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As is true for quantitative assays, qualitative and semi-quantitative assays, producing strict binary or ordinal
results, must undergo a verification process prior to their implementation for routine clinical laboratory testing.
Standard method validation parameters used for quantitative assays, however, do not apply here. Rather,
contingency tables, Bayesian statistics and statistical hypothesis testing for inter-rater agreement must be used.
This article provides an overview of simple, practical tools, which can be used to verify the analytical perfor-
mance of such assays. Topics discussed include the verification of precision and accuracy with a single ex-
periment approach and performing method comparison experiments for assays with binary or ordinal results.
Acceptance criteria are recommended for each test to provide a standardized framework for performance as-

sessment. The approach is appropriate for all CE/IVD-marked and CLIA-waived assays and will ensure com-
pliance with CAP, ISO 17025 and ISO 15189 regulations.

1. Introduction

Qualitative assays are used for a variety of applications in the
clinical laboratory, ranging from screening to diagnosis and disease
monitoring. The technologies employed are diverse and can include
simple methods, such as visual readings, up to highly complex methods,
such as automated nucleic acid sequencing or micro-arrays [1]. Results
of qualitative assays are usually nominal, meaning that they can be
either positive or negative (only a binary condition is known). A result
is reported as “positive” when it exceeds a predefined cutoff value and
as “negative” when the cutoff-value is not reached. Depending on the
test design and the clinical objectives, different cutoffs can be chosen, to
minimize either the number of false-positive or false-negative results.
Correspondingly, the diagnostic sensitivity and specificity of such as-
says can vary considerably.

Semi-quantitative assays are not semi-quantitative in the sense of
having a large uncertainty, but rather ordinal, meaning that more than
two alternative values are possible [2]. A typical example for such test
procedures are urine test strips, ABO blood groups, pregnancy tests,
screening tests for drugs of abuse and qualitative molecular tests [3,4].
In all of these test systems measurement results are categorized in
multiple arbitrary steps with result categories without measurement
units [5]. Like quantitative assays, qualitative and semi-quantitative
assays must undergo a verification process prior to their introduction in
the clinical laboratory. As pointed out in the CLSI document EP12-A2,

E-mail address: joachim.pum@bioscientia.de.

https://doi.org/10.1016/j.cca.2019.07.018

owing to the large diversity of qualitative assays, universal evaluation
guidelines are not feasible. However, common features do exist and
therefore precision studies and method comparison studies should al-
ways make up part of the verification process [1]. The ISO standards
DIN EN ISO 15189 and DIN EN ISO/IEC 17025 specify that methods,
which have been validated by the manufacturer and are implemented
without modification, must have precision and bias verified. Further-
more, a method comparison study must be carried out when replacing
an existing method with a new one. Methods, which have not been
validated by the manufacturer or standard methods, which are used for
applications not intended by the manufacturer must be validated to
such an extent, as to satisfy the requirements of the given application
[6,7]. Similarly, the “All Common Checklist” of the College of American
Pathologists (CAP) Accreditation Program states that, “the laboratory
must verify or establish the method performance specifications that are
applicable and clinically relevant” [8]. For qualitative and semi-quan-
titative FDA cleared tests, this typically includes verifying accuracy,
precision, and carrying out a method comparison study. For non-FDA
cleared tests, diagnostic sensitivity and diagnostic specificity must also
be established [9,10].

The goal of this article is to provide an overview of tools available
for the evaluation of qualitative and semi-quantitative assays. It is as-
sumed that the vast majority of assays employed in the routine la-
boratory have been previously validated by the manufacturer and are
implemented without modifications. Formal validation of diagnostic
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accuracy by the user is therefore not required. Nevertheless, precision
and analytical accuracy must be verified and a method comparison
experiment must be carried out if CAP, ISO 15189 or ISO 17025 re-
quirements are to be satisfied. While tools such as likelihood ratios, odds
ratios and receiver operating characteristic (ROC) are extremely valuable
in characterizing diagnostic tests, they refer to diagnostic accuracy and
will therefore not be discussed further here. Information on these is
readily available in standard textbooks on medical statistics and beyond
the scope of this article. Rather, this review will focus on practical tools,
which can be used to characterize the analytical performance of such
assays, e.g. calculating precision and accuracy for qualitative and semi-
quantitative assays and performing a method comparison study.
Finally, acceptance criteria are recommended for each test, in an at-
tempt to provide the analyst with a standardized framework, against
which to assess analytical assay performance.

