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Abstract Compound tests can be used to save resources for classification or estima-
tion purposes in clinical trials and quality control. Nevertheless, the usually applied
methodologies are restricted to qualitative group tests. Moreover, when quantitative
compound tests are applied the problem is to ascertain whether the amount of some
substance of any individual in the group is greater or lower than a prefixed thresh-
old. An overview of discrete compound tests application highlights the advantages
(to save resources) and disadvantages (higher probabilityof misclassification), and
suggests criteria to assess the suitability of applying Dorfman’s methodology.

1 Introduction

Let p be the prevalence rate of some infection in a population withN individuals
and the Bernoulli trialsXi, i = 1, . . . ,N, denote the presence(Xi = 1) and absence
(Xi = 0) of the infection in thei-th member of the population, i.e.Xi ∼ Ber(p).
Moreover, the random variables (r.v.s)Xi will be consider mutually independent due
to the random sampling. Thus, the number of infected membersin a group of size
n is a r.v. with binomial distribution, i.e. I[n] ∼ Bin(n, p). In addition, suppose that
the identification of the infection is carried out by a clinical trial by counting the
number of a certain type of bacteria in a milliliter of blood.If this number is greater
than a given thresholdt the individual is classified as infected, otherwise is classified
as not infected (the opposite inequalities could also be applied with the appropriate
adaptations). Furthermore, let the number of bacteria in one ml of blood be given
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by the r.v.Yi. If Xi = 0 (uninfected individual), thenYi = Y−
i ∼ D0(θ0) whereD0

denotes some count distribution with support S0 ∈ N0 and parameters vectorθ0. If
Xi = 1 (infected individual), thenYi = Y+

i ∼ D1(θ1) whereD1 is some count dis-
tribution with support S1 ∈ N0 and parameters vectorθ1. In fact, the r.v.sY− and
Y+ can have the same support (at least partly, i.e. S0∩S1 = S 6= /0). Furthermore,
any classification methodology has a nonzero probability toperform an erroneous
classification for those values in S, which leads to the presence of misclassification
in the individual test (if S= /0 then there would be no problem of misclassification).
Nevertheless,Y−

i andY+
i must have some relationship to ensure that the probabil-

ity of misclassification is small, for instanceY+
i shall stochastically dominatesY−

i
(i.e. F

Y+
(x) ≤ F

Y− (x),∀x ∈ R), otherwise the test would not have much informa-
tion concerned with the infection. In some applicationsD0 andD1 denote the same
distribution with a change of location and a possible alteration of scale. The usual
applied distributions are the Poisson, the negative binomial, and the binomial dis-
tributions. The previously illustrated context will be used throughout this work in
the description of the proposed methodologies. However, the applicability of these
methods is not restricted to blood analysis, such as the screening of infectious dis-
eases like HIV (see [25, 26]), since it can easily be adjustedto be applied to any
fluid that can be mixed, e.g. in industrial quality control cf. [3, 10].

An overview of discrete compound tests application will be given in this section.
It is described how to perform compound tests, including itsgoals (estimation and
classification) as well as the main usual measures applied toevaluate the accuracy
of the test results. Hereafter, a new evaluation measure of the application of com-
pound tests in the presence of misclassification is proposedin order to identify the
situations in which the compound test can be applied withoutan excessive probabil-
ity of misclassification (section 2). Section 3 provides a detailed description of two
different methodologies to perform the compound tests and,therefore, to set up its
cut off points. In section 4 the performance of the two proposed methodologies is
investigated via simulation. Finally, the main conclusions are outlined in section 5.

