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Abstract

Dependence between the sensitivities or specificities of pairs of tests affects the sensitivity and
specificity of tests when used in combination. Compared with values expected if tests are
conditionally independent, a positive dependence in test sensitivity reduces the sensitivity of
parallel test interpretation and a positive dependence in test specificity reduces the specificity of
serial interpretation. We calculate conditional covariances as a measure of dependence between
binary tests and show their relationship to kappa (a chance-corrected measure of test agreement).
We use published data for toxoplasmosis and brucellosis in swine, and Johne’s disease in cattle to
illustrate calculation methods and to indicate the likely magnitude of the dependence between
serologic tests used for diagnosis and surveillance of animal diseases. © 2000 Elsevier Science
B.V. All rights reserved.
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1. Introduction

Combinations of tests are used in many diagnostic, health-certification, disease-
surveillance and eradication programs for livestock disease. Multiple tests might be done
on all samples or the tests might be done sequentially on a subset of samples depending
on results of the initial test. Decision rules are then applied to the test results to classify
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individuals as positive or negative. Typically, tests are assumed to be conditionally
independent and the theoretical sensitivities and specificities of tests in combination are
calculated directly from individual test values. However, for tests that measure similar
biologic processes such as serum antibody responses to infectious agents, it is logical to
expect that test results will be dependent, conditional on an animal’s true status. For
example, in an infected animal the serologic response measured by two different tests will
tend to follow a similar time-dependent pattern. False-negative test results on both tests
might be more likely early in the course of infection (e.g. first 14 days) or late in the
infectious process (especially if organisms have intracellular sites, e.g. Brucella sp. or
Mycobacterium sp.) or if agents become latent, e.g. pseudorabies virus. Similarly in non-
infected animals, false-positive serologic responses attributable to vaccination or cross-
reacting antibodies would also tend to be positively correlated on different serologic tests.

The need to consider the possibility of conditional dependence when multiple
diagnostic tests are used has been discussed by several authors (Politser, 1982; Jones and
McClatchey, 1988; Marshall, 1989; Chiecchio et al., 1994; Brenner, 1996). However,
there is little evidence in the medical or veterinary that researchers who evaluate multiple
tests for the same disease have considered test dependence. When we reviewed the
veterinary literature, we found only one study of serologic tests for swine brucellosis
(Ferris et al., 1995), in which the authors specifically referred to dependence of tests and
no studies that estimated the magnitude of the dependence.

Because the extent and implications of conditional dependence of tests for animal
diseases have not been adequately evaluated, we developed a mathematical model of
dependence and determined its effects when two tests are used for disease diagnosis. We
evaluated the extent of dependence using published data for tests for swine toxoplasmosis
(Dubey et al., 1995a,b), swine brucellosis (Ferris et al., 1995) and Johne’s disease
(paratuberculosis) in cattle (Collins et al., 1991; Sockett et al., 1992a,b). We demonstrate
that test dependence substantially changes the theoretical values of the sensitivity and
specificity of combined tests from those obtained when conditional independence is
assumed. In this paper, we only consider binary test results because although many
diagnostic test outcomes are ordinal or continuous, such results usually are dichotomized
to simplify interpretation and to allow decisions about interventions (treatment, culling, etc.).

2. Conditional dependence of tests

We begin with an example using two binary tests to explain the concepts of conditional
dependence and independence. The term ‘“‘conditional’ refers to the infection status of
animals as described in Section 2.1. We note that the terms ‘“‘dependence” and
“correlation” are used interchangeably by some authors (Politser, 1982; Chiecchio et al.,
1994) but the former term is preferable when binary tests are used and will be used by us.

2.1. Definition and example

Two tests are conditionally independent when the sensitivity (or specificity) of the
second test (T,) does not depend on whether results of the first test (T;) are positive or
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Table 1
Expected cell counts and marginal totals for two conditionally independent binary tests when used on samples
from 100 infected animals®

Test 2
+ -

Testl + 72 18 | 90

- 8 2 |10

80 20 100

* Sensitivities of tests 1 and 2 are 0.9 and 0.8, respectively.

negative among infected (or non-infected) individuals. For example, if a test with
sensitivity=0.9 is used to test a population of 100 infected animals, we would expect 10
animals to yield false-negative test results. If a second test with a sensitivity=0.8 is used
to test the 10 animals that tested negative initially and the two tests were conditionally
independent, then 8 of 10 animals would be expected to test-positive on the second test
(Table 1). Hence, the sensitivity of the second test is 0.8, regardless of results of the first
test, i.e. Pr(T,+ | T{+, infected)=Pr(T>+ | T;—, infected)=Pr(T, + | infected)=0.8.
Similarly, if T, were done first, conditional independence means that Pr(T;+ | Tr+,
infected)=Pr(T;+ | T,—, infected)=Pr(T;+ | infected)=0.9. We note that if either of the
tests is perfectly sensitive (specific), then the test sensitivities (specificities) are
conditionally independent by definition.

