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Abstract
Qualitative methods have an important place in forensic toxicology, ﬁlling central needs
in, amongst others, screening and analyses linked to per se legislation. Nevertheless,
bioanalytical method validation guidelines either do not discuss this type of method, or
describe method validation procedures ill adapted to qualitative methods. The output of
qualitative methods are typically categorical, binary results such as “presence”/“absence”
or “above cut-oﬀ”/“below cut-oﬀ”. Since the goal of any method validation is to demonstrate ﬁtness for use under production conditions, guidelines should evaluate performance
by relying on the discrete results, instead of the continuous measurements obtained (e.g.
peak height, area ratio).
We have developed a tentative validation guideline for decision point qualitative methods by modeling measurements and derived binary results behaviour, based on the literature and experimental results. This preliminary guideline was applied to an LC-MS/MS
method for 40 analytes, each with a deﬁned cut-oﬀ concentration. The standard deviation of measurements at cut-oﬀ (s) was estimated based on 10 spiked samples. Analytes
were binned according to their %RSD (8.00%, 16.5%, 25.0%). Validation parameters calculated from the analysis of 30 samples spiked at −3s and +3s (false negative rate, false
positive rate, selectivity rate, sensitivity rate and reliability rate) showed a surprisingly
high failure rate. Overall, 13 out of the 40 analytes were not considered validated. Subsequent examination found that this was attributable to an appreciable shift in the standard
deviation of the area ratio between diﬀerent batches of samples analyzed. Keeping this
behaviour in mind when setting the validation concentrations, the developed guideline
can be used to validate qualitative decision point methods, relying on binary results for
performance evaluation and taking into account measurement uncertainty.
1

An application of this method validation scheme is presented in the accompanying
paper (II – Application to a multi-analyte LC-MS/MS method for oral ﬂuid).

1. Introduction
Qualitative methods are best described by contrasting them with quantitative methods. The output of qualitative methods is categorical (or discrete) in nature, typically binary: presence or absence (qualitative identiﬁcation methods), above or below threshold
(qualitative decision point methods). On the other hand, quantitative methods produce
concentration estimates on a continuous scale.
There is an abundant literature dealing speciﬁcally with quantitative methods and
their validation procedures [1, 2, 3, 4, 5, 6, 7, 8, 9]. However, the literature and guidelines
dealing with qualitative methods is much sparser.
SWGTOX [1] and AAFS Standards Board [10] both contain recommendations for
decision point qualitative methods. According to these guidelines, LC-MS/MS qualitative decision point method validation should include interference and carryover studies,
dilution integrity and stability if necessary, as well as precision evaluation. Precision of
the measured signal should be evaluated at ≥ 50% of the decision point (DP) or cut-oﬀ
concentration, at the DP concentration and at ≤ 150% of the DP concentration. The
method is considered to be validated if %RSD ≤ 20% and (x̄50% + 2s50% ) < x̄DP <
(x̄150% − 2s150% ) , i.e. the mean ± two standard deviations at 50% and 150% of the
decision point do not overlap with the mean measurement at cut-oﬀ.
Two potential weak points can be identiﬁed. First, these procedures fail to use the
categorical or binary nature of qualitative methods’ output, employing instead procedures derived from quantitative method validation which relies on continuous data. One
reason likely explaining this state of aﬀairs is the confusion induced by the fact that
continuous measurements (area, height, area ratio, luminescence, etc.) are transformed
into binary results. Moreover, quantitative method validation guidelines are so well developed that they are almost second nature to forensic toxicologists and bioanalysts. It
therefore feels natural and safe to fall back on them for the related but distinct problem
of qualitative method validation.
A second weak point is the absence of a clear framework for evaluation of the method’s
uncertainty of measurement (UM). The requirement for UM evaluation in qualitative
methods has been recently introduced in the ISO 17025:2017 [11] standard, therefore its
absence from published guidelines is not surprising. Nonetheless, given this new requirement, adequate UM evaluation procedures for qualitative methods are required.
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In any method validation, the goal is to demonstrate the quality of the analytical
method by producing objective proof that predeﬁned performance criteria are met [1, 10].
Importantly, this veriﬁcation of the ﬁtness for use has to occur under the same preparation, analysis and data processing procedures which will be used for analysis (production) [1, 10]. The same holds true for qualitative method validation. Accordingly, binary
results (presence/absence, above/below cut-oﬀ) yielded by the method should be used
to measure the adequacy of its performance, since this is the result ultimately produced
in a production setting.
If the binary output of qualitative methods is to be used, what are the appropriate
validation guidelines and the associated minimal performance thresholds, and how should
UM be evaluated and taken into account in the ﬁnal results?
In order to answer such questions, the behaviour of the response variable (area ratio,
luminescence, etc.) in relation to the encoded, binary outcome must be understood. This
subject is touched upon sparingly in the literature [12, 13, 14] where diverse validation
procedures are suggested.
In this paper, we draw upon these various sources, computer simulations and experimental data to study the behaviour of the binary above/below threshold output of
qualitative decision point methods, in order to put forward a tentative validation guideline. This guideline is heavily based on the performance evaluation of another kind of
categorical test: medical tests for the presence of a diseased state [15, 16]. This validation
process is then evaluated by using an LC-MS/MS method for 40 analytes in blood. Results guided modiﬁcations to the guidelines. The ﬁnal version of the qualitative decision
point method validation guidelines is applied to an LC-MS/MS method for 97 analytes
in oral ﬂuid in Part II of this paper.