2. Verification of method performance
2.1. Precision and accuracy

Precision, or random error, is defined by ISO 3534-1 as “a measure of
the closeness (degree of scatter) between independent test results ob-
tained under stipulated conditions” [11] and is usually expressed nu-
merically by measures of imprecision, such as standard deviation or
relative standard deviation (coefficient of variance) of repeat mea-
surements. Many assays, such as immunological screening assays for
drugs-of-abuse or serology assays for viral pathogens, commonly pro-
duce numerical values, which are converted to qualitative results, based
on one or more cutoffs. In such cases, precision can be estimated in an
analogous fashion to quantitative assays, using measurement signals
instead of measurement results. As it is common for precision to vary
with analyte concentrations it should be determined at two or more
concentration levels, if the analyte concentration is expected to vary
by > 50% of an average value [12]. Typically, certified reference ma-
terials, quality control samples or aliquots of independently prepared
laboratory sample pools are used for this purpose.

When dealing with assays that produce strict binary or ordinal re-
sults, a different approach must be taken, as variability in categorical
data is different from variability in quantitative data. Rather than
measuring by how much the observations differ from the mean, the
focus is shifted to determining how often the observations differ. A
number of concepts are available for this purpose, including accordance
and concordance [13-15], an iterative procedure described by Mandel
[16] and a method to determine precision by interlaboratory experi-
ments described by Wilrich [17]. While each of these procedures has its
own merits, the main disadvantages lie in the fact that they are either
not equivalent to repeatability / reproducibility, contain complex cal-
culations or require measurements from multiple sites. Moreover, these
concepts are applicable only to binomial data. Kader and Perry in-
troduced a simple parameter, called the “Coefficient of Unalikeability
(CU)”, which provides a quantitative method for the measurement of
variability for categorical variables, is easy to calculate and can be
applied to binomial and ordinal data [18,19]. It is defined as the ratio of
the total number of differences in a distribution to the maximum
number of possible differences in the same distribution and can be re-
lated to the widely used Bernoulli variable in terms of the intra-data
variability described by Gordon [18,20]. Thus, if all the responses are in
the same category, there is no variability and the CU is 0. In contrast,
when the cases are distributed uniformly across the categories, varia-
bility is at its maximum and CU is 1.

Accuracy is the quantitative expression of trueness, which is defined
as the “closeness of agreement between the average of an infinite
number of replicate measured quantity values and a reference quantity
value” [21]. It is commonly expressed in terms of bias, which may be
constant or proportional and is either positive or negative, as compared
to the true value [22]. It can be calculated as the mean difference
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between results obtained with a candidate method and an existing
(reference) method or as the mean difference between results obtained
by replicate measurements of a reference material and the assigned
target value of the reference material. Again, measurement signals can
be used to carry out calculations analogously to quantitative methods,
providing that numerical results precede the qualitative output of the
method. When dealing with methods, that provide strict binary or or-
dinal results, a different approach is once again called for to estimate
appropriate performance parameters.

While there is nothing to be said against estimating precision and
accuracy in separate experiments, a single experiment approach is
usually preferred, as it offers significant advantages in terms of effi-
ciency and computational rigor.

2.1.1. Qualitative assays

When verifying precision and accuracy of qualitative assays with a
single experiment, a minimum of 20 samples with known concentration
(e.g. quality control samples, certified reference materials or patient
samples) should be measured over a period of at least five days [23,24].
Typically, one positive, one weak-positive and two negative control
samples are measured per day and results summarized in a 2 X 2
contingency table (Table 1). The weak-positive samples are included to
ensure that the system is adequately challenged and should have a
concentration of approximately 20% above the cutoff. This approach
represents a reasonable compromise between costs associated with time
and materials and a valid assessment of the procedure's performance.

