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Abstract

Diagnostic test accuracy studies observe the result of a gold standard procedure that defines the presence or absence of
a disease and the result of a diagnostic test. They typically report the number of true positives, false positives, true
negatives and false negatives. However, diagnostic test outcomes can also be either non-evaluable positives or non-
evaluable negatives. We propose a novel model for the meta-analysis of diagnostic studies in the presence of non-
evaluable outcomes, which assumes independent multinomial distributions for the true and non-evaluable positives, and,
the true and non-evaluable negatives, conditional on the latent sensitivity, specificity, probability of non-evaluable
positives and probability of non-evaluable negatives in each study. For the random effects distribution of the latent
proportions, we employ a drawable vine copula that can successively model the dependence in the joint tails. Our
methodology is demonstrated with an extensive simulation study and applied to data from diagnostic accuracy studies of
coronary computed tomography angiography for the detection of coronary artery disease. The comparison of our
method with the existing approaches yields findings in the real data application that change the current conclusions.
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| Introduction

Diagnostic test accuracy studies observe the result of a gold standard procedure that defines the presence or
absence of a disease and the result of a diagnostic test. They typically report the number of true positives (diseased
subjects correctly diagnosed), false positives (non-diseased subjects incorrectly diagnosed as diseased), true neg-
atives (non-diseased subjects correctly diagnosed as non-disecased) and false negatives (diseased subjects incor-
rectly diagnosed as non-diseased). However, diagnostic test outcomes can be non-evaluable.! This is the case for
coronary computed tomography (CT) angiography studies which have non-evaluable results of index text in
various ways such as when transferring a segment/vessel to a patient based evaluation.’

Synthesis of diagnostic test accuracy studies is the most common medical application of multivariate meta-
analysis.>* The purpose of a meta-analysis of diagnostic test accuracy studies is to combine information over
different studies and provide an integrated analysis that will have more statistical power to detect an accurate
diagnostic test than an analysis based on a single study. Nevertheless, the existence of non-evaluable subjects is an
important issue that could lead to biased meta-analytic estimates of index test accuracy.>° Schuetz et al.” studied
different ad-hoc approaches dealing with diagnostic test non-evaluable subjects, such as non-evaluable subjects
are excluded from the study, non-evaluable positives (non-evaluable diseased subjects) are taken as true positives
and non-evaluable negatives (non-evaluable non-diseased subjects) are taken as false positives, non-evaluable
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positives are taken as false negatives and non-evaluable negatives are taken as true negatives, and non-evaluable
positives as false negatives and non-evaluable negatives as false positives. In all of these approaches, Schuetz
et al.” used the bivariate generalized linear mixed model (BGLMM)’ and concluded that excluding the index test
non-evaluable subjects leads to overestimation of the meta-analytic estimates of sensitivity and specificity and
recommended the intent-to-diagnose approach by treating non-evaluable positives as false negatives and non-
evaluable negatives as false positives.

Ma et al.’ used a trivariate generalized mixed model (TGLMM) approach by treating the non-evaluable
subjects as missing data under a missing at random assumption (MAR). Ma et al.,” with extensive simulation
studies, showed that the intent-to-diagnose approach” under-estimates both meta-analytic estimates of sensitivity
and specificity, while the TGLMM approach under the MAR assumption gives nearly unbiased estimates of
sensitivity, specificity and prevalence.

Nikoloulopoulos,® similar to Ma et al.,’ extended the vine copula mixed model for trivariate meta-analysis of
diagnostic test accuracy studies accounting for disease prevalence® to additionally account for non-evaluable
subjects. The extended trivariate vine copula mixed model includes the extended TGLMM as a special case
and can also model sensitivity, specificity and prevalence on the original scale. Nikoloulopoulos® demonstrated
that the extended TGLMM leads to biased meta-analytic estimates of sensitivity, specificity and prevalence when
the univariate random effects are misspecified and that the extended vine copula mixed model gives nearly unbi-
ased estimates of test accuracy indices and disease prevalence.

A recurrent theme underlying the methodologies of Ma et al.” and Nikoloulopoulos® is the need to make the
MAR assumption that cannot be verified based on the observed data. Hence, it is natural to be concerned about
robustness or sensitivity of inferences to departures from the MAR assumption. The within-study model assumes
that the number of true negatives, false negatives, false positives, true positives, non-evaluable negatives and non-
evaluable positives are multinomially distributed, given the latent (random) vector of sensitivity, specificity, dis-
ease prevalence, probability of non-evaluable positives and probability of non-evaluable negatives. Under the
MAR assumption, the multinomial probability mass function (pmf) decomposes into a product of independent
binomial pmfs given the random effects. Hence, the within-study model actually assumes that the number of true
negatives, number of true positives, number of diseased subjects, number of non-evaluable negatives and number
of non-evaluable positives are conditionally independent and binomially distributed given the random effects. The
triplet of latent sensitivity, specificity and prevalence are independent of the missing probabilities, hence the joint
likelihood factors into two components, one involving only the sensitivity, specificity and disease prevalence, and
the other involving only the probabilities of non-evaluable positives and non-evaluable negatives. Therefore, the
methodology of Chu et al.” or Nikoloulopoulos® is applied to the first likelihood component to infer about
the sensitivity, specificity and disease prevalence. Hence, the models in Ma et al.’ and Nikoloulopoulos® extend
the BGLMM and the bivariate vine copula mixed model,'® respectively, to the trivariate case by adding the
disease prevalence as a third outcome to indirectly account for the non-evaluable results. On the one hand, the
number of diseased subjects are binomially distributed with probability of success the latent prevalence and a
support that includes the number of non-evaluable positives and the number of non-evaluable negatives, but the
true positives and true negatives are binomially distributed with probability of success the latent sensitivity and
specificity, respectively, and a support that does not include either the number of non-evaluable positives or the
number of non-evaluable negatives on the other, just like in the BGLMM and the bivariate vine copula mixed
model.'” Note in passing that a special case of the bivariate copula mixed model is the BGLMM, that is, a copula
mixed model composed of a bivariate normal (BVN) copula with normal margins.