Conditional dependence of test sensitivities occurs when the second (first) test has
different sensitivities for infected animals that test-positive and for those that
test-negative on the first (second) test. If a positive dependence exists — which is
the most biologically plausible scenario — the sensitivity of T, among T;-negative
infected animals would be <0.8, and hence, fewer than 8 of 10 infected animals would be
expected to test-positive on the second test. If the second test failed to detect additional
infected animals (Table 2), then the dependence between the test sensitivities would be
complete and the combined sensitivity, assuming a positive on either test was positive,
would be 0.9. In Table 2, we note that Pr(T,+ | T+, infected)=80/90~0.89
compared with Pr(To+ | T;—, infected)=0. Also, note that when there is complete
dependence in test sensitivities but the sensitivities are not equal, there may be discordant
test results.

We can express conditional dependence between the sensitivities of two tests as
Pr(T;+ and T,+ | infected)#Pr(T;+ | infected)Pr(T,+ | infected). Alternatively, this
relationship can be written as Pr(T,+ | T+, infected)#Pr(T,+ | T;—, infected) and
Pr(T+ | T,+, infected)#Pr(T;+ | T,—, infected). Similar expressions apply to
dependence of test specificities but a dependence of test sensitivities does not necessarily
imply a dependence of test specificities and vice versa.
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Table 2
Expected cell counts and marginal totals for two completely dependent binary tests when used on samples from
100 infected animals®

Test2

+ -

Testl + 80 10 | 90

- 0| 10 | 10

80 20 100

 Sensitivities of tests 1 and 2 are 0.9 and 0.8, respectively, and the sensitivity covariance=0.08.

2.2. Estimation of dependence between test sensitivities and specificities

Assume that two binary tests are applied simultaneously to each individual in two
separate populations of infected and non-infected animals (defined by a “‘gold standard”
test). For each population, pairwise frequencies of test results can be cross-classified in a
2x2-table according to the true status of each animal tested (Table 3). Alternatively, cell
frequencies in the cross-classified tables can be represented as probabilities (p;;) where i
is the T result (1=positive, 0=negative), j is the T, result (1=positive, 0=negative) and k
is the infection status (1=infected, O=non-infected). These probabilities (Table 4) are
obtained by dividing the cell counts and marginal totals in the infected and non-infected
populations by n; and n,, respectively (Table 3). In the infected population table, the
marginal probabilities are the sensitivities (Se) and false-negative proportions for the two

Table 3
Observed cell counts and marginal totals of pairwise test results for two binary tests when used on samples from
infected and non-infected animals

Infected Non-infected

Test2 Test2

+ - + -
Testl + a b [ath + e f |[etf
- c d |ctd - g h |gth

atc b+d n, etg f+th n,
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Table 4
Observed cell probabilities (p;j) of pairwise test results for two binary tests when used on samples from infected
and non-infected animals®

Infected Non-infected
Test 2 Test 2
+ - + -
Testl + P Pio1 Se, +1 Puo Pio | 1-Sp,
- Poi Poour |1-Se; - Poro Pooo Sp,
Se, 1-Se, 1 1-Sp,  Sp, 1

 Subscripts i and j denote test results (1=positive, 0=negative) for tests 1 and 2, respectively, and k denotes
infection status (l=infected, O=non-infected). Marginal probabilities are from the sensitivity (Se) and
specificity (Sp) of each test.

tests. Similarly, in the non-infected-population table, the marginal probabilities are the
respective test specificities (Sp) and false-positive proportions. If tests are conditionally
independent, then the expected proportion of infected animals that will test positive on
both tests is Se;Se, (pq1; in the left 2x2-table in Table 4). Similarly, the expected
proportion of non-infected animals that will test negative on both tests is Sp;Sp> (Pooo in
the right 2x2-table in Table 4). Other probabilities can be similarly calculated.

When tests are conditionally dependent, expected and observed proportions of the
four pairwise combinations of test results (T{+T,+, T;+T,—, T;—T,+, and T;—T,—)
differ. Denote ys.=p;11—Se;Se, and ysp=pooo—Sp1Sp,. These terms, ys. and ys., are
the conditional covariances between the test outcomes in the two populations of
infected and non-infected animals, respectively. The magnitude of the conditional
covariances is directly affected by the magnitude of the Se and Sp values. The limits for
Yse and yg, are

max(—(1 — Se;)(1 — Sez), —Se;Sez) < yge < min(Se;(1 — Se,), Sex(1 — Sey))
max(—(1 = Sp;)(1 = Sp,), =Sp;Sp,) < 75, < min(Sp; (1 — Sp,), Sp,(1 - Spy))

These bounds apply both to true probabilities and to estimates based on an observed
table of data (in which case the bounds apply to the estimates and not to the
true parameter values). A ys.>0 means a positive dependence in sensitivities and a
7se<0 means a negative dependence in sensitivities. Similar interpretations apply to s,
values. Low absolute values of ys. and ys, are desirable if tests are to be used in
combination.