2. Materials and methods
2.1. Analytical method
The experimental data used for prospective and conﬁrmatory studies of qualitative
decision point methods were derived from a high throughput whole blood LC-MS/MS
analysis method for 40 qualitative analytes and 60 quantitative analytes. The quantitative analytes were validated separately [17] and will not be discussed in this paper. For
every qualitative analyte, a cut-oﬀ concentration was selected based on analytical (sensitivity across multiple LC-MS/MS systems) and toxicological (relevant concentrations for
eﬀects) considerations. The full list of substances and their designed cut-oﬀ is available
in Supplementary Data 1.

2.1.1. Sample preparation
Samples were brought to room temperature over 1 hour. Following vortex mixing for
10 seconds, 100 μL of blood was transferred using a positive displacement pipette into
a 96 well-plate with 2 mL square wells (Fisher Scientiﬁc, AB-0932, Ottawa, Ontario,
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Canada).
For the purpose of this study, blood samples were spiked at the cut-oﬀ concentration
or its multiples (e.g. 50%, 150%, 200%, etc.). Postmortem cardiac and femoral blood
with negative screening results, as well as antemortem blood purchased from UTAK
(Valencia, California, USA) were used. All compounds used for spiking purposes were
purchased from Cerilliant (Round Rock, Texas, USA), except for 3-hydroxy bromazepam
and N-desmethyl diphenydramine which were purchased from Toronto Research Chemicals (North York, Ontario, Canada). 10 μL of stable isotope labelled internal standards
solution (IS, Cerilliant, Round Rock, Texas, USA), at concentrations indicated in Supplementary Data 1, were added to the blood sample and mixed using vortexing.
In order to obtain a more ﬁnely granular precipitate, 100 μL of methanol:0.2% formic
acid in water (50:50 v:v) solution was mixed into the blood sample. Then 400 μL of
acetone:acetonitrile (30:70 v:v) mixture was used to precipitate the proteins. Following
mixing, the plate was centrifuged at 3200 ×g for 5 minutes. A 25 μL aliquot of the
supernatant was then transferred to a second 96 well-plate with 1 mL round bottom
wells (Canadian Life Science, RT96PPRWU1mL, Peterborough, Ontario, Canada). This
extract was diluted with 180 μL 0.2% formic acid in water and vortexed.

2.1.2. LC-MS/MS analysis
A 5 μL aliquot of diluted extract was separated on an Agilent Zorbax Eclipse Plus
C18 column (2.1 x 100 mm, 3.5 μm) using a step/ramp gradient starting from 2:98
methanol:10 mM ammonium formate (pH 3.0) to 50% acetonitrile. The ﬂow from
the HPLC (Agilent 1200 or 1260 Inﬁnity) was directed to a Sciex 5500 QTrap triple
quadrupole mass spectrometer. Detailed analytical parameters with regards to the liquid chromatography and mass spectrometry acquisition are available in Supplementary
Data 1.

