086
Mirrored accuracy _n | s n
0.874 0.083
10% prevalence J]J] | i
0.874* 0.137*
20% prevalence Il I] | a
0.874 0.190
40% prevalence L I |
0% 25% 50% 75% 100%

Probability of target disease presence

Fig. 1. Distribution of component reference test patterns and their associated probability of target disease presence, for each scenario. Proportion
of misclassifications (at a threshold of 50% given by the red dotted line) and area under the receiver operator characteristic (AUROC) are given as
measures of diagnostic performance. If multiple component test patterns have the same probability of disease presence, they are aggregated
together in a bar. The base scenarios are marked with an asterisk. (For interpretation of the references to color in this figure legend, the reader

is referred to the Web version of this article.)
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provided similar discriminative performance (0.940 vs.
0.967) and proportion of misclassifications (0.086 vs.
0.058) compared with the high accuracy scenario.
Changes to the target disease prevalence did not affect
discriminative performance; however, it did affect the ex-
pected number of misclassifications.

4.2. Bias in sensitivity and specificity estimates of the
index test

Dichotomous target disease classifications by the expert
panels in the aforementioned scenarios were used to esti-
mate bias in sensitivity and specificity for a range of true
values of an index test (Fig. 2). In all investigated scenarios,
there was deviation from the reference line, indicating that
in virtually all cases, there is bias in estimates of index test
sensitivity and specificity. When considering the base sce-
nario, combined with for example true values of 80% sensi-
tivity and specificity of the index test, estimates for index
test sensitivity and specificity by the expert panel were
60% and 75%, respectively, leading to an absolute bias of
20% and 5%.

The amount of bias differed across scenarios. Fig. 2A
shows the shift for the low, medium, and high number of
component test scenarios. A larger number of component
tests resulted in a lower bias for both index test sensitivity
and specificity. In a similar fashion, increasing accuracy of
component tests led to less bias in estimates of sensitivity
and specificity. The mirrored and high accuracy scenarios
showed similar bias in estimates.

Although changes in target disease prevalence did not
affect the AUROC of the reference standard (Fig. 1), it
did produce irregular results in terms of bias of sensitivity
and specificity of the index test. In Fig. 2C, the bias in
sensitivity was highest at medium target disease prevalence,
lowest at high target disease prevalence, and intermediate at
the lowest target disease prevalence. This can be explained
by examining the distribution of test patterns shown in
Fig. 1. The difference in bias of sensitivity and specificity
estimates of an index test between two scenarios was influ-
enced by whether a component test results pattern shifted
across the threshold used in the dichotomization process.
For example, when looking at low and medium prevalence
scenarios, there was a shift of the fourth test pattern across

100% 100% 1 Z
£ ) z Z o
= 1 = S 75% A == )
5 5% Tl 5 & Scenario
= - - . @ -
2 piil i o = +- 2 component tests
5 50% Dt Cad 5 50% =]
1 pO o o b1 *- 4 component tests
2 = e
[o] = ol +- 8 component tests
€ ¥ €
= 25% 2 25% 1
7
w _ w
=
0% 1 0% 1
0% 25% 50% 75% 100% 0% 25% 50% 75% 100%
100% | 100% 1
s
¥
2 it 2 1t
= 75% e . 2 75% g e Scenario
B . -— ‘S % o
2 e S e +- 60% accuracy
g p i 1 -
5 50% 1 o o 50% - = 70% accuracy
-~y -
% s : - 2 —* % *- 80% accuracy
= =
% 25% A % 25% <+~ Mirrored accuracy
w w
(==
0% 1+ 0%
0% 25% 50% 75% 100% 0% 25% 50% 75% 100%
100% 100%
)
2 3 > ]
> - S -
:‘% 75% 1 " : i 'g 75% ,/'/:/': S
P - S 4 . cenario
5 O e Oy Q et
o o a . +- 10% prevalence
- 50% e 50% =
2 3 : o 8 = *- 20% prevalence
g - g *- 40% prevalence
2 25% 1 = 25%
w + w
&
0% 1 0%
0% 25% 50% 75% 100% 0% 25% 50% 75% 100%

