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Article Info Abstract

Author of correspondence: Pre-analytical phase external quality assessment programs
Dr. Graciela Laura Pennacchiotti; contribute - through the interlaboratory comparison of
E-mail: grapen@uns.edu.ar; quality indicators (QIs) - to the continuous improvement
Address: of the clinical laboratory total testing process. The purpose
Universidad Nacional del Sur, San Juan 670, 8000 Bahia of the present work is to document the results derived from
Blanca, Argentina measuring four QIs within the framework of a pre-analytical

phase external quality assessment subprogram in Argentina.
The laboratories participating in this subprogram measured
the following QIs: i) patients recalled for a new blood sample
collection due to pre-analytical causes; ii) clotted samples
from hemogram and coagulation tests; iii) clinical chemistry
hemolyzed samples; and iv) requests with transcription errors
entered into the laboratory information system. Results were
expressed in percentage value and Sigma value. Databases
Keywords were anonymized. A minimum acceptable quality level for the
four QIs measured was recorded in the majority (75%) of the
participating laboratories (Sigma > 3.0). It was nonetheless
observed that the QIs of hemolyzed samples and requests with
transcription errors entered into the laboratory information
system deserve more attention. Through this pioneering
experience in Argentina, the participating laboratories - some
for the first time - could learn about their performance via
interlaboratory comparison of results. This experience also
proved to be motivating not only to improve the external
assessment subprogram but also to continue working on
the measurement of pre-analytical Qls for the continuous
improvement of the clinical laboratory total testing process
in Argentina.

pre-analytical phase, pre-analytical phase quality, quality
indicators, external quality assessment programs
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Introduction

Over time, the concept of error in the clinical laboratory has
evolved from a model focused primarily on the analytical phase
to a model focused on errors that occur all throughout the clinical
laboratory total testing process (TTP), including extra-analytical
phases (1,2). The pre-analytical phase, in particular, is a stage
that is not only key but also high-risk for patients as a result
of its complexity and the variety of procedures and factors that
it involves. Evidence has, in fact, been documented that errors
in this phase represent up to 70% of the total errors in the TTP
(3). For this reason, both internal and external quality control of
the pre-analytical phase is of paramount importance to ensure
clinical utility of the results issued by the laboratory (1,4). Risk
analysis, systematic error detection and the implementation of
pre-analytical quality indicators (QIs) are sine qua non requisites
for an effective internal quality control (5). QIs have proven to
be an effective tool to monitor processes as well as the efficacy
of the corrective and/or preventive actions implemented, and
therefore their measurement is required to comply with different
clinical laboratory accreditation standard regulations (5-7).
QIs are also objective tools with which it is possible to assess
what happens in the laboratory during the TTP, thus allowing
self- and inter-comparison among laboratories measuring the
same QI (7). Still, the main recommendation is that, depending
on their resources, laboratories should prioritize the most useful
QIs for their processes to avoid unnecessary extra work that
may limit the continuity and usefulness of their monitoring
(5). By participating in pre-analytical phase external quality
assessment programs, laboratories have the opportunity to
access to documented and objective tools to achieve continuous
process improvement through interlaboratory comparison (4,8).
In the last 20 years, clinical laboratory societies worldwide
have developed external quality assessment programs for the
pre-analytical phase based on different types of strategies,
namely: i) procedure recording (Type I-strategy applied in
Spain, Norway, Germany, Finland); ii) distribution of simulating
error samples (Type Il-strategy applied in Denmark, United
Kingdom, Switzerland, Sweden, Italy, Austria, Luxembourg,
France, the Netherlands, Spain); and iii) QIs recording (Type III-
strategy applied in the United States, Australia, Spain, Norway,
United Kingdom, Brazil) (1,4,9). Among the programs that
apply Type Ill-strategies is the project “Laboratory Errors and
Patient Safety” (WG-LEPS) of the International Federation of
Clinical Chemistry and Laboratory Medicine (IFCC) (10). The
WG-LEPS developed a harmonized model of QIs for the clinical
laboratory TTP as well as a project to record them through an
online platform within which laboratories from all over the world
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can record their measurements and evaluate their performance
by interlaboratory comparison (8,10). In Argentina, the Pre-
Analytical Phase External Quality Assessment Subprogram
(preEQA Subprogram) was created in 2016 within the framework
of the External Quality Assessment Program (EQA Program)
of the Fundacion Bioquimica Argentina (11) with the purpose
of contributing to the continuous improvement of the clinical
laboratory TTP. The specific aims of the preEQA Subprogram
are to provide professional updating on the pre-analytical phase
and to carry out interlaboratory comparison of procedures (Type
I-strategy) and QIs (Type Ill-strategy) taking into account the
context and characteristics of the participating laboratories (4,9).
Based on the above, the purpose of the present work was to report
the results collected from the first interlaboratory comparison of
four QIs carried out by the preEQA Subprogram in Argentina
during 2021 and 2022.

Materials and methods

Characteristics of the preEQA Subprogram

To be eligible for participation in the preEQA Subprogram,
laboratories should be registered in the EQA Program and should
apply for registration in the preEQA Subprogram. The latter
consists of four annual surveys conducted through the Fundacion
Bioquimica Argentina web page (11). As both participation in
the preEQA Subprogram and survey response submission
are voluntary, the number of participants and responses
received varies with time. After each survey, the participating
laboratories receive a report of the results collected together with
a commentary on the analysis and interpretation of the results,
with recommendations and related literature.

QOIs evaluated in the preEQA Subprogram

The preEQA Subprogram proposed to the participating
laboratories to measure four QIs. Instructions on the registration
of each QI were first delivered to the participating laboratories
and the measurement of these QI was subsequently carried out
following the survey schedule designed by the EQA Program
for the years 2021 and 2022. The QIs evaluated were designed
based on the IFCC QI model (10) with self-adaptations to
facilitate their measurement taking into account previously
observed characteristics of the laboratories participating in the
preEQA Subprogram (12). This is the reason why the four QIs
were measured only in the outpatient setting to standardize the
interlaboratory measurement and with a bimonthly periodicity
so that the small laboratories could obtain a significant number
of records.

Table 1 lists the QIs evaluated chronologically.
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Table 1: Quality indicators evaluated in the preEQA Subprogram

Quality Indicator (QI)

Data Collection Period

Formula %

NS-QI: percentage of patients recalled
for a new blood sample collection due to
pre-analytical causes

CS-QI: percentage of clotted samples

HS-QI: percentage of hemolyzed
samples

TE-QI: percentage of requests with
transcription errors entered into the LIS

preEQA Subprogram: Pre-Analytical Phase External Quality Assessment Subprogram;

May-June/2021

October-November/2021

April-May/2022

October-November/2022

QI: quality indicator; LIS: laboratory information system

=100 x (number of patients recalled for
a new blood sample collection due to
pre-analytical causes / total number of
patients of the laboratory)

= 100 x (number of clotted samples
from hemogram and coagulation
tests / total number of samples from
hemogram and coagulation tests)

=100 x (number of hemolyzed clinical
chemistry samples / total number of
clinical chemistry samples)

=100 x (number of requests with
transcription errors entered into the LIS
/ total number of requests entered into
the LIS)
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Figure 1: Pre-analytical causes for which patients were recalled for a new blood sample collection and number of laboratories that
reported each of these causes for patient recalling during NS-QI measurement