2.2. Preliminary validation guidelines
Based on the picture of the behaviour of binary results in qualitative decision point
methods described in the literature and our exploratory experimental data analysis (described in Section 3.1), a preliminary set of validation guidelines was determined and
applied.
The standard deviation was estimated by analyzing a minimum of 10 diﬀerent samples
all spiked at the cut-oﬀ and calculating the standard deviation of the response variable
used, in this case the ratio of analyte peak area to IS peak area.
Probability curves (akin to the one shown in Figure 1b) plotting the positivity rate
(or above cut-oﬀ rate) as a function of concentration, were built by spiking 10 or more
samples at regular concentration intervals from -4 to +4 times the estimated sample
standard deviation (s), e.g.−4s, −3s, −2s, −1s, cut-oﬀ, +1s, +2s, +3s and +4s. This
facultative step assumed a linear response and a blank response of zero.
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The core of the validation procedure consisted of analyzing 30 samples spiked at −3s
and +3s (upper (UURL) and lower (LURL) unreliability limits, see explanation in Section 3), which were used to calculate the method’s validation parameters (see Section
2.2.1). Care was taken to ensure that these samples were prepared, injected and analyzed as they would be in a production setting, including for this particular method two
replicates of a sample spiked at cut-oﬀ, used to establish the threshold measurement and
permit classiﬁcation of samples as being above or below cut-oﬀ.
Ion ratio dependability for identiﬁcation purposes was estimated as the percentage of
all samples for which the ion ratio fell within ±30% of the ion ratio measured in reference
sample(s).
Carryover and interference studies should be carried out, as well as stability evaluation if deemed necessary. Although several procedures and guidelines exist, SWGTOX’s
practices are recommended in forensic toxicology [1]. If applicable, dilution integrity can
be veriﬁed by repeating the main validation procedures (standard deviation estimation,
evaluation of performance parameters on diluted samples). These studies were carried
out for the method presented here, but will not be discussed since they are not the main
focus of this paper.

2.2.1. Calculation of validation parameters
The validation parameters (false negative rate (FNR), false positive rate (FPR), reliability rate (RLR), selectivity rate (SLR) and sensitivity rate (SNR)) are calculated as
follows [12, 13, 15]:

RLR =

FNR =

FN
× 100
FN + TP

(1)

FPR =

FP
× 100
FP + TN

(2)

TP + TN
× 100 = 100 − F P R − F N R
n

(3)

SLR =

TN
× 100
TN + FP

(4)

SN R =

TP
× 100
TP + FN

(5)

Where:
T N is the number of true negative results;
T P is the number of true positive results;
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F N is the number of false negative results;
F P is the number of false positive results;
n is the total number of results.
The reliability (RLR) represents the overall method’s ability to correctly identify the
samples as above or below cut-oﬀ; the sensitivity (SNR) evaluates the percentage of samples actually above cut-oﬀ that are indeed identiﬁed as such, and the selectivity (SLR)
measures the percentage of samples actually below cut-oﬀ that are indeed identiﬁed as
such.
A qualitative decision point method validated under these production conditions (2
measured cut-oﬀ samples, rates estimated over 30 samples) can be considered ﬁt for purpose if the F N R ≤ 7%, F P R = 0%, RLR ≥ 93%, SLR = 100%, SN R ≥ 93% (Figure
1d) and ion ratio, carry-over and interference studies are successful. These expected
performance levels were calculated using the RStudio script presented in Supplementary
Data 2, Section 3. Expected performance levels under a diﬀerent number of measured
cut-oﬀs and number of samples for rate estimation can be computed from the same R
script: readers are encouraged to use it to deﬁne criteria under their own production and
validation conditions.