1.1 Group/Compound Tests

In an individual test we are performing the statistical hypothesis test formalized
by H0 : Xi = 0 versusH1 : Xi = 1. If the cut off point is the thresholdt then the
significant level isα = P(Yi > t| Xi = 0) = P

(

Y−
i > t

)

and the power of the test
1− β = P(Yi > t| Xi = 1) = P

(

Y+
i > t

)

. To perform a compound test, oneml of
blood is taken from each of then members of the group and then mixed. Thus, we
get n ml of pooled blood where the number of bacteria is given byBn = ∑n

i=1Yi.
After being turned into a totally homogeneous fluid, it is withdraw, randomly, one
ml of this pooled fluid to test. The numberB1 of bacteria in thisml of fluid can be
computed using hierarchical models, more precisely by the application of a binomial
filter taking into account that each of theBn bacterias in then ml of blood has
probability n−1 of being in the chosenml. Therefore,B1 ∼ Bin

(

Bn,
1
n

)

, cf. [21].
This ml of pooled blood will be used to perform the compound test. Themain idea
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of this test is to identify if there is any infected member in the group. Thus, if the
test results negative then all member in the group are uninfected. Otherwise, at least
one member of the group must be infected. Therefore, the statistical hypothesis to
perform areH0 : ∑n

i=1 Xi = 0 versusH1 : ∑n
i=1 Xi ≥ 1. In fact, it aims to identify

if any of the individuals in the group(i = 1, . . . ,n) can be classified as infected,
i.e. if max(Y1, . . . ,Yn) > t, using the only available informationB1 – the number of
bacteria in theml of pooled blood. The significant level of the compound test isα =
P(Bi > t∗| ∑n

i=1 Xi = 0) and the power of the test 1−β = P(Bi > t∗| ∑n
i=1 Xi ≥ 1),

wheret∗ denotes the applied cut off point of the compound test.

1.2 Classification and Prevalence Rate Estimation

The use of compound test has two main goals: classification (categorization of each
individual as infected or not infected) and the estimation of the prevalence ratep.
Dorfman’s methodology was first used in the second World War in order to identify
all American soldiers infected with syphilis, cf. [5]. In this classification method-
ology all population is divided in groups withn individuals and a compound test
is performed to each group. As outlined in the previous subsection, if the result
is negative then all members are classified as not infected, otherwise at least one
member should be classified as infected. Consequently, individual tests are per-
formed in order to identify which elements are indeed infected. The main goal is
to compute the optimal dimensionn (according to the prevalence ratep) in order to
minimize the expected number of tests required to identify all infected individuals.
Whereas in individual tests it is required to performN tests to classify allN indi-
viduals in the population, in Dorfman’s methodology the expected number of tests
is E[Tn] = N

(

1
n +1− (1− p)n

)

. Hence, the relative cost (expected number of test
for the classification of each individual) is RC= n+1

n − (1− p)n, n ≥ 2, which can
be used to establish the optimal sizen for each prevalence ratep. If p ≤ 0.3 then
RC≤ 1 and, therefore, is better to use the Dorfman’s methodologythan individ-
ual tests. The optimal sizen for some prevalence ratesp can be found in [5, 21] and
elsewhere. Forp ≤ 0.12 it can be used a linear approximation and the optimal group
size can be approximate byn ≈ 1√

p +0.5 with good results, cf. [6]. In this work it
is considered that the cost of mixing samples is negligible [16] and therefore the
number of tests matches to the primary cost related to the classification procedure.

The first few classification methodologies considered the absence of misclassifi-
cation and were restricted to qualitative group tests (identification of the presence or
absence of some substance in the compound fluid). Subsequently, new algorithms
have been proposed in order to minimize the number of tests required for the correct
classification of all individuals in the population, mainlyapplying halving nested
procedures or hierarchical algorithms (generalizations of the Dorfman’s methodol-
ogy in which positive groups are repeatedly divided into smaller non-overlapping
subgroups until all members be individually tested, cf. [6,8, 13, 15, 23, 24]), square
array testing (with the use of overlapping pools, cf. [12, 19, 28]), and multidimen-
sional array algorithms (an extension to higher dimensional arrays, cf. [1, 20]).
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In addition, the use of compound tests can also be useful in the estimation of
the prevalence ratep as [22] exhibit. Under certain conditions, these estimators
have better performance than the estimators based on individual tests, allowing to
reduce the number of performed tests and simultaneously to achieve more accurate
estimates with respect to the bias, efficiency as well as robustness, cf. [4, 7, 9, 14,
17, 22] among others. Some packages with applications of several compound testing
estimators, such asbinGroup for the software [2], are available.