Symmetry testing: The first step is to examine the data for a sys-
tematic difference between the results obtained and the target values
for the samples. This is assessed with McNemar's test, which is a
modification of the ordinary chi-square test for paired data. It uses
values from the two discordant cells b and ¢ (see Table 1) to test the
equivalence of the two proportions (i.e., marginal homogeneity). A
limitation of the McNemar test is that it was developed for large sam-
ples. For small sample sizes (n < 25) a correction formula, such as the
Yates correction formula, should be used [25]. Furthermore, hypothesis
testing is based on a chi-squared distribution and assumes that the sum
of the discordant pairs (b + c) is =10. If this is not true, an exact bi-
nomial test should be used [26]. The test statistic is calculated as:

(b—c)
®+0 (€]
and with the Yates correction:
(Ib —cl —1)?
®+0 (2)

A statistically significant value (e.g. p < 0.05) indicates a sub-
stantial number of false-positive or false-negative results and will need
to be investigated further.

Precision: The percent coefficient of unalikeability (CU%) is calcu-
lated separately for the positive and negative control sample:

CU% = 2p,p, X 100 3

Table 1

Comparison data between a reference method (or target values of a control
sample or certified reference material) and a comparative method with binary
results (“Positive”, “Negative”) are summarized in a 2 X 2 contingency table. In
this case a = True Positives (TP), b = False Positives (FP), c = False Negatives
(FN) and d = True Negatives (TN).

Candidate method Reference Method/Control Sample

Positive Negative Total
Positive a b a+b
Negative c d c+d
Total a+c b+d n
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where p; is the proportion of positive responses for the positive control
(and negative responses for the negative control) and p, = 1 — p;.
Finally, precision is reported as the mean CU% for the two control
samples.

Target: Target values for analytical performance should always be
based on the Milan hierarchy [27]. Hence, the effect of analytical
performance on clinical outcomes takes priority over performance
specifications based on biological variation, which in turn takes priority
over specifications based on state-of-the art. As the first two criteria
cannot be readily applied to qualitative assays, targets are defined in
terms of the highest level of analytical performance technically
achievable by field methods. These can be derived e.g. from external
quality assessment programs [28].

When following a protocol, such as the one described earlier, a total
of 20 measurements are performed (10 negative, 5 positive and 5 weak-
positive). If discordant results should occur, then those are most likely
to be caused by one or more of the 5 weak-positive samples. In this
scenario a single incorrect measurement would result in a CU% of 9.0%.
If the total number of measurements is increased to 40 then two in-
correct results would lead to a CU% of 9.5%. It therefore seems rea-
sonable, to set the target for precision to <10%.

Accuracy: For binary testing systems, accuracy is defined in terms of
how well the system is able to correctly identify a condition. Thus,
accuracy is the proportion of true results (true-positive and true-nega-
tive) in the population tested. It can be expressed as total accuracy,
true-positive rate (TPR), false-positive rate (FPR), true-negative rate
(TNR) or false-negative rate (FNR):

(TP + TN)

Accuracy =
(TP + TN + FP + FN) “@
TPR= — 2 _1_ENR
(TP + EN) (5)
FPR= —10 __ _ 1 _TNR
(FP + TN) (6)
TNR=— N _q_FpR
(TN + FP) (@)
FNR=—IN 1 PR
(FN + TP) ®

with TP = True-Positives, TN = True-Negatives, FP = False-Positives
and FN = False-Negatives.

When constructing confidence intervals, these should be calculated
as score confidence intervals, as described by Agresti and Coull [1,29].

Target: For reasons similar to those discussed earlier, performance
specifications for accuracy are usually defined in terms of state-of-the-
art. Once again, it appears reasonable to accept one incorrect result in a
small set of 20 measurements, which yields a total agreement of 95%.
The target for accuracy should therefore be set to =95%.

It is important to note that TPR, FPR, TNR and FNR do not represent
all aspects of a method's performance, as they use only part of the in-
formation of the contingency table. For this reason, a number of metrics
have been described, to better incorporate all measures pertaining to
diagnostic performance. These include, among others, the F1-score [30]
and the Matthews Correlation Coefficient (MCC) [31]. The latter takes
benefit of TP, TN, FP and FN results and is therefore a robust indicator
of agreement, which can also be applied to unbalanced data. It is cal-
culated as follows [32,33]:

TP X TN — FP X FN

MCC =
J(TP + FN)(TN + FP)(TP + FP)(TN + FN)