Inclusion of conditional covariances in the calculations results in the general
formulation of expected values for cell probabilities (Table 5). For the data in Table 2
(where complete dependence in test sensitivities exists), 75.=0.8—0.72=0.08. The
estimate of 0.08 is also the upper limit for yg., i.e. minimum of (0.8)(0.1) and (0.9)(0.2).
Because covariance values do not provide a direct measure of the magnitude of
dependence, it is useful to express the covariance as a proportion or percentage of the
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Table 5
Observed (p;x) and expected cell probabilities for results of two binary tests in infected and non-infected
animals®

Observed probability Expected value
Infected animals

Pin Se Sex+yse

Pio1 Se (1—Sez)—7se
Pori (1—-Sep)Ser—7se

Poo1 (1—=Se)(1-Sex)+yse
Non-infected animals

Pi1o (1=Sp1)(1—=Sp2)+7sp
P1oo (1-Sp1)Spa—ysp
Polo Spi(1=Sp2)—7sp
Dooo Sp1Sp2+ysp

 Probabilities are functions of sensitivity (Se), specificity (Sp), sensitivity covariance (ys.), and specificity
covariance (ysp).

maximal possible value. For example, two other tests which both have Se=0.5 could also
have a y5.=0.08 but this would only be 32% of the upper bound for ys. of 0.25.

For the data in Tables 1 and 2, independence and complete dependence, respectively,
we calculated 95% confidence intervals (CIs) for sensitivity covariances to be —0.02—
0.03 and 0.04-0.13, respectively, using the method described below. In the former case,
because the CI includes 0, one would not reject the null hypothesis that the test
sensitivities are independent, whereas in the latter case one would. Also in the latter case,
it may seem contradictory that the CI exceeds the maximal range of ys. determined from
the observed test sensitivities. However, the true sensitivities are unknown and may differ
from the observed values so as to enable a wider range of sensitivity covariances.
Therefore, whenever the covariance bounds are determined from observed data, one
should be aware that they are also subject to uncertainty.

2.2.1. Formal estimation of conditional covariances

From the observed cell counts (Table 3), the conditional covariances are estimated by
ySe:a/nl—(a+b)(a+c)/n12 and similarly for ys,. These intuitive estimates are also the
maximum-likelihood estimates. A commonly used measure of the strength of association
between two binary outcomes is the odds ratio (OR). There are separate ORs for infected
and non-infected populations (denoted OR; and OR,, respectively). In Table S,
OR1=p111P001/Po11P101 and ORo=p110P00o/Po1oP100-

Note that independence of sensitivities (ys.=0) corresponds to OR;=1, so that standard
tests apply to this hypothesis. However, because s, is not only a function of OR but also
of the marginal probabilities Se; and Se,, CIs for the OR do not readily translate to CIs
for ys.. To compute Cls for ys., we used a general method based on the so-called profile
likelihood (Venzon and Moolgavkar, 1988). Recent comparisons of CIs for related
quantities in 2 x2-tables have shown this method to perform well (Newcombe, 1998a,b).
The 95% CI consists of those values of y for which the likelihood-ratio test of the
hypothesis ys.=) would not be rejected at the 5% level for the observed table of data. In
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particular, the likelihood-ratio test of independence is significant at the 5% level exactly
when 0 is not contained in the 95% CI. Our implementation of the method (available
from the authors on request) performs a direct maximization of the profile likelihood for a
range of fixed values of yg.. Similarly, OR, can be used to describe vsgp.

2.3. Relationship between test covariances and kappa

Kappa (k) is a widely used measure of test agreement (Maclure and Willett, 1987) and
is calculated as the ratio of the difference between the observed agreement (p,,s) and
chance agreement (p.) to the maximal possible agreement beyond chance

= Pobs — Pc (1)
1 - Pe

The magnitude of k in a mixed population of infected and non-infected animals is
dependent on seven factors: sensitivity and specificity of each test, prevalence of
infection, and sensitivity and specificity covariances between the tests. Because
prevalence strongly affects x, comparison and interpretation of x values from different
studies can be problematic (Thompson and Walter, 1988). However, if estimates of x are
calculated separately for infected and non-infected populations — denoted as x; and ko,
respectively — it can be readily shown that these estimates depend only on the respective
test parameters and covariances. For infected animals (Table 5),
Pobs=P111FPo0o1=(Se1Sex+7se)+[(1—Se;)(1—Se,)+7se]. The proportion of chance agree-
ment, p., is computed from the table margins and equals Se;Se,+(1—Se;)(1—Se,).

