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Abstract

Background: The existence of the variable component of the systematic error (VCSE) was known from the beginning. Still, it
is a kind of taboo: it does not have a definition in the International Vocabulary of Metrology and is not present in equations, as
it is considered transformed over time into random error.

Objective: This theoretical study aims to reevaluate the role and significance of the VCSE in quality control (QC).

Methods: Assuming three quintessential principles—(1) a parameter must be determined under the same conditions under
which it is used, (2) a calibration cannot correct smaller biases than the calibration error, and (3) a constant cannot correct a
variable —it was deduced that the source of the VCSE is bias drift caused by reagent instability and the shifts caused by human
interventions. Both phenomena are mentioned in the literature. The two causes were confirmed by two series of computer
simulations using 1000 normally distributed values with an SD of 1 to simulate random error and appropriately chosen bias
values to simulate (1) drifts with different slopes and (2) variable shifts. Real-life examples from day-to-day QC, using Roche
reagents on Cobas 6000 and Cobas PRO analyzers, confirmed the computer simulations.

Results: “The bias” is a definitional uncertainty because bias is time-variable. The causes of the cyclic variations are reagent
instability and human intervention, confirmed by computer simulation and real-life QC data. Making a clear distinction
between bias measured under repeatability and reproducibility within laboratory conditions, as in the case of SDs, and also
separating constant and variable subcomponents of the systematic error, 2 sets of error parameters are obtained, each set being
consistent with the measurement conditions. The link between them is the time-variable VCSE function. More properties of the
VCSE(t) impose a distinction from random error component: predictability and corrigibility in the short term and non-Gaussian
distribution. Its transformation into random phenomena is a myth based on confusion between random and variable error
components. The accurate determination of the VCSE(t) function is possible, but it has an excessively high cost-effectiveness
ratio. Because it is hidden in the bias measured in repeatability and in the SD in reproducibility within laboratory conditions,
it helps us to avoid the redundant use in total measurement error and MU equations. Several false assumptions behind the
Westgard rules were uncovered.

Conclusions: The new error model aims to serve as the foundation of a new QC system. Internal QC decisions are only
consistent with graphs designed using SD measured in repeatability conditions; therefore, they are not consistent with the
actual Westgard rules. Alarms should be avoided in cases of incorrigible biases. Immediately after calibration, constant biases,
gradually increasing biases, and unexpected shifts in bias represent distinct situations, each requiring a unique strategy.
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Introduction

The author was motivated to research and publish this study
after observing several statistically impossible internal quality
control (IQC) graphs designed with spw (SD measured
under variable conditions, reproducibility within laboratory
conditions), as recommended by Westgard et al [1]. For
example, there are no Rj_»g rule violations in a month. With
180 measurements/month (Romanian laws impose 3 control
runs per day), in the case of an assumed normal distribu-
tion and a correct SD, the theoretical probability (calculated
using normal distribution tables) of such a graph is 0.0224%.
The author observed such (and other types) of statistically
impossible graphs on all analyzers he practiced: Hitachi
Modular, Cobas 6000, Cobas Pro, Cobas Pure, Architect
8000, JEOL, Siemens Advia, and BTS 370.

The former statistically impossible graphs become possible
if we design the quality control (QC) graphs with an
overestimated SD. For example, assuming an overestimation
of 50% of the SD (practically applying instead of the Ry_sg
rule, the Ry_3g rule as a warning), the probability of no Ry_3g
rule violations in a month becomes 62.58%. The Westgard
rules are only correctly applied if we design the QC graphs
with the correct SD (the measure of the pure random error
component [RE]).

There is no reciprocal relationship between the normal
distribution and the SD. We can calculate an SD from any
data set, not just from data with a normal distribution. An SD
is not proof of a normal distribution. According to Stahl [2]:

[The name of] Normal distribution was not the luckiest
choice because other distributions are perceived as
abnormal.

Consequently, scientists perceive all distributions as not
abnormal and do not verify the Gaussian character. The Gauss
equation is only valid if conditions do not change. Westgard
rules assume a normal distribution. However, the long-term
control data are not normally distributed [3,4]. The significant
variation in the monthly biases and SDs also sustains the
non-Gaussian distribution (see data published by Kumar and
Mohan [5]).

A significant source of error is the definition of the
random measurement error in the International Vocabulary
of Metrology (VIM) 2.19 [6], which considers random and
unpredictable terms equivalent. According to Krystek [7]:

We speak of ‘random’ variations, although we cannot
explain what the attribute ‘random’ actually means.

There are different types of unpredictable phenomena.
Some such examples:
a. A transient phenomenon causing an outlier.
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b. An unexpected phenomenon causing a systematic
change (shift).

c. A cyclical (eg, sinusoidal) variation can be subjectively
perceived as random if checked in more extended time
frames than its period.

d. Non-Gaussian (eg, uniformly) distributed random
phenomena, like the values generated by the RAND()
function in EXCEL.

e. Expected change with unpredictable extent (eg, human
interventions), alternating with predictable time frames.
It can be named a randomly variable systematic
phenomenon.

f. Typical random phenomena caused by the inconstancy
of the measuring system (eg, sampling error). Only the
last phenomenon is the source of normally distributed
data sets.

The confusion between the typical random and the randomly
variable systematic phenomena is a severe error source in the
QC. The author used the following assumptions:

e Assumption 1: The systematic error component (SE)
is concentration-dependent (we perform QC measure-
ments on more levels).

* Assumption 2: The SE is time-dependent (we repeat
controls periodically).

* Assumption 3: Calibration is a measurement subject to
errors (after calibration, a QC run is compulsory).

* Assumption 4: The instrument is quasi-constant in time.
Maintenance does not impose corrective actions (eg,
recalibrations), only QC.

* Assumption 5: An instrument failure cannot cause
specific systematic variations, and the errors are of
aberrant size (eg, a blown lamp).

This study is consistent with the following quintessential
principles valid in all sciences:

* Quintessential principle 1: We must determine all
parameters under the same conditions under which we
use them. For example, if we determine a parameter
under specific constant conditions, we cannot use it
for predictions in variable conditions. We can extend
the use of a parameter obtained within a given time
frame to other time frames only if we assume that it is
constant.

* Quintessential principle 2: An action (eg, calibration)
can efficiently correct neither smaller biases than its
average error nor smaller biases than the uncertainty of
the bias value.

* Quintessential principle 3: We cannot correct a variable
error by adding a constant.

The SE (bias) is dependent on concentration and time
(SE=B(c, t), Assumptions 1 and 2). To apply correctly,
we must modify the error model. Westgard et al [8] sepa-
rated the bias into a constant component (CE) and another
proportional to concentration (PE), making it possible to
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deal with concentration dependency. If we focus on a single
control level, the separation is unnecessary. The corrected
error model has a wide range of applicability [9,10].

A similar, generally accepted separation of bias compo-
nents to deal with time dependency does not exist. Westgard
et al [8] started from the assumption of a constant bias. As
Badrick [3] observed:

[In the Westgard model] One assumption is that the
bias is unchanged over time; ‘Systematic’ implies a
specific point in time.

However, JCGM -6:2020 GUM 10.6 has recommenda-
tions in the case of drift effects [11], the JCGM 100:2008
GUM 324 [12] recommendation “It is assumed that the
result of a measurement has been corrected for all recognized
significant systematic effects” hides a similar assumption.
Neither a correction (GUM B.2.23) nor a correction factor
(GUM B.2.24) can eliminate a function (a time-variable bias,
quintessential principle 3). The bias is undoubtedly time-vari-
able (Assumption 2). According to Leito [13]:

Bias determined within a single day is different from
one determined on different days (and averaged).

If so, the bias measured in external quality assessment
(EQA) has a validity term of only 24 hours. When we
obtain the result, the value is obsolete. The variable bias is
neither eliminated by corrections nor by calibration because it
reappears (quintessential principle 3).