9

Target: The values can range from —1 to 1, with —1 indicating total
disagreement between prediction and true values, O representing
random distribution and 1 indicating perfect agreement between pre-
diction and true values. The MCC reaches 0.60 when 80% of cases are
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Table 2

Summary statistics for precision & accuracy testing of a qualitative drug-of-abuse
screening assay. Results are summarized in a 2 X 2 table, and symmetry testing is
performed with the help of McNemar's test. Accuracy is expressed as Total Accuracy,
TPR, FPR, TNR, FNR and with the help of the Matthews Correlation Coefficient.Test
precision is smaller than target precision and thus acceptable. The total accuracy is
larger than the target and therefore also acceptable. A value for the Mathews cor-
relation coefficient =0.90 indicates that > 95% of cases were predicted correctly.

Statistics

Test (Result) Reference (Control Sample / Diagnosis)

Positive Negative Total
Positive 22 1 23
Negative 0 17 17
Total 22 18 40
McNemar statistic 0

p-Value (Exact binomial) 1.0000 (a = 0.05)

Symmetry Test Pass/Fail? Pass
Precision Estimates

Precision (CU%) 5.2%
Target Precision 10.0%
Pass/Fail? Pass
Bias Estimates

Accuracy 97.5%
True-positive rate (TPR) 100.0%
False-positive rate (FPR) 5.6%
True-negative rate (TNR) 94.4%
False-negative rate (FNR) 0.0%
Matthews Correlation Coefficient 0.95
Target Accuracy 95.0%
Pass/Fail? Pass

* CU% = Coefficient of Unalikeability.

Table 3

Comparison data between methods with ordinal results are summarized in a
k x k contingency table, which is an expansion of the 2 X 2 table to more than
two categories.

Candidate Method Reference Method / Control Sample

1 2 k Total
1 P11 P12 Pik Pi1-
2 P21 P22 P2k P2-
k Pr1 Px2 Pk Px-
Total P p-2 Pk 1

correctly predicted and 0.80 when 90% of cases are correctly predicted
[32]. However, when evaluating accuracy with control samples, a total
accuracy of 95% should be achieved, which corresponds to an MCC of
0.90 (Table 2).

2.1.2. Semi-quantitative assays

Semi-quantitative assays represent an extension of qualitative as-
says to more than two categories. Thus, the experimental design dis-
cussed for qualitative assays applies here as well. At least 10 to 20
control samples should be measured per category, with at least 30
measurements in total [4]. Results are summarized in a k X k con-
tingency table (Table 3) or presented in the form of a bubble chart
(Fig. 1). This is similar to a scatter plot, in which the size of each bubble
is directly related to the number of observations in the group re-
presented by the bubble. Cases with perfect agreement result in bubbles
lying on the diagonal, while cases with less than perfect agreement
result in bubbles on either side of the diagonal (See Table 4).

Symmetry testing: Once again, the data must be examined for a sys-
tematic difference between the results obtained and the target values
for the samples. As McNemar's test can be applied to only two cate-
gories, it cannot be used for semi-quantitative assays. Rather, Bowker's
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Candidate Method

O
=0

<. .
0 1 2

Reference Method

Table 4

Summary statistics for precision and accuracy testing for a semi-quantitative
urine Glucose test-strip assay. Precision is expressed as coefficient of unalike-
ability (CU%). The CU% is smaller than the target precision; observed accuracy
exceeds the target value. Precision and accuracy are therefore acceptable.

Statistics

n: 40
Categories: 4
Bowker's Test for internal Symmetry 1.00
p-Value (two-tailed) 0.9856 (a = 0.05)
Symmetry Test Pass/Fail? Pass
Precision Estimates

Precision (CU%) 4.5%
Target Precision 6.0%
Pass / Fail? Pass
Bias Estimates

Accuracy 97.5%
Target Accuracy 95.0%
Pass/Fail? Pass

* CU% = Coefficient of Unalikeability.

test for internal symmetry is used. This is identical to McNemar's test,
but is used with square tables having more than two categories [34,35].
Similar to McNemar's test, it also investigates the null hypothesis that
the cell proportions (p; and p;;) are symmetric for all pairs of table cells.
A statistically significant value (e.g. p < 0.05) indicates a substantial
difference in the number of observations between the reference method
and the candidate method in one or more categories and will need to be
investigated further. Alternatives to Bowker's test are tests for marginal
homogeneity, such as the Stuart Maxwell test [36] and the more
powerful Bhapkar test [37]. The disadvantage of these tests is that they
only test for marginal homogeneity, and while symmetry in a con-
tingency table implies marginal homogeneity, the reverse is not true
[38]. Bowker's test, on the other hand, performs well with symmetry
testing and is simple to compute, which is why it is recommended here.