Substitution of these values for po,s and p. in Eq. (1) gives

— 2ySe
Sel(l — Sez) + Sez(l — Sel)

K @)
For the data in Table 2, where Se;=0.9 and Se,=0.8 and there is complete dependence in
test sensitivities (7g.=0.08), «;=2(0.08)/[(0.9)(0.2)+(0.8)(0.1)]=0.62.

Because of the symmetric nature of calculations for p,,s and p. (see Tables 4 and 5), it
is straightforward to show that the value for i can be obtained by substitution of yg, Spi,
and Sp, for ys., Se;, and Se,, respectively:

R — 2VSp
o =
Sp; (1 — Sp,) + Spy(1 — Spy)

If test sensitivities are conditionally independent (Table 1), then x;=ys.=0 and if test
specificities are conditionally independent, then xy=ys,=0. However, when there is
complete dependence in test sensitivities, x;=1 only if the test sensitivities are equal
(compare Eq. (2) with the sensitivity covariance bounds in Section 2.2).

3

3. Sensitivities, specificities, and predictive values of combined tests

Although many interpretation schemes are possible (especially when >2 tests are used),
parallel and serial interpretation are most commonly used. Parallel interpretation schemes
— also known as “OR” schemes — (positive on at least one test is positive, negative
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otherwise) are used to maximize sensitivity. Parallel interpretation typically is used in
animal trade because the primary goal is to detect all infected animals in a shipment.
Animals that are positive on at least one test usually are excluded from shipment and
animals testing negative are usually considered eligible for movement (MacDiarmid,
1993). Serial interpretation schemes — also known as “AND” schemes (positive on all
tests is positive, negative otherwise) — are used when the goal is to maximize the
specificity of diagnosis. Serial interpretation is most appropriate when the cost of a false-
positive diagnosis is high (e.g. Johne’s disease in a bull of high genetic merit).

3.1. Sensitivity and specificity of combined tests

If values for sensitivities, specificities and test covariances have been estimated, it is
possible to calculate general formulas for the sensitivities and specificities of combined
tests using expected values from Table 5. For a parallel-interpretation scheme, the
sensitivity is thus 1—pgo;=1—(1—Se;)(1—-Se,)—7yse, and the specificity is
Pooo=Sp1Sp2+7sp. For a serial-interpretation scheme, the sensitivity is p1;=Se;Sex+7yse,
and the specificity is 1—p;10=1—(1—Sp;)(1—-Sp,)—7sp. Compared with values calculated
assuming conditional independence, a positive sensitivity covariance reduces the
expected gain in sensitivity from parallel testing and a positive specificity covariance
reduces the expected gain in specificity from serial testing.

When test covariances are at their maximum values, and the performance of tests
differs (such that Se,;>Se, and Sp;>Sp,), then the above relationships can be simplified.
For a parallel-interpretation scheme, the sensitivity and specificity of the combined tests
reduce to Se; and Sp,, respectively. For example, for tests of Se=0.9 and Se=0.8 and
positive test dependence, the expected sensitivity of a parallel-interpretation scheme
would range from 0.98 (conditional independence in Table 1) to 0.9 (complete
dependence in Table 2). For a serial-interpretation scheme, the sensitivity and specificity
of the combined tests, if complete dependence exists, are Se, and Sp;, respectively.

Knowledge of test dependence can aid test selection. Suppose that an investigator had
the opportunity to choose two of three tests, of comparable cost and ease of performance,
for use in a parallel testing scheme for early detection of infection. These tests were
shown to have sensitivities of 0.9, 0.8 and 0.7. If test sensitivities were independent, the
best choice would be the two most-sensitive tests. However, if their sensitivities were
dependent, a combination of the two least sensitive — but conditionally independent —
tests might yield better or at least comparable sensitivity. In this example (ys.=0), the
sensitivity of the parallel testing scheme for the 0.8 and 0.7 combination of independent
tests would be 1—(1—0.8)(1—0.7)=0.94 compared with a value of 0.9 for the 0.9 and 0.8
combination, assuming that the latter combination was completely positively dependent.
Negative dependence would yield even higher sensitivity of parallel tests, but we consider
this scenario to be unlikely and practically unimportant, at least for serologic tests.