True sensitivity

True specificity

Fig. 2. Range of true values of sensitivity and specificity of a hypothetical index test and their recalculated estimates. Scenarios with different num-
ber of component reference tests (A), accuracy (B), and prevalence (C) were taken for the reference standard. A reference line is given in solid
black. Dichotomization was based on a target disease probability threshold of 50%. Index test specificity was fixed at 80% when calculating sensi-

tivity, and vice versa.
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the 50% threshold. Individuals with that test pattern result
were suddenly all classified as disease being absent in the
low-prevalence scenario, and all as disease being present
in the medium prevalence scenario. As a consequence,
there was a strong increase in bias of sensitivity estimates,
whereas the effect on bias of specificity estimates was
limited.

5. Discussion

Forcing expert panels to dichotomize target disease clas-
sification leads to both target disease misclassification and
biased accuracy estimates of the index test under study,
even when individuals are consistently classified to their
most likely target disease status. A series of scenarios were
assessed in which an expert panel was given a set of
component reference tests with varying characteristics
combined with a range of true accuracy values for the index
test. Virtually all scenarios lead to biased index test accu-
racy estimates. Increasing the number and/or accuracy of
component reference tests reduced bias in the index test ac-
curacy estimates. Varying target disease prevalence led to
irregular shifts in bias of index test accuracy.

The scenarios that were investigated demonstrated a
structural underestimation of index test sensitivity and/or
specificity when (realistic) true values of at least 50% for
both parameters were considered. However, it would be
an error to assume that index test accuracy will always be
underestimated when expert panels are used as a reference
standard in diagnostic studies. In particular, the index test
results might be correlated (conditionally dependent) for
a given true disease status, which might lead to overestima-
tion rather than underestimation of sensitivity and/or spec-
ificity of the index test. In addition, in case of conditional
dependence between component reference test results, add-
ing more component tests may not always improve estima-
tion of the accuracy of the index test [14].

When looking at the distribution of the probability of
target disease presence for different component test pat-
terns (Fig. 1), one might anticipate that a symmetrical dis-
tribution (i.e., equal distributions left and right of the
threshold) will cancel out any target disease misclassifica-
tions made by a reference standard, which should then
consequently reduce bias in accuracy estimates of the index
test. When we simulated a scenario with such a symmetri-
cal distribution, bias in estimated index test sensitivity and
specificity were equal across the range of true values; how-
ever, more research is required to investigate whether this
minimalizes bias in sensitivity and specificity of the index
test.

One tempting option in diagnostic studies would be to
exclude individuals where there is significant uncertainty
about the true disease status, as these have the highest prob-
ability of leading to erroneous target disease classification
by the expert panel. However, this is ill-advised. Excluding

cases in which there is uncertainty about the true disease
status (i.e., close to the threshold) would mean the accuracy
of the index test would only be generalizable to the assess-
ment of the “easy’ cases that have a high probability of
either having or not having the target disease. This obvi-
ously does not represent the true target population of the in-
dex test; hence, such study patient exclusion will yield a
distorted and too optimistic accuracy of the index test.
Similar issues have been described for diagnostic
case—control studies [22—24].

Earlier studies have demonstrated similar effects on es-
timates of sensitivity and specificity of index tests when
composite reference standards based on explicit decision
rules were used [14,25]. Expert panels as reference stan-
dards deal with similar issues as these composite reference
standards, resulting in biased index test accuracy estimates.
However, unlike composite reference standards with
explicit decision rules, we studied the effect of target dis-
ease dichotomization based on the probability of target dis-
ease presence, which is commonly ignored when
developing a composite reference standard. A recent article
expressed further concerns regarding such types of compos-
ite reference standards, and suggested alternatives such as
latent class models to take into account uncertainty sur-
rounding target disease classification [15].