In this paper, in order to remedy this situation of ignoring the non-evaluable subjects in the derivation of the
meta-analytic estimates of sensitivity and specificity, we include the number of non-evaluable positives and the
number of non-evaluable negatives as separate non-missing response categories. Interestingly, the proposed model
extends the bivariate copula mixed model'® to the quadrivariate case by directly adding the number of non-
evaluable positives and number of non-evaluable negatives as a third and fourth outcome, respectively. Hence, it
directly utilizes all the available data. The bivariate copula mixed model'® assumes independent binomial distri-
butions for the true positives and true negatives, conditional on the latent pair of sensitivity and specificity in each
study. In the proposed methodology for the meta-analysis of diagnostic tests where we additionally account for
non-evaluable outcomes of the diagnostic test, we will assume independent multinomial distributions for the true
and non-evaluable positives, and, the true and non-evaluable negatives, conditional on the latent sensitivity,
specificity, probability of non-evaluable positives and probability of non-evaluable negatives in each study.

For the random effects distribution, we employ a regular vine copula.'' Regular vine copulas are suitable for
high-dimensional data, hence given the low dimension d =4, where d is the dimension, we use their boundary case
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namely a drawable vine (D-vine) copula. D-vine copulas have become important in many applications areas such
as finance'>'? and biological sciences,'*'® to just name a few, in order to deal with dependence in the joint tails.
Another boundary case of regular vine copulas is the canonical vine copula, but this parametric family of copulas
is only suitable if there exists a (pilot) variable that drives the dependence among the variables,'®!” which appar-
ently is not the case in this application area.

The remainder of the paper proceeds as follows. Section 2 introduces the multinomial quadrivariate D-vine
copula mixed model for meta-analysis of diagnostic studies accounting for non-evaluable results and provides
computational details for maximum likelihood (ML) estimation. Section 3 studies the small-sample efficiency and
robustness of the ML estimation of the multinomial quadrivariate D-vine copula mixed model. Section 4 applies
our methodology to data from a published meta-analysis for diagnostic accuracy studies of coronary computed
tomography angiography for the detection of coronary artery disease. We conclude with some discussion in
Section 5, followed by a brief section with software details.

2 The multinomial quadrivariate D-vine copula mixed model

In this section, we introduce the multinomial quadrivariate D-vine copula mixed model. In Subsections 2.1 and
2.2, a D-vine copula representation of the random effects distribution with normal and beta margins, respectively,
is presented. We complete this section with details on maximum likelihood estimation.

2.1 The multinomial quadrivariate D-vine copula mixed model with normal margins

We first introduce the notation used in this paper. The data are y;, i=1,...,N,j=0,1,2, k=0,1, where iis an
index for the individual studies, j is an index for the test outcome (0: negative; 1: positive; 2: non-evaluable) and k
is an index for the disease outcome (0: non-diseased; 1: diseased). The “classic” 2 x 2 table is extended to a 3 x 2
table (Table 1). Each cell in Table 1 provides the cell frequency corresponding to a combination of index test and
disease outcomes in study i.

The diseased subjects have three possible states: false negative, true positive, and non-evaluable positive. The
multinomial observation is therefore the number of diseased subjects where the diagnostic test is in each of its
states. Hence, we assume that the false negatives Yj;, the true positives Y;;, and the non-evaluable positives Y
are multinomially distributed given (X; = x1, X3 = x3), viz.

(Yior, Yiir, Yor)|(Xi = x1, X3 = Xx3)

1
~ Msj (yi+17 1= 171 (xy, x3) = 171 (xs, x), (e, xs), 171 (s, X1)) O

where (X7, X3) is the bivariate latent pair of transformed sensitivity and probability of non-evaluable positives and
I (x;, xi) = ﬁ is the inverse multinomial logit link. Note that Mr(n, pi,...,pr) is shorthand notation for
the multinomial distribution, where 7 is the number of cells, 7 is the number of observations, and (py, ..., pr) with
p1+ -+ pr=11s the T-dimensional vector of success probabilities.

In a similar manner, the non-diseased subjects have also three possible states: true negative, false positive, and
non-evaluable negative. Hence, we assume that the true negatives Yjy, the false positives Y;9, and the non-

evaluable negatives Yy are multinomially distributed given (X, = x5, X4 = x4), viz.

(Yi00, Yito, Yio)|(X2 = x2, X4 = x4)

2
~ M3 (yi+07 7N (x2, x4), 1= 171 (30, x4) — 171 (34, x2), 171 (x4, Xz)) @

where (X,, X4) is the bivariate latent pair of transformed specificity and probability of non-evaluable negatives.
After defining the within-studies model in equations (1) and (2), we next define the between-studies model. The
stochastic representation of the between studies model takes the form

(<D(X1; I(my, m3), 0%), (D(Xz; (12, ), O%)a

<D(X3; I(m3, m1), a%), (I)(X4; (g, m2), 0'42‘)) ~C(+0) ©
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Table 1. Data from an individual study in a 3 x 2 table.

Disease (by gold standard)

Test - + Total
- Yioo yiol Yio+
+ Yilo il Yil+
Non-evaluable Yo Y2l Yi+
Total Yito Yitl Yit+

where C(;0) is a quadrivariate D-vine copula with dependence parameter vector 6=
(012, 023, O34, 01312, Oy, 914‘23) and ®(-; u, ¢) is the cumulative distribution function (cdf) of the N(u, o) distri-

bution, and /(w;, i) = 10g< — ) is the multinomial logit link. The copula parameter vector 6 has parameters of

the random effects model and they are separated from the univariate parameters (n;,0;), j=1,...,4. The
parameters ©; and 7, are those of actual interest denoting the meta-analytic parameters for the sensitivity and
specificity, while the parameters 73 and 7y denote the probabilities of non-evaluable positives and negatives,
respectively. The univariate parameters a3, 93, o3 03,0 2 denote the variabilities of the random effects.