3.2. Predictive values

Estimates in Table 5 can be used with Bayes’ theorem to derive predictive values for
the four combinations of test results (Table 6). In a serial-interpretation scheme, only a



LA. Gardner et al./Preventive Veterinary Medicine 45 (2000) 107-122 115

Table 6
Predictive values of two tests (1 and 2) applied to a population with disease prevalence, P, including sensitivity
¥se) and specificity (ysp) covariances

Test results Pr(D+ | test results)
1 2
n n (SeiSes + g )P

(SeiSez + e )P+ ((1 — Spy)(1 — Spy) +7p)(1 = P)
n B (Se1(1 — Sez) — 5. )P

(Sei(1 —Sez) — yge)P + ((1 —Spy)Sp, — ysp) (1 — P)
) N (1 = Se1)Ser — 5P

((1 —Sey)Sez — yse)P + (Sp; (1 — Sp,) — 75,)(1 = P)
((1 —Ser)(1 — Se) + 7se)P
((1 —Sei)(1 —Sea) + yse)P + (Sp;Sp; + 7sp) (1 — P)

positive result on both tests would be considered positive and this value can be obtained
directly from the table. For a parallel-interpretation scheme, only negative results on both
tests would be considered negative; hence, the predictive value of a positive result
(considering any positive result as positive) would be 1—Pr(T;—T,—).

When a single test is used, the gain in certainty from a positive or negative test can be
assessed by comparing the pre-test and post-test probabilities. This gain can be expressed
as a difference or as percentage change relative to the pre-test probability (Connell and
Koepsell, 1985). The same approach to estimate gain in certainty can be readily extended
to the use of multiple tests.

4. Examples

We obtained data from test-evaluation studies for toxoplasmosis (Dubey et al.,
1995a,b) and brucellosis (Ferris et al., 1995) in pigs, and Johne’s disease in cattle (Collins
et al., 1991; Sockett et al., 1992a,b) from the respective authors. Each data set included
test results and true infection status as defined by the ““gold standard” test. We calculated
covariances and 95% CI, covariances expressed as a percentage of their maximum
possible values, and x values for pairs of tests.

4.1. Swine toxoplasmosis

Ingestion of undercooked infected pork is considered an important source of human
toxoplasmosis. Serologic screening may have future use for surveillance of animal
populations and certification of freedom from Toxoplasma gondii. Dubey et al. (1995b)
compared five serologic tests (modified agglutination test, latex-agglutination test,
indirect hemagglutination test, enzyme-linked immunosorbent assay (ELISA) and Sabin—
Feldman dye test) for the diagnosis of toxoplasmosis in 1000 naturally exposed sows
(isolation of T. gondii from cardiac muscle was the reference test). Isolations were done in
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Table 7
Test covariances (95% CI), covariances expressed as a proportion of their maximum value and kappa for five
serologic tests for T. gondii in pigs®

Tests Sensitivity Covariance/ Kappa  Specificity Covariance/ Kappa

covariance maximum covariance maximum

(95% CI) value (95% CI) value
IHAT® MAT® 0.05 (0.03, 0.07) 1.0 0.16 0.01 (0.00, 0.02) 0.53 0.14
LAT? MAT 0.08 (0.06, 0.10) 1.0 0.30 0.02 (0.01, 0.03) 0.70 0.32
ELISA® MAT 0.08 (0.05, 0.11) 0.66 0.47 0.04 (0.03, 0.06) 0.51 041
DT' MAT 0.09 (0.07, 0.12) 1.0 0.40 0.04 (0.03, 0.05) 0.45 0.40
LAT THAT 0.14 (0.11, 0.16)  0.85 0.56 0.01 (0.00, 0.02) 0.63 0.44
ELISA THAT 0.06 (0.04, 0.09) 0.78 0.21 0.01 (0.00, 0.01) 0.50 0.09
DT IHAT 0.06 (0.03, 0.10) 0.47 0.25 0.01 (0.00, 0.01) 0.29 0.09
ELISA LAT 0.08 (0.05, 0.11)  0.66 0.32 0.02 (0.01, 0.03) 0.60 0.20
DT LAT 0.08 (0.05, 0.12)  0.40 0.33 0.02 (0.01, 0.03) 0.52 0.25
DT ELISA 0.09 (0.06, 0.12)  0.59 0.36 0.03 (0.02, 0.04) 0.38 0.28

? Data from Dubey et al. (1995a,b).

® Indirect hemagglutination test (Se=0.29, Sp=0.98).

¢ Modified agglutination test (Se=0.83, Sp=0.90).

9 Latex-agglutination test (Se=0.46, Sp=0.97).

¢ Enzyme-linked immunosorbent assay (Se=0.73, Sp=0.86).
f Sabin—Feldman dye test (Se=0.54, Sp=0.91).

mice (all sows) and cats (183 sows). If 7. gondii was isolated from either mice or cats, the
sow was considered infected. Our analysis indicated pairwise sensitivity and specificity
covariances from 40 to 100% and from 29 to 70% of their maximum values, respectively
(Table 7). Confidence intervals for all sensitivity and specificity covariances excluded O.