Precision: Precision is calculated in a similar fashion to qualitative
assays, using the coefficient of unalikeability. Calculations are per-
formed separately for each control sample and the total CU% is re-
ported as the mean CU% of all k levels:

n
CU% =1-),p}

i=1

(10)
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Fig. 1. Bubble chart, depicting the results for a
method comparison study between two urine
Glucose test-strip assays. Bubble charts are similar to
scatter plots, in which the size of each bubble is di-
rectly related to the number of observations in the
category denoted by the bubble. The above example
depicts measurement results of the candidate
method, plotted on the y-axis against results of the
reference method plotted on the x-axis. For the pre-
cision and accuracy experiment, measurement re-
sults would be plotted on the y-axis and target values
of the control material or the certified reference
material would be plotted on the x-axis.

O

3 4
e, CU%
CU%ota1 = = an
where
_k
L a2

Target: Target values for performance specifications are again based
on state-of-the-art. With a minimal protocol, such as described above,
10 repeat measurements are carried out for each of three categories. In
this scenario, one discrepant result leads to a CU% of 6.0%. With four
categories, a CU% of 4.5% is achieved with one discordant result and
9.0% with two discordant results. It is therefore feasible to set the de-
sirable target for precision to =6.0% and the acceptable target to
<9.0%.

Accuracy: For semi-quantitative testing systems, accuracy is defined
in terms of how well the system is able to correctly identify the mea-
surement category in question. It is calculated as the proportion of
correct results for each category (p;), divided by the total number of
categories (k), multiplied by 100:

25;1 pi

Accuracy = B X 100

13)

Target: With 10 repeat measurements per category, one incorrect
result leads to a total accuracy of 96.7% with three categories (e.g.
negative, weak-positive, positive) and 97.5% with four categories (e.g.
trace, small, moderate, large). Two incorrect results with 10 repeat
measurements and four categories result in a total precision of 95%.
Following the “state-of-the-art” principle again, a target accuracy of
=95% seems reasonable.

2.2. Method comparison

2.2.1. Qualitative assays

The method comparison experiment is carried out with patient
samples, reference materials or proficiency testing materials. CLSI re-
commends to continue testing, until at least 50 positive specimens are
obtained with both the test and comparative method. Furthermore,
samples with concentrations around the cutoff (e.g. + 20%) should also
be included, to evaluate the performance of the candidate method at
this critical concentration [39]. Other authors suggest, that analyzing
40 samples (10 positive, 10 weak positive and 20 negative samples) is
sufficient for routine clinical testing [40]. If samples for testing are not
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readily obtainable, the method comparison experiment may be carried
out with as little as 10 positive and 10 negative specimens [4]. Results
are summarized in a 2 X 2 contingency table, which serves as the basis
for the calculations. The calculated estimates are termed “Percent Po-
sitive Agreement (PPA)” and “Percent Negative Agreement (PNC)”,
rather than “sensitivity” and “specificity”, which emphasizes the fact,
that these estimates reflect agreement between methods and not diag-
nostic accuracy.

Formal testing of the degree of agreement between the two methods
is carried out with Cohen's kappa (x) [41]. For binary ratings, i.e. assays
with only “positive” or “negative” results, simple unweighted kappa is
appropriate. The test focuses on the major diagonal of the contingency
table, which contains the proportions of agreement between the two
tests, and assesses if diagonal counts are significantly larger than those
expected by chance alone. It therefore represents the agreement ad-
justed for that expected by chance and is calculated as the difference
between observed agreement (p,) and agreement expected by chance
alone (p,), divided by the maximum possible difference:

e B —P)
a-p) 14
k
P = 2, D
i=21 (15)
k
b= 2,PD
x; (16)

with p;= proportions lying on the main diagonal of the k X k con-
tingency table (i.e. the proportion of results with perfect agreement), pi.
= the sum of proportions in row; and p.i= the sum of proportions in
column;.