The quadrivariate D-vine copula is built via successwe mixing from bivariate pair-copulas on different levels.
The pairs at level 1 are j,j+ 1, for j=1, 2, 3, and for level ¢ (2 < ¢ < 4), the (conditional) pairs are j,j+ ¢|j +
I,....j+f¢—1forj=1,...,4— ¢ That s, for the four-dimensional D-vine, the copulas for variables j and j+ ¢
given the variables indexed in between capture the conditional dependence.'®> When all the bivariate pair-copulas
are BVN copulas with correlation (copula) parameters p;,, p»3, p34 (1st level) and partial correlation parameters

P13125 P24j35 P14p3 (2nd and 3rd level), the resulting distribution is the quadrivariate normal with mean vector u =

.
(l(m, n3), l(ma, m3), l(m3, m1), I(7q, nz)) and variance covariance matrix

0'% P120102  P130103  P140104

_ | P2O102 7 P230203 240204

P130103  P230203 U% 340304
P140104  P240204 340304 %

where  pi3 = pi3py/1 = P/ 1= 55+ papss Pas = Pogis/ 1 — P23/ 1 = P3g+ P23psas  P1a = Prapy/1 — PT
V1= P54+ P12P24s Prap = P14\23\/1 - P%3|2\/1 - P§4|2 + P3P, Pip = (P13 — P12P23)/\/1 - P%z/\/l — P

and pyyp = (P34 — p23p24)/\/1 - p%3/\/1 — p3,."> Other choices of copulas are better if there is more dependence

in joint upper or lower tail.
The models in equations (1)—(3) together specify a multinomial quadrivariate D-vine copula mixed model with
joint likelihood

L TC], Ty, T3, T4, O1, 02, 03, 04, 0)

/ / / / Yitls You; ity I1(x1, x3), 17 1(X3,X1))
i=1

X g(yz‘oo, V205 Viros 171 (x2, x4), 171 (x4, xz))flz34(xu X2, X3, X4; 0) dxy doxy dxs dxg

where g(;n,p1,...,pr—1) is the My(n, p1,...,pr) pmf and fi234(-; 0) is the quadrivariate D-vine density, viz.

S1234(x1, X2, X3, X450) = P(x1)P(x2) P (x3)Pp(x4)C1234 (Q(xl), D(x2), D(x3), D(x4); 0) 4)
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with

C1234 ((I)(Xl), (I)(Xz), (I)(X3), (I)(X4); 0)
=i ((D(Xl% D(x2); 012) 23 (‘D(Xz)7 D(x3); 923) C34 (‘D(X3), D(x4); 934)
X C132 (Fuz(xl |X2), F3p(x3]x2); 913\2)6‘24\3 (Fz\3(x2|x3)7F4|3(X4|X3); 924\3)

X €423 <F1|23(«‘C1 |2, x3), Fap3(xa]x2, x3); 914\23)

where ¢(x) and ®(x) is shorthand notation for the density ¢(x; i, ¢?) and cdf ®(x; i, 6?) of the N(u, o?) distri-

. . . .. 0C/k q)/(X/'),(l)k<Xk)
bution,  ¢j, Cjxe, 143 are  bivariate copula  densities, Iﬁﬁﬁx@z%, Fipps(x1]x2, x3) =

OC13p  Fijp(x1]x2), Fap (x3]x2)
oo (e alb(xz) b)) and Fyjp3(x4

that a for a four-dimensional D-vine copula density there are 12 different decompositions.'? To be concrete in
the exposition of the theory, we use the decomposition in equation (4); the theory though also applies to the other
11 decompositions.

Below we transform the original integral into an integral over a unit hypercube using the inversion method.
Hence, the joint likelihood becomes

ﬁ/ol /01 /01 /01 g(yillayz?l; Virt, 7! ((D*l (uh (1, m3), U%), ! (U37 (73, m1), G§)>,
/1 (CI)’1 (u3, (13, 1), a%), (I)’l<u1, I(my, m3), a%)))
X g(yioo,yizo;yiw,l*l (CIYI (uz, (72, m4), U%>7 Q! <u4, (14, ), 642;)>7

/1 (CI)’1 (u47 (14, 72), 03), o! (uz, (1, 74), a%)))clzm(ul, Uy, u3, uyg; 0)du

0Cous ( Foys (x2]x3), Faga (s .
X2, X3) = 2 2‘3%3‘);2') 4‘3(““3)); Cit, Cjeje are bivariate copula cdfs. Note

2.2 The multinomial D-vine copula mixed model with beta margins

In this section, we use the parametrization proposed by Wilson'® in order the latent sensitivity and specificity to
remain on the original scale. The within-study model takes the form

(Yoo, Yiir, You| (X1 = x1, X3 = x3) ~M3<yi+1, 1 —x1 —x3(1 —x1), x1, x3(1 —x1)>;

)
(Yioo, Yino, Yiol(X2 = x2, X4 = x4) ~ M3 (Yi+0;x27 1 — x5 — x4(1 — x2), x4(1 — Xz))
The stochastic representation of the between studies model is
3 T4
<F(X1; 1, 1), F(X23 m2, 13), F<X35 T—n’ “/3); F<X4§ 1T-n’ "/4)) ~C(;0) (6)

where C(-;0) is a D-vine copula with dependence parameter vector @ and F(-;x,y) is the cdf of the Beta(rw,y)
distribution with n the mean and y the dispersion parameter. The copula parameter vector 0 has the dependence
parameters of the random effects model and they are separated from the univariate parameters
(m,7;), j=1,...,4. The parameters m; and 7, are those of actual interest denoting the meta-analytic parameters
for the sensitivity and specificity, while the parameters n; and 74 denote the probabilities of non-evaluable
positives and negatives, respectively. The univariate parameters y,,7,,73,74 denote the variabilities of the
random effects. In contrast with the model in the preceding subsection, the random effects of sensitivity and
specificity are on the original scale.
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The models in equations (5) and (6) together specify a vine copula mixed model with joint likelihood

L TC17 T2, T35 T4y V15 V25 V35 Vas 0)

/ / / / g\ yitrs Yars Yist, X1, x3(1 — xl)) (yzoo, Yio2; Viro, X2, X4(1 — Xz))
i=1

X f123a(X1, X2, X3, X4; 0) dox; dxy dxs dxg

where f1234(+;0) is as in equation (4) where we use beta instead of normal marginal distributions. Below we
transform the integral into an integral over a unit hypercube using the inversion method. Hence, the joint like-
lihood becomes

Nop1oploplopl

- 3 -
H/ / / / g()/imyizl;ym,F 1(“1;ﬁ1,V|);F1<M3; 7’/3>(1—F 1(“1;7T17V1)))
1o Jo Jo Jo l-m

Ty
X g(yioo,yizo;yi+o7F_](u2; 2, 72), F! (W; T “/4) (1 - Fl(”zﬂz;?z)))

X ¢34 (uy, ua, u3, ug; 0) duy dus duz duy

2.3 Maximum likelihood estimation and computational details

Estimation of the model parameters can be approached by the standard maximum likelihood (ML) method, by
maximizing the logarithm of the joint likelihood. The estimated parameters can be obtained by using a quasi-
Newton'® method applied to the logarithm of the joint likelihood. This numerical method requires only the
objective function, i.e. the logarithm of the joint likelihood, while the gradients are computed numerically and
the Hessian matrix of the second-order derivatives is updated in each iteration. The standard errors (SEs) of the
ML estimates can be also obtained via the gradients and the Hessian computed numerically during the maximi-
zation process.