4.2. Swine brucellosis

Screening for brucellosis in swine herds has typically been done by serologic methods.
Ferris et al. (1995) compared six serologic tests commonly used at diagnostic laboratories
in USA: particle-concentration fluorescence immunoassay, the automated complement-
fixation assay, the card test, the buffered acidified-plate antigen assay, the standard tube
test and the rivanol test. Serologic-test results were compared with culture results of eight
lymph nodes collected at slaughter from 221 swine from 39 known brucellosis-infected
herds. Consistent with the authors’ conclusion that there was a high degree of dependence
among test results of infected pigs, we found high positive (>77% of maximum value)
sensitivity and specificity covariances for all pairs of tests. Nine of 15 pairwise test
combinations had complete dependence in both sensitivity and specificity (Table 8).

4.3. Johnes disease in cattle

Ante-mortem diagnosis of subclinical Johne’s disease in cattle is based on culture of
feces for M. paratuberculosis and serologic testing. Until about 1990, the complement-
fixation (CF) test was the standard serologic test for Johne’s disease but ELISAs and an
agar-gel immunodiffusion (AGID) were also developed. A repository of samples from
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Table 8
Test covariances (95% CI), covariances expressed as a proportion of their maximum values and kappa for six
serologic tests for swine brucellosis®

Tests Sensitivity Covariance/ Kappa  Specificity Covariance/ Kappa

covariance maximum covariance maximum

(95% CI) value (95% CI) value
PCFIA® CARD® 0.13 (0.07, 0.19) 1.0 0.67 0.07 (0.04, 0.11) 1.0 0.83
ACF¢ CARD 0.16 (0.10, 0.21)  0.88 0.68 0.05 (0.03, 0.09)  0.90 0.78
BAPA® CARD 0.16 (0.10, 0.21) 1.0 0.79 0.07 (0.04, 0.11) 1.0 0.89
RIV' CARD 0.16 (0.09, 0.21)  0.77 0.66 0.04 (0.02, 0.08) 1.0 0.75
STT® CARD 0.12 (0.06, 0.18) 1.0 0.61 0.05 (0.03, 0.08) 1.0 0.25
ACF PCFIA 0.11 (0.06,0.16) 1.0 0.48 0.06 (0.03, 0.09) 1.0 0.71
BAPA PCFIA 0.15 (0.08, 0.21) 1.0 0.87 0.09 (0.06, 0.13) 1.0 0.94
RIV PCFIA 0.12 (0.07, 0.18) 1.0 0.54 0.04 (0.02, 0.08) 1.0 0.59
STT PCFIA 0.14 (0.07, 0.21) 1.0 0.93 0.06 (0.04, 0.09)  0.92 0.31
BAPA ACF 0.14 (0.08, 0.19) 1.0 0.58 0.06 (0.03, 0.09) 1.0 0.77
RIV ACF 0.20 (0.14, 0.23)  0.90 0.81 0.04 (0.02, 0.07)  0.87 0.77
STT ACF 0.10 (0.05, 0.15) 1.0 0.43 0.04 (0.02, 0.06) 1.0 0.20
RIV BAPA 0.13 (0.07, 0.18)  0.84 0.55 0.04 (0.02, 0.07) 1.0 0.64
STT BAPA 0.13 (0.07, 0.20) 1.0 0.80 0.05 (0.03, 0.08) 091 0.27
STT RIV 0.11 (0.06, 0.17) 1.0 0.48 0.03 (0.01, 0.05) 1.0 0.15

# Data from Ferris et al. (1995).

® Particle-concentration fluorescence immunoassay (Se=0.80, Sp=0.89).
¢ Card test (Se=0.67, Sp=0.92).

4 Automated complement-fixation test (Se=0.57, Sp=0.94).

¢ Buffered acidified-plate antigen test (Se=0.76, Sp=0.90).

fRivanol test (Se=0.58, Sp=0.95).

& Standard tube test (Se=0.83, Sp=0.62).

animals of known infection status allowed blinded evaluation of the sensitivity and
specificity of tests by several investigators (Collins et al., 1991; Ridge et al., 1991;
Sockett et al., 1992a,b). Our analysis of test dependence among pairs of five serologic
tests (three ELISAs, a CF and an AGID) indicated moderate-to-high positive sensitivity
covariances (53—89% of maximum values) and all CI for sensitivity covariances included
positive values only. On the other hand, specificity covariances were small and the CI
included O (Table 9).