When substituting the bias value into an equation, the
question arises: Which bias? The bias of today, the value
measured in the last EQA, or the long-term mean of the
bias values? “The bias” is a definitional uncertainty that
imposes a distinction between bias types and their separation
into a time-invariable component (CCSE: constant component
of systematic error) and a time-variable function (variable
component of the systematic error=VCSE][t]). Focusing on a
single control level:

TE(t) = SE(t)+ RE=CCSE+ VCSE(t)+ RE (1)
This study aims to identify, quantify, and characterize these
bias components, if possible.

The VIM 2.17 definition [14] by the “or” word indirectly
defines 2 SE subcomponents:

The systematic measurement error is the component of
the measurement error that in replicate measurements
remains constant or varies in a predictable manner.

The CCSE and the VCSE(t) are neither defined nor at
least mentioned in VIM. Time variability was known from
the beginning [15]. However, the phenomenon has only come
into focus in recent years. Due to the lack of standardization,
the authors use different names, definitions, and notations
[15-23], which cause difficulties in research. The definitions
are not (entirely) equivalent. Others only make the difference
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between short-term bias and long-term bias [9,24] or bias of
the moment “t” and mean bias [25], suggesting bias variabil-
ity.

Several authors built alternative error models to include
the VCSE(t) function [15,19,23,25]. A particular case is the
graphical model of Theodorsson et al [21], which attempts to
prove that: “Variable bias components become random errors
over time.”

In their model, the variable bias components are included
in the SE for short time frames, while in long time frames,
they are included in the RE. However, the model is consis-
tent with the VIM 2.17 definition of the SE; its accuracy is
debatable because the definition does not distinguish between
randomly variable systematic and typical random phenomena
(cases e and f of unpredictable).

The transformation of the variable SE components into
random ones is only subjective, based on an inaccurate
definition. Only the long-term control data are dispersed
under the influence of 2 distinct variable phenomena: the
RE and bias variation (the VCSE[t]). We can calculate an
SD from the VCSE(t) values, as from any variable set of
data (cases b-d of unpredictable). Let us note its sycsg (the
SD calculable from the daily [run] mean, bias, or VCSE][t]
values). According to more authors (using different names,
definitions, and notations), the link between the SD meas-
ured in repeatability and reproducibility within laboratory
conditions is the sycsg [19,22,23].

Sgw = Sy + Svcsg = \/53 + S%/CSE (2)

The VCSE(t) is hidden in the bias of the moment “t” and
SRW-

Initially, the bias variations were perceived as unpredicta-
ble. Shewhart [15] stated:

The causes of this variability are, in general, unknown.

Similar opinions have been sustained by Westgard et al
[8]. Recent studies identified 2 sources of bias variability.
According to Marquise [16]:

Every new calibration creates a different bias, which
appears as a random shift on the chart.

Magnusson et al [22] referred to the phenomenon as
variations in calibration over time. The consequence is an
alternation between periods of constant bias with random
variations in the SE.

The reagent instability causes a gradually increasing
bias (in absolute values) [18,19]. The bias cannot con-
tinue to increase indefinitely because we take corrective
actions. Consequently, we obtain a sawtooth-like cyclical bias
variation. Mackay et al [23] acknowledge both phenomena as
sources of bias and variation.
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Using computer simulations and real-life QC examples,
the author will analyze these phenomena in the Experimental
Data section. In the Discussion section, the properties of the
VCSE(t) function and the sycsg will be compared with other
bias and SD components.

There are 2 points of view in the clinical laboratory.
The accreditation services and clinicians are interested in the
limit of credibility of the results: the measurement uncer-
tainty. This point of view is consistent with error parame-
ters measured in reproducibility within laboratory conditions
(quintessential principle 1). Unfortunately, this point of view
is imposed on all decisions, becoming a source of error.

The laboratory specialist focuses on short-term decisions:
May I run patient samples now, or must I make correc-
tive actions before? The decisions are consistent with error
parameters measured in repeatability conditions, but not those
obtained in long time frames (quintessential principle 1).

There are 2 conflicting approaches in the QC. Gauss
[26] introduced the error approach, which was considered
valid until the emergence of the measurement uncertainty
(MU) approach described by GUM [7]. Usually, there is an
expectation to adhere to one of these approaches.

While the theoreticians of the uncertainty of measure-
ment (UM) formulated some pertinent critiques, the UM
theory is not perfect. The comparison of the weaknesses
and strengths of the error and UM approaches is not the
task of this study. Neither the UM approach can challenge
the total measurement error (TE) approach-based internal
QC decisions, nor can the TE approach substitute the UM
in uncertainty calculations [23]. The 2 approaches link to 2
different points of view, and predictably, they will coexist as
a state-of-the-art situation. The laboratory specialists must use
both, depending on their tasks. Moreover, the 2 approaches
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share commonalities, using the same (oversimplified) error
model. This study challenges the error model, influencing
both approaches. The focus of this study is on short-term,
internal QC decisions. Therefore, the consequences on UM
calculations will only be mentioned.

Methods

This theoretical study uses mathematical statistics. Most
statements and observations are present in the literature,
but only as mosaic pieces. Critical statements are based on
theoretical deductions, computer simulations, and observa-
tions made in the author’s 40 years of experience in the
clinical laboratory. Real-life examples are from the day-
to-day IQC of the laboratory of the Brasov County Clin-
ical Hospital for Urgencies (SCJUBv). The author made
the exemplified measurements on Cobas 6000 and Cobas
Pro analyzers using Roche reagents, but observed similar
phenomena on all analyzers he worked with.

A total of 1000 data (expressed with one decimal) with
normal distribution, mean O (SD 1), were generated to
simulate RE. The bias variation was simulated by choosing
bias values depending on the task. TE was calculated as the
sum of the bias and RE. From the daily RE, B, and TE values,
respectively, the s, (SD measured in constant, repeatability
conditions), sycsg, and sgw were calculated.

To simulate the influence of a single calibration error on
the SDs, the bias was maintained at O in the first 500 data, and
the same chosen value simulating a bias was used for the last
500 in each simulation. Changing the bias from 0 to 2 (0-2 s;)
with increments of 0.25 (0.25s,), 9 data sets of s;, sycsg, and
spw were obtained. The sy was represented in the function

of S{Z/CSE (Table 1)

Table 1. Computer simulation of a single calibration. In each simulation, “n” takes integer values between 0 and 8 (a total of 9 values). re; values

have a normal distribution with SD=s,=1.004.

Time (t) RE? Bias TEP

1 re;=2.1 0 2.1

2 rep=—1 0 -1

500 res00=0.1 0 0.1

501 reso =17 nx0.25 17+025n
502 res0r=—0.9 nx0.25 -09+025n
1000 rejpoo=—1.2 nx0.25 -12+025n
SD 5,.°=1.004 sycsgd =n x 0.125 SRW®

4RE: random error component.
YTE: total measurement error.
Cs;: SD measured in constant, repeatability conditions.

dsycsE: the SD calculable from the daily (run) mean, bias, or VCSE(t) values.

®spw: SD measured in variable, reproducibility within laboratory conditions.

To simulate the influence of more calibration errors on the
SDs, (3 random changes in the mean) were added 4 x 10 bias
values (equal to 1.5, =1, 0.5, and 0) to 2 x 40 normally
distributed values (real SD of 1.07), simulating RE on 2
levels. sycsg from the bias values, s, from the RE values,
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and spw from the TE values were calculated in different time
frames.

One thousand and one linearly decreasing bias values were
chosen (from 0 to B) to simulate the influence of drift in
bias. By changing the slope factor (by changing the value of
Bias from O to 4 with increments of 0.5), 9 data sets of s,
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svCsE. and sgw were obtained. The sz was represented in
the function of s%cg; (Table 2).

Vandra

Table 2. Computer simulation of a quasilinear drift caused by reagent degradation. “b”=B/1000. In each simulation, B takes values from O to 4 with

increments of 0.5 (total 9 values/simulations). rej values have a normal distribution with SD=s=~1.