Pareto Chart. Abscissa: pre-analytical causes predefined by the preEQA Subprogram for which patients were recalled for a new
blood sample collection. Bars and left axis: number of laboratories that reported each pre-analytical cause for recalling patients for
a new blood sample collection. Continuous line and right axis: accumulated percentage. Dotted lines: causes of patient recalling
which, based on Pareto principle, have highest impact on the laboratories that responded to the survey. NS-QI: percentage of
patients recalled for a new blood sample collection due to pre-analytical causes; B: blood sample; U: urine sample.
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The percentage of patients recalled for a new blood sample
collection due to pre-analytical causes (NS-QI) was designed
for a first assessment of the pre-analytical phase among the
laboratories participating in the preEQA Subprogram. The
participating laboratories were asked to record the NS-QI as well
as the pre-analytical causes due to which patients were recalled.
A predefined list of pre-analytical causes, which are shown in
Figure 1, was distributed to all the participating laboratories in
order to standardize this registry. In addition, the laboratories were
asked to group the pre-analytical causes that were not included in
this predefined list under the category “other causes”. The NS-
QI was adapted for the present study from that proposed by the
IFCC QI model. According to the latter, the number of patients
recalled for a new blood sample collection as a result of any type
of error should be measured as an indicator of the outcome of
the clinical laboratory TTP (10,12). In the present study, the pre-
analytical causes for which patients were recalled for a new blood
sample collection were analyzed using Pareto’s principle in an
Excel chart (Microsoft Office). This principle focuses efforts
on either the causes or the factors that impact most on a given
process by stratifying them by frequency and by considering that
80% of problems stem from 20% of causes (12,13). Based on
this analysis, two QIs were selected in principle to evaluate the
quality of the sample collection process, namely the percentage
of clotted samples (CS-QI) and the percentage of hemolyzed
samples (HS-QI) (5). As for the clotted samples, the IFCC QI
model proposes to measure the CS-QI on either all the samples
or tubes with anticoagulant that are checked for the presence
of clots (10). In contrast, the preEQA Subprogram ordered to
consider only all hemogram samples (EDTA tubes) and all
coagulation test samples (citrate tubes) to facilitate the recording
of this QI to those laboratories that are beginners in this process.
In the case of the HS-QI, all laboratories, including those with
an automated hemolysis index, were asked to use the same color
scale (14) - which had been provided with the instructions by
the preEQA Subprogram - to detect the presence of hemolysis
by visual inspection and thus standardize its recording. In the
present study, a sample was considered to be hemolyzed when its
color was equal to or higher either than that of tube 2 of this scale
or than 0.5 g/L of free hemoglobin (10,14). The IFCC QIs model
determines that 0.5 g/L of free hemoglobin is the cut-off point for
visual inspection and proposes to measure HS-QI on all samples
that are checked for hemolysis (10). Therefore, in order to help
the participating laboratories to record this QI, the preEQA
Subprogram asked to use clinical chemistry plasma samples
(tubes with heparin) and clinical chemistry serum samples. The
percentage of requests with transcription errors entered into
the laboratory information system (TE-QI) was subsequently
evaluated in order to measure the quality of the administrative
process (5). On account of the fact that in Argentina the majority
of laboratories receive requests written in handwriting on paper,
for this QI the participating laboratories were asked to consider
requests entered into their information system with any type of
transcription error (e.g., in patient or physician data, in omitted,
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wrong or added tests, etc.) detected outside the administrative
entry procedure (i.e., detected at the moment of blood collection,
sample processing, results validation, report delivery, in reply
to the patient or physician’s claim, etc.). In contrast, in the
IFCC QIs model, only test transcription errors are considered
(10). Apart from the instructions, the participating laboratories
were also provided with an Excel worksheet (Microsoft Office)
which was designed to record each QI and included a formula
for the percentage calculation of the QIs and the instructions
for obtaining the short term Sigma metrics with the calculator
available at www.westgard.com (15,16). Every laboratory
uploaded its results through Fundacién Bioquimica Argentina
web page (11) within the established times. Those responses
that were implausible (e.g., percentages higher than 100%) were
eliminated from the data analysis (12). Percentiles 25 (p25) and
75 (p75) of the percentage value distribution were obtained
using the software Statistical Package for Social Science 15.0
(Chicago, IL, USA). Laboratory performance was classified into
three levels, namely 1) high, i.e. with percentage values < p25;
ii) medium, i.e. with percentage values between p25 and p75;
and iii) low, i.e. with percentage values > p75) (4,8,17). The
Sigma metrics corresponding to the percentage values of p25
and p75 of each QI measured was calculated using the above-
mentioned calculator (15,16) in order to guarantee a universal
and objective QI assessment. The Sigma metrics relates the
defect error rate per million opportunities with the efficiency
of the process. Based on this, the following quality levels were
considered: 1) minimum acceptable quality level equal to Sigma
value of 3.0, which corresponds to 6.680% of error and 93.3%
of yield; and ii) minimum desirable quality level equal to Sigma
value of 4.0, which corresponds to 0.621% of error and 99.4% of
yield (8,12,16,18,19). Where possible, the results collected in the
present study were compared with those published by the IFCC
QIs project in 2023. All the databases used were anonymized for
the present study in compliance with the ethical requirements for
data privacy and confidentiality (20).

Results

The results from the surveys carried out in the preEQA
Subprogram show that 64% of the laboratories that responded
to the surveys belonged to Buenos Aires province, 8% to
the Autonomous City of Buenos Aires and 6% to Santa Fe
province. They also show that the percentage corresponding to
the laboratories from the remaining Argentine provinces was
lower than those above-mentioned. Many of the participating
laboratories (70%) belonged to the private outpatient setting.
Approximately 5% of them attended less than 100 patients per
month whereas another 5% attended more than 3800 patients per
month. 80% of the laboratories reported that, prior to the preEQA
Subprogram, they had not performed any external quality control
of the pre-analytical phase. As for the pre-analytical procedures
that are of interest to the present study, it was observed that 1)
96% of the laboratories received medical requests written in
handwriting on paper; ii) 80% used syringe and needle (open
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system) for blood collection; and iii) 90% detected the presence enough to justify recording them.

of hemolysis by visual inspection. Only 40% of the laboratories

did report that they systematically recorded pre-analytical errors, Table 2 shows the number of laboratories participating in the
the main reasons for not recording them systematically being preEQA Subprogram that measured four QIs and the number of
not knowing how to do it, not having time to do so and having valid responses received for each of them.

the belief that the number of pre-analytical errors made is not

Table 2: Number of laboratories participating in the preEQA Subprogram for the measurement of four QIs and number of valid
responses per QI

Percentage of the laboratories that Percentage of valid responses (valid
participated within the scheme of the responses/received responses)
preEQA Subprogram to measure QIs

(received responses/total participants)

NS-QI 26% (113/406) 73% (83/113)
CS-QI 56% (226/407) 100% (226/226)
HS-QI 65% (262/405) 949% (246/262)
ET-QI 52% (240/427) 93% (222/240)

QI: quality indicator; preEQA Subprogram: Pre-Analytical Phase External Quality Assessment Subprogram; NS-QI: percentage
of patients recalled for a new blood sample collection due to pre-analytical causes; CS-QI: percentage of clotted samples;
HS-QI: percentage of hemolyzed samples; ET-QI: percentage of requests with transcription errors entered into the laboratory
information system. A response was considered to be invalid when the value reported was higher than 100%.

Figure 1 shows the number of laboratories that detected the pre-analytical causes for which patients had been recalled for a new
blood sample collection during the recording of NS-QI and Pareto principle-based analysis (12,13). Table 3 lists the results collected
for each QI in the present study and those reported as quality specifications by IFCC QI project (8).
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Table 3: Results obtained for four Qls evaluated in the preEQA Subprogram and their comparison with those reported as quality

specifications by the IFCC QI project (8)

preEQA Subprogram
PERFORMANCE LEVEL

IFCC
PERFORMANCE LEVEL (8)*

NS-QI

CS-QI

HS-QI

TE-QI

HIGH

<p25%
(p25 CI-95%)%
[Sigma]

<0.180%
(0.110-0.340)%
[4.5: desirable]

<0.000%
(0.000-0.000)%
[6.0: desirable]

<0.330%
(0.265-0.455)%
[4.3: desirable]

<0.558%
(0.400-0.710)%
[4.1: desirable]

LOW

>p75%
(p75 CI-95%)%
[Sigma]

> 1.640%
(1.210-2.220)%
[3.7: acceptable]

>0.245%
(0.200-0.395)%
[4.4: desirable]

>2.578%
(1.840-3.239)%
[3.5: acceptable]

>5.702%
(4.440-6.660)%
[3.1: acceptable]

HIGH

<p25%%*
(p25 CI-95%)%*
[Sigma]

Unpublished Data

<0.126%
(0.100-0.150)%
[4.6: desirable]

<0.456%
(0.000-0.739)%
[4.2: desirable]

<0.117%
(0.078-1.105)%
[4.6: desirable]

LOW

>p75%%*
(p75 CI-95%)%*
[Sigma]

Unpublished Data

>0.527%
(0.407-0.630)%
[4.1: desirable]

>1.650%
(1.590-1.820)%
[3.7: acceptable]

>2217%
(1.705-2.518)%
[3.6: acceptable]

The medium performance level is defined by the range p25-p75. *Performance level considered as quality specifications in

2023 (8). preEQA Subprogram: Pre-Analytical Phase External Quality Control Subprogram; IFCC: International Federation of
Clinical Chemistry and Laboratory Medicine; NS-QI: percentage of patients recalled for a new blood sample collection due to
pre-analytical causes; CS-QI: percentage of clotted samples; HS-QI: percentage of hemolyzed samples; TE-QI: percentage of
requests with transcription errors entered into the laboratory information system; p: percentile; CI-95%: 95% confidence interval.
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Discussion