As the maximum value for p, is 1, which happens when there is
perfect agreement between the two assays, the maximum possible dif-
ference for p, — p. is 1 — p.. The limits of x are +1.00 (perfect
agreement) and —1.00, with values between 0 and —1.00 indicating a
level of agreement that would be expected purely by chance. Various
interpretations for « are found in the literature. In the clinical labora-
tory, the levels of agreement described by Landis and Koch are used
most commonly [42]:

Table 5

Summary statistics for a method comparison study between two qualitative
drug-of-abuse screening tests. Results are summarized in a 2 X 2 contingency
table. Symmetry testing is performed with McNemar's test. A p-value > a in-
dicates acceptable symmetry. The sum of the discordant cells is 3 + 1 = 4 and
therefore < 10, which is why hypothesis testing was carried out with an exact
binomial test. Agreement between the two methods is statistically evaluated
with Cohen's kappa (unweighted). The value for Cohen's kappa exceeds the
target value and therefore indicates acceptable agreement between the two
methods.

Statistics

Test (Candidate Method) Reference (Reference Method)

Positive Negative Total
Positive 20 3 23
Negative 1 16 17
Total 21 19 40
McNemar statistic: 0.25
p-Value (Exact, binomial): 0.6250 (a = 0.05)
Symmetry Test Pass / Fail? Pass

Agreement

Pos. Agreement
Neg. Agreement
Cohen's kappa

90.0% (76.9% to 96.0%)
95.2% (77.3% to 99.2%)
84.2% (62.4% to 94.5%)
0.80 (0.61 to 0.99)

p-Value (one-tailed) < 0.0001
Target kappa 0.70
Pass/Fail? Pass

Clinica Chimica Acta 497 (2019) 197-203

Table 6
Linear weights for a 4-category scale.

Candidate Method Reference Method / Control Sample

0 1 2 3
0 1,00 0,67 0,33 0,00
1 0,67 1,00 0,67 0,33
2 0,33 0,67 1,00 0,67
3 0,00 0,33 0,67 1,00

k= 0.20

0.21 = x < 0.40
0.41 < x < 0.60
0.61 <« < 0.80
0.81 = x = 1.00

Poor agreement

Fair agreement
Moderate agreement
Good agreement
Almost perfect agree-
ment

A high value for kappa indicates strong agreement between mea-
surement results and target values and thus good accuracy. The kappa
statistic is dependent on the prevalence of the disease, or in the case of
method comparisons, on the proportion of positive samples. Thus, for
two method comparison studies with the same proportion of observed
agreement, kappa would be highest in the experiment where the pro-
portion of positive samples is closer to 50%. If the proportion of positive
samples is very low or very high, the kappa statistic becomes smaller.
Caution must therefore be exercised, when selecting samples for qua-
litative method comparisons, paying close attention to a balanced de-
sign (comparable number of positive and negative samples). A sensi-
tivity and specificity of 90% result in a x = 0.80, which means that out
of all expected disagreement by chance, non-random agreement was
obtained with the tested method in 80% of cases. A sensitivity and
specificity of 80% result in k = 0.60. Therefore, most sources agree that
k should be > 0.60 and optimally > 0.80, which means that more than
half of the non-random cases are classified correctly [3,43]. At least 20,
better 30 samples (ideally 10 to 15 positive and 10 to 15 negative
samples) should be analyzed, to obtain a reliable value for kappa.

Although Cohen's kappa is the preferred measure of agreement for
qualitative and semi-quantitative assays, there are many others. A
simple approach is to calculate the overall agreement (“Percent Total
Agreement — PTA”), (Table 1):

(a+d)
n

PTA = X 100

a7

This does not, however, adequately characterize the agreement
between two methods, as (b + ¢) can be identical for two different
2 x 2 tables with very different individual values for b and c. It is

Table 7

Summary statistics of a method comparison study between two semi-quanti-
tative urine Glucose test-strip assays. Symmetry testing is performed with
Bowker's test for internal symmetry. A p-value > a indicates acceptable sym-
metry. Method agreement is evaluated with weighted kappa. A one-tailed p-
value for kappa, which is < a indicates that kappa differs from 0 and differ-
ences detected by kappa are not random. The value for weighted kappa is larger
than the target, indicating acceptable agreement between the two methods.