2.3. Computer simulations
In preparation for the simulations, a set of 30 diﬀerent samples spiked at cut-oﬀ were
extracted and analyzed to determine their area ratios (analyte peak area/internal standard peak area). Application of the Cramer-von Mises normality test did not show signiﬁcant departures from normality in all but two of the 40 analytes (0.032 < p < 0.922).
The R script used to perform this analysis and the set of complete results are available in
Supplementary Data 3. This is in accordance with the implicit statement consensus in the
literature, namely that measurements (e.g. area, area ratios), including those made on
an LC-MS/MS instrument, can be approximated by a normal distribution [12, 13, 14, 18].
Based on these results, response values for simulations were modeled using RStudio’s
normally distributed random number generator rnorm(n, mean, sd), where n is the
number of measurements to be generated, mean is the known true value of the measurement, and sd is the standard deviation. The number of measurements simulated per
concentration level varied as needed between 1 and 100. The known true value of the
measurement (area ratio) at cut-oﬀ was set to vary between 0.008 and 1.050, based on
the experimentally observed area ratios at the cut-oﬀ concentration. A linear function
describing the relationship between response and concentration was set as y = b1 x ,
where b1 was dictated by the known true concentration of the cut-oﬀ selected. Unless
otherwise stated, a standard deviation equivalent to 15% of the cut-oﬀ response value
was applied. R scripts used to carry out these simulations are available in Supplementary
Data 2.
6

3. Results and Discussion
3.1. Theoretical behaviour of binary results
When thinking about decision point or threshold methods, the ﬁrst reﬂex is often to
assume (or hope) that results behave akin to what is displayed in Figure 1a. Instinct
dictates that all samples with a concentration below the threshold, or cut-oﬀ, will produce a low response and therefore score negative every single time they are analyzed, and
samples with a concentration higher than cut-oﬀ will similarly score positive (or above
cut-oﬀ) systematically.

(a) Idealized behaviour of decision point qualitative methods

(b) Positivity curve for normally distributed measurements compared to a 20 ng/mL threshold

Figure 1: Positivity curves under diﬀerent models

While this would be incredibly helpful, it is unfortunately impossible. A sample at a
given concentration subjected to experimental manipulations and measured by a device
7

(c) Corrected positivity curve, accounting for heteroscedasticity and sampled threshold

(d) Average positivity rate when 30 spiked samples are measured and compared to a sampled cut-oﬀ (two
measurements to establish threshold). 90% of positivity rate results fall within the shaded area (5% to 95%
quantiles).

Figure 1: Positivity curves under diﬀerent models
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that has some degree of imprecision will always produce a range of measured values, typically with a normal distribution. If this measurement error is ignored, important bias
will ensue [19]. Thus, as can be seen in Figure 2a, repeated measurements on a sample
with a concentration exactly equal to the cut-oﬀ will yield a normal distribution with
an average response equal to the cut-oﬀ. 50% of these measurements will be reported as
“below cut-oﬀ” and 50% as “above cut-oﬀ” (50% positivity rate).
If the sample analyzed has a concentration far enough away from the cut-oﬀ, e.g. if
the mean measurement for that concentration is 3σ above or below from the cut-oﬀ value
(Figure 2b), then almost all responses (> 99.7%) will be reported as “above cut-oﬀ”, or
“below cut-oﬀ” respectively.
Logically, at a point between these two extremes, the normal distribution of responses
will overlap to varying degrees with the threshold response, generating an intermediate
positivity rate (Figure 2c). Samples with a concentration generating a mean response
between the cut-oﬀ and +3σ above the cut-oﬀ will yield positivity rates between 50.0%
and 99.7%. The converse also applies to samples with responses below the cut-oﬀ with
positivity rates decreasing as the concentration decreases.
The positivity curve for normal measurements compared to a threshold thus takes a
sigmoidal form (Figure 1b). The uncertainty of measurement associated with qualitative
methods is evident in this ﬁgure. Surrounding the cut-oﬀ is a range of concentrations
where repeated measurement of the same sample will not always yield the same classiﬁcation result (and the positivity rate takes an intermediate value). This unreliability (UR)
zone, stemming from the uncertainty of measurement, is an ontological characteristic of
qualitative decision point methods, and there is no possible way to avoid it. While some
might reﬂexively believe that moving the cut-oﬀ concentration could avoid this unreliability, it is important to understand that such a strategy is destined to fail since the
unreliability zone would just follow right along with it. In much the same way that one
cannot avoid measurement uncertainty in quantitative methods, the unreliability zone of
qualitative decision point methods is here to stay and needs to be acknowledged, identiﬁed and estimated, not fought. The only viable strategy to minimize the magnitude
of the unreliability zone is to minimize the standard deviation of the overall analytical
process.
The positivity curve shown in Figure 1b is the one typically reported in the literature.
But in order to adequately represent realistic (LC-MS/MS) data, it must be modiﬁed
to take into account two important factors. First, real measurements are typically heteroscedastic, even over small concentration ranges. This is clearly demonstrated in Figure 3, which displays normal distribution curves based on 30 spiked samples replicates
at diﬀerent concentrations for buprenorphine. The variance increases with increasing
concentrations, as made evident by the decreasing distribution maxima. This must be
accounted for in validation guidelines.
Second, the standard positivity curve presumes that the response (measurement) at
cut-oﬀ is a known and ﬁxed value. But of course, this is not the case; in a production
setting, this value is estimated based on a few measurements (typically 1 to 3) made
9