Laboratories showed interest in participating in the interlaboratory
comparison of the QIs proposed by the preEQA Subprogram. In
this study, it was observed that the percentage of laboratories
that measured the last 3 QIs (i.e., CS-QI, HS-QI and TE-QI)
duplicated with respect to that of the first QI (NS-QI) measured.
In the IFCC QI project, the number of laboratories that measured
each pre-analytical QI during 2021 ranged from 25 to 289 (8); in
the Spanish Preanalytical Quality Monitoring Program (SEQC),
72 laboratories participated during 2018-2019 (4); and in the
Programa de Benchmarking e Indicadores Laboratoriais from
Brazil, the number of responses obtained during 2016-2018
ranged from 34 to 1081 depending on the QI measured (12).
Thus, the fact that between 83 and 262 laboratories responded to
preEQA Subprogram surveys is indeed extremely encouraging
particularly if one takes into account the data collection period,
which corresponded to the SARS-CoV-2 pandemic context,
mainly the year 2021. A plausible explanation for this - although
there is still no published evidence - seems to be the fact that in
Argentina the number of small and medium-sized laboratories
is larger than that of large laboratories in contrast to other
countries where centralized laboratories predominate and serve
a large number of patients. The fact that it was nonetheless
observed that a high percentage of the laboratories enrolled in
the preEQA Subprogram did not measure any Qis, highlights the
need to implement measures to determine the reasons for such
non-participation. As regards the number of invalid responses
received in the preEQA Subprogram, it was observed that the
highest percentage of invalid responses corresponded to the
NS-QI, which was the first QI measured by the participating
laboratories. In contrast, the percentage of invalid responses for
the remaining QIs was lower probably because the participating
laboratories were already familiarized with the Excel chart and
the web page to upload the results collected. Measuring the
NS-QI proved to be useful to select future QIs in terms of their
degree of priority, particularly those related to sample quality.
The Pareto chart showed that, among the 10 pre-analytical
causes for which patients were recalled for new blood sample
collection and which impacted most on the group of laboratories
that responded to the survey, clotted, hemolyzed and insufficient
blood samples represented an accumulated frequency of 40%,
followed by other causes that will be further taken into account
for the planning of future QI measurements. It should be noted
that not properly collected urine samples were included among
these other causes. This is due to the fact that, although national
recommendations discourage 24h urine sample collection tests
in Argentina (21), they are very commonly performed (for
example, for the measurement of albuminuria and proteinuria
and creatinine clearance). In the case of the CS-QI, it was
observed that the percentage values recorded in the present
study were lower than those reported by the IFCC QI project
(8), although in both cases the Sigma metrics indicated that
such values achieved a desirable level of quality. In this respect,
it seems likely that the higher percentage of clotted samples
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detected by the laboratories participating in the IFCC QI project
is due to a higher availability or use of automated pre-analytical
and analytical platforms, which are more sensitive than visual
inspection, which is mostly used in preEQA laboratories to detect
the presence of clots (4,22-24). In the case of the HS-QI, the
p75% value collected in the present study was higher than that
reported by the IFCC QI project (8) for this same QI obtained by
visual inspection. The difference in the results observed could be
attributed to the use of the open system (syringe and needle) for
blood collection among the preEQA Subprogram laboratories,
instead of the closed system (vacuum) which presents a lower
risk of hemolysis and is also internationally recommended (25).
In parallel, as visual inspection for hemolysis detection involves
a certain degree of subjectivity in the results of the preEQA Sub-
program, as well as in those of the IFCC QI project, it should
not be considered as the main cause of the difference observed.
Finally, although 75% of the laboratories responding to the
survey achieved - as is the case internationally - a quality level
ranging between acceptable and desirable, the low-performing
labeled laboratories were suggested to concentrate their efforts
on the implementation of actions aimed at improving the blood
collection procedure The percentage values collected for the TE-
QI were also found to be higher than those reported by the IFCC
QI project (8) and the difference among the percentage values
was - in the particular case of this QI - also higher, as evidenced
by the Sigma metrics. This is a plausible outcome on account
of the fact that the IFCC QI model takes into account only
transcription errors of the tests requested. Therefore, although
it is not possible to make a straightforward comparison of the
results collected, such a comparison could only be orientative.
Furthermore, although 75% of the participating laboratories
achieved a level of quality ranging between acceptable and
desirable, it is advisable that the low-performing labeled
laboratories take extreme measures to improve the data entry
and their control procedure. The percentage values obtained for
the four QIs evaluated allowed the preEQA Subprogram and the
laboratories that measured them to compare their performance
with each other and with the international literature available.
This, in turn, helped them. not only to determine the level of
error in their pre-analytical processes but also to predict the high
or low need to implement continuous improvement actions in the
processes, particularly in the case of the low-performing labeled
laboratories. All in all, the Sigma metrics proved to be useful
to achieve an objective interpretation of the percentage values
collected after measuring QIs in the preEQA Subprogram and
for each individual laboratory that performed QI measurements.
The decision to determine that a Sigma value of 3.0 is equivalent
to a minimum acceptable quality level should not overshadow
the established goal of a desirable quality level equivalent to a
Sigma value either higher than or equal to 4.0. In this sense, that
a laboratory achieved a medium performance level according
to the distribution of percentage values of the QI in the group
(p25-p75) but with an error rate > 0.819% (Sigma < 4.0 and <
99.4% of yield) means that the process in question is objectively
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vulnerable and does require the implementation of improvement
actions (16,19). Likewise, a low performance level but with an
error rate > 8.076% (Sigma < 3.0 and < 93.3% of yield) should
be interpreted as unsatisfactory low performance. Sigma metrics
turns out to be a fundamental tool for a correct interpretation of
the results derived from QI measurement (19).

Conclusion

The majority (75%) of the laboratories participating in the
preEQA Subprogram to measure the four QIs evaluated in this
study showed a minimum acceptable level of quality (Sigma >
3.0). It was also observed that both the HS-QIs and the TE-QI
deserve more attention. In spite of its weaknesses, the importance
of this pioneering pre-analytical phase external
assessment conducted in Argentina lies in that the participating
laboratories - some for the first time - could identify processes in
need of improvement thanks to the interlaboratory comparison
of their performance. This preEQA Subprogram experience
has allowed us to document issues deserving improvement
in this Subprogram and has, in parallel, been motivating to
keep on working on the measurement of pre-analytical QIs for
the continuous improvement of the clinical laboratory TTP in
Argentina.
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Background: The EFLM Task Force Preparation of Labs
for Emergencies (TF-PLE) created a survey that has been
distributed to its members for gathering information on the
key hazards experienced by European medical laboratories
during the COVID-19 pandemic.

Methods: The survey was distributed to over 12,000 potential
contacts (laboratory workers) via an EFLM newsletter, with
responses collected between May 8 and June 8, 2023.
Results: Two hundred replies were collected and examined
from European laboratories. 69.7% and 78.1% of all
responders said they were short on non-COVID and COVID
reagents, respectively. Exactly half of respondents (50.0%)
said that they could not complete all laboratory tests required
for a specific period, but this figure climbed to 61.2% for
COVID tests. Finally, 72.3% of respondents expressed
exhaustion during the pandemic, and 61.2% reported
increasing patient hostility.

Conclusions: The COVID-19 pandemic had a significant
impact on laboratory medicine in Europe. Cultural change,
proactive planning, and even re-engineering in some parts of
the laboratory industry may thus be necessary to prepare for
future challenges.
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Introduction