Statistics

n 40

Levels 4

Bowker's Test for Internal Symmetry: 2.00

p-Value (2-Sided) 0.9197 (a = 0.05)
Symmetry Test Pass/Fail? Pass

Cohen's Kappa (weighted) 0.92 (0.84 to 1.00)

p-Value (One-sided) < 0.0001
Target kappa 0.80
Pass/Fail? Pass
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therefore more useful to calculate a pair of agreement measures,
Percent Positive Agreement (“PPA”) and Percent Negative Agreement
(“PNA”) [11]:

PPA= —% %100
(@+c¢) (18)
d
PNA=—% %100
b+ d (19)

Again, samples should be carefully selected, ensuring a balanced
design, with a comparable proportion of positive and negative samples.
The acceptance criteria for PC and NC are 90%, respectively, and
should not be lower than 80% (Table 5) [3].

2.2.2. Semi-quantitative assays

The method comparison experiment is carried out with patient
samples, reference materials or proficiency testing materials, which
should span the entire measurement range (i.e. all categories detected
by the assay). At least 10 samples should be included per category, with
no less than 30 samples in total [4]. Results are summarized in a k X k
table (Table 3) or depicted graphically in the form of a bubble chart
(Fig. 1). With semi-quantitative assays three or more ordered categories
are present. Therefore the extent of disagreement can vary (e.g. one,
two or more categories), and this must also be taken into account, when
calculating kappa. Ordinary unweighted kappa, which is used for
binary systems, is therefore not appropriate in this case and weighted
kappa must be used instead. Weights are assigned to non-diagonal cells
of the contingency table, depending on their distance from the diag-
onal. The weight is directly related to the distance of the cell from the
diagonal and becomes smaller, as the distance increases. Two weighting
systems are described: linear and quadratic weighting. While with
linear weighting, weights remain constant, irrespective of the magni-
tude of the difference between the two results, with quadratic
weighting it increases with increasing difference. For routine laboratory
testing, linear weighting is employed:

wo=1— il
=
(k-1 (20
with i= row, j= column, |i — j| = the number of categories of dis-

agreement and k= total number of categories [44]. On a 4-category
scale, a disagreement by one category would therefore be weighted
with 0.67, a difference by two categories with 0 and so on (Table 6).

Target: Specifications for «,, are somewhat tighter than for simple
unweighted kappa. Ideally «,, should be =0.90 and minimally =0.70
(Table 7) [3].

Although weighted kappa is the preferred measure of agreement for
semi-quantitative assays, an alternative approach is suggested for im-
munological assays in virus diagnostics by Rabenau et al. The authors
propose, that the final evaluation of interchangeability of the candidate
and reference methods is judged according to the overall extent of
disagreement, with discrepancies of up to = 1 titer levels being ac-
ceptable [39].

3. Conclusion

Qualitative and semi-quantitative methods are common in the
clinical laboratory. DIN ISO 15189, DIN EN ISO 17025 and CAP require
that the performance of these methods is verified prior to their im-
plementation for reporting patient results. If numeric values are gen-
erated in the form of measurement signals during the analytical process,
than these can be used to assess precision and accuracy in an analogous
fashion to quantitative assays. For qualitative assays with strict binary
results, appropriate calculations for precision and accuracy must be
used. These can include symmetry testing with McNemar's test, preci-
sion testing with the coefficient of unalikeability and expressing accu-
racy in terms of total accuracy, true- and false positive, as well as true-
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and false-negative results. Finally, the Matthews Correlation Coefficient
provides a reliable indication of agreement between predicted and true
values. Method comparison experiments can be carried out with as few
as 20 patient samples and agreement between methods is expressed
with the help of Cohen's kappa.

For semi-quantitative assays with ordinal results precision and ac-
curacy can be estimated analogously to qualitative assays by extending
the appropriate calculations to more than two categories. Symmetry
testing is performed with Bowker's test for internal symmetry and
weighted kappa is used to quantify agreement between methods. For
immunological assays in virus diagnostics titer levels may be used.

All statistical graphs and tables were created with Abacus 2.0
(LABanalytics GmbH) [45].
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