For the multinomial quadrivariate D-vine copula mixed model, numerical evaluation of the joint pmf can be

achieved with the following steps:

1.

Calculate Gauss-Legendre?® quadrature points {ug :qg=1,...,n,} and weights {w, : ¢ = 1,...,n,} in terms of
standard uniform.

. Convert from independent uniform random variables {u, :qi=1,...,n.}, {ug, :q2=1,...,n4},

{ug, :q3=1,...,n,}, and {uy, : q4 =1,...,n,} to dependent uniform random variables v, ,v,,
\nangs that have a D-vine distribution C(-;0) using the algorithm in Nikoloulopoulos'
1. Set vy, = uy,

lg13 Vaslara2>
and v,,

Volon = Cz_\}(”qz|“ql§012)

11 = Cip(vg Vg3 012)

1 = Cy15 (g 115 012), 0132)
Vaslaizg: = C;\;(Q'qu\ql ; 023)
13 = Coparlg, [Vaslgiigos 023)
ta = Cipa(ti]ta; 013p)

ts = Capi2,3(ug,| 143 01423)

t = Cabs(t5]133 024y3)

© Y *® N ke

—

Vaslgiaras = C4\3(t6|vq3\q|:qz5 034)

where C(v|u;0) and C~!(v|u; 0) are conditional copula cdfs and their inverses.
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3. Numerically evaluate the joint pmf, e.g.

Noplopl el gl

- 3
H////g(ynlainl;yiJrl;Fl(ul;nl,V])vF1(“35 T- ,V3)<1_F1(“157T1;V1)))
=1Jo Jo Jo Jo —m

. 4
Xg<J7i007yi20§yi+07Fl(“2§ M, 72), F 1<u4; 1_@#4) (1_p1(u2;n2,y2))>

X cio3a(ur, ur, us, ug; @) duy dup dus duy

in a quadruple sum

ng ng o ngoong

. —1 .
E E § Ewawq214fq3vvq4g(yf11,yizl,ym,F (g3 T, 1),
q=1g=1g3=1g4=1

_ 3
F 1<v43|41§42; 1_—7117 Va) (1 - Fl(Vql;7T17’/1)>>g<yioo,yfzo;yf+oa

- T4
F l(qu\ql; T, y2)a Fl (vtj‘4l]1;l]2,q3; 1—77'627 "/4) (1 - FI(VQZ\QI;R27 VZ)))

With Gauss-Legendre quadrature, the same nodes and weights are used for different functions; this helps in
yielding smooth numerical derivatives for numerical optimization via quasi-Newton.

3 Simulations

In this section, we study the small-sample efficiency and robustness of the ML estimation of the multinomial
quadrivariate D-vine copula mixed model. In Section 3.1, we gauge the small-sample efficiency of the ML method
and investigate the misspecification of the parametric margin or bivariate pair-copulas of the random effects
distribution. In Section 3.2, we investigate the mixed model misspecification by using both the proposed model
and the extended trivariate vine copula mixed model® as true models.

We set the sample size and the true univariate and dependence parameters to mimic the data analyzed
in Section 4. In each model, we use six different linking copula families: normal, Frank, and Clayton
copula along with its rotated versions (see our previous papers on copula mixed models®!%?!>? for definitions)
to cover different types of dependence structure. To make it easier to compare strengths of dependence,
we convert the BVN, Frank, and rotated Clayton estimated parameters to Kendall’s t’s in (—1,1) via the fol-
lowing relations+>*

2
T 7Tarcsm( )

0
1f40*1f49*2/ L dr, 0<0
98—1
T =

0
1—40—‘+40—2/e’ dr, 0>0
0

and®

_{ 0/(0+2), by 0° or 180°
1 —=0/(0+2), by 90° or 270°
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3.1 Small-sample efficiency-misspecification of the random effects distribution

We randomly generate samples of size N =30 from the multinomial quadrivariate D-vine copula mixed model
with both normal and beta margins. The simulation process is as below:

1. Simulate (u1,us, u3,us) from a D-vine distribution C(-; 712, 723, T34, T130 = 0, Tagi3 = 0, Tygp3 = 0).
2.+ Convert to normal realizations via

X| = o' MUIOgL, g1 Xy = ! uz;logL, ()
1—7(1—7[3 1—7‘52—7[4

X3 :cbl(m;logL
1—7(1

—1 . 74
os) =0 (wglog o)
— T3 1 - Ty — Ty

« Convert to beta realizations via
x1 = FNup; m, ) X2 = F ' u2; mp, 9,)

x3=F"{us; L701 x4 =F " ug 10gL»V4
1 —m I —m

3. Simulate the size of diseased and non-diseased subjects n; and n,, respectively, from a shifted gamma distri-
bution to obtain heterogeneous study sizes,* i.e.

ny ~sGamma(a = 1.2, 5 = 0.01,lag = 30)
ny ~sGamma(x = 1.2, = 0.01,1ag = 30)

and round off n; and n, to the nearest integers.

4.« For normal margins, draw (yo1, y11,21) from

1 et e
M3 ny, ) K
l+er+en 1+et+ev 1+e% +e"

and (Yoo, Y10, Y20) from

ev 1 e
M3 ny, ) )
l+e2+ev’ 14+e2+ev’ | 4e2+en

e For beta margins, draw (yo,y11,y21) from

M3(l’l1, 1 — X1 —X3(1 —Xl), X1, X3(1 —xl))
and (yoo, y10,20) from
./\/l3 (nz, X2, 1 - Xy — X4(1 — XQ), X4(1 — XQ))

Tables 2 and 3 contain the resultant biases, root mean square errors (RMSE), and standard deviations (SD),
along with the square root of the average theoretical variances (ﬁ ), scaled by 100, for the ML estimates under
different pair-copulas and marginal choices from the multinomial D-vine copula mixed model with beta and
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normal margins, respectively. The true (simulated) pair-copula distributions are the Clayton copulas rotated by
180° for both the Ci,(;112) and Ci4(;134) pair-copulas and the Clayton copula rotated by 90° for the Cy3(;123)
pair-copula.

Conclusions from the values in the tables are the following:

e ML with the true multinomial D-vine copula mixed model is highly efficient according to the simulated biases,
SDs and RMSE:s.

e The ML estimates of the univariate meta-analytic parameters and their SDs are robust under copula misspe-
cification, but are not robust to margin misspecification.

e The ML estimates of 7’s and their SDs are robust to copula misspecification, but they are not robust to margin
misspecification.