Time (t) RE?2 Bias TEP

0 1e9=0.6 bx0 0.6+0

1 rej=—2.1 bx1 —2.1+b
500 res00 b x 500 resgo + b x 500
999 re999=—0.8 b x 999 —0.8 +b x 999
1000 rejgoo=—1.2 b x 1000 -1.2+b x 1000
SD $,°=1.004 svesgd SRW®

4RE: random error component.
YTE: total measurement error.
Cs;: SD measured in constant, repeatability conditions.

dsVCSE: the SD calculable from the daily (run) mean, bias, or VCSE(t) values.
®srw: SD measured in variable, reproducibility within laboratory conditions.

In the real-life data example with drift, the run mean was
estimated with the SLOPE and INTERCEPT functions in
Excel. A single estimated mean was calculated from the
average of the run results expressed as a percentage. The CV;,
(CV measured in constant, repeatability conditions) values
for each level were calculated from the deviations from the
estimated run mean.

The average CV, for the whole period was calculated as
the SD of the half differences of the percent expressed results
(an adaptation of a method described in Nordtest 537 TR
[22]).

Results

Overview

The computer simulations aimed to demonstrate that the
sources of bias variation described in the literature are the
true causes of the increased SD in more extended time frames
and to confirm the validity of Equation 2. The real-life
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QC examples demonstrate that computer simulations are
grounded in reality.

The Influence of a Single Shift in the
Mean Caused by a Calibration

In the computer simulation of a single calibration (a single
shift in the mean), the graph of the run mean is a horizontal
line with bias=0 before the mean shift (calibration) and a
horizontal line with mean=bias after the mean shift (calibra-
tion). The results are randomly dispersed around the run mean
with SD of 1 (=s;) (Figure 1). The SDs calculated from 500
data before and from 500 data after the shift are 1 (=s;), while
the SD calculated from all data (spw=1.43) is significantly
bigger according (Fp 95, 500500=143). The SD calculated
from runs 480-520 (including the shift) is 1.55, suggesting
that the bias variation causes the increase of the SD (sgw). A
sudden change of 1 SD (Is;) in the mean causes an increase
of only 12% in the overall SD (srw), and it is difficult to
observe visually such minimal increases.

JMIRx Med 2026 | vol. 7 149657 | p. 5
(page number not for citation purposes)


https://med.jmirx.org/2026/1/e49657

JMIRx Med Vandra

Figure 1. Computer simulation: a shift in the mean causes an increase in the sgw (SD measured in variable, reproducibility within laboratory
conditions). Bias variation=2s; case. TE: total measurement error.
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obtained, confirming its validity (Figure 2). values, to reduce the influence of the sgyy variability.

An example of magnesium obtained in March 2021 on a
Cobas Pro analyzer (2 x 7 runs, 2 levels, and one calibration

Figure 2. Variation of square spw as a function of square sycsg. The slope is 1. spw: SD measured in variable, reproducibility within laboratory
conditions; sycsg: SD calculable from the daily (run) mean, bias, or VCSE(t) values.
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Figure 3. Calibration parameter changes cause bias variations (VCSE(t)). Real-life data. VSCE(t): variable component of the systematic error, a

time-variable function.
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The graph has an insignificant drift on both levels. Calcu-
lations presented in Table 3 show that before and after
calibration, the coefficient of variation (CV) is consistent with
the CV; (an F test did not reveal significant differences),
and the increase in the CVRw (CV measured in variable,
reproducibility within laboratory conditions) is due to the
shift in the mean. Equation 2 is valid. From the sycsg

calculated from the mean variation and the s, values, it was
possible to predict the value of the CVRw. The F test did not
find significant differences between the CV of all data, the
predicted CV (Equation 2), and the actual CVRw. The actual
CVRw (determined from one month’s data) is slightly bigger
because it includes more calibrations and reagent changes.

Table 3. The increase of the spw/CVRw (SD measured in variable, reproducibility within laboratory conditions/ coefficient of variation measured

in variable, reproducibility within laboratory conditions) caused by a shift in the mean (calibration) can be predicted by Equation 2 (real-life data,

magnesium, Cobas PRO).

CVvcsg? )
Number of CV; (method A B% CV of all data Predicted CVRw Actual CVRw,

Analyte and data data CV (CVp3, % validation), % = =7 % (CVRw), % (Equation 2), % %
Mg level 1

Before 7 0.86 —¢ — — _ _

calibration

After calibration 7 1.01 — - — — _

All data 14 0.94 1.24 1.39 1.69 1.95 2.14
Mg level 2

Before 7 0.83 — — — — _

calibration

After calibration 7 1.01 — — — — _

All data 14 0.92 1.11% 1.69 1.95 2.18 2.54

4CV,: CV measured in constant, repeatability conditions.

bCVycsg: CV of the VCSE(t), sycsg, expressed as a percent of the target value.

“Not applicable.

The Influence of More Random Changes
in the Mean (More Calibrations)

Figure 4 shows the simulation graph of more random changes
in the mean. Without computer assistance, we can visually
detect only the significant mean variation (run 11). As shown

https://med.jmirx.org/2026/1/e49657

in Table 4, the s; values are quasi-constant. Simultaneously,
the spw values depend on the time frame (variations from
1.10 to 1.94). The bigger the mean change, the bigger the
srw.- The validity of Equation 2 is maintained (compare line 4
with line 10).
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Figure 4. The influence of multiple mean changes (computer simulation); only significant shifts can be visually observed (run 10-11), and not those
that are less significant. s;: SD measured in constant, repeatability conditions.

45
[
n

-------------- rr---
iy " [
5 3 v
[y \ 1 1‘
@ \ h Py §
£ N [REWAL Iy
= RV N AT A ATTTT 1TTTTTT
= ) T V) y I [
5 15 R et 0 )
£ \ “ . f 1
oo B R 10 T A LR R U4 Y St At R S S s N Y \
Y IS NEEAS \ I
= VI SR
[l \ A n ]
= [ I Y - ] ]
— N W v\, 1Y
% O 1 A ‘{ L) v
T ) VL o
< | rermmmeegeemmmmm- vl Ve
Y ¥ [ 1 ". W]
= i R + N ' 2 |'l

L] \ - \ ] ]
£ 15 X I S N R v/
= “| I \‘l' \ ] [ I‘l }
c WA ! - L (B A== TT T
=) n'f\ ! \\l R s
YA R .
& 3 ! -‘.-: pd u
e 1] Y
]
-45

012 3 456 7 8 91011121314151617 18192021 222324252627 28293031 323334353637 383940

Daily mean === == MNormal control == ==Pathologic control

Run nr.

----- Daily mean +2sr limits

Table 4. There are significant differences in the sgw (SD measured in variable, reproducibility within laboratory conditions) values, depending on
the time frame, while s, (SD measured in constant, repeatability conditions) in the limits of the statistical methods remains constant.

Variable and runs (time frame) Normal Pathologic
SRW

1-20 1.94 154

21-40 1.10 1.22

11-30 1.32 097
spw all

1-40 1.56 143
Sr

1-40 1.10 1.03

1-20 1.17 0.95

11-30 1.15 1.02

21-40 1.03 1.12
Svesg? (SD of bias variation)

1-40 0.95 0.95
spw calculated/predicted (Equation 2)

1-40 1.45 1.40

3sycsg: SD calculable from the daily (run) mean, bias, or VCSE(t) values.

The Influence of Gradual Mean Changes
(Drifts) Caused by Reagent Degradation

In the computer simulation, the graph of the daily mean was
an oblique line with decreasing tendency, with slope=—0.001
X maxBias. maxBias is the maximum bias in absolute values
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in each simulation. The SD calculated from the daily means
maxBias

was SVCSE="3r 75
The deviation of the results from the daily means had an
SD =1 (=l1s;) in all simulations. The SD calculated from all
1001 data (sryw) was bigger than 1s;. A bias variation of 1.5s;

corresponding to a uniform distribution.
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caused an increase in sgw of only 10%, which was difficult to
observe visually.