Nevertheless, in both cases (classification and estimation) the use of compound
tests should only be performed for low prevalence rates, as otherwise the individual
tests outperforms. In this work the compound tests will be used for classification
purposes applying the Dorfman’s methodology.

1.3 Misclassification Evaluation

The usual applied measure to evaluate the misclassificationproblem are the speci-
ficity, the sensitivity, the positive predictive value, andthe negative predictive value.
These measures can be defined for the individual test, for thecompound test, and
for the application of a specific methodology for classification.

1.3.1 Misclassification in Individual Tests

Performing individual tests, the individual specificity isthe probability of getting a
negative result (X−

i ) from a not infected individual, i.e.ϕe = P
(

X−
i | Xi = 0

)

, and
the individual sensitivity is the probability of getting a positive result (X+

i ) from
an infected individual, i.e.ϕs = P

(

X+
i | Xi = 1

)

. The positive predictive value is the
probability of having an infected sample in a positive individual test, i.e. PPV=
P
(

Xi = 1| X+
i

)

, and the negative predictive value is the probability of having an
uninfected sample in a negative individual test, i.e. NPV= P

(

Xi = 0| X−
i

)

.

1.3.2 Misclassification in Compound Tests

Let us now consider compound tests performed to groups with size n, and letX [+,n]

andX [−,n] denote respectively a positive and a negative compound result. Hence,
the compound specificity is given byϕ [n]

e
= P(X [−,n]| I[n] = 0), and the compound

sensitivity byϕ [n]
s

= P(X [+,n]| I[n] ≥ 1). Nevertheless,ϕ [n]
s

depends of the number of
infected members in the group due to the dilution and consequent rarefaction of the
number of bacteria. Thus, settingϕ [ j,n]

s
= P(X [+,n]| I[n] = j), the rarefaction factor

can be added in theϕ [n]
s

computation, by doingϕ [n]
s

=∑n
j=1 ϕ [ j,n]

s
P(I[n] = j| I[n] ≥ 1),

cf. [21]. Moreover,ϕ [n]
s

≈ ϕ [1,n]
s

for low prevalence rates (see [21]). Similarly, the

compound positive predictive value is PPV[n] = P(∑n
i=1 Xi ≥ 1| X [+,n]) and the com-

pound negative predictive value NPV[n] = P(∑n
i=1 Xi = 0| X [−,n]). Generally, the

compound sensitivity decreases as the group size increases, due to the dilution. In
the literature there are different procedures in order to model the dilution factor,
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cf. [11, 21, 27, 29]. The selection of the most suitable procedure for group testing
depends on the sensitivity, the specificity and the monetarycosts of the process [16].

1.3.3 Misclassification in Classification Methodologies

The misclassification measures previously defined can be generalized in order to
measure the misclassification in some classification methodology M . Thus, the
same definitions are applied as in the individual tests, but the probabilities are com-
puted taking into consideration the application of the methodology under investi-
gation. Hence, theM methodology specificity is the probability of an uninfected
individual be classified as uninfected by the application ofthe M methodology.
Thus, the Dorfman’s methodology specificity is given by (cf.[21])

ϕen
= P

(

X−
i | Xi = 0

)

= ∑n−1
i=0 P

(

X−
1 | X1 = 0, I[n−1] = i

)

P
(

I[n−1] = i
)

, (1)

and, analogously, the Dorfman’s methodology sensitivity is given by

ϕsn
= P

(

X+
1 | X1 = 1

)

=
n−1

∑
i=0

P
(

X+
1 | X1 = 1, I[n−1] = i

)

P
(

I[n−1] = i
)

= ϕs ∑n−1
i=0 ϕ [i+1,n]

s
P
(

I[n−1] = i
)

. (2)

Furthermore, similar reasoning can be applied to the Dorfman’s positive predictive
value PPV

Dn
and Dorfman’s negative predictive value NPV

Dn
.