More than three years after the World Health Organization
(WHO) declared coronavirus disease 2019 (COVID-19) a
pandemic, the international emergency status has ended, but the
organization continues to emphasize that COVID-19 remains
a global health threat [1]. The fact that most health systems
around the world were not prepared for this enormous challenge
can certainly be considered one of the most important aspects
that have contributed to increasing the morbidity, mortality, and
resulting chronic disability caused by SARS-CoV-2 infections
[2]. This refers specifically to the enormous burden placed on
healthcare facilities by the pandemic, which exponentially
increased shortages of beds, staff, and equipment [3],
dramatically exacerbated by previous inadequacies in hospital
funding. An interesting analysis conducted by Arsenault et al.
in 10 different countries [4] shows that significant disruption
occurred in almost all countries, characterized by a specific
magnitude and duration, with no pattern related to income or
pandemic burden. For example, treatment of chronic diseases
was disrupted in all regions, while treatment of emergencies
such as road traffic accidents was severely affected. The clear
evidence that most health systems were woefully unprepared
for the dramatic increase in the number of patients seeking
diagnosis and treatment for SARS-CoV-2 infection during the
initial phase of the pandemic goes hand in hand with evidence
that even laboratory medicine was placed under unprecedented
and perhaps unimaginable pressure [5,6]. A previous survey was
conducted by the American Association for Clinical Chemistry
(AACC) in four different periods during the early phase of the
COVID-19 pandemic (May 1-24 2020: 100 responses; June 1-5
2020: 33 responses; June 24-July 6 2020: 53 responses; August
3-18 2020: 67 responses; September 17-29 2020: number
of responses unavailable; and December 2 2020-January 4
2021: number of responses unavailable) [7]. The percentage
of worldwide respondent labs reporting being unable to obtain
supplies necessary to run routine laboratory testing ranged
between 11-52% for non-COVID-19 tests and between 40-50%
for COVID-19 tests, respectively. Contextually, the percentage
of laboratories unable to process all requested COVID-19 tests
due to supply issues and other challenges ranged between 14-
22%. Importantly, up to nearly 80% laboratories responded
that they were facing challenges to testing or increasing their
testing capacity for COVID-19. Shortage of test kits and
reagents affected as many as 60% of all respondent laboratories,
whilst staff shortage was also commonplace, involving up to
80-90% of all respondent laboratories. Importantly, during
the last surveyed period (December 2, 2020-January 4, 2021),
some degree of burnout has also been reported by as many as
70% of all respondents. Nufiez-Argote reviewed 178 surveys
completed during the early period of the pandemic by laboratory
professionals, engaged in medical laboratories in the United
States, and found evidence that the extent of overtime work
increased almost every day from 3.4% to 13.5% from before
to during the pandemic [8]. Jafri et al. interviewed 64 medical
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laboratory professionals in Pakistan between June 4th and
14th 2020, and evidenced several important aspects, including
the fact that 42% and 78% of the respondents reported fear of
employment termination and financial challenges, 96% answered
that social life was strongly penalized and nearly 20% that they
were largely unsatisfied about the measures taken by the hospital
organization during the initial outbreak [9]. Another survey
was conducted by the PeriAnalytic and Laboratory Medicine
Society (PALMSoc) in Ireland, collecting 45 responses from 38
different medical laboratories [10]. Ac-cording to the results of
this survey, nearly 60% of responders affirmed that maintenance
of the quality management system was challenged and less than
20% reported as having 100% staffing level before the emergence
of COVID-19. To determine the frequency of burnout and
depression, along with their contributing factors and the impact
of COVID-19, an electronic survey was distributed to a group
of Canadian laboratory medicine residents [11]. The authors
ultimately collected 79 responses, which revealed a prevalence
of burnout and depression of 63% and 47%, respectively. The
factors that contributed most to burnout were dissatisfaction with
career, impairment of academic performance, lack of availability
of'sick leave, financial stress, and increased perception of fatigue.
Regarding depression, the most important factors were poor
availability of wellness resources, reduced free time, and
experimentation with reduced sleep duration. In this challenging
scenario, with a still unpredictable evolution regarding the risk of
future natural and environmental disasters [12], the Task Force
Preparation of Labs for Emergencies (TF-PLE) of the European
Federation of Clinical Chemistry and Laboratory Medicine
(EFLM) has developed a specific survey to be sent to its members.
The aim was to collect useful data and important information on
the major threats faced by European medical laboratories during
the COVID-19 pandemic for developing suggestions on how to
avoid the next emergency (besides pandemics) with potentially
similar unfavorable consequences.

Materials and methods

To obtain specific information about the extent and nature of
the disruption of laboratory activities during the COVID-19
pandemic, a special questionnaire was developed by the EFLM
TF-PLE that included general questions about the location and
organization of laboratories, as well as a specific request for
information about the most important organizational problem
encountered, as follows: “Which types of troubles did you
encounter (at least at some times) during the COVID-19
pandemic?”, including six possible scenarios with four different
answer options each “Yes, for long time”; “Yes, for short
time”; “Never”; “N/A (not applicable)”. The detailed questions
included in the survey are summarized in table 1. The survey was
then sent via an EFLM newsletter to the email addresses of over
12,000 potential contacts (laboratory professionals) from Europe
and abroad, with responses collected between May 8 and June
8, 2023 (Figure 1). It had been requested that only one response
can be accepted from each laboratory. The complete responses
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were downloaded onto an Excel spreadsheet and graphically an-
alyzed with Analyse-it for Microsoft Excel (Analyse-it Software
Ltd, Leeds, UK). A single response for each medical laboratory
was maintained. The statistics of the responses to the question
about the threats encountered by the respondent laboratories
during the pandemic was conducted by eliminating the results

from participants who selected the “N/A (not applicable)” option
(n=?). The survey was officially promoted and supported by
the EFLM, and did not involve any medical treatment. Ethics
Committee approval or patient’s consent is not applicable to
these types of studies.

Table 1: Questions and options presented in the questionnaire developed by the EFLM TF-PLE

Question

Formula %

Your continent

Your country

Your lab (type of facility)

Number of tests per year of your lab (both inpatients and outpatients)

Do you perform stat (urgent) testing in your lab?

Which types of troubles did you encounter (at least at some times)

during the COVID-19 pandemic?

- Impossibility to run all lab tests requested

- Impossibility to run all COVID tests requested

- Shortage of some non-COVID reagents and/or supplies
- Shortage of COVID reagents and/or supplies

- Burnout

- Patient aggressiveness

Asia; Africa; North America; South
America; Europe; Oceania

Free text
Private, Public; Other

1 million; 1-4 million; 5-8 million;
>8 million

Yes; No

Yes, for long time; Yes, for short time;
Never; N/A (not applicable)

eJIFCC2023Vol34No3pp213-219
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Figure 1: The EFLM Newsletter about the TF-PLE survey that had been delivered to over 12,000 potential contacts among European
and non-European laboratory professionals.
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Results

During the one-month survey period, a total of 235 responses
were received, 200 were from European laboratories (85.1%),
which were used for the analysis. Most responses came from
Italian laboratories (20.0%), followed by Serbian (9.0%), Turkish
(6.5%), Spanish (5%), Croatian, Romanian, and Lithuanian (all
4.0%) institutions; laboratories from other countries accounted
for less than 3% of all other responses. Most respondents were
from public laboratories (78%), general (rather than specialized)
laboratories (74.5%), of which 88.5% also perform urgent
and/or emergency laboratory testing. In terms of size, most
laboratories reported performing less than 1 million tests per
year (42.0%), 32.0% reported performing between 1-4 million
tests per year, 10.5% of all laboratories reported performing
between 5-8 million tests per year, whilst 15.5% of responding
laboratories reported performing more than 8 million tests per
year (Figure 2). The responses to the specific question “which
types of troubles did you encounter (at least at some times)
during the COVID-19 pandemic?” are summarized in figure 3.

The percentage of “N/A (not applicable)” responses was 6.0%
for “shortage of some non-COVID reagents and/or supplies”,
15.5% for “shortage of COVID reagents and/or supplies”,
5.0% for “impossibility to run all lab tests requested”, 17.5%
for “impossibility to run all COVID tests requested”, 8.0% for
“burnout” and 17.5% for “patient aggressiveness”. Regarding
reagents and/or supplies, other than for COVID diagnostics,
69.7% of all laboratories answered that they had some shortage,
mostly (63.3%) for a short time, while they answered that some
shortage of COVID reagents was more frequent (78.1%), but
also mostly temporary (72.8%). Regarding the ability to perform
tests, exactly half (50.0%) of all laboratories were unable to
complete all tests requested over a certain period (mostly for
a short-term, 44.2%), but this number increased to 61.2% for
COVID tests ordered (57.0% on the short-term). Importantly,
72.3% of respondents emphasized that they had experienced
some level of burnout during the COVID pandemic, 31.5%
of them for an extended period. Finally, 61.2% of respondents
reported that patient aggressiveness had increased during
the COVID pandemic, 22.4% of whom had experienced this
phenomenon over a longer period. A partial analysis of the
data, stratifying all positive responses to the first four questions
(i.e., the sum of “Yes, for long time” and “Yes, for short time”
responses) by the amount of testing performed by laboratories,
is shown in Figure 4. There are no major differences in the
number of tests performed per year. In comparison to all other
laboratory size categories, laboratories performing between
5-8 million tests experienced significantly more difficulties “to
run all COVID tests requested” (chi-square statistic: 15.497,
p=0.001). Apart thereof, no statistical significant difference
between answers from different laboratory sizes could be found
for “shortage of some non-COVID rea-gents and/or supplies”
(chi-square statistic: 1.66; p=0.645), “shortage of COVID
reagents and/or supplies ” (chi-square statistic: 7.125; p=0.068)
or “impossibility to run all lab tests requested” (chi-square
statistic: 1.445; p=0.695).
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Figure 2: The percentages of the 200 EFLM European medical
laboratories which responded to the EFLM survey stratified
according to the volume of tests performed per year.
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Figure 3: Responses to the question “Which types of troubles
did you encounter (at least at some times) during the COVID-19
pandemic?” given by 200 European medical laboratories which
responded to the EFLM survey.
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Figure 4: Positive responses to the question “which types
of troubles did you encounter (at least at some times) during
the COVID-19 pandemic?” given by 200 European medical

laboratories which responded to the EFLM survey, stratified
according to their testing volume (test per year).
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Discussion