(a) Sample spiked at the threshold concentration (20 ng/mL): distribution of measurements (density plot, left)
and positivity curve (right). Exactly 50% of measurements are above the threshold measurement, resulting in
a 50% positivity rate.

(b) Sample spiked at > 3σ above the cut-oﬀ concentration (30 ng/mL): distribution of measurements (density
plot, left) and positivity curve (right). The whole distribution is far from the measurement at cut-oﬀ, yielding
a 100% positivity rate.

(c) Sample spiked at an intermediate concentration (between the cut-oﬀ concentration and 3σ above the cut-oﬀ
concentration) (23 ng/mL): distribution of measurements (density plot, left) and positivity curve (right). The
distribution of measurements overlaps with the threshold measurement, yielding an intermediate positivity rate
(84%).

Figure 2: Normally distributed measurements in relation to a ﬁxed threshold

on a sample spiked at the cut-oﬀ concentration. In other words, the threshold value is
sampled, not ﬁxed, and this means an unknown error of variable size is attached to the
estimated value. This implies that the estimated threshold will move from experiment to
10

Figure 3: Fitted normal distribution curves for buprenorphine samples (n = 30) spiked at diﬀerent
concentrations

experiment, which has a domino eﬀect on which samples get called “above” or “below”
cut-oﬀ, and thus on the positivity curve.
Fortunately, these measurement characteristics can be modeled and taken into account in establishing validation criteria, i.e. their impact on the positivity curve can be
calculated. Details of the modeling performed in RStudio can be found in Supplementary Data 2 (Section 2). The resulting positivity curve is shown in Figure 1c. Notable
diﬀerences result, particularly at the high concentration end, which aﬀects the expected
false negative rate and other parameters relying on it (reliability and sensitivity rates).
This software tool can also be used in establishing appropriate validation criteria by
modelling realistic behaviour (heteroscedastic data, cut-oﬀ with sampling error) of the
measurements and the derived binary results.

3.2. Derived method validation guidelines
The derived method validation guidelines presented in Section 2.2 utilize the performance of the actual method’s output, the binary “above cut-oﬀ”/“below cut-oﬀ” results.
With these guidelines we recognize the presence of measurement unreliability due to measurement error. Consequently, evaluation of the method’s performance and validation
needs to be performed outside of the unreliability zone but provides the most pertinent
ﬁgures of merit when performed near these boundaries (lower and upper unreliability
limits). However, depending on the purpose of the method, laboratories might ﬁnd it
11

pertinent to precisely evaluate the size of the unreliability zone, or might be satisﬁed by
performing validation well outside of it through an overestimation of the UR size (e.g.
±50% of the cut-oﬀ concentration). But ultimately, this measurement error must be
acknowledged in the production setting as well. Method validation will conﬁrm reliable
performance for measurements below −3s (LURL)and above +3s (UURL), but what
about measurements between these limits? These fall in the unreliability zone and must
be identiﬁed and reported as such. Measurements between −3s (LURL) and the measurement at cut-oﬀ should be reported as “likely below cut-oﬀ”, and those between the
measurement at cut-oﬀ and +3s (UURL) should be reported as “likely above cut-oﬀ”.
This will reﬂect the fact that repeated measurements on these samples might yield different results, and will adequately convey measurement uncertainty in the ﬁnal analysis
report.