If we represent the sy values as a function of StZ/CSE’ we

obtain an identical graph, as shown in Figure 2, consistent
with Equation 2 (a linear graph with slope =1 and intercept
=1).

Figure 5 shows a 35-run real-life chart (glucose, Cobas
6000 analyzer, July 2023). The period includes 2 reagent

Vandra

changes (corresponding to the shifts in the mean between runs
14-15 and 25-26). No calibrations were made. In the periods
between reagent changes, the means are similar in all time
frames (0.22%/run, 0.23%/run, and 0.20%/run), consistent
with the degradation tendency of the reagent. Most data are
within the estimated mean (SD 2CV,) limits, suggesting that
CV; (sp) is the true measure of the RE.

Figure 5. Real-life data sustain the influence of the mean drift on the variable component of the systematic error. s;: SD measured in constant,

repeatability conditions.
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The CV; values calculated from the deviations of the percent
expressed results from the estimated mean are similar to the
CV; value calculated from the half differences between the

—— — Estimated mean

Run nr.

= === mean-2sr = === Mean +2sr

percent expressed results obtained on the 2 control levels
(Table 5; a Cochran F test for equality of 2 variances did not
find significant differences between the CV; values).

Table 5. The coefficient of variations (CVs) calculated from the deviations from the estimated means are similar to CV, (CV measured in constant,
repeatability conditions; in the limits of the statistical methods; CV, [half difference, all runs]=0.73%). The CVRw (CV measured in variable,

reproducibility within laboratory conditions) is significantly bigger.

Runs (%) CV; (method validation) (%) CVRw (%)
1-13 14-25 26-35 All runs
Normal 0.96 0.72 1.04 0.90 0.81 1.24
Pathologic 0.73 0.80 1.07 0.86 0.80 1.10
A control material handling error (reused control material) in Discussion
run 26 (false simultaneous increase) caused the slightly bigger
Sy in runs 26-35. .. .y
r Principal Findings

Another example with total bilirubin was published by
Vandra [27] in a preprint paper.

https://med.jmirx.org/2026/1/e49657

“The bias” is a definitional uncertainty. The same distinc-
tion is necessary between the biases obtained in repeatability
and respective reproducibility within laboratory conditions,
as in the case of SDs. The need for standardization impo-
ses similar notations. We must highlight the time-variable
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function character of the bias as well. The author proposes the
following notations:

* B.(t)=Bias measured in repeatability conditions, at the
moment t.

* Brw=Mean bias measured in reproducibility within
laboratory conditions. It is the mean of the B.(t) values
in a given time frame. An accent highlights the fact that
it is a mean.

We can obtain only a mean bias value in more extended time
frames.

A Corrected Error Model

The difference between B(t) and Bgy is VCSE(t), a time-
variable function.

VCSE(t) = B/(t) — Bgw = (B,(t) — CCSE) 3)
Variations in the mean caused by reagent property changes
cause drifts. The VCSE(t) cannot increase indefinitely (in
absolute values) due to human interventions. It may have only
cyclical variations. The cycles depend on external factors (eg,
the rhythm of reagent use, frequency of human interventions,

and the size of random calibration errors). They have different
amplitudes, means, and lengths.

In some cases, a cycle may last even a month. The graphs
of the daily means (not of the results) have sawtooth shapes
masked by the noise of the RE (easily observed in the case of
the unstable reagents, eg, Figure 5). In short or medium time

frames, the Bgy values may have variations. The longer the
time frame, the less uncertainty there is for the Bgy values.
Only yearly Bgy values can be considered quasi-constant
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[21] and used for accurate corrections. In a chosen time
frame, we can identify Bgy with the CCSE. Consequently,
the mean of the VCSE(t) is 0. If we calculate the long-term
mean of the B(t) values:

Sro1B(t)  Nio1(Brw+VCSE(Y))  n#Bry = Y1 VCSE()
n = n ==t n

= ERW = CCSE = ﬁRW

@

We obtain the same value for the long-term mean of TE
(TEgw)because Y,/ _ RE(f)=0. Similarly, the SD can be
calculated from long-term data (spw):

- \/Z?ZI(TEm —Bew)’
SRw & =

\/Z:lz 1 (Re(t) + VCSE(t) + Brw — ERW)2
n-—1

n—1

®

_ T Re)) + Si= 1 (VCSEQ@)*
- n—1 n—1 -

2., 2
VS + Svese

Which confirms the validity of Equation 2 (because
the long-term mean of RE and VCSE(®) is O,

Z?= 1 (RE(t) * VCSE(t))=0). Regrouping the terms in
Equation 5 can be calculated using sycsE.

Regrouping Equation 3 and adding RE to both parts of the
equation yields:

TE(t) = CCSE + VCSE(t) + RE(t) = Bgy + VCSE(t) + RE(t) 6)

Equations 3, 5, and 6 define a new error model, which is
presented in Figure 6.

Figure 6. A new error model, taking into account the time variability of the bias. B(t): bias measured in repeatability conditions at the moment t
(a time-variable function); Brw: long-term mean bias, measured in RW conditions, a constant; CCSE: constant component of systematic error; SE:
systematic error component; s;: SD measured in constant, repeatability conditions; sgpyw: SD measured in variable, reproducibility within laboratory
conditions; sycsg: SD calculable from the daily (run) mean, bias, or VCSE(t) values; TE: total measurement error; VCSE: variable component of the

systematic error.

RE RE

ot
TE=

ot
SE

Figure 6 shows that both spyw and B(t) include VCSE(t) in a
hidden form.

Two Points of View, Two Sets of Error
Parameters

We obtain 2 sets of error parameters by separating the bias
into a constant and a variable component and distinguishing

https://med.jmirx.org/2026/1/e49657

{SE}

SRW

VCSE(t) (svese)

. B(t)

CCSE (Brw)

bias measured in repeatability and reproducibility within
laboratory conditions. According to quintessential principle
1, UM calculations must be based on parameters determined
in reproducibility within laboratory conditions (srw, Brw)-
In the meantime, the internal QC decisions must be based on
parameters determined in repeatability conditions (s; B(t)).
The second conclusion contradicts the recommendations of
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Westgard et al [1] to design Levey-Jennings charts with an
SD calculated from long-term control data (srw).

Proposed Definitions of CCSE and
VCSE(t)

Consistent with the VIM 2.17 definitions [14], we can define
the bias components as:

The constant component of SE (CCSE) is the compo-
nent of measurement error that in replicate measure-
ments remains constant.

Note 1: The CCSE is the long-term mean bias ERW,
depending on the time frame.

The variable component of SE (VCSE(t)) is the
component of measurement error that in replicate
measurements varies predictably.

Note 2: VCSE(t) is a time-variable function.
Note 3: VCSE(t) is hidden in B.(t) and sgryy.

The simultaneous use of B(t) and sgpw causes a redundant
use of VCSE(t) in equations—for example, maxTE=Bgga +
z x spw. BEQA is the bias measured in the last EQA round
in repeatability conditions, and 1,4 TE is the TE limit, which
includes all TE values with confidence corresponding to z, the
confidence factor.

If bias is variable, TE is also variable (contradicting the
graphical model of Theodorsson et al [21]). A distinction is
necessary between:

a. TE of a given measurement (TE(t)=B(t)+RE). It has no

practical value.

b. The maximum TE value at the moment  measured
under repeatability conditions with a chosen confidence
level.

max TE(t) = B,(t) + z * s, @)
Internal QC decisions must be based on yxTE(t), the
maximum value of the TE at the moment t of decisions with a
chosen confidence level, where z is the confidence factor.

c. The maximum TE value in long time frames is
measured in reproducibility within laboratory condi-
tions with a chosen confidence.

max TEgy = Brw + Z * Sgw (®
Where 5xTERw is the maximum TE value in long time
frames, with a chosen confidence. It must be used when

setting limits and is a starting point for uncertainty of
measurement (UM) calculations.