4.4. Risk assessment of disease introduction

We follow with an application of test dependence to a simple risk assessment of disease
introduction when all inputs are known with certainty. Suppose that a dairy herd has a
history of Johne’s disease and the true prevalence (P) of disease is 2%. A dairyman in
another herd wants to buy n=10 replacement heifers from the source herd. Three options
are considered for introduction of heifers: no testing, testing by ELISA only, or testing by
ELISA and CF (estimates are done incorporating the sensitivity covariance estimate and
also ignoring the covariance, i.e. assuming conditional independence). What are the
comparative risks assuming that the recipient herd will become infected if at least one



Table 9
Test covariances (95% CI), covariances expressed as a proportion of their maximum value and kappa for five serologic tests for subclinical Johne’s disease in cattle®
Tests Sensitivity Covariance/ Kappa Specificity Covariance/ Kappa
covariance maximum covariance maximum
(95% CI) value (95% CI) value
UWELISA® ALLELISA® 0.09 (0.06, 0.13) 0.53 0.41 0.008 (—0.005, 0.027) 0.24 0.06
CSLELISA? ALLELISA 0.15 (0.12, 0.18) 0.81 0.59 —0.000 (—0.002, 0.009) 0 —0.02
AGID® ALLELISA 0.09 (0.06, 0.11) 0.79 0.32 0.000 (—0.001, 0.009) 0 0
CF* ALLELISA 0.12 (0.09, 0.15) 0.75 0.47 —0.000 (—0.002, 0.009) 0 —0.02
CSLELISA UWELISA 0.10 (0.07, 0.13) 0.71 0.37 0.002 (—0.004, 0.015) 0.32 0.02
AGID UWELISA 0.08 (0.05, 0.10) 0.93 0.26 0.000 (—0.003, 0.007) 0 0
CF UWELISA 0.10 (0.08, 0.13) 0.86 0.37 0.002 (—0.004, 0.015) 0.32 0.02
AGID CSLELISA 0.13 (0.10, 0.16) 0.89 0.56 0.000 (—0.000, 0.010) 0 0
CF CSLELISA 0.14 (0.10, 0.17) 0.63 0.56 —0.000 (—0.001, 0.009) 0 —0.01
CF AGID 0.13 (0.10, 0.16) 0.79 0.57 0.000 (—0.000, 0.010) 0 0

# Data from Collins et al. (1991) and Sockett et al. (1992a,b).

® University of Wisconsin enzyme-linked immunosorbent assay (Se=0.69, Sp=0.73).

¢ Allied Laboratories enzyme-linked immunosorbent assay (Se=0.59, Sp=0.95).

4 Commonwealth Serum Laboratories enzyme-linked immunosorbent assay (Se=0.44, Sp=0.99).
¢ Agar-gel immunodiffusion test (Se=0.27, Sp=1).

f Complement fixation test (Se=0.39, Sp=0.99).
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infected heifer is introduced? For the two testing options, assume that test-positive heifers
are rejected and only test-negative heifers are introduced. Another option is to reject the
shipment if any test-positive results are obtained but we do not consider this possibility in
our example.

From Table 9, ALLELISA has Se=0.59 and Sp=0.95, CF has Se=0.39 and Sp=0.99,
yse=0.12 and 7y,,=0 between the tests. Substitution of these values in the formulas in
Section 3.1 yields a sensitivity of the ALLELISA and CF in parallel of 0.63 (y5.=0.12) or
0.75 (yse assumed to be 0), and a specificity of 0.9405. Using a simple binomial model of
risk introduction, the probability of disease introduction if there is no testing=1—Pr (all
heifers are non-diseased)=1—(1—P)"=1—(0.98)'°=0.18. The negative predictive value
(NPV) for each testing scenario: ALLELISA, ALLELISA and CF with ys.=0.12, and
ALLELISA and CF assuming ys.=0 are then calculated. The resulting values are 0.9913,
0.9920, and 0.9946, respectively. Substitution of NPV values for (1—P) in the equation
above results in estimates of disease introduction risk of approximately 0.084, 0.077 and
0.053, respectively, compared with the unmitigated risk of 0.18. Because of the high
sensitivity covariance (75% of its maximum value), the addition of the CF test to the
testing protocol only minimally reduces the risk. Moreover, had the ALLELISA and CF
been assumed to be conditionally independent — which is typically done — the reduction
in disease risk would have been overestimated. The effects of uncertainty in input
parameters can be further assessed by stochastic risk modeling and the value of use of the
CF in addition to the ALLELISA can be evaluated by decision analysis (Smith, 1993; see
also Smith and Slenning, 2000).