3.3. Validation of the qualitative decision point LC-MS/MS method
The method validation guideline initially developed was used in an attempt to validate
an LC-MS/MS qualitative decision point method for 40 analytes. Standard deviation estimation was performed based on the analysis of 10 samples spiked at cut-oﬀ. Each
analyte produced a unique standard deviation and therefore an UR zone of unique size.
It follows, in principle, that the concentrations used for all subsequent validation steps
should also be unique to each analyte. For the probability curves alone, 40 analytes x
10 samples x 9 concentration levels = 3 600 spiked samples would need to be analyzed,
an unmanageable workload for the laboratory. Instead, analytes were classiﬁed as belonging to one of three standard deviation (%RSD) bins: 8%, 16.5% or 25% (Table 1).
This binning process reduced the requirements to 3 bins x 10 samples x 9 concentration
levels = 270 spiked samples, a reduction by a factor of 13. Samples spiked at −4s, −3s,
−2s, −1s, cut-oﬀ, +1s, +2s, +3s and +4s were analyzed, and a smoothed conditional
mean was ﬁtted to the calculated positivity rate. Generally, all analytes produced the
expected sigmoidal curve outcome, with some expected deformations attributed to the
binning process.
To measure performance parameters and ion ratio reliability, 30 samples spiked at
the LURL and UURL for each of the %RSD bins were analyzed. For example, MDEA
(cut-oﬀ = 20 ng/mL, %RSD = 8%) was spiked at 15 and ng/mL. Results, displayed in
Table 1, show that numerous performance parameters fall outside of the expected range
(greyed-out cells in Table 1). On the other hand, ion ratio, carryover and interference
studies were all found to be satisfactory. Overall, 27 out of 40 analytes were considered
to be validated.
The validation failure of so many analytes was quite surprising, and, in principle,
should not have occurred if the theoretical model of measurements and derived binary
results was correct. It therefore seemed that something was not taken into account by the
model. Further investigation revealed that the average response (area ratio) at cut-oﬀ
and, more importantly, its standard deviation, shifted on a batch to batch basis, with an
even more marked diﬀerence between days (Supplementary Data 4). The measurement
error was therefore not adequately characterized or controlled. This type of analysis thus
12
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Cut-Oﬀ