2 A Proposal to Measure the Quality of the Individual Test

In carrying out individual tests, if the thresholdt increases then the specificity in-
creases and the sensitivity decreases. Hence, if we improvethe specificity (sensitiv-
ity) then the sensitivity (specificity) gets worse analogously to the relation between
α (probability of error type I) andβ (probability of error type II) in a statistical
hypothesis test. Hence, the thresholdt allows the adjustment of the balance between
sensitivity and specificity and, thus, a thresholdte can be set in order to equalize
the sensitivity to the specificity (or, if not possible, to minimize its distance). The
value of these probabilities, denoted byφ , defines a measure of the quality of the
individual test performance.

Definition 1. In the individual test, the probabilityφ which verifiesϕs = ϕe = φ for
some thresholdte is the quality measure of the individual test performance QMITP.

A high value ofφ (in the neighborhood of the unit,φ ≈ 1) implies that the hy-
pothesis test has a low probability of misclassification. Otherwise, if φ is much
lower than 1, it implies a high probability of misclassification.

In fact, some information is lost when bloods are mixed. Hence, the compound
tests should not be applied in cases in whichφ is quite low, because the mixture will
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still further increase the probability of misclassification. Subsequently, compound
tests can only be applied if the individual tests have a good performance. Therefore,
in section 4 this quality measure of the individual test performance will be used in
simulation in order to assess if it can be also used to measurethe adequacy of the
application of compound tests.

3 Methodologies for the compound tests

In this section two different methodologies to perform the compound tests are de-
scribed. As in statistical hypothesis tests, it is impossible to improve the two proba-
bilities of misclassification and therefore only one can actually be controlled. Thus,
each of the applied methodology pretends to control one of these probabilities.
Moreover, the first methodology (the usual applied methodology which will be de-
noted byM1) controls the compound specificity insofar the second methodology
(M2) establishes the compound sensitivity.

3.1 The Usual Methodology –M1

The usual applied hypothesis test (first methodology –M1) is, cf. [21],

H0 : ∑n
i=1 Xi = 0

(

I[n] = 0
)

versusH1 : ∑n
i=1 Xi ≥ 1

(

I[n] ≥ 1
)

.

Hence, the test size is given byα = P(X [+,n]| ∑n
i=1 Xi = 0) = 1−ϕ [n]

e
and, there-

fore, the compound specificity is fixed. Thus, the specificityis controlled by setting
the value ofα, but it neglects the sensitivity, i.e. the occurrence of false negatives.
Moreover, by (1) theϕen

is equal to (see [21])

P
(

I[n−1] = 0
)[

ϕ [n]
e

+(1−ϕ [n]
e
)ϕe

]

+∑n−1
i=1 P

(

I[n−1] = i
)[

ϕ [i,n]
s

ϕe +
(

1−ϕ [i,n]
s

)]

and, therefore,ϕen
≥ ϕ [n]

e
. Hence, the Dorfman’s methodology specificity verifies

ϕen
≥ 1−α and the size of test sets a lower limit forϕen

.

3.2 An Alternative Methodology –M2

In most applications, it is essential to control the occurrence of false negative results
(i.e., to set the sensitivity). With this goal we propose an alternative methodology
M2, which corresponds to the hypothesis test

H0 : ∑n
i=1 Xi ≥ 1

(

I[n] ≥ 1
)

versusH1 : ∑n
i=1 Xi = 0

(

I[n] = 0
)

.



Discrete Compound Tests and Dorfman’s Methodology with Misclassification 7

The test sizeα is given byα = P(X [−,n]| ∑n
i=1 Xi ≥ 1) = 1−ϕ [n]

s
. Hence, the com-

pound sensitivity is fixed and, therefore, the probability of false negative results is
controlled. A seeming drawback ofM2 comparing withM1 is the complexity of the
cut off point computation due to the different scenarios inH0. However, in practice,
to compute the cut off point it can be considered the following hypothesis test

H0 : ∑n
i=1 Xi = 1

(

I[n] = 1
)

versusH1 : ∑n
i=1 Xi = 0

(

I[n] = 0
)

.