TE is also an ambiguous term. It is necessary to specify
which TE is mentioned.

TE was the dominant paradigm until the emergence of UM
after the publication of GUM in 1993 [11,12,28].

https://med.jmirx.org/2026/1/e49657
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UM mathematically expresses our lack of knowledge
about the accuracy of the result. According to VIM 2.26 [14]:

Uncertainty of measurement is a non-negative
parameter characterizing the dispersion of the quantity
values being attributed to a measurand, based on the
information used.

The definition is also mentioned in ISO 15189. According
to ISO 15189, 5.6.2 [29]:

Sources that contribute to uncertainty may include
sampling, sample preparation, sample portion
selection, calibrators, reference materials, input
quantities, equipment used, environmental conditions,
condition of the sample and changes of operator.

Surprisingly, neither the calibration error nor the reagent
instability is mentioned among the uncertainty sources.
According to the Hong Kong Association of Medical
Laboratories, “the IQC procedure is designed to detect
variations in reagents or calibrators” [30].

According to Magnusson and Ellison [28]:

The principles laid down by GUM are recognized to
apply to all types of quantitative measurements, in all
fields of application, and are widely accepted.

A prerequisite for the application of the GUM [11] is that:

The result of a measurement has been corrected for all
recognized significant systematic effects. [GUM 3.2 4]

Using either a correction (GUM B.2.23) or a correction
factor (GUM B.2.24) [11]. Then, the uncertainty of the
correction is included in the uncertainty budget. Unfortu-
nately, according to Magnusson and Ellison [28]:

...Anstances in which bias is known or suspected, but
in which a specific correction cannot be justified,
are comparatively common. The ISO Guide to the
Expression of Uncertainty in Measurement does not
provide well for this situation.

The uncorrected bias must be included in the uncertainty
budget, and due to the VCSE, it is not negligible. There is
a debate in the literature about incorporating the uncorrected
bias in the expression of total uncertainty (eg, Magnusson and
Ellison [28], Westgard [31]). A review of this debate is not
the task of this study.

UM equations start from the same error model, and TE
equations (TE=SE+RE). They substitute the error parameters
with the uncertainties caused in patient results.

UM = Ui, + Uity )
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Where Utotgg is the total uncertainty of the patient’s result
caused by the SE, and Utotgrg is the total uncertainty caused
by the RE.

There are 2 types of uncertainty in the case of both
parameters: the uncertainty of the result because the error
parameters exist, and our uncertainty about the value of the
parameters. For example, the uncertainty of a patient’s result,
caused by the RE, is as follows:

URE =z%xSD (10)

Unfortunately, the SD value is not accurate. Therefore:

UtotRe = Urg + Usp = 2 * SDpax (11)
where Ugp is the uncertainty of the SD value, and SDy,x is
the maximum value of the SD. However, the adepts of the
UM critique TE theory because TE equations do not include
the uncertainty of the error parameters, nor do UM equations
include the uncertainty of the SD. However, spw has big
monthly variations [5].

The uncertainty caused by the SE (bias) equals the bias
value. Ugg=B. Because the bias value is uncertain, it must be
added to the Ug term.

Utotse = Usg + Ugp = B+ Up (12)
According to the GUM recommendations, all discovered bias
sources must be corrected. The bias becomes insignificant,
and the B term can be neglected.

Applying the UM, the first step is to correct for bias (if
possible and recommended). Having 2 sets of error param-
eters, according to the presented error model and 2 TE
equations, 2 different UM equations can be obtained.

The first, calculated in repeatability conditions, starts from
Equation 7. The bias, which must be corrected in the first
step, is the average of the bias measurements in the same
EQA round (EEQA). The bias value after correction can be
considered negligible. The uncertainty of the correction can
be determined in 2 ways (bottom-up and top-down methods).
In the bottom-up approach, the bias uncertainty is calculated
as the sum of uncertainties of the reference value and the
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Where n is the number of measurements, s,  is the esti-
mated maximum value of the s, Uc,,; is the uncertainty of
the nominal value of the reference material, and u,.. is the
uncertainty of its reconstitution, equal to the uncertainty of
2 volume measurements (=2 x 0.5% — the accuracy of
the actual pipettes is 0.5%-0.6%). However, u.. is not a
negligible value; the recommended uncertainty equations do
not include it. The division of the uncertainty of the bias
with /n was necessary because the bias value is a mean. As
the number of measurements increases, the uncertainty of a
mean value decreases /1 times). An equivalent equation was
published by White [32] and in Nordtest TR 537 [22], except
for the neglected u,e. value.

In repeatability conditions, the bottom-up and top-down
methods, within the limits of the statistical measurements,

2
o : RMS(g,, _ B,
give similar results for the uncertainty because ———=2

~ %

= . The SD is an RMS of the deviations from the mean,
with a correction: n is substituted with n-1. If a calibration is
made between measurements, the top-down uncertainty will
be bigger due to the bias variability. This is similar to the case
of Mg: Table 3 and Figure 3.

Unfortunately, Equation 13 has no practical value in the
clinical laboratory. There is a significant delay between the
measurement and the moment when the results are obtained.
In the meantime, reagent changes and calibrations are done,
and the bias is changed. A constant cannot correct a variable.
In addition, there is insufficient information to determine
whether the bias is constant or proportional. Due to bias
variability, the calculated uncertainty value cannot be used
for extended time frames. UM is a long-term parameter.

The situation changes over time. The Brw=CCSE is
a constant, which can be corrected without contradicting
quintessential principle 3.

Each EQA round measures a different bias using differ-
ent reference materials with different ucyer and with varying
errors of reconstitution. The average of the measured bias
values in different rounds is Bgy (absolute mean bias).
Starting from Equation 8, with bottom-up and top-down
approaches, we obtain:

n

. . . .. _ RMS?. 4 ue + Skw
uncertainty of the measurement in repeatability conditionsuM = U, = Ugg + Ugg = Brw + 2 * (\/ St T +Sew, | ®

(sp); in the top-down method, as the sum of the uncertainty of
the reference value and the root mean square of the corrected

bias values ((Bgga, —EEQA) (Where Bpggy, are the individual® Brw +z % n

bias results.) The 2 methods give similar results (within the
statistical methods’ limits) because RMS(Bgq4, -B EQA)=St.

2
, 5,
UM(t) = Uiy = Usg + Ugg = B(t) + z * ( uémf + Ul + W’ + 5.0 ®

i 13)
RMS;
( S

Brqa; — E‘EQA)

~ B(t) +z * (\/uéref +uk + -
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(14)

RMS[s.. 5
( EQA] EQA) + SRW

max

Actual recommendations suggest calculating the uncertainty
of the bias correction as the root mean square (RMS) of the
bias values [22], but this equation assumes “...a variance of
bias based on assumed mean of zero” [28].

The assumption is only valid, and the equation is correct if
the bias is corrected efficiently. If not, RMSp;,g is not only ug
but includes the mean bias in its expression.
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Which is only correct if we accept the quadratic addition law
between bias and its uncertainty (questioned by the debates in
the literature).

If n=1 and the Bgy, term is added quadratically to the other
terms under the square root, the top-down term of Equation
14 is equivalent to the equation proposed by Nordtest TR 537,
except for the missing RM Sﬁc term. The equation in Nordtest

TR 537 expresses the uncertainty of a single value, not the
uncertainty of a mean (n=1) [22].