s
Bin
LURL
UURL FNR FPR RLR SLR SNR Validated?
(ng/mL) (ng/mL)
(ng/mL) (ng/mL)
α-Hydroxyalprazolam
20
0.13
0.165
10
30
0%
0% 100% 100% 100%
YES
Aripiprazole
10
0.1
0.08
8
12
30%
0%
85% 100% 70%
NO
3-Hydroxy Bromazepam
20
0.17
0.165
10
30
0%
0% 100% 100% 100%
YES
Buprenorphine
5
0.31
0.25
1
9
3%
0%
98% 100% 97%
YES
Hydroxybupropion
20
0.07
0.08
15
25
3%
0%
98% 100% 97%
YES
N-Desmethylcitalopram
20
0.08
0.08
15
25
3%
0%
98% 100% 97%
YES
N-Desmethylclobazam
20
0.11
0.08
15
25
20%
0%
90% 100% 80%
NO
Cocaethylene
20
0.08
0.08
15
25
0%
0% 100% 100% 100%
YES
Norcodeine
20
0.08
0.08
15
25
27%
0%
87% 100% 73%
NO
N-Desmethylcyclobenzaprine
20
0.16
0.165
10
30
0%
0% 100% 100% 100%
YES
Dextrorphan
20
0.11
0.08
15
25
7%
0%
97% 100% 93%
YES
Nordiazepam
20
0.09
0.08
15
25
3%
0%
98% 100% 97%
YES
N-Desmethyl diphenydramine
20
0.11
0.08
15
25
0%
0% 100% 100% 100%
YES
Duloxetine
20
0.15
0.165
10
30
7%
0%
97% 100% 93%
YES
Norfentanyl
0.5
0.13
0.08
0
1
43%
0%
78% 100% 57%
NO
7-Aminoﬂunitrazepam
20
0.09
0.08
15
25
40%
0%
80% 100% 60%
NO
N-Desmethylﬂunitrazepam
20
0.12
0.08
15
25
30%
0%
85% 100% 70%
NO
Norﬂuoxetine
20
0.22
0.25
5
35
0%
0% 100% 100% 100%
YES
2-Hydroxyethylﬂurazepam
20
0.09
0.08
15
25
80%
0%
60% 100% 20%
NO
Norketamine
20
0.1
0.08
15
25
10%
0%
95% 100% 90%
NO
Lorazepam-glucuronide
40
0.24
0.25
10
70
10%
0%
95% 100% 90%
NO
mCPP
20
0.1
0.08
15
25
0%
0% 100% 100% 100%
YES
MDEA
20
0.08
0.08
15
25
7%
0%
97% 100% 93%
YES
MDPV metabolite
20
0.1
0.08
15
25
17%
0%
92% 100% 83%
NO
Normeperidine
40
0.08
0.08
30
50
3%
0%
98% 100% 97%
YES
α-Hydroxymidazolam
20
0.09
0.08
15
25
23%
0%
88% 100% 77%
NO
N-desmethylmirtazapine
20
0.12
0.08
15
25
0%
0% 100% 100% 100%
YES
6-Acetylmorphine
5
0.1
0.08
4
6
3%
0%
98% 100% 97%
YES
Morphine-6β-D-glucuronide
100
0.31
0.25
25
175
7%
0%
97% 100% 93%
YES
Naloxone
20
0.08
0.08
15
25
3%
0%
98% 100% 97%
YES
Naltrexone
20
0.09
0.08
15
25
7%
0%
97% 100% 93%
YES
Desmethylolanzapine
20
0.3
0.25
5
35
0%
10% 95% 90% 100%
YES
Oxazepam-glucuronide
20
0.2
0.165
10
30
10%
0%
95% 100% 90%
NO
Phenylpropanolamine
30
0.09
0.08
23
37
3%
0%
98% 100% 97%
YES
Norpseudoephedrine
30
0.08
0.08
23
37
7%
0%
97% 100% 93%
YES
Norquetiapine
20
0.23
0.25
5
35
3%
0%
98% 100% 97%
YES
7-Hydroxyquetiapine
20
0.1
0.08
15
25
0%
0% 100% 100% 100%
YES
Temazepam-glucuronide
20
0.19
0.165
10
30
3%
0%
98% 100% 97%
YES
α-Hydroxytriazolam
20
0.13
0.165
10
30
0%
0% 100% 100% 100%
YES
N-Desmethylzopiclone
20
0.09
0.08
15
25
7%
0%
97% 100% 93%
YES