The results of applying this simplifiedM2 are quite similar toM2 because the prob-
ability of getting more than one infected individual in the group is quite low (as
previously stated for low prevalence rates, as is to be considered for the use of com-
pound tests). On the other hand, in this simplifiedM2 the significance level is given
by α = P(X [−,n]| ∑n

i=1 Xi = 1) = 1−ϕ [1,n]
s

, and thereforeα will set ϕ [1,n]
s

. In ad-
dition, as having just one infected individual in the group corresponds to the worst
case scenario, thenϕ [1,n]

s
≤ϕ [2,n]

s
≤ ·· · ≤ϕ [n,n]

s
, and consequentlyϕ [1,n]

s
≤ϕ [n]

s
. Thus,

theα value will set up a lower limit for the compound sensitivityϕ [n]
s

. Nevertheless,
by (2) the Dorfman’s sensitivity is lower than the compound sensitivity ϕsn

≤ ϕ [n]
s

.
Hence, the Dorfman’s sensitivity can be lower or higher than1−α. This simplified
methodology was already proposed in [18] but without any examination, which will
be carried out in the simulations performed in the section 4.

4 Simulation

The main goal of this simulations is to investigate the use ofthe second simplified
methodology as well as the quality measure of the individualtest performanceφ .

4.1 Simulation Settings

All simulations were performed in software using 106 groups in each simulation
and applying different prevalence ratesp, significance levelsα, group dimensionsn
and QMITPφ . The casen = 1 corresponds to the restricted use of individual tests.
For an infected individual the distributionD1 of Y+

i was defined through a change
of locationY+

i = µ ′+Y−
i in which µ ′ is computed in order to verify a specific value

for φ . The investigated measures were the Dorfman’s sensitivityϕsn
, specificityϕen

,
positive PPV

Dn
and negative NPV

Dn
predictive values, and the relative cost RC.

4.2 Results and Discussion

Table 1 shows the results of the application of both hypothesis test methodologies,
using a significance level of 5%, a prevalence rate of 1% andY−

i ∼ Poisson(100).
In addition, it were analyzed multiple groups dimensions although for p = 0.01
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Table 1 Simulations withα = 0.05, p = 0.01 (n∗ = 11), Y−
i ∼ Poisson(100), and 106 groups

MethodologyM1 MethodologyM2
ϕsn

ϕen
PPV

Dn
NPV

Dn
RC ϕsn

ϕen
PPV

Dn
NPV

Dn
RC

φ = 0.95
n = 1 94.11 95.71 18.02 99.94 100 94.11 95.71 18.02 99.94 100
n = 2 71.93 98.29 29.65 99.71 55.73 91.33 96.33 20.00 99.9174.10
n = 3 57.65 98.66 30.25 99.57 39.57 91.29 96.19 19.51 99.91 74.42
n = 5 44.39 98.90 29.02 99.44 27.15 90.44 96.16 19.20 99.90 77.86
n = 7 35.05 99.10 28.36 99.34 21.05 90.12 96.13 19.07 99.90 80.20
n = 10 28.51 99.23 27.15 99.28 16.77 90.29 96.07 18.81 99.90 84.16
n = 20 22.44 99.30 24.58 99.22 12.99 90.37 96.01 18.63 99.90 88.66
n = 30 18.36 99.40 23.56 99.18 11.02 90.70 95.97 18.48 99.90 90.94
n = 50 17.89 99.37 22.22 99.17 11.31 91.16 95.91 18.36 99.91 93.40
n = 100 16.81 99.36 21.06 99.16 11.78 91.48 95.88 18.32 99.91 95.12