Although the Emergency Committee of the WHO made the
predictable decision to end the global health emergency for
COVID-19, many thousands of people affected by this disease
are still in hospitals (some of whom require intensive care
unit treatment), and several million others will suffer from
the lingering after-effects of SARS-CoV-2 infection [13]. In
addition, this (corona) virus is here to stay, and there is a risk
that new and more severe lineages will emerge, causing new
outbreaks with surging case numbers. The frequency of other
natural and environmental disasters posing a public health
challenge worldwide has increased significantly over the past few
decades [14]. These may also act synergistically to amplify the
harm to humans and animals [15]. These threats mainly include
tornadoes, thunderstorms, hail, earthquakes and tsunamis,
fires, floods, chemical and/or biological emergencies, mass
casualties, terrorism and bioterrorism, wars, civil unrest, and so
on. Recognizing that laboratory medicine plays a critical role
in modern science and medicine [16] and that its contribution
is indispensable for the management of frequently foreseeable
(e.g., the EFLM
established an ad hoc task force to improve the preparedness of
medical laboratories to manage a variety of emergencies (EFLM
TF-PLE). The first initiative, which provides an essential basis
for planning future training activities, was the development
and implementation of a special survey, aimed at collecting in-
formation on the extent of disruption of laboratory activities
during the last three years of this COVID-19 pandemic. The
results of which are presented and discussed in this article. In
keeping with the evidence emerged from the previous AACC
questionnaire, which was terminated at the beginning of 2021,
several critical aspects could be identified from this EFLM
initiative. From the responses obtained from over 200 European
medical laboratories, the first fact that strongly emerges is that the
capacity of both conventional and COVID-19 related diagnostics
has been overwhelmed in over 50% of cases for at least some
periods. This aspect underlines that around half of medical
laboratories which responded to this EFLM survey were already
running at their capacity limits, and this precarious stability
was disrupted by an “exceptional” event like a pandemic. This
inherently means that other similar (natural or environmental)
disasters might generate a similar dramatic impact on laboratory
medicine, important delays or even prolonged
interruptions of the diagnostic activity, together with all ensuing
patient safety risks. A second finding from our survey is that most
European laboratories have suffered a temporary lack of reagents
and supplies, which was not restricted to COVID-19 diagnostics
but involved also many other testing areas. Intriguingly, nearly
two-thirds of all European medical laboratories that responded
to this EFLM survey stated that a lack of reagents or supplies
for performing non-COVID tests was a tangible issue during the
pandemic, thus emphasizing that the entire diagnostic industry
was seemingly unprepared to face an exceptional event like this

emergencies climate change), recently

causing
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pandemic, and may remain so also in the unfortunate likelihood
of future disasters. The third significant conclusion from the 200
replies collected in this EFLM survey is that more than 70% of
European laboratory workers admitted to having experienced at
least some degree of burnout during the pandemic. This statistic
is consistent with prior research, which found that burnout was
frequent among healthcare workers, especially in the early phases
of the pandemic [17]. Macaron et al. conducted a systematic
literature review and meta-analysis to determine the cumulative
prevalence of burnout among physicians during the COVID-19
pandemic [18], reporting a peak burnout prevalence of up to
60% in the early stages of the pandemic, which is comparable
to the prevalence found in our survey of European laboratory
professionals (i.e., around 70%). Last but not least, almost 60%
of respondents indicated that patient hostility increased during
the pandemic, thus contributing to further aggravation of an
already difficult working condition caused by environmental
pressure and shortage of personnel. We acknowledge that only
a minority of all potentially contacted laboratories responded
to this survey, with a preponderance of Italians. This imbalance
must be taken into account when interpreting our conclusions.

Conclusions

We live in a modern world where other major challenges such
as the current COVID-19 pandemic are very likely to occur in
the coming years. If we have learned anything from the recent
pandemic, it is that proactivity and preparedness to respond in
a much more expedient manner are critical. The findings of this
first EFLM TF-PLE survey clearly reveal that the COVID-19
pandemic had a significant impact on laboratory medicine in
Europe, both in terms of availability of material resources and
professional well-being. Cultural change, proactive planning,
and even reengineering in some parts of the laboratory industry
may thus be required to prepare for future challenges.
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The Turin Metropolitan Transplant Centre (CIC 305)
includes four flow-cytometry laboratories assessing
quality control on hematopoietic stem cells (HSC) with
different instruments and operators. Therefore, the CD34+
enumeration assay should be validated on a regular basis. We
describe here the validation plan to test the inter-laboratory
reproducibility of CD34+ enumeration assay, based on the
risk analysis. Stabilized blood samples were analysed using
Stem-Kit reagent according to manufacturer’s instructions
and acquired using the Beckman Coulter Navios at Regina
Margherita Children’s’ Hospital (305-1), Beckman Coulter
FC500 at Candiolo Cancer Institute FPO-IRCCS (305-2), BD
Biosciences FACSLyric™ at S. Luigi Hospital (305-3), and
Beckman Coulter Navios EX at Mauriziano Hospital (305-4).
The ISHAGE guidelines were followed for estimating % and
absolute number of CD34+ cells in single-platform method.
For each sample repeatability limit (r), reproducibility error,
uncertainty of reproducibility error and coefficient of variation
(CV) were reported. The repeated measurements from each
laboratory or instrument have a variability, expressed as
reproducibility error, lower than the repeatability limit for that
single parameter. The corrected reproducibility error is always
lower than the repeatability limit except for the percentage
value of the “low” count. The analysis of inter-laboratory
variance is within the maximum acceptable variance value,
and the CV of all measurements for each parameter is less
than 8%, indicating low measurement variability among
laboratories. Evaluating the overall data, we can conclude
that the four laboratories are perfectly aligned and the results
are reproducible.
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Introduction

According to Joint Accreditation Committee of ISCT and
EBMT (JACIE) standards, relevant and standardized assay
for quantifying hematopoietic stem cell (HSC) population
needs to be established and periodically validated to keep the
entire process under control. The efficiency of an autologous
or allogeneic HSC graft is mainly determined by the number
of CD34+ cells, and their measurement by flow cytometry
is an important method to assess the graft quantity (1). When
HSCs are used, manipulated or not, enumeration and viability
are critical information that need to be considered. Therefore,
a relevant and standardized assay for quantifying the initial and
final cell population needs to be established and validated (2).
For many years, multi-colour flow cytometry is the technology
for cell surface marker detection, viability and enumeration (3).
Measurement of viable absolute counts of cells can be performed
using single-platform panels recommended by International
Society for Hematotherapy and Graft Engineering (ISHAGE) and
JACIE standards. This includes a cell viability dye and counting
beads with a lyse/no-wash preparation using commercial kits
for CD34+ cells and lymphocyte subpopulations, yet without
a viability dye for the latter (4-5). The challenging aspect is
validating laboratory-developed flow cytometry methods, as
a successful validation makes the method readily available
and adapted by quality control for laboratory processing,
cryopreserving or manipulating products for cell production. (2).
The Turin Metropolitan Transplant Centre (CIC 305) (TMTC) is
a functional program established in 2012 from the partnership of
four local programs, one paediatric and three adults, on the basis
of'clinical and laboratory collaborations. It promotes the exchange
of scientific knowledge and professional experience for clinical
and research activities, implementing shared quality policies
for maintaining the performance of critical activities related to
HSC transplantation (HSCT). The program shares policies and
aims, technical procedures and discusses on a daily basis the
key performance indicators. In the TMTC, there are four flow-
cytometry laboratories assessing quality control on HSCs, with
different instruments and operators. For backup and emergency,
a continuity plan is in place to guarantee the prompt intervention
and maintenance of many services, including CD34+ evaluation.
The risk that an inaccurate CD34+ enumeration may affect
the efficacy of the cell-based product administered to patients
need to be taken into consideration. Therefore, the CD34+
evaluation assay must be aligned among the labs, standardized
and validated on a regular basis. Any change of equipment,
utilities, or process should be formally documented and the
impact on the validation status or control strategy assessed. A
process is validated by establishing objective evidence that it
consistently produces an expected endpoint or result that meets
predetermined acceptance criteria. A risk assessment should be

eJIFCC2023Vol34No3pp220-227

performed for each validation study to assess how critical the
process is and to define the level of risk (6). The risk assessment
represents a basic step to go through in the validation process.
There are several methods for the assessment of the risk, such as
Failure Mode and Effects Analysis (FMEA) or Failure Modes,
Effects and Criticality Analysis (FMECA), methods of assessing
potential failure mechanisms and their impact in the system,
identifying single failure points. FMEA method can be used to
assess the risk of failures and identify criticisms at every step
of the process, and is widely adopted in various health care
settings, including transfusion medicine (7) and HSCT (8). In
this work, we describe the validation plan with relevance to the
risk analysis to test the inter-laboratory reproducibility of the
CD34+ enumeration method.