5. Discussion

For all three diseases, there was a moderate-to-high positive dependence in test
sensitivities. On the other hand, the magnitude of positive dependence in specificities
varied with disease. For brucellosis, pairwise specificity and sensitivity covariances
were very high, which indicates that these tests measure essentially the same entity.
Hence, substantially less than six tests likely are needed for serologic screening programs
for brucellosis. For toxoplasmosis, specificities of the five serologic tests were
moderately dependent but for Johne’s disease, the specificities were independent. We
assumed that the “gold standard™ test result was valid for each disease. For brucellosis,
lymph-node culture was used as the standard and because culture-negative animals were
used from infected herds, it is possible that some animals used in the specificity
covariance calculations were truly infected. For toxoplasmosis, two types of direct
detection tests — mouse inoculation and cat feeding — were available as ‘““gold
standards”. Although the cat data may be considered more definitive, they were biased in
favor of sows with low antibody titers in the MAT and 6-fold more data were available by
including the mouse inoculations. Therefore, we decided to use the combination of cat
and mouse data for the present evaluation. For Johne’s disease, the definitive test was
isolation of M. paratuberculosis from fecal samples or tissues (terminal ileum or
ileocecal lymph node). We consider this to be an appropriate standard for comparison of
serologic tests.
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We selected these three diseases for study because authors were willing to provide the
original data and because test results were evaluated in a blinded fashion (which did not
introduce additional observer dependence). The magnitude of pairwise dependence for
other tests and diseases will differ, but our estimates should provide serologic-test users
with guidance as to typical numeric values for dependence. If data on covariances are not
available, it is reasonable to expect that the magnitude of conditional dependence should
depend on the degree of relatedness of the tests and type of antigen used. For example,
two enzyme-linked immunosorbent antibody (ELISA) assays using the same antigen
might be expected to have a stronger positive dependence than an ELISA and an AGID
test, which in turn should have a stronger dependence than an antibody ELISA and
bacterial culture of a different sample type. In our study, however, the sensitivity
covariances between all serologic tests were high regardless of test type. For example,
two ELISAs for Johne’s disease (UWELISA and ALLELISA, Table 9), which use the
same antigen and protocol but different cut-off values for interpretation, had similar
covariance values to other pairs of serologic tests. Similarly for toxoplasmosis, the
positive dependence in sensitivity was high regardless of test type or antigen source:
IHAT and LAT use soluble antigens attached to particles, the ELISA uses both soluble
antigens and suspended membrane antigens, and the dye test and MAT use unfragmented
parasites that are live and formalin-fixed, respectively.

We calculated conditional covariances as a simple measure of pairwise test dependence
because they can be used directly to calculate the sensitivity and specificity of tests in
combination. Covariance calculations can be extended to three or more tests; however,
other analytic techniques such as log-linear and logistic modeling are preferable to
investigate complicated dependence structures (see Hanson et al., 2000).

We emphasize that all covariance calculations were done at cut-off values for
sensitivity and specificity as reported in the published papers and it is likely that use of
other cut-off values for ordinal or continuous test results would have yielded different
findings. For continuous tests, it is also possible to evaluate quantitative results for tests in
combination. Instead of single cut-off points, methods such as discriminant analysis can
be used to construct classification contours in the space of the combined test results
(Schneider, 1994).

We demonstrated that k — when calculated based on true status — depended only on
test sensitivities or specificities and the respective covariances. However, it was
interesting to see that for brucellosis tests with complete pairwise dependence, x values
ranged from 0.15 to 0.93. Hence, arbitrary criteria recommended for interpretation of x
by authors such as Landis and Koch (1977) may be misleading when tested populations
only consist of infected or non-infected animals. We believe that test covariances likely
will have greater utility than x as a measure of pairwise dependence because covariances
can be used directly to calculate the expected sensitivity and specificity of tests in
combination.

In addition to use of two tests on a single occasion, there are other laboratory and field
situations in which test dependence might be important. For example, test-retest of the
same sample should yield test results that are strongly positively dependent, especially if
laboratory error is minimal. Second, repeated testing of animals over time (as occurs in
disease eradication programs) should also result in positive dependence. If an animal was
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chronically infected and test-negative, sequential samples would also tend to be test-
negative. Third, use of multiple tests on samples for several animals in a herd creates
another form of dependence because factors that affect sensitivity and specificity (and
presumably their respective covariances) might cluster among herds (Donald et al., 1994).
Investigation of test dependence in these other situations is warranted but was outside the
scope of the present study. Methods that address the problem of paired-sample designs for
evaluating two tests are described elsewhere (see Greiner et al., 2000).

6. Conclusions

Estimation of the dependence of sensitivities and specificities should be considered as
part of the analysis of studies comparing binary tests. We recommend that authors of
these studies report test covariances so that end-users who select and interpret results of
combinations of tests can have some indication whether the addition of more tests will
increase the certainty of diagnosis or just the cost of the testing program. As an
alternative, we recommend that authors report frequencies of all combinations of test
results by infection status so that the extent of test dependence can be evaluated by others.
Although our analysis was based on knowledge of infection status, it is possible to use
latent-class methods to evaluate conditional dependence in the absence of a ‘““gold
standard” — provided that there are sufficient populations or tests (see Enge et al., 2000).
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