φ = 0.99
n = 1 99.88 95.71 19.26 100 100 94.26 99.88 88.99 99.94 100
n = 2 95.33 98.13 34.15 99.95 56.82 94.66 98.29 35.94 99.94 56.17
n = 3 84.78 98.67 39.22 99.84 40.30 94.89 97.58 28.45 99.9548.79
n = 5 69.06 98.93 38.89 99.66 27.85 95.01 96.92 23.83 99.95 54.86
n = 7 56.15 99.06 37.67 99.55 22.45 95.65 96.61 22.20 99.95 63.57
n = 10 48.45 99.09 34.89 99.48 19.22 95.18 96.48 21.41 99.95 69.21
n = 20 34.16 99.23 31.01 99.33 14.55 95.96 96.19 20.27 99.96 82.07
n = 30 30.16 99.25 28.79 99.30 13.77 96.19 96.09 19.86 99.96 86.46
n = 50 26.65 99.26 26.69 99.26 13.53 96.44 96.01 19.63 99.96 90.23
n = 100 25.69 99.19 24.22 99.25 15.37 97.32 95.90 19.35 99.97 94.45

φ = 0.999
n = 1 100 95.70 19.37 100 100 94.00 100 99.83 99.94 100
n = 2 99.61 98.28 36.98 100 56.26 94.87 99.68 75.00 99.95 52.29
n = 3 97.17 98.57 40.71 99.97 41.21 94.48 99.02 49.35 99.94 38.88
n = 5 86.32 98.92 44.81 99.86 28.83 94.82 98.07 33.33 99.9536.82
n = 7 75.01 99.03 43.98 99.75 23.75 95.00 97.53 28.00 99.95 43.23
n = 10 62.65 99.11 41.62 99.62 20.00 95.14 97.11 24.96 99.95 52.43
n = 20 46.52 99.14 35.56 99.46 16.69 95.94 96.50 21.75 99.96 72.12
n = 30 39.71 99.17 32.53 99.39 15.66 96.33 96.28 20.68 99.96 80.31
n = 50 36.82 99.09 29.06 99.36 17.02 96.57 96.12 20.09 99.96 86.68
n = 100 35.09 98.98 25.79 99.34 19.80 97.92 95.91 19.49 99.98 94.05

the more efficient size in Dorfman’s methodology (without misclassification) is 11
individuals in each group (n∗ = 11). Nevertheless, the efficient size can correspond
to a case with high probability of misclassification which shall be avoid.

The simulation results clearly show that the two methodologies fulfill their goals:
whereas the significance level inM1 controlsϕen

, implying ϕen
≥ 1−α and in most

casesϕen
≈ 0.99, in M2 controlsϕsn

, despite ofϕsn
having a higher variability in

the case ofφ = 0.95. Besides, the observedϕsn
converge quickly to zero whenever

n increases inM1, but ϕen
still achieve good results inM2 even whenn increases.

The NPV
Dn

values are quite reasonable, but PPV
Dn

do not get so good performance.
These results are a consequence of working with low prevalence rates, and as such,
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Table 2 Simulations withφ = 0.99andY−
i ∼ Poisson(100)

MethodologyM1 MethodologyM2
ϕsn

ϕen
PPV

Dn
NPV

Dn
RC ϕsn

ϕen
PPV

Dn
NPV

Dn
RC

α = 0.10, and p = 0.01
n = 3 92.38 96.40 20.61 99.92 45.58 89.85 97.06 23.59 99.89 42.96
n = 5 79.19 97.10 21.69 99.78 32.93 89.68 95.50 16.82 99.89 42.61
n = 10 59.02 97.62 20.01 99.58 23.66 90.38 93.94 13.07 99.90 55.28
n = 20 46.83 97.72 17.17 99.45 20.76 91.07 93.04 11.66 99.90 68.31

α = 0.05, and p = 0.01
n = 3 84.78 98.67 39.22 99.84 40.30 94.89 97.58 28.45 99.95 48.79
n = 5 69.06 98.93 38.89 99.66 27.85 95.01 96.92 23.83 99.95 54.86
n = 10 48.45 99.09 34.89 99.48 19.22 95.18 96.48 21.41 99.95 69.21
n = 20 34.16 99.23 31.01 99.33 14.55 95.96 96.19 20.27 99.96 82.07