Analyte

Table 1: LC-MS/MS validation results

displays a two-part heteroscedasticity: the standard deviation changes with the concentration, which is properly accounted for by the model presented here; and the second
part is, apparently unstructured and unrelated to other factors. This was the key to understanding the disappointing validation results and should be taken as a precautionary
warning. The standard deviation changed between batches and daily, which meant that
the size and edges (LLURL, UURL) of the unreliability zone also varied daily. Supplementary Data 4 shows, for example, an average 6-fold increase in the standard deviation
between two batches. Therefore, while we thought we were measuring method validation
parameters (FNR, FPR, SNR, SLR, RLR) at the binned −3s and +3s for each analyte,
we might actually have been making these measurements signiﬁcantly away from the
edges, either inside or outside of the unreliability zone on that particular day. This will,
naturally, have a major impact on the positivity rate, the method performance and its
measurement uncertainty.

3.4. Modiﬁed method validation guidelines
Having a reliable estimation of the unreliability zone is important to apply adequate
criteria on validation parameters, but also to properly take into account measurement uncertainty in production operations and accurately classify samples as below cut-oﬀ/likely
below cut-oﬀ/likely above cut-oﬀ/above cut-oﬀ. Knowing that the size of this unreliability zone varies on a daily basis, the next obvious question is: can the position of its
edges (LURL, UURL) be estimated with each batch?
The problem with this approach is that accurate estimation of the standard deviation
is more diﬃcult than accurate estimation of an average, since this parameter converges
more slowly than the mean. To obtain a standard deviation estimation with lower than
20% average error, one would have to analyze at least 10 samples spiked at cut-oﬀ per
batch/day. Given the constraints of a production setting, this is impractical.
Therefore, until better mathematical predictive tools are developed, an accurate estimate of the size of the unreliability zone seems out of reach. For the moment, the
best that can be done is to proceed conservatively. Either perform several estimations
of its size on diﬀerent batches/days and use the largest one, or, based on experience,
choose one that insures that the validation points are outside the unreliability zone, e.g.
at ±50% of the cut-oﬀ concentration. Note that this is essentially what is done with
immunoassay method validations [1].
For validation of this LC-MS/MS method, all analytes in the 8%RSD bin were pushed
up into the 16.5%RSD bin, yielding LURL and UURL at 50% and 150%. Using these
relaxed conditions, all analytes satisﬁed the validation criteria.

4. Conclusions
Qualitative methods yield categorical, binary outputs very diﬀerent in nature from
quantitative methods, and validation guidelines should employ these categorical results
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to evaluate method performance, not the continuous measurements collected in the process. We have developed a tool to model the measurements and the derived binary results
based on the literature and experimental data.
A tentative validation guideline was developed and applied to an LC-MS/MS qualitative decision point method for 40 analytes. Results also demonstrated a previously
unreported behaviour of this type of measurements: the average area ratio and its variance changes on a daily basis, leading to signiﬁcant variations of the unreliability zone
size which is critical for method validation.
Considering this behaviour, we oﬀer the following validation guidelines:
1. Decide on the validation points to be used above and below cut-oﬀ (LURL, UURL).
If the size of the uncertainty of measurement is important, the standard deviation
can be repeatedly evaluated on diﬀerent days and the largest one used to conservatively place validation points at ±3s. If not, a conservatively large size such as
cut-oﬀ ±50% can be used.
2. 30 samples should be spiked at the validation points (above and below cut-oﬀ) and
treated as they would in a production setting (i.e. analyze those samples as they
would be in a real batch, with the same number of extracted cut-oﬀs as will be
used in production, and generate binary results). The validation parameters should
satisfy the following criteria (for 2 injected cut-oﬀs and 30 samples used for rate
estimation): F N R ≤ 7%, F P R = 0%, RLR ≥ 93%, SLR = 100%, SN R ≥ 93%,
ion ratio adequacy > 95%. For other conditions, the R Script in Supplementary
Data 2, Section 3 can be used to estimate expected performance.
3. Carryover and interference studies according to SWGTOX’s practices should be
performed and satisfy pre-established criteria.
4. If appropriate, dilution integrity can be assessed by repeating Step 2) with the
desired dilution and veriﬁcation that validation parameters continue to satisfy the
above criteria.
5. In production, samples whose response falls below the low validation point are reported as “below cut-oﬀ”, samples with a measurement between the low validation
point (LURL) and the cut-oﬀ as “likely below cut-oﬀ”, samples with a measurement
between cut-oﬀ and the high validation point (UURL) as “likely above cut-oﬀ” and
samples with a measurement above the high validation point as “above cut-oﬀ”.
Using this validation guideline and method of reporting results not only produces a
performance evaluation more in line with the deﬁnition of method validation, but also
takes into account measurement uncertainty, as required by the new ISO 17025:2017 [11]
validation guidelines. In the accompanying paper (II – Application to a multi-analyte
LC-MS/MS method for oral ﬂuid), this framework was successfully applied to a method
covering 97 analytes in saliva collected using a Quantisal device.
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