Materials and methods

Risk analysis

All the steps from transport of samples to the final report were
carefully examined adopting a failure mode and effect analysis
scheme. For the FMEA analysis, the whole process was divided
into several sub-phases, and for each step, one or more different
failure modes were identified. For each failure mode, a risk
priority number (RPN) was calculated considering three different
scores expressing severity of effects, frequency of occurrence
and identifying the detection, on a scale from 1 to 4, as described
in the tables 1 and 2.

Severity was multiplied for occurrence to obtain the failure risk
(range 1-16). The failure risk was then multiplied for detection
to obtain the RPN, the quantitative expression of each failure,
ranged from 1 (1x1x1), as the “best” score, to 64 (4x4x4)
as the “worst” one. RPNs rated between 1 and 9 do not need
intervention; RPN between 12 and 18 need to be monitored; RPN
between 24 and 32 need corrective actions; RPN between 36 and
64 require urgent corrective measures and validation plans.

To rate the occurrence of specific hazards we considered the
incidence of previous failures, the presence of trained operators,
the instrument maintenance process and the availability of
specific standard operating procedures (SOPs).

According to the performed analysis, the most hazardous step
was the analysis made by different operators with different
instruments which needed a validation plan to prevent or limit
errors in CD34+ detection and, as a consequence, errors in
assessing quality control on HSCs.

Validation plan

To develop our work, a validation plan was prepared. This
document describes the procedure and the aspects to be
evaluated during the validation of the method and includes
the aim of validation, the description of the method, roles and
responsibilities, the acceptance criteria, and conclusion remarks.
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Table 1: Failure Mode and Effects Analysis (FMEA) risk assessment. A) Calculation of failure risk; B) Calculation of risk
priority number (RPN). C) Remediation plan. RPNs rated between 1 and 9 do not need intervention; RPN between 12 to 18 need
to be monitored; RPN between 24 to 32 need corrective actions; RPN between 36 to 64 require urgent corrective measures and
validation plan.

A OCCURENCE
Low MODERATE PROBABLE VERY PROBABLE
OCCASIONAL | FAILURES ALMOST VERY HIGH
FEVEERIELRES FAILURES CERTAIN OCCURENCE
1 2 3 4
NO EFFECT, NO
Low DANGER 1 1 2 3 4
& MINOR PART
z MODERATE AFFECTED 2 2 4 6 8
> LOSS OF PRIMARY
. il FUNCTION 3 # B
VERY HIGH | SAFETYHAZARD | 4 4 8
SEVERITY X OCCURENCE = FAILURE RISK
B FAILURE DETECTION
VERY HIGH HIGH MODERATE Low
1 2 3 4
1 1 2 3 4
NO EFFECT, NO
Low DANGER 2 2 4 6 8
3 3 6 9 12
5
¥ MINOR PART * 4 8 = 18
i | MOUERATE AFFECTED
© 6 6 12 18 24
2 8 8 16
< HIGH LOSS OF PRIMARY
FUNCTION 9 o 18
12 12 24
VERY HIGH | SAFETY HAZARD
16 16 32
FAILURE RISK X FAILURE DETECTION = RPN
Cc RPN
19 12-18 24-32
Mo intervention Need to be 5 . Corrective actions
reguired monitored Camachve actions and validation plan
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Table 2: Definition and interpretation of Failure Mode and Effects Analysis (FMEA) failure scores.

Description

Examples

Severity
Low
Moderate
High
Very high

Occurrence
Low
Moderate
Probable
Very probable

Detection
Very high
High
Moderate
Low

AW N — AW N~

AW N~

No effect, no danger
Minor part affected

Loss of primary function
Safety hazard

Few failures

Some occasional failures
Failures almost certain
Very high occurrence

Always detected

Probably detected

Middle probability of detection
Probably undetected

The error has no effect on results
Temporary instrument failure
Wrong dose of the collected graft
Wrong dose of the infused graft

No registered cases
1-6 cases/year
7-12 cases/year
Daily occurrence

Expiration date of reagents
Calibration of pipettes
Reverse pipetting error
Operator error
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Samples

Stabilized blood (BD TM Stem Cell Control cod. 340991,
Becton Dickinson) samples were stained with Stem-Kit reagent
(cod. IM3630, Beckman Coulter) according to manufacturer’s
instructions. As used in external quality assessment (EQA),
we chose to use the BD™ Stem Cell Control, a stable
control with assigned values, routinely used to monitor the
immunophenotyping process for CD34+ cells. The test was
repeated on LOW (lot BC0622L: CD34+/ul=11.3 [5.9-16.7],
% CD34+= 0.187 % [0.099-0.275]) and HIGH (lot BC0622H
CD34+/ul =29.4 [19.5-39.3], % CD34+=0.472 % [0.314-0.630])
samples.

Antibodies

All antibodies belonged to Stem-kit reagents: CD45 FITC
Isoclonic Control-PE, CD45 FITC-CD34 PE, and 7-AAD
Viability Dye were used according to manufacturer’s instruction.

Lyse/no-wash single-platform viable cell enumeration and
instruments

The ISHAGE guidelines were followed for estimating % and
absolute number of CD34+ cells in single-platform method, using
the Beckman Coulter Navios at Regina Margherita Children’s
Hospital (CIC 305-1), Beckman Coulter Navios at Candiolo
Cancer Institute FPO-IRCCS (CIC 305-2), BD Biosciences
FACSLyric™ at S. Luigi Hospital (CIC 305-3), and Beckman
Coulter Navios EX at Mauriziano Hospital (CIC 305-4).

The count was performed by all four laboratories once on the
LOW control, and once on the HIGH control for two consecutive
days, for two weeks.

Statistical analysis

For each analysis repeatability limit (r),
error, uncertainty of reproducibility error and coefficient of
variation (CV) were reported. The reproducibility error is the
difference between the highest and lowest value measured for
each parameter by each laboratory and describes the maximum
variability of precision using different instruments and different
operators. Repeatability limit (r) is the maximum acceptable

reproducibility

deviation from the mean and it is lower than standard deviation.
The uncertainty of reproducibility of error is the sum of the
errors deriving from all the components of the test (pre-analytical
phase, analytical phase, analysis phase), considered intrinsic to
the measurement of that parameter. The repeatability limit (r)
and the reproducibility error were used to compare test results
within and between laboratories (9). The coefficient of variation
(CV) is the ratio between the standard deviation and the mean
and shows the extent of variability in relation to the mean. The
higher the CV, the greater the dispersion. The variance was
calculated for all the values of each laboratory and was used to
calculate the inter-laboratory variance. The maximum inter-
laboratory variance was the squared difference between the

eJIFCC2023Vol34No3pp220-227

maximum and minimum values obtained by all laboratories.
The acceptance criteria were:

1) Reproducibility error lower than

2) CV%=<10%,

3) Inter-laboratory variance < maximum inter-laboratory
variance.

Results

Risk analysis

In the validation plan, three main phases were identified: pre-
analytical phase (transport of samples), processing and analysis
phases, as reported in table 3.

For each step, checkpoints, criticisms and failures have been
identified, and severity, occurrence and detection were assigned
to each step to calculate the RPN. We found RPN ranged from 1
to 16 in most steps, where corrective actions are not requested,
even if monitoring of the failure events is always recommended;
while the data analysis and reporting phases reached a RPN of
36 needing specific action plans as a measure to prevent possible
failures. These steps are the most difficult steps to keep under
control, influenced by the interpretation of the data and by inter-
laboratory reproducibility, which has been validated.