α = 0.01, and p = 0.01
n = 3 62.76 99.83 78.50 99.62 36.10 98.14 99.19 55.26 99.98 66.37
n = 5 40.97 99.88 77.23 99.41 22.82 98.05 99.17 54.38 99.98 76.30
n = 10 23.16 99.91 72.96 99.23 12.81 98.21 99.15 53.88 99.98 91.66
n = 20 16.84 99.92 68.24 99.17 08.48 98.28 99.14 53.57 99.98 96.78

p = 0.05 and α = 0.05
n = 3 85.83 98.44 74.45 99.25 49.44 95.06 97.44 66.22 99.73 58.08
n = 5 73.82 98.43 71.18 98.62 40.11 96.26 96.68 60.33 99.80 67.42
n = 10 60.22 98.42 66.60 97.92 33.71 96.48 96.28 57.60 99.81 80.82
n = 20 57.95 98.20 62.91 97.79 36.11 98.01 95.95 56.00 99.89 93.50

p = 0.01 and α = 0.05
n = 3 84.78 98.67 39.22 99.84 40.30 94.89 97.58 28.45 99.95 48.79
n = 5 69.06 98.93 38.89 99.66 27.85 95.01 96.92 23.83 99.95 54.86
n = 10 48.45 99.09 34.89 99.48 19.22 95.18 96.48 21.41 99.95 69.21
n = 20 34.16 99.23 31.01 99.33 14.55 95.96 96.19 20.27 99.96 82.07

p = 0.001, and α = 0.05
n = 3 83.49 98.72 6.19 99.98 38.16 94.28 97.60 3.82 99.99 46.63
n = 5 66.27 99.04 6.38 99.97 25.10 94.79 96.95 2.97 99.99 52.07
n = 10 44.04 99.31 6.02 99.94 15.30 94.59 96.54 2.67 99.99 65.76
n = 20 27.18 99.48 4.93 99.93 10.34 95.00 96.28 2.49 99.99 77.77

there are many uninfected groups and few infected ones in the106 simulated. InM1
it can be achieved a very low RC but with high probability of misclassification, while
in M2 the efficiency is not so good but bothϕsn

andϕsn
have good performance.

Table 2 investigates different prevalence ratesp ∈ {0.05,0.01,0.001} and mul-
tiple significance levelsα ∈ {0.1,0.05,0.01} with φ = 0.99. The results are as ex-
pected, i.e. theϕen

(ϕsn
) decreases and theϕsn

(ϕen
) increases in methodologyM1

(M2) when the significance level increases. Moreover, the use ofdifferent preva-
lence rates (all used rates are low, because compound test should not be used other-
wise) does not seem to have a major impact on the sensitivity and specificity.

Different distributions (Poisson, negative binomial, andbinomial) and different
parameters values (maintaining the same expected value in the distinct distributions)
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Table 3 Simulations withp = 0.01, φ = 0.99, α = 0.05

MethodologyM1 MethodologyM2
ϕsn

ϕen
PPV

Dn
NPV

Dn
RC ϕsn

ϕen
PPV

Dn
NPV

Dn
RC

Y−
i ∼ Poisson(10)

n = 3 84.52 98.49 36.11 99.84 40.33 94.70 97.34 26.42 99.95 47.77
n = 5 64.21 98.87 36.42 99.64 27.17 93.80 96.77 22.67 99.94 49.12
n = 10 43.99 99.08 32.70 99.43 17.88 94.70 96.08 19.65 99.94 65.49

Y−
i ∼ Negative Binomial(1, 1

11)
n = 3 75.90 98.19 29.84 99.75 40.45 94.48 97.25 25.88 99.94 45.11
n = 5 53.83 98.56 27.38 99.53 27.40 94.89 96.52 21.52 99.95 45.15
n = 10 37.03 98.90 25.36 99.36 17.74 95.34 96.00 19.41 99.95 59.94

Y−
i ∼ Binomial(20, 1

2)
n = 3 82.34 99.23 51.83 99.82 40.27 92.44 98.73 42.33 99.92 47.95
n = 5 63.05 99.45 53.58 99.62 27.26 93.20 98.46 37.99 99.93 54.00
n = 10 40.25 99.60 50.55 99.40 17.14 94.79 98.21 34.83 99.95 71.92