2

2
(Beqa, ~ Bega) T RMS

Uias (literature) = [RMS} + RMSZ,,_ = \[Biw + RMS 2
In repeatability conditions, the ucper and ug. caused an
unknown bias in the bias value, and these terms expressed
our uncertainty about this value. Making more measurements
decreases the influence of random errors; however, our
uncertainty about the reference value remains unchanged. In
the case of different EQA rounds, these biases of the bias
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values are variable and contribute to the bias variability.
Therefore, to avoid redundancy, the RM Sﬁc , term (included

in RMSp) must be eliminated from the top-down equation.
While uc,, orRMS,, f,) are bottom-up parameters, whereas

the RMSp is a top-down parameter, considering the conse-
quences of the individual sources. Their mix causes redun-
dancy in equations.

While the uncertainty caused by the bias variability (the
SvCsE) term) is included in both expressions in the sgy, . the

max’
top-down values are significantly bigger than the bottom-up
ones. In the meantime, in the case of calculations based on
internal QC data, there are no significant differences (as in the
case of EQA in a single round).

(16)

Table 6 presents the differences between the bias
uncertainty results obtained with top-down and bottom-up
methods. Similar calculations based on internal QC data and
those from a single EQA round are provided for compari-
son. The number of measurements is considered n=1 in all
calculations for the sake of better comparison.

Table 6. Differences between the uncertainty results on 2 analyzers and 5 analytes obtained in different conditions (real-life data). All values are in

percentages.
Cobas 501 Biomajesty Cobas 501 Biomajesty Cobas 501 Cobas 501
Conditions/analyte 13 EQA%rounds 13 EQA rounds Bottom-up Bottom-up Internal QCP 1 EQA round
top-down top-down bottom-up repeatability
ALT® 4.1 54 238 42 2217 1.80
ASTY 3.07 43 191 2.04 1.73 1.62
Glucose 2.1 4.02 1.94 19 1.71 126
Urea 2.8 5.59 25 2.04 2.39 1.38
Potassium 1.66 137 1.66 1.36 1.34 1.12

4EQA: external quality assessment.
bQC: quality control.

CALT: alanine aminotransferase.
dAST: aspartate aminotransferase.

In long time frames (more EQA rounds), the uncertainty is
more significant than in a single round because variable bias
values are measured. The differences between internal QC
and the bottom-up method are not significant and are caused
by the ucref and uge. included in the bottom-up uncertainty.
Except for potassium, in almost all cases, the top-down
method gives a bigger value due to the difference between
the declared and true ucyer values.

In the bottom-up equation, the declared uc, value is

substituted. In the meantime, the top-down equation includes
the real one in the RMSy term, causing the differences.
There are 2 conditions for a correct EQA. The sample must
be commutable and must have predetermined values [33].
Neither of these conditions is fulfilled in EQA with surrogate
reference values (the mean of participants). The equation used
to evaluate the uncertainty of the reference value may only
be correct if the peer groups are homogeneous, and they
are not [34]. This error causes an additional and significant
uncertainty.

https://med.jmirx.org/2026/1/e49657

The uncertainty equations can be corrected by eliminat-
ing the confusion hidden in the bias definitional uncertainty.
A key conclusion: only the long-term mean biases can be
corrected efficiently. Correcting individual values is risky
due to the variability of bias and delay. The actual EQA
bias determinations conceal a significant source of uncer-
tainty: the uncertainty of the surrogate reference values.
Not even the bias variability can explain the differences
between the uncertainties calculated in single and multiple
EQA rounds, as well as between bottom-up and top-down
methods. Following studies are necessary to sustain the
former theoretical conclusions; the proofs and discussion do
not fit within the limits of this study.

The existence of the VCSE suggests a change in the point
of view. Even after correction, the bias reappears due to its
variable properties. The confusion between the bias and the
mean of the variable bias is a source of error.

The (immediately) incorrigible biases bring to attention
the debates about including uncorrected biases in uncertainty
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equations. If they are not corrected immediately, the mean
bias must be included in the uncertainty budget.

Sources of Bias Variations

We cannot quantify the preanalytical and postanalytical errors
in the QC, nor can we measure the method and matrix errors
only in EQA. The analytical errors detectable in IQC are:

* Environmental errors

* Laboratory errors

* Human (operator) errors

* Noninstrumental errors

¢ Instrumental errors [21,24]

* Rounding errors

In the case of a laboratory with air conditioning, using liquid
phase reactions in thermostated conditions, the influence
of the environment is quasi-negligible. The laboratory and
human errors are redundant in the list. Neither specific
laboratory nor specific human errors exist. Laboratory and
human errors are a sum of preanalytical, noninstrumental, and
instrumental errors.

We can include rounding errors in the instrumental error
category. They have similar properties (both are nonspecific
and time-invariable).

The instrumental errors are linked to the construction
and functionality of the analyzer. They are always constant
and nonspecific (assumptions 4 and 5). An instrumental
failure will influence all measurements in an aberrant manner.
Instrumental errors may be the sources of the constant error
components, but never of the variable ones.

There are only 2 noninstrumental error sources: the reagent
stability and the calibration graph (see quote from HKALM
recommendations [30]). Both are specific and variable. Each
measurement has its specific reagents with variable prop-
erties. Producers only guarantee that we can successfully
recalibrate the reagents in the validity term, not that the
properties remain constant. Random changes in the reagent
properties contradict the laws of chemistry. The changes
are always unidirectional and gradual. The variation is not
perfectly linear; however, linearity is an acceptable approxi-
mation in short intervals. The phenomenon is consistent with
the linear bias variation model of J. Krouwer (B=Bg+bit)
[19]. It applies only to time frames that do not include
human interventions (such as calibrations, reagent changes,
or control bottle changes).

The noise of the RE usually covers the drift. We can
observe only significant drifts (if the mean change is >1.5s;);
however, all contribute to the increase of the sgrw. The
significant drifts cause Ry, Ro.»g, and R_3g violations.

Many authors consider the calibration a quasi-perfect
process [35]. Raul Girardi, on an IFCC webinar (Metrol-
ogy and uncertainty, August 21, 2021), even presented an
alternative equation that reduced the bias uncertainty to the
nominal value uncertainty of the reference material. Other
authors share similar opinions [29]. Such an attitude neglects
the most significant causes of the calibration graph error. On
one hand, the measured reference material does not have the

https://med.jmirx.org/2026/1/e49657
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same composition as the material analyzed by the producer.
It undergoes a lengthy process before being measured.
Even if we neglect human errors (stability, homogenization,
temperature errors), the reconstitution includes 2 volume
measurements: one at the producer and another at the user.
Badrick [36], referring to the Tietz Textbook of Clinical
Chemistry [37], underlines:

The act of reconstitution can introduce an error far
greater than the inherent error of the rest of the
analytical process.

Each reconstituted reference material bottle has a different
concentration. We generate similar systematic errors until we
use the same reconstituted calibrator bottle.

On the other hand, calibration is a measurement subject
to systematic and random errors. In a linear calibration,
we make 2 x 2 measurements and calculate the slope
factor as a difference. We make calibrations in repeat-
ability conditions. The average calibration random error

is A a2 % %CV, = 1CV, (the error of the null-point

absorption Ag was neglected in the former estimation).

The calibration error introduces a systematic error in
measurements, which remains constant within the time
frame between calibrations, but each calibration induces an
unpredictable variation in the systematic error. The result is
a randomly variable systematic error. The phenomenon is
consistent with the models presented by Marquise [16] and
Magnusson et al [22]. We can observe only the significant
shifts in the mean (>1 sr).

Because we can observe only the significant drifts and
shifts, we tend to consider the bias variations unpredictable
(case b of unpredictable), contradicting the bias definition
(predictable).

The mostly predictable character of the bias suggests that a
focus change in the internal QC is necessary. The QC system
must also have a strategy to predict bias variations and detect
unpredictable changes.

Properties of the VCSE(t) Function

The VCSE(t) is a time-variable function that describes the
bias variations around the CCSE. It is a variable error
component but different from RE. The RE changes unpre-
dictably from measurement to measurement; meanwhile,
VCSE(t) remains quasi-constant on a given day. The bias
variations have unequal cycles, while the long-term mean of
VCSE(t) is 0. Its values are not normally distributed.