3.2 Misspecification of the copula mixed model that accounts for non-evaluable
outcomes

We randomly generate samples of size N = 30 from the multinomial quadrivariate D-vine copula mixed model and
the extended trivariate vine copula mixed model with both normal and beta margins using the algorithm in
Section 3.1 and in Nikoloulopoulos,® respectively. We compare the ML estimates of common parameters for
both approaches under misspecification and also include in the comparison the bivariate copula mixed model
estimates where the non-evaluable positives and negatives are either excluded or included as false negatives and
false positives (intention to diagnose approach), respectively.

In Section 3.1 and in Nikoloulopoulos,® it has been revealed that (a) the estimation of the univariate meta-
analytic parameters is a univariate inference, and hence it is the univariate marginal distribution that matters and
not the type of the copula, and (b) estimated Kendall’s 7 is similar among different families of copulas. Hence, as
the ML estimates are nearly not affected by the type of the pair-copula, we provide here the results when all the
bivariate copulas are BVN.

Tables 4 and 5 contain the resultant biases, RMSEs, and SDs, along with the square root of the average
theoretical variances (v/7), scaled by 100, for the ML estimates under different copula mixed models. The true
quadrivariate multinomial vine copula mixed model is composed by the Clayton copulas rotated by 180 for both
the C1,(;712) and Cs4(; 134) pair-copulas and the Clayton copula rotated by 90" for the Ca3(; 23) pair-copula. The
true trivariate vine copula mixed model is composed by the Clayton copula for Cj»(; 712) and the Clayton rotated
by 90" for both the Ci3(;713) and Cay)1(; T23)1) pair-copulas.

Conclusions from the values in the tables are the following:

e The bivariate copula mixed model where the non-evaluable outcomes are disregarded and the extended tri-
variate vine copula mixed model showed similar performance. Both led to unbiased (biased) and efficient
(inefficient) estimates when the true model is the trivariate (quadrivariate multinomial) vine copula mixed
model.

e The bivariate copula mixed model where the non-evaluable positives and negatives included as false negatives
and false positives, respectively, and the multinomial D-vine copula mixed model with beta margins showed
similar performance. Both led to unbiased (biased) and efficient (inefficient) estimates when the true model is
the quadrivariate multinomial vine copula mixed model with beta margins (trivariate vine copula mixed model
or quadrivariate multinomial vine copula mixed model with normal margins).

4 Meta-analysis of coronary computed tomography angiography studies

We apply the multinomial quadrivariate D-vine copula mixed model for the meta-analysis of diagnostic accuracy
studies accounting for non-evaluable subjects to data on 30 studies from a systematic review for diagnostic
accuracy studies of coronary computed tomography angiography for the detection of coronary artery disease.>’

We fit the multinomial quadrivariate D-vine copula mixed model for all different decompositions of the D-vine
copula density, for both beta and normal margins and different pair-copulas at the level 1; for levels 2 and 3, we
use BVN copulas. In cases when fitting the multinomial quadrivariate D-vine copula mixed model, the resultant
estimate of one of the conditional dependence parameters was close to the right boundary of its parameter space
(that is clear indication that the model with a full structure provides more dependence structure than it is actually
required®), we used a truncated model, i.e. we captured the strongest dependence in the first tree and then just used



2999

Nikoloulopoulos

"WINTDL PapuaIxa 3y se dwes a3y si [ppow Sunjnsad ay |,
‘AjpAndadsad ‘seAnisod pue seAnedsu osje) se papn[oul a.de saAneSau pue seAnisod a|qen|eAs-uou ay]
"WIN1Dg 2y se awes aya s [spow SunjnsaJ ay |,
PapN|JX® 9Je SAWOdINO d|qen|eAs-uou ay ],

61°€€ - - o'y 6S¥ (4343 - - 17T 80 [ew.ON
sl 87T 16T €5 <6’ 1T8I ¥6'l (444 LLS [TE el9g 1eLIRALIPEND
91'bp - - 88l LT8 9197 - - ¥8'C yO| plEWION
wusy 00°€ 9 LL6 Sl'L W 0T 8T| 681 190 elog 9IRIIBALL
9€'6 - - 1Te 9€'E pe8l - - 10 8LI qlewIoN
oIl €T ¥6'T ¥S'T ¥6l YLl %'l (4344 LLS [TE 199 ,23BLIBAIG
86'cY - - 16711 8T8 £16T - - ¥0'€ 80°I qlewioN
8b'Sp 00'€ ¥1'9 086 Sl £9'9C 00T 6Tl W6l ¥9°0 199 LDIBLIBAIG ENAY]
S5S1 S801 9891 6€T 8¢l L0TT 19°€1 18T 10T 1870 [ewON
¥0'6 43 161 66’1 ol 80l 00T 8.1 60'C 60°I elag @1elIRALIPEND
[4Kq 1441 €16l 14 SH0 9€'TT 444 £04C L0 ¥S0 p[EWION
90| 89'I (4l 09l 090 SL'ST 90T L€ 98| 99°0 el9g 9IBLIBALL|
€08 10l 6091 $0'C LT 60°LI 6611 ss6l 01¢ £6°0 qlewIoN
6.8 6Ll €6 161 €1 691 00T 8Ll 60T 80°I €194 ,IBLIBAIG
SEsl 16711 or'6l (4 SH0 91°9 SO¥I 8L T €L €50 gqlewioN
0TsI 691 k4l 19°1 090 06'LT 0T pE 08l £9°0 e19g DIBLIBAIG AN
06'+C 90| 0S¢ 89'C ¥8'l €T €8¢ SE€T 161 890 [ewioN
Sz0l 87T 16T £S5 <6’ 0T8| £6' 1571 181 120 el9g a1eLIRALIPEND
A 0l¥I 165°€C w 840 6L°ET lad SHET 88l 850 plEWION
691 66l £6' €8 18°0 1£7TT 70T LT 68l 99'0 eleg 9IBIIBALL
90'6 L0¥] 11°ST 98T 181 34:1 wel 8c6l v6'l 080 qlBWIoN
€001 we ¥6'T ¥ST v6'l A %'l 85I S8 110 ©19q ,IBLIBAIG
o¥'LI €6€1 SI'€T wl 6+°0 1#'ST (ad 64'ET 06l 150 qlEwIoN
L0°L] 66l 161 €8 18°0 80'HC 00T 6T 161 ¥9°0 r19g DIELIRAIg as
LETT - - 6¥'€ 0Ty £L1T - - ol'l- 90~ [ewON
105~ 170~ 0l1'0- €00~ 800~ £9°1- €10 12 9'G— 81'€- el9g a1elIRALIPEND
1905~ - - 911 qT8 6801 - - €1 980 plEWION
Ly T YT 185~ 09'6 0l'L 168 900~ 010 600~ £0°0- elog 9IRIIBALL
SET- - - LY 61T 9T I- - - 05'€- 65'1=  glewldoN
SLy— wo- 80°0— €00~ 800~ ¥ST- 710 0Ll 95— 81°¢- e19g ,9IeLIeAlg
650V~ - - 8Ll 9T'8 Z4d - - 8€C 160 qlewIoN
91T ST ¥8'G— €96 o'z LE11 S0 110 o ¥0°0 €199 DIBLIBAIG seig
80=2 800 = 600= "4 1L0= 060= 6£0=2 900 = €00="4 g8 0= "u 160= 2 UERLIN [ePow paxiw
ejndod paniy
jelleAlpend 91BIIBALI|