An alternative approach to minimize bias from dichoto-
mous classification of target disease status would be to
allow for probabilistic target disease estimates on a contin-
uous or ordinal scale, which have already been applied in a
few diagnostic settings [26,27]. Taking such probabilistic
estimates of target disease presence is currently seldom be-
ing applied in studies exploiting expert panels as a refer-
ence standard, however have been described in the
context of record linkage [28,29]. Some authors have sug-
gested obtaining ordinal target disease classes between
the traditional disease present and absent options, such as
“possible disease” and ‘“‘intermediate classes” [30,31].
Others have suggested using methods such as diagnostic
probability functions based on expert diagnosis to obtain
target disease probabilities [27]. Although, it has been
emphasized that eliciting expert judgments on disease sta-
tus is a complex task [32].

To fully appreciate the findings of this article, there are
some limitations that should be considered. First, in our
simulations, we have only considered dichotomous compo-
nent reference tests, whereas in practice, some test results
may produce continuous outcomes. Unless these contin-
uous tests can be used to perfectly separate individuals with
and without the target disease, uncertainty in target disease
classifications will remain present. Therefore, bias in index
test accuracy estimates after dichotomization of target dis-
ease classification based on continuous diagnostic compo-
nent reference tests, is also to be anticipated.

Secondly, we have not included conditional dependence
between component reference tests nor between component
tests and the index test. Conditional dependence is likely to
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be present in real-life situations, for instance, because tests
are likely to make fewer errors in more severe cases
compared with less severe cases [33]. We anticipate that
similar problems as observed would occur for test results
that are conditionally dependent. The exact influence of
dependent test results may be a complicated interplay be-
tween the mechanism of the dependence between the tests,
which may obviously vary between settings, the accuracy
of the component tests and index test, and the prevalence
of the disease [14]. While our results may be viewed as a
simplification, the fact that the bias occurs even in the
simplest situations should already be of great concern.

Finally, we have assumed that the expert panel is able to
correctly estimate the target disease probability for all indi-
viduals, and that these individuals are consistently classi-
fied to the target disease status with the highest
probability. In diagnostic research, this may not always
be realistic, especially when target disease probability esti-
mates of individuals are centered around the threshold for
dichotomous classification. Thus, we may expect even
more target disease classification errors when not all sub-
jects are classified to the target disease status with the high-
est probability.

Our findings are not only applicable to expert panels
serving as a reference standard in diagnostic studies, but
also to other situations in which a dichotomous outcome
classification is used, and uncertainty is not taken into ac-
count. Composite reference standards in diagnostic
research [34,35], adjudication committees used to classify
endpoints in intervention or prognostic studies [36], and
probabilistic medical record linkage [28,37,38], frequently
force dichotomization from their respective reference stan-
dards. As a result, similar biases may occur.

We conclude that dichotomizing target disease classifi-
cation by a reference standard based on multiple imperfect
component tests, such as a panel diagnosis, leads to biased
accuracy estimates of the index test in a simulation study.
The direction and magnitude of these biases were found
to depend on the combination of the number of component
reference tests, their accuracy, and the target disease prev-
alence. The bias found in this simulation study may not
reflect the true bias in an empirical setting, as more com-
plex interactions, such as conditional dependence and
misclassification by expert panels (e.g., classifying an indi-
vidual with a low probability of disease, as target disease
present) may be at play. To potentially reduce these biases,
alternatives to dichotomous classification of target disease
by the reference standard should be sought after, such as
obtaining target disease probability estimates per individual
from the expert panel, or via a latent class analysis [39].
Researchers involved in diagnostic studies that employ
expert panels as a reference standard should be wary that
solely asking for presence or absence of the target disease
will limit the ability of unbiased estimation of index test ac-
curacy. Performance of novel diagnostic tests needs to be
established accurately in diagnostic research, and it should

not have to suffer from the imperfectness of reference stan-
dard that it is being compared with.
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