Method validation

The absolute CD34+ count was performed by the ISHAGE
method on the same starting material with different instruments,
operators and reagents. Counting has been performed on
stabilized peripheral blood samples of known titres of LOW level
(low CD34+ content) and HIGH level (high CD34+ content) by
all four laboratories for two consecutive days and repeated in
the same way the following week. The results obtained by four
laboratories for low and high control was in the range indicated
by BD TM Stem Cell Control. The repeated measurements (in
percentage and absolute value) from each laboratory (or for each
instrument) have a variability, expressed as reproducibility error,
systematically lower than the (r) for that single parameter (low:
0.0421 for CD34+%, 2.3121 for CD34+/ul; high: 0.1026 for
CD34+%, 3.6249 for CD34+/ul). The corrected reproducibility
error, which represents the reproducibility error subtracted from
the uncertainty of reproducibility, is always lower than (r) (low:
0.0427 for CD34+%, 2.2549 for CD34+/ul; high: 0.0854, for
CD34+%, 3.1654 for CD34+/ul) except for the percentage value
of the “low” count where it is slightly higher (0.0427 with r =
0.0421). The analysis of inter-laboratory variance (low: 0.0002
for CD34+%, 0.3343 for CD34+/ul; high: 0.0011 for CD34+%,
0.6025 for CD34+/ul) is within the maximum acceptable
variance value (Ilow: 0.0009 for CD34+%, 2.5122 for CD34+/ul;
high 0.0036 for CD34+%, 4.9506 for CD34+/ul). In addition, the
CV of all measurements for each parameter analysed is less than
8%, indicating low measurement variability among laboratories.
Opverall results were summarized in table 4.
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Table 3: Validation plan

PROCESS CHECK POTENTIAL v =
STEPS MATERIALS | INSTRUMENTS POINTS CRITICISMS | FAILURES E CAUSES 3 g CONTROLS E &
7]
8|8 4
1. Pre-analytical phase
Courier not
Temperature Deterioration compliant 4 | g [Training of 1] 3
Check on during transport | of sample Temperature not courier
Transport |PB, PBMC, |Courier inteqrity of 3 compliant
of samples|BM Transport box integrity o
bl i Delay in Communication Training of
Delay in delivery yin errors Problems | 2 | 6 ing 1| 6
processing during transport caLer
2. Processing
Cell
Evaluation |PB/BM Haematology Cell concentration Results not '
of [WBC] analyser concentration  |not compliant for|accurate || instrumant fallura . £.2-{EEY FQA 8 4
FEMC staining
e Errors in staining) R—— Pipette failure E:I:E%m
: y e ) sults ni ompetence
Labelling Mﬂnph?ﬂgnnal Pipette, tips Control sample Revarsa i 3 Operator not 2| 6 Grdinalicn, 2 (12
an i pipetting trained’ distraction training and
retraining
. : Lysis soluticn : i Annual
Lysis soluticn not comedant Pipette failure calibration
o ) Stem Count Results not Competence
Acquisition Fhinresphare Pipstix Fluorospheres | Reverse accurate s Operator not 2 evaluation, - e
P pipetting trained’ distraction training and
retraining
3. Analysis
. . Periadic
Daily QC oos 4 |Cytometer failure | 2 | 8 oaPa 2| 18
QC reagent Reagent
Data Ermrors in expired control
A i results Competence
ﬁgwsm Software Cytometer Isotype control | Gating strategy 4 Operator not F iy 1 8
FeEe trained/ distraction training and
P g retraining
Operators!
Inter-laboratory | Results not
Results i 4 Instruments/ 3 3
reproducibility | accurate reagents . .
Table 4: Summary of results
BD TM Stem Cell Control LOW BD TM Stem Cell Control HIGH
CD34+ % CD34/ul CD34+ % CD34/ul
Sample Range 0.099-0.275 5.9-16.7 0.314-0.630 19.5-39.3
Mean 0.1950 12.2690 0.4705 29.6510
SD 0.0150 0.8258 0.0366 1.2946
cvV 7.7148 6.7305 7.7856 4.3662
Repeatability limit (r) 0.0421 2.3121 0.1026 3.6249
Uncertainty of reproducibility error 0.0173 0.9151 0.0346 1.2846
Corrected reproducibility error 0.0427 2.2549 0.0854 3.1654
Inter-laboratory variance 0.0002 0.3343 0.0011 0.6025
Maximum acceptable variance 0.0009 2.5122 0.0036 4.9506
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Discussion

FACT-JACIE standards have evolved over time, with scheduled
review and revision based on the rapidly changing fields of HSCT
and cellular therapy. Quality management vision also changed.
The systems were primarily based on a “safety first approach.”,
while nowadays it is moving towards ensuring that “as many
things as possible go right” (10). When HSCs are used, CD34
flow cytometry is the gold standard for stem cell enumeration
both in peripheral blood (PB) and in the stem cell product
(apheresis, bone marrow or cord blood) prior to transplantation.
It requires well-trained and experienced operators and is a
technique that can be technically challenging (11). The number
of infused viable CD34+ cells strongly correlates with the time
to hematologic recovery of the patient (12). Therefore, in case of
autologous transplantation, the number of CD34+ cells in PB is a
guide to the start of collection, the blood volume to be processed,
and the number of apheresis procedures to be performed.
Successful mobilization of PB stem cells and adequate stem cell
collection are of critical importance. Doses of 2x1076 to 5x10"6
CD34+ cells/kg body weight are associated with more rapid
engraftment and a lower probability of graft failure (13). Low
CD34+ cell doses are associated with increased cost and worse
outcome after tandem autologous stem cell transplantation in
patients with relapsed or refractory germ cell tumours. Moreover,
in the autologous setting, enumeration of viable CD34+ cells at
the time of infusion becomes particularly relevant in patients
in whom stem cell mobilization has been problematic and/or
in which a total amount of stem cells was collected which was
borderline to ensure a safe transplant procedure (i.e. 1.0-2.5 x
106 CD34+/kg) (14). Stem cell laboratories should have policies
and procedures that address interruption in routine activity due
to equipment failure or other emergency that may occur, so
that such interruptions do not adversely affect cellular therapy
products, critical supplies, and processes (1). In a program that
involves the sharing of processes and procedures, the availability
of different services and laboratories is a strength. However,
the risk that an inaccurate CD34+ enumeration may affect the
efficacy of the cell-based product administered to patients need
to be taken into consideration. The inter-laboratory variability
and reproducibility of the method is even more important when
talking about cryopreserved cells. CD34+ cell counting techniques
is well standardized on fresh samples, whereas the cytometry
analysis of thawed samples is still controversial, and no validated
techniques are yet available (15,16). In this context, we set up
a risk analysis to test the inter-laboratory reproducibility of the
CD34+ enumeration method, among the four TMTC laboratories,
analysing the repeatability limit (r), the reproducibility error,
the uncertainty of reproducibility error and the CV (CV).
As reported since many years, participation in external EQA
proficiency testing improve the accuracy of the method. EQA
participation coupled with effective laboratory monitoring and
remedial action is strongly associated with improved laboratory
accuracy, and therefore with more appropriate patient treatment
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decisions (17). All the TMTC laboratories participate in external
quality assessment that is an integral part of laboratory work and
mandatory when the results have a clinical application. As used
in EQA, we chose to use the the BD™ Stem Cell Control, a
stable control, with assigned values routinely used to monitor the
immunophenotyping process for CD34+ cells, and to ensure that
the lab processes and operations run efficiently and guarantees
the production of accurate and reproducible results. BD™ Stem
Cell Control has been adopted by several Transfusional Centers
around Europe. In the last 12 months this specific Quality Control
is in use in 310 Laboratories in Europe (65 of these Laboratories
are located in Italy), Middle East and Africa. The low values of
the reproducibility errors indicated high reproducibility between
laboratories. Moreover, the low inter-laboratory variability was
demonstrated also by CV%< 10%. Evaluating the overall data,
we can assume that the four laboratories are perfectly aligned
and the results are reproducible. The statistical data obtained in
this validation work, led us to demonstrate the crucial importance
an accurate risk analysis shared by all the laboratories involved.
The standardization of the method in use among the different
laboratories of the TMTC allows the optimization of the
processes, and guarantees the continuity of the services even in
situations of emergency and disasters. As already reported, the
use of a common standardized protocol, targeted training and
external quality assessment significantly reduces intra- and inter-
laboratory CD34+ cell count variation (18).
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Background: Analyzing longitudinal gene expression data
is extremely challenging due to limited prior information,
high dimensionality, and heterogeneity. Similar difficulties
arise in research of multifactorial diseases such as Type 2
Diabetes. Clustering methods can be applied to automatically
group similar observations. Common clinical values within
the resulting groups suggest potential associations. However,
applying traditional clustering methods to gene expression
over time fails to capture variations in the response. Therefore,
shape-based clustering could be applied to identify patient
groups by gene expression variation in a large time metabolic
compensatory intervention.