[opow paxiw endod aulA anJ|

‘s|opow paxiw eindod JuaJaylp JSpuUn SIBWIISD

W @Y 404 ‘00| Aq pajeds .@\,v S9DUEBLIBA [BD139.031)3 93BI9AR 9Y3 JO 1004 a.Jenbs ay3 yum Suoje ‘(gS) SUORBIASP pJepuels pue (JS|Y) SJ0.J9 aJenbs uesw 100. ‘s9selq JUBINSD. puE
S - by ¢ _ .

SUISJBW ©19q YIIM S|OPOW PaXil B[ndod BUlA 3IBLIBALIL PUE SUIA-( 31BlIBALIPEND [BiluOUn|NW By wouy (] ="u suonedldas (]) suonenwis og = N sdzis Jo a|dwes |[ews *p d|qeL



Statistical Methods in Medical Research 29(10)

3000

‘WIWTDL PapuaIxa 3y se awes ay si [ppow Sunjnsad ay |,
‘AjoAidadsau ‘saanisod pue seAne3au asje) se papnjoul aJe saAleSau pue saAnisod s|qenjeAs-uou ay|
‘WIWTD4 2Ya st awes aya si [9pow 3unjnsad ay

‘PSPN|IX3 DB SSWOINO |qRN[BAS-UOU Y]

888l cesl LLT e 1 1:343 8¢l LY'ST €L'E 9l [eW.ION
088l - €1's 3989 LL8I - - 6L’L (44 €leg dlelIeALIPEND
918l YA €78 See STLT L9°¢l 18T €L’ S9°0 plBWION
69781 - £9'9 0LT YL'ST - - 16'C L] €139 SIBLIBALI|
6v'LI €.°89 €9°€ vL'T 058l el SC8l 16'S 85°C qlBW-1ON
LT0C - 06'v 999 €8°LI - - 08’L (4 elog s9lelieAlq
6v'LI 13 A 1€'8 8¢'¢ ¥8°0¢ el 87T SL| 790 qlBWION
86'LI - 6,9 YL'T 19°8C - - we orl eleg LOIelIeAlg ISWY
818l 18°G1 S¥'C &l 19T ¥8°CI 00'CC 96’1 6L°0 [eWION
608 $0'C 01T el €891 86'I 0Ll £L0C 90’1 eleg S1elIBALIPEND
176l €9°G1 St S0 L6CT scel 98°CT 0Ll 1570 plBWION
¥6'81 Lo 8t 150 61'9C v6| 0Tl 8L 19°0 €leg 91BLIBALI|
L0'8 SISl e 143 ¥691 (40N 68l L0'T 160 qlBWION
(01} 10T 01T €e’| 8991 L6 171 90T 90°I eleg S93elieAlg
61°€C €091 ¥l 140) LT0€ orel 09°€C L9 090 qlBW-ION
4% 10 8’| 090 6L'6C €6°| 8l°l SL| 690 eleg (OIeleAlg AN
¥S'LI 678l SLT 44 16°'5C yeel 11'¥C 8L 99°0 [eWION
8601 00'€ 9T'S 6T 66T LL81 96’1 €51 8l 6L°0 eleg dlelIBALIPEND
991 o'l L8'LI SSl L¥'0 14344 £9°¢€l 00+¢ €L’ $9°0 plEBWION
1 4WA| SS°l 980 691 090 (YA X4 ST &l 6|l Lo €ldg S3BLIBALI|
£€6'6 L6°E] 1¥'ST 96T 11C 058l LN €C8l ¥8’l 9.0 qlBW-ON
16701 80°¢ 09'S 98'C S6'C 8L°LI v6'l 9l £8°| 8.0 eleg S93elieAlg
9891 091 yeLI 8’| Y0 89T S9°€l 13444 S| S0 ql®W-1ON
LELI 95| 080 1971 ¥5°0 L0°9C €1'T &l v6| 690 elog LOIeleAlg as
86'9— (44 b 660 €€°0— ¥9°0— 1€°€T 69°¢— €08 8T’ ¢~ 6€°1— [BWION
9TSI— - - 1Ty 91'9— €1'o— - - LSL— y0'v— €ldg dlelIBALIPEND
1€~ 60T~ ¥9'1— 60’8 1€°€ 9TTl I 8C'9— L0°0— 80°0— plEBWION
0T’ L~ - - S¥'9 €9°C L6°01 - - 61T 60— €139 S3BLIBALI|
6EYI— 11°L1 98°€9 €6'1— SL - S€0- 4 6L0— 19°6— W qlBWON
€ELI— - - 86'¢— L6'9— 134 - - 89°/[— y0'v— eleg ,93elleAlg
69— 96’ 1— 08'I— 818 €€ 189l 6€'1— 99 L1°0 €0°0- qlBWION
€9 - - 699 69T VAR - - 161— 98°0— eleg LOelIeAlg seld
w|0=12 §90="12 §L0="10 6L0="u v6'0= "1 6£0=2 €0="10 060="0 88°0= v 860= 1 uiduey [pow paxiw
g|jndod panly
a1eLieAlIpend) S1BLIBALI]

|]opow paxiw ejndod duIA and|

suISJeW |BULIOU YIIM S[9pOW paxiw Bindod aUlA 91B1IBALI) PUE SUIA- dJBLIBALIPEND [RIWoUn|nw ay) wouy (§] =

b

‘s|opow paxiw eindod JuJYIP JSPUN SDIBWIISD
W @Y 404 ‘00| Aq pajeds .@\(v S9DUELIBA [BD139.403Y)) 98B.I9AR 92 JO 100. aJenbs ay1 yam Suoje (S) sUoneIASp pJepuels pue (JS|Y) S40449 aJenbs ueaw j00. ‘saselq Jueynsad pue
u tsuonedyidad ) suonenwis Og = N sazis Jo 3|dwes |lews °g d|qeL