VCSE(t) has 2 primary sources. Both are noninstrumen-
tal and specific. The variation in reagent quality follows
a predictable pattern, and this variation is also predictable.
After the calibration, we can predict the mean and bias
variation from the old and new calibration parameters.

cbcfore calibration F calpefore calibration

Cafter catibration Fealyger catration
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VCSE(t) is a mostly predictable phenomenon. We can
correct it for a moment, but not definitively eliminate it.

In repeatability conditions, the VCSE(t) is nonsense. The

Table 7. Differences and similarities between the error components.

Vandra

differences between CCSE (Brw) (Brw: long-term mean
bias, measured in RW conditions, a constant), VCSE(t), and
RE are presented in Table 7.

Criterion RE?

Predictability Unpredictable

Variability Yes
Normal

Negligible (=0)

Distribution caused

Influence on the mean in reproducibility within
laboratory conditions

Calibration influence Insignificant
Corrections or correction factors, according to GUM  No effect
d

Measurable under repeatability conditions Sy
Measurable under reproducibility within laboratory
conditions

srw? includes
Sr

VCSE(t)° CCSE®

Yes, from the preceding data Quasi-constant
Yes No
Non-Gaussian Quasi-constant
Only after several complete cycles, it becomes Yes
negligible=0

It can be corrected, but not eliminated Not significant
In the short term, yes, on long-term reappears Yes

B(t) includes VCSE(t) No

sgpw includes sycsg! Brw

4RE: random error component.

bVCSE: variable component of the systematic error.
CCCSE: constant component of systematic error.

ds.: SD measured in constant, repeatability conditions.

®srw: SD measured in variable, reproducibility within laboratory conditions.
fsVCSE: SD calculable from the daily (run) mean, bias, or VCSE(t) values.

We cannot ignore the differences between VCSE(t), RE,
and CCSE. If, and only if, we are conscious that both B(t)
and sgw contain VCSE(t), it is not an erroneous practice to
measure RE and VCSE(t) together and to include VCSE(t) in
srw. The origins of the equations must be known, as well as
the risk of redundant use.

Determination of the CCSE and the
VCSE(t)

The determination of CCSE=Bpgy is possible using the
control results and Equation 4. Such CCSE values only show
the difference between the mean of control measurements
and the target specified by the producer. We can obtain an
absolute value of CCSE from the percent expressed EQA
results. Due to the low number of measurements, the value
has significant uncertainties.

The comparison between the 2 types of CCSE values is
not the task of this study. A single mention: the difference
between the 2 CCSE-s is predictably constant until we use the
same control material. Another study is necessary to verify
this prediction.

As a consequence of the constant difference, the VCSE(t)
measured in internal QC and EQA predictably is the same;
however, the statement needs confirmation. The accurate
determination of the VCSE(t) function has a high cost-effec-
tiveness ratio and negligible practical importance, mainly due
to its short validity term. The computer-assisted estimation of
the run means (Figure 5) is a promising solution, but needs a
separate study to confirm its efficiency.

The same statement applies to the sycgg. To estimate
svcsEg using Equation 2 is more practical than calculating it
from daily VCSE(t) values [27].
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The increased sycsp/s; ratio indicates wrong internal QC
decisions (delayed calibrations); however, we can also use the
SRW/Sr ratio Without calculating sycsg [23].

The paramount importance of VCSE(t) and sycsg lies in
the distinction between SD and bias types, not their absolute
value. We do not need their accurate values; we do not make
decisions based on them. These 2 parameters are always
included in B/(t) or spw. However, we must be aware of
where they are hidden. Highlighting VCSE(t) and sycsg in
equations helps us avoid redundant use.

The Proposed Error Model and the
Westgard Rules-Based Internal QC
System

The original aim of this study was to draw attention to the
neglected VCSE(t) and sycsg. The proposed new error model
(Figure 6, Equations 2, 3, 5) also uncovers the weaknesses
of the actual Westgard rules—based internal QC system.
By distinguishing the biases measured in repeatability and
reproducibility within conditions (B.[t] and Brw), 2 sets
of error parameters are obtained (B[t] and s, respectively,
for BRw and sgrw). The link between them is VCSE(t)
and sycsg (which are usually hidden in the By(t) and
SsRw). Avoiding redundant use by highlighting VCSE(t) and
SYCSE in equations is not the only advantage of the pro-
posed error model. The non-Gaussian distribution of the
VCSE(t) values explains the non-Gaussian distribution of
the long-term QC data [34] and the significant monthly
variability of sgw [5], which contradicts the laws of the
normal distribution. The Gauss-Laplace equation is valid
only under constant repeatability conditions (if the mean
remains constant). Therefore, s, is the correct estimator of the
Gaussian 0 parameter and the mean RE. While the sources
of specific bias variability (reagent property and calibration
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parameter changes) are known [16,18,19,22,23], the sources
of specific RE variability cannot be identified. All identifiable
RE sources are linked to the inconsistent functionality of
the instrument and, therefore, are constant (nonvariable) and
nonspecific [38]. In contrast to sgw, S; is invariant within
the limits of accuracy of the statistical methods (Vandra’s
unpublished data [38]).

The constant RE (s;) questions the efforts of Westgard et
al [1,8,39] to detect variations in RE. The primary objec-
tive of internal QC is to detect risky variations in bias,
and, by definition, the bias between human interventions is
predictable [14]. Anyway, according to Westgard JO [40],
the QC rules cannot be applied across corrective actions.
The objective change changes the way of thinking in QC.
The focus is not on the immediate detection of unpredictable
changes, but rather on following tendencies in bias to predict
the moment when the run bias will reach a critical value.

There are 4 different mechanisms to reach a critical
bias, imposing different decision strategies, because the QC
rules (especially the cross-run rules: R4.15 and Rjgx) have
different efficiencies in each case.

1. Immediately after a calibration (Was the calibration

successful?)

2. Constant bias in the case of a stable reagent (Is the new
mean acceptable?)

3. Gradually increasing bias (in absolute values) in the
case of an unstable reagent (When will the bias reach
critical values?)

4. Unexpected shift in bias.

The immediate error detection is compulsory only in cases 1
and 4. In cases 2 and 3, bias is predictable. However, the QC
system must be able to detect changes in the tendencies.

GRD Jones was the first to notice the difference between
cases 1 and 4 [41], highlighting that in case 1, the cross-run
rules (R4.15 and Rjgx) cannot be applied due to a lack of
data. However, he did not observe the hidden assumption
in Westgard’s calculations, which falsely assumes a constant
bias in all runs. While focusing on immediate error detection
in case 4, the calculations are based on case 2 (constant
bias). If the cross-run rules detect a constantly critical bias,
it indicates delayed, rather than immediate, error detection.
In cases 3 and 4, the previous bias value is lower than in
the last run, and the efficiency of the cross-run rules was
overestimated.

In cases 2 and 3, the QC rules are applied repeatedly,
increasing the efficiency of error detection. Instead of
applying the Rj_3g rule, the Ry o .35 rule is used de facto.
All runs are only accepted if neither of them violates the 3 SD
decision limit.

The former observations impose the reevaluation of the
efficiency of the Westgard rules in a subsequent study.

The Westgard rules are only correctly applied if the QC
graphs are designed with ¢ or the correct estimator. As
previously concluded, the correct estimator of the ¢ param-
eter and the mean RE is s;, and Westgard’s assumption
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that spw=0 is false. Not else, but Westgard and Groth [39]
acknowledged that:

The calculations based on computer simulations behind
the power function graphs are made assuming within-
run SD, while the graphs are designed with total SD.