Y−
i ∼ Poisson(100)

n = 3 84.78 98.67 39.22 99.84 40.30 94.89 97.58 28.45 99.95 48.79
n = 5 69.06 98.93 38.89 99.66 27.85 95.01 96.92 23.83 99.95 54.86
n = 10 48.45 99.09 34.89 99.48 19.22 95.18 96.48 21.41 99.95 69.21

Y−
i ∼ Negative Binomial(1, 1

101)
n = 3 74.54 98.20 29.34 99.74 40.21 94.66 97.16 25.05 99.94 45.21
n = 5 53.63 98.54 27.15 99.53 27.37 94.96 96.43 21.23 99.95 44.99
n = 10 37.34 98.85 24.63 99.37 17.89 95.07 95.84 18.72 99.95 59.51

Y−
i ∼ Binomial(200, 1

2)
n = 3 82.85 98.79 40.87 99.82 40.33 94.44 97.66 28.98 99.94 51.03
n = 5 64.83 99.05 40.85 99.64 27.61 94.68 97.15 25.12 99.94 57.03
n = 10 46.03 99.20 36.74 99.46 18.83 95.13 96.78 22.95 99.95 71.48

Y−
i ∼ Poisson(1000)

n = 3 84.84 98.51 36.65 99.84 40.48 94.93 97.15 25.27 99.95 50.40
n = 5 68.91 98.75 35.59 99.69 28.36 95.15 96.45 21.19 99.95 56.28
n = 10 46.51 99.04 32.92 99.46 18.61 95.01 95.97 19.26 99.95 69.48

Y−
i ∼ Negative Binomial(1, 1

1001)
n = 3 77.40 98.12 29.58 99.77 40.54 95.03 97.14 25.26 99.95 45.23
n = 5 53.26 98.56 27.37 99.52 27.22 95.46 96.36 21.01 99.95 45.65
n = 10 37.13 98.85 24.61 99.36 17.79 95.68 95.78 18.61 99.95 60.45

Y−
i ∼ Binomial(2000, 1

2)
n = 3 84.87 98.56 37.31 99.85 40.52 94.66 97.31 26.24 99.94 49.95
n = 5 68.09 98.85 37.50 99.67 28.04 94.53 96.71 22.56 99.94 54.33
n = 10 48.80 99.02 33.56 99.48 19.39 94.91 96.19 20.15 99.95 69.12
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were analyzed in Table 3 in order to evaluate the impact in themisclassification.
Moreover, it was applied the same QMITP (φ = 0.99) in all investigated cases.
Hence, it seems that the shape of the applied distribution isnot important to assess
the problem of misclassification, but exclusively the valueof φ .

5 Final Remarks

The usualM1 methodology can be applied to control the specificity and minimize
the cost, as for screening cases, and our proposedM2 methodology can be applied
in order to control the sensitivity, therefore in epidemic cases. The optimum group
sizen depends on your purpose, since it can be greater if our main goal is to save
resources (and accepting having a higher probability of misclassification) or lower
if the main goal is to control the problem of misclassification (cases in which we
should use a smaller dimensionn to ensure a low probability of misclassification).
Furthermore, only if individual test has good performance (low probability of mis-
classification) the compound tests should be applied. Hence, the proposed quality
measure of the individual test performanceφ can be used to identify those situa-
tions. Moreover, the distributionD0 and the prevalence ratep do not seem to have
a major impact on Dorfman’s methodology misclassification problem if the sameφ
value is provided. A highφ value ensures a highϕsn

andϕen
in the newM2 method-

ology, although the RC remains quite high. The same highφ value only guarantees
a highϕen

in the usualM1 methodology and, therefore, it must be used with caution.
Nevertheless, in theM1 methodology, the RC rapidly decreases withn.

Acknowledgements Research partially sponsored by national funds through the Fundaç̃ao Na-
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