Nikoloulopoulos 3001

the independence copulas in lower order trees, i.e. conditional independence. Joe et al.?® showed that in order for a
vine copula to have (tail) dependence for all bivariate margins, it is only necessary for the bivariate copulas in level
1 to have (tail) dependence and it is not necessary for the conditional bivariate copulas in levels 2 and 3, to have
tail dependence. Hence, one can either use BVN or independence copulas at levels 2 and 3 without sacrificing the
tail dependence of the vine copula distribution.

In Table 6, we present the results from the decomposition of the vine copula density in equation (4), as a
different decompositions led to similar results due to the small sample size. This is consistent with our previous
studies on vine copula mixed models.®® Since the number of parameters is not the same between the models, we
use the Akaike information criterion (AIC), that is —2x log-likelihood +2x (#model parameters) as a rough
diagnostic measure for goodness of fit between the models. The AICs showed that a (truncated) multinomial
quadrivariate D-vine copula mixed model with Clayton copulas rotated by 180° for both the Cj»(;112) and
C34(; 134) pair-copulas and the Clayton copula rotated by 90° for the Ch3(;123) pair-copula and beta margins
(Table 6) provides the best fit.

In real data (in contrast with the simulated data in Section 3), the truth is unknown, so it is important to
compare between the proposed and other existing approaches in terms of point estimation and variance. First, in
order to reveal if the use of the proposed model is worthy, when a standard bivariate analysis (either ignoring the
non-evaluable outcomes or including the non-evaluable positives and negatives as false negatives and positives,
respectively) is easy, we also fit the bivariate copula mixed model'® with both beta and normal margins and
different bivariate copulas. According to the likelihood principle, a bivariate copula mixed model with a Clayton
and Clayton copula rotated by 180° (to model the association between the latent sensitivity and specificity) and
beta margins provides the best fit for both different ad-hoc approaches to handle the non-evaluable outcomes
(Table 7). It is revealed that a bivariate copula mixed model with the sensitivity and specificity on the original scale
provides better fit than the BGLMM,’ which models the sensitivity and specificity on a transformed scale.

Then, in order to compare the proposed approach with the ones that use the MAR assumption, we fit the
extended trivariate vine copula mixed model® with both beta and normal margins and different pair-copulas.
According to the likelihood principle, a vine copula mixed model composed of a Clayton copula to model the
association between the sensitivity and specificity, a Clayton copula rotated by 90° to model both the associations
between the specificity and prevalence and between the sensitivity and prevalence given the specificity, and beta
margins provides the best fit (Table 7). It is revealed that an extended trivariate vine copula mixed model with the
sensitivity, specificity, and disease prevalence on the original scale provides better fit than the extended TGLMM,>
which models the sensitivity, specificity, and disease prevalence on a transformed scale.

It has been shown that the trivariate analysis does not change the conclusions from the bivariate analysis
excluding the non-evaluable outcomes. It is also apparent that the results from the quadrivariate analysis differ-
entiate from the ones from bivariate (excluding the non-evaluable outcomes) and trivariate analyses which are
fairly similar. The meta-analytic estimates of sensitivity and specificity from the latter approaches are blown,
because in both approaches it is assumed that

Yin|X1 = x; ~Binomial(yjo1 + yi1, x1) and  Yjp|X> = x» ~ Binomial(yio0 + yito, X2)

i.e. their support ignores the number of non-evaluable positives y»; and the number of non-evaluable negatives
vino- The conclusions from the quadrivariate analysis with the latent proportions on the original scale are quite
similar with the ones from the bivariate analysis where the non-evaluable positives and negatives are included as
false negatives and positives, respectively. These results are consistent with the findings in the simulations in
Section 3.2. Note in passing that comparing the AIC values among the quadrivariate, trivariate and bivariate
copula mixed models is inconclusive as they use a different number of responses.

Although typically the focus of meta-analysis has been to derive the summary-effect estimates, there is increas-
ing interest in drawing predictive inference. Summary receiver operating characteristic curves (SROC) can be
deduced from the D-vine copula mixed model with the sensitivity and specificity on the original scale through the
quantile regression techniques developed for the bivariate copula mixed model.'® SROC essentially shows the
effect of different model (random effect distribution) assumptions, since it is an inference that depends on the joint
distribution. An SROC curve has been deduced for the bivariate copula mixed model'® through a median regres-
sion curve of X; on X,. For the copula mixed model, the model parameters (including dependence parameters),
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Table 6. AICs, ML estimates, and standard errors (SE) of the multinomial quadrivariate D-vine copula mixed models for diagnostic
accuracy studies of coronary computed tomography angiography.

BVN Frank CiIn{180°, 90°}* Cin{180°, 270°}
Est. SE Est. SE Est. SE Est. SE
Normal margins
) 0.94 0.0l 0.95 0.0l 0.94 0.02 0.94 0.02
123 0.80 0.03 0.80 0.03 0.79 0.03 0.79 0.03
3 0.04 0.0l 0.03 0.0l 0.03 0.01 0.04 0.0l
T4 0.09 0.02 0.09 0.02 0.09 0.02 0.09 0.02
gy 0.89 0.20 091 0.19 0.75 0.17 0.83 0.17
0a 0.72 0.15 0.65 0.13 0.65 0.12 0.67 0.13
03 1.32 0.36 1.37 0.36 1.20 0.31 1.19 0.33
04 0.80 0.23 0.70 0.21 0.69 0.19 0.73 0.19
Ti2 0.54 0.22 0.49 0.20 0.82 0.19 0.82 0.18
T3 —0.16 0.20 —0.31 0.17 —0.38 0.24 —0.04 0.15
T34 0.22 0.23 0.1 0.24 0.29 0.17 0.37 0.17
kD) 0.43 0.34 0.67 0.23 - - - -
243 0.11 0.22 —-0.03 0.24 - - - -
T14/23 -0.39 0.32 —0.36 0.49 - - - -
AIC 4013.22 4010.80 4007.72 4009.36
Beta margins