Considering the spw//s; ratio, this results in an overestima-
tion of the decision limits 1.5-2 times. Respecting Westgard’s
recommendations, intending to apply the R;_3g rule, de facto,
we use the Ry4s55 or the Ryigg rule (Bspw_= 4.5-6s;.)
This contradiction and overestimation explain the existence
of the statistically impossible graphs observed in practice
(mentioned in the Introduction).

Correcting the estimator of o (from sgRw to s;) requires
recalculating all parameters that include SD in their equa-
tions: TE, MU, sigma metrics, the critical SE, not just a
change in the design of the QC graphs. This means an entirely
new QC system, using different rules and strategies.

Sounds bizarre, but according to calculations based on
normal distribution tables, a correctly applied Westgard
rules-based QC system (designing the graphs with ¢) would
be dysfunctional due to several false alarms. Despite the
efforts to correct them, half of the monthly biases measured in
the internal QC are around 1 sgrw or bigger, and two-thirds of
them are bigger than 1s, According to quintessential principle
2, it cannot be corrected by calibration for smaller biases than
the average calibration error, questioning another assumption
of Westgard et al [39]: the assumption of error-free calibra-
tions. According to Vandra [38], the average calibration error
is =1-2 s, (consistent with the observed monthly biases). If
such biases are incorrigible, the QC rules must avoid alarms
in these cases. The correctly applied Westgard rules alarm in
the first run only by exception if the bias is 0. The statement
is not valid if B>1s; and the rules are applied in several runs.

Conclusions

This study is a theoretical one. It aims to draw the atten-
tion of the scientific community to the fact that the VCSE
is a neglected phenomenon and a source of several errors.
Because it is hidden in the inaccurately defined bias and
the sgw, there is the risk of its redundant use in equations.
This study also aimed to uncover the primary sources of bias
variations (both present in the literature in mosaic pieces),
propose corrected equations, and describe the properties of
the VCSE. Because several problems were uncovered, the
proofs, based on computer simulations and real-life data for
each issue, neither fit within the limits of a single study
nor are consistent with the declared aims. To analyze them,
subsequent studies will be necessary in the future. This study
intends to be a starting point for building a new QC system
based on a different error model, a different strategy, and a
rule system. The theoretical foundations, description, proofs
with computer simulation, and real-life data do not fit within
the limits of this study.

The time variability of bias is a well-known but neglec-
ted phenomenon. A variable bias does not fit into the
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classical error model. If bias has variations, a question arises:
Which bias is being referred to? A new error model was
obtained by (1) separating the bias into a constant and
a variable subcomponent and (2) distinguishing between
bias measured in repeatability and reproducibility within
laboratory conditions. The error model is consistent with
similar attempts found in the literature; however, it questions
the theory of transformation of variable biases into random
errors (based on an inaccurate definition of ‘random’ in
VIM), which forces the VCSE into the Procrustes’ bed of the
old error model. The author proposed definitions consistent
with the VIM 2.17 definition of the SE and abbreviations
consistent with those used for SD (Bgy, By(t)).

The bias variability has 2 sources. Both are noninstrumen-
tal and specific to each measurement, and neither causes
normally distributed biases. One is reagent instability, and the
other is human intervention, including reagent changes and
calibrations. Reagent instability causes gradually increasing,
quasilinear biases, whereas calibrations result in alternation
between constant periods with random shifts in the calibra-
tion parameters. Computer simulations and real-life QC data
presented in this study support that these are real sources of
bias variability.

The 2 phenomena occur simultaneously, resulting in
sawtooth-like variations in bias. In the time frames between
human interventions, the biases are predictable. However,
they are hidden behind the noise of the RE. Without computer
assistance, we can observe only significant shifts and drifts.
For this reason, the increase of the SD in longer time
frames was erroneously considered unpredictable, with an
unknown cause (type b of unpredictable). An unpredictable
bias contradicts its definition in VIM.

We must change our way of thinking in the QC by
focusing on predictive actions instead of corrective ones.

The properties of the CCSE, the VCSE(t) function, and the
RE differ, justifying the distinction between them. Accurately
determining the SE subcomponents theoretically is possible;
however, it has a high cost/effectiveness ratio. The signif-
icance of their separation is that they help us avoid the
redundant use of the VCSE(t) classically hidden in B(t) and
SRW-

Two sets of error parameters are obtained by separating
biases measured in repeatability and reproducibility within
laboratory conditions. We must determine the parameters
under the same conditions we use them. UM calculations
must be based on parameters determined under reproduci-
bility within laboratory conditions, whereas internal QC
decisions must be based on parameters determined under
repeatability conditions. This conclusion is thought-provok-
ing because it contradicts the recommendations for design-
ing the Levey-Jennings graphs based on the SD calculated
from long-term control data. In the meantime, the calculations
behind the Westgard rules assume pure RE.

The actual Westgard rules—based internal QC system is
not consistent with two quintessential principles valid in all
sciences:
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1. We must determine the parameters under the same
conditions we use them.

2. A calibration cannot efficiently correct smaller biases
than the mean calibration error.

The proposed error model uncovered several false assump-
tions behind the actual Westgard rules—based QC system.

1. The internal QC aims to detect variations in RE and SE.
(RE is not variable.)

2. Bias variations are unpredictable. (Correct: between
human interventions are predictable.)

3. The same rules are efficient in all cases. (Correct:
there are 4 different situations of decisions, imposing
different rules and strategies.)

4. Cross-run rules can be applied in immediate error
detection. (Correct: they can be applied only with a
delay.)

5. The estimator of the 0 parameter and the measure of the
mean RE is spy (Correct: it is s;.)

6. QC graphs must be designed with spy_ (Correct: with
Sy, highlighting the incorrigible biases.)

7. Calibrations are error-free, and all biases are correctable
by calibration. (Correct: smaller biases than 1-2s; are
incorrigible.)

The false assumptions 6 and 7 cause 2 compensating errors.
The compensation explains the long-term success of the
Westgard rules. If we use spw in the design of the Levey-
Jennings graphs, we use larger, increased decision limits, de
facto applying different rules (eg, the R_sg rule instead of the
intended R_3g). As a consequence, the alarms for incorrigible
biases become less frequent. However, this compensation is
not accurate. The observed statistically impossible QC graphs
sustain the overestimation of the RE by the sgryw.

Based on the proposed error model, correcting the former
false assumptions, and considering the 4 different decision
situations, the Westgard rules—based QC system must be
mathematically reevaluated. It can be predicted that patching
it is not a solution, and a new QC system is necessary, based
on the s; and the avoidance of alarms in the case of incorrigi-
ble biases.

The proposed error model also suggests corrections to the
MU equations. MU is a long-term parameter, and therefore,
its equation must be based on long-term parameters. The
uncertainty of the inaccurately defined bias (Which one?)
must be substituted with the uncertainty of the long-term
mean bias, measured in reproducibility within laboratory
conditions (U(Bgy)), and must be considered the uncertainty
caused by the variability of sgrw, substituting it with its
maximal value in the MU equation.

Furthermore, the proposed error model, together with
quintessential principle 1 (that all parameters must be
determined under the same conditions under which they are
used), explains why the more correct MU theory cannot
substitute for TE in internal QC decisions. MU is a long-
term parameter, while internal QC decisions are made under
repeatability conditions.
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Abbreviations

Brw: long-term mean bias, measured in RW conditions, a constant

CCSE: constant component of systematic error

CV: coefficient of variation, the SD expressed as a percent of the mean of measurements
CV,: CV measured in constant, repeatability conditions

CVRrw: CV measured in variable, reproducibility within laboratory conditions
EQA: external quality assessment

IQC: internal quality control

QC: quality control

RE: random error component

SE: systematic error component

sr: SD measured in constant, repeatability conditions

Srw: SD measured in variable, reproducibility within laboratory conditions
svcsg: the SD calculable from the daily (run) mean, bias, or VCSE(t) values
TE: total measurement error

UM: uncertainty of measurement

VCSE: variable component of the systematic error

VIM: International Vocabulary of Metrology
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