) 0.90 0.02 0.90 0.02 0.90 0.01 0.89 0.01
123 0.76 0.03 0.77 0.02 0.77 0.02 0.76 0.02
3 0.06 0.0l 0.06 0.0l 0.06 0.01 0.07 0.0l
4 0.11 0.02 0.11 0.02 0.11 0.02 0.11 0.02
71 0.08 0.03 0.09 0.03 0.09 0.03 0.10 0.03
o) 0.09 0.03 0.09 0.02 0.08 0.02 0.09 0.02
V3 0.32 0.12 0.32 0.13 0.37 0.12 0.28 0.12
V4 0.15 0.07 0.16 0.07 0.15 0.07 0.15 0.06
Ti2 0.71 0.11 0.74 0.08 0.82 0.08 0.79 0.07
T3 —0.35 0.17 —0.34 0.12 -0.52 0.14 -0.23 0.10
T34 0.23 0.22 0.20 0.21 0.26 0.18 0.21 0.17
‘L'|3‘2 -0.66 0.38 - - - - - -
‘524‘3 -0.10 0.20 - - - - - -
T14)23 —-0.02 0.57 - - - - - -
AIC 4009.42 4005.93 4002.17 4004.92

Note: CIn{wLwi}: The Cj2(+;712), C34(+; T34) and Cy3(; T23) pair-copulas are Clayton rotated by w; and w, degrees, respectively.
AIC: akaike information criterion; BVN: bivariate normal.
*Best fit.

the choice of the copula, and the choice of the margin affect the shape of the SROC curve.'® However, there is no
priori reason to regress X; on X, instead of the other way around, so a median regression curve of X> on X; has
also been provided. Rucker and Schumacher®’ stated that instead of summarizing data using an SROC, it might
be preferable to give confidence regions. Hence, in addition to using just median regression curves, quantile
regression curves with a focus on high (¢=0.99) and low quantiles (¢=0.01), which are strongly associated
with the upper and lower tail dependence imposed from each parametric family of copulas, have been proposed.'”
These can been seen as confidence regions of the median regression SROC curve.

Figure 1 demonstrates the SROC curves with a confidence region and summary operating points (a pair of the
model-based sensitivity and specificity; shown by the black square) from the best fitted multinomial quadrivariate
D-vine copula mixed model, the best fitted trivariate vine copula mixed model, and the best fitted bivariate copula
mixed models along with the study estimates (shown by the circles in Figure 1). For the upper panel graphs, the
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Table 7. AICs, ML estimates, and standard errors (SE) of the best fitted bivariate copula and extended trivariate vine copula mixed
models with beta margins for diagnostic accuracy studies of coronary computed tomography angiography.

Bivariate Trivariate

Clayton® Clayton 180°° Clayton {0°,90°}

Est. SE Est. SE Est. SE
o 0.97 0.0l 0.90 0.0l 0.97 0.0l
Ty 0.85 0.02 0.77 0.02 0.85 0.02
T3 - - - - 0.49 0.03
71 0.03 0.0l 0.09 0.03 0.03 0.0l
V2 0.06 0.02 0.08 0.02 0.06 0.02
73 - - - - 0.11 0.02
Ti2 0.42 0.19 0.82 0.08 0.39 0.20
i3 - - - - 0.02 0.23
T23)1 - - - - -0.28 0.17
AIC 244.82 321.91 492.26

AIC: akaike information criterion.
*The non-evaluable outcomes are excluded.
®The non-evaluable positives and negatives are included as false negatives and positives, respectively.
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Figure 1. SROC curves with a confidence region and summary operating points (a pair of the model-based sensitivity and specificity)
from the best fitted multinomial quadrivariate D-vine, extended trivariate vine and bivariate copula mixed models along with the study
estimates.

HW: summary point; °: study estimate; black and grey lines represent the quantile regression curves x| := X (x2,q) and x3 := x2(x, q),
respectively; for ¢ = 0.5 solid lines and for g € {0.01,0.99} dotted lines (confidence region).

*The non-evaluable outcomes are excluded."The non-evaluable positives and negatives are included as false negatives and positives,
respectively.

sensitivity and specificity at study i (point estimates) have been calculated with the typical definitions of sensitivity
and specificity, viz.
Yill and Vi0o
Yior +yin Yioo + Yito
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respectively, as only patients with positive or negative results are considered, while for the lower panel graphs, the
sensitivity and specificity at study i/ have been calculated with the definitions of sensitivity and specificity in Simel
et al.,>® viz.

Yill and Yioo
Yit1 Yito

respectively, since the number of non-evaluable positives y;»; contributes to the diseased population and the
number of non-evaluable negatives y,o contributes to the non-diseased population.

5 Discussion

Motivated by the existence of non-evaluable results in diagnostic test accuracy studies, this paper proposed a
multinomial quadrivariate D-vine copula mixed model for meta-analysis of diagnostic test accuracy studies
accounting for non-evaluable subjects. Our general statistical model allows for selection of pair-copulas indepen-
dently among a variety of parametric copula families, i.e. there are no constraints in the choices of bivariate
parametric families of copulas and can also operate on the original scale of sensitivity and specificity.

For the random effects, we have used a quadrivariate D-vine copula distribution or a truncated at level 1
quadrivariate D-vine copula (conditional independence), which allows flexible (tail) dependence.?® We have pro-
posed a numerically stable ML estimation technique based on Gauss-Legendre quadrature; the crucial step is to
convert from independent to dependent quadrature points that follow a quadrivariate D-vine distribution.

In an era of evidence-based medicine, decision makers need high-quality procedures such as the one developed
in this article to support decisions about whether or not to use a diagnostic test in a specific clinical situation. The
multinomial quadrivariate vine-copula mixed model is not an ad-hoc? but rather a sophisticated approach that
utilizes all the available data in decision making and can satisfy the intention-to-diagnose principle. Using an
intention to diagnose principle, i.e. a conservative approach, ensures that both the sensitivity and specificity are
not overestimated. Hence, it formally enables decision makers to be more cautious in solely relying to the overly
optimistic meta-analytic estimates of sensitivity and specificity derived from the extended trivariate vine copula
mixed model that indirectly accounts for the non-evaluable outcomes.
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diagnostic tests with non-evaluable subjects are part of the R package CopulaREMADA ' The data and code used in Section
4 are given as data and code examples in the package, respectively.
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