Objectives: To search for clinical grouping patterns between
subjects that showed similar structure in the variation of IL-
1B gene expression over time.

Methods: A new approach for shape-based clustering by
IL-1p expression behavior was applied to a real longitudinal
database of Type 2 Diabetes patients. In order to capture
correctly variations in the response, we applied traditional
clustering methods to slopes between measurements.
Results: In this setting, the application of K-Medoids using
the Manhattan distance yielded the best results for the
corresponding database. Among the resulting groups, one
of the clusters presented significant differences in many
key clinical values regarding the metabolic syndrome in
comparison to the rest of the data.

Page 228


mailto:lpantazis%40itba.edu.ar?subject=

Phenotype Similarities in T2D
Patients via IL-1f Clustering

Conclusions: The proposed method can be used to group
patients according to variation patterns in gene expression (or
other applications) and thus, provide clinical insights even when
there is no previous knowledge on the subject clinical profile and
few timepoints for each individual.

Introduction

Type 2 Diabetes (T2D) is one of the most complex, prevalent
and heterogeneous etiology  involves
multiple interactions between genetic predisposing factors
and environmental triggers [1]. Inflammation is a relevant
component of the pathophysiological alterations that define the
progression from metabolic syndrome to T2D [2]. Interleukin-1
beta (IL-1PB) is a proinflammatory cytokine related to this
clinical inflammation in T2D individuals, and is a well-known
immune system modulator secreted by activated macrophages
that can affect B-cell function and reduce insulin secretion [3].
Currently, one of the most important lines of research in diabetes
is precision medicine, with the principal aim of grouping T2D
individuals in different clinical subtypes defined by biomarkers.
This group identification could be translated into an emerging
approach to disease treatment and prevention that considers
individual variability in genes, environment and lifestyle [4].
In this way, Ahlqvist et al. could recently break down T2D
subjects into five distinct subgroups, with an improvement

diseases whose

prediction of disease progression and outcome by including
six variables (age at diagnosis, body mass index [BMI],
glycated haemoglobin [HbAlc] , Glutamic Acid Decarboxylase
Autoantibodies [GADA], estimation of insulin secretion
[HOMA-B] and estimation of insulin-sensitivity [HOMA-IS])
[5]. The measurement of GADA by Ahlqvist et al. assessed the
possible diagnosis of LADA (Latent Autoimmune Diabetes in
Adults). The role of precision medicine in diabetes management
was recognized by the American Diabetes Association (ADA)
in collaboration with the European Association for the Study
of Diabetes (EASD), which launched the Precision Medicine
Initiative in 2018 in Diabetes [6]. The ultimate goal of precision
medicine is the personalized provision of medical care, with
better recognition of people at high risk for the development
of T2D and its complications, and the implementation of
personalized treatments at the individual level. In this sense,
artificial intelligence could be used to detect clinical subtypes
by matching individuals to their combinations of different
biomarkers, with techniques such as large-scale prediction
models. In the last decades, there have been great developments
in methods for gene expression analysis, giving rise to an
abundant quantity of data [7]. Since the amount of data grows
faster than the ability to understand their implications, methods
that allow drawing conclusions from gene expression data can be
very useful to narrow this gap. The analysis of gene expression
data can be very challenging due to limited prior knowledge
on the observed phenomenon, heterogeneity, noise in the data
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and missing observations in the subject data [8]. Therefore, data
mining tools that can provide potential relationships among
framework. Longitudinal studies include repeated measures of
a variable of interest -usually called a response- in the same
subject over time, yielding multiple responses per individual
noted as a response trajectory. In this work, the response
variable relates to gene expression at a certain time point and the
response trajectory describes the evolution of gene expression
for a certain individual over time. It must be pointed out that
when there are few time points and mistimed measurements, the
mathematical tools that can be used are limited. For example,
Fourier transformations, the standard procedure for time series,
are no longer valid for few measurements. In this setting, the
increase or decrease of gene expression between different
measurement occasions can be studied [9]. Variables can be very
useful for a clinical comprehension Clustering algorithms aim to
group observations according to some measure of similarity, or
conversely, to separate observations according to dissimilarity.
When quantitative variables are involved, the dissimilarity can
be based on distance measures. The selection of these features
is closely related to the application area and the research
objective. Regarding clustering algorithms, K-Means is the most
popular method due to the low computational complexity of
the algorithm and performance in big data. A variation of this
method is the Kernel Based K-means algorithm [10]. The major
disadvantage of these algorithms is the susceptibility to outliers
and to the random initial group assignment. Another alternative is
the K-Medoids algorithm [11]. This algorithm is more robust to
outliers and initialization than K-means. Some works proposed
clustering subjects according to the corresponding variation
of gene expression, suggesting associations between a certain
behavior in the gene expression over time with other variables
[9], [12]. Many publications used this approach assuming
simultaneous measurements to cluster different genes according
to the increase or decrease in their expression, defining groups of
co-expressed genes, or activating and repressing genes [13-18].
On most occasions, data corresponding to different subjects are
not simultaneously collected, and other strategies must be used.
Moller et al., applied a clustering algorithm to the transcriptional
program of budding yeast, allowing mistimed measurements
[19-20]. In a similar way, similarities in the variation of gene
expression, can suggest associations with observable clinical
features, which can be a starting point for further investigation.

Objectives

The main objective of this work was to cluster subjects in order
to find relationships between patterns in Interleukin 1-beta (IL-
1B) variation and clinical metabolic variables from a database of
T2D patients. Also, to focus potential associations with obesity
and metabolic syndrome as central clinical phenotypes. In this
article, we perform a new analysis of data from a cohort of
patients previously studied by our research group [21].
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Materials and methods

1. Prospective controlled study database

The database used for the development of the clustering
algorithm included the results of a prospective controlled
study conducted in patients with newly diagnosed T2D and
hyperglycemia (HbAlc > 8%), and after 6 and 12 months of
treatment to achieve metabolic remission (HbAlc < 7%). The
treatment was personalized: each participant received the first-
line pharmacological treatment, and in all cases lifestyle changes
were included through diet and physical exercise. Detailed
information on this population can be found in our previously
published manuscript [21]. It was the first follow-up study that
evaluated IL-1B mRNA expression in hyperglycemic people
with T2D after glycemic normalization treatment.

The study was conducted in a group of 30 adults (23.33% were
female subjects and 76.67% male subjects) with a median age
of 46 years (IQR 18.75 years) recruited from the Diabetes Care
Unit. All procedures performed in the study were in accordance
with the ethical standards of the institutional research committee,
the 1964 Helsinki Declaration and its later amendments or
comparable ethical standards. The study was approved by the
Ethics Committees of the Hospital de Clinicas “José de San
Martin” from Ciudad Auténoma de Buenos Aires and all the
participants gave their written informed consent. An anonymized
database for pre and post intervention (6 and 12 months) instances
was constructed for the data mining study. All individuals
informed their age and gender and anthropometric measurements
(height, weight, and waist circumference), BMI and systolic
and diastolic blood pressure (SBP and DBP, respectively) were
determined by standardized protocols. Venous blood samples
were drawn of every individual, high-density lipoprotein
cholesterol (HDL-c), triglycerides (TG), fasting blood glucose
(FBG) and HbA1c were measured in serum using standardized
procedures [21]. Low-density lipoprotein cholesterol (LDL-C)
was calculated by the Friedewald equation. Blood anticoagulated
with EDTA K2 was used for mRNA extraction and IL-1f mRNA
expression analysis.

2. Notation

The subjects considered in the study required the same number
of repeated measures over time (noted as variable t at 0, 6 and
12 months from intervention). The different subjects were
grouped according to the variation over time of the IL-1f gene
expression (noted as variable r). With this notation, for example,
t(i,j) and r(i,j) represent the time point and the gene expression at
measurement number j for subject i, respectively.

3. Clustering methods
We used hard partitioning methods for quantitative features.
Clustering applications was performed after three sequential

definitions:
A) set of variables to be considered;
B) distance between different variable
observations defined in item A;
O) clustering algorithm that groups observations
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defined in item A according to the distance function defined in
item B.

A) The clustering objective was set on grouping subjects
according to the increase or decrease of gene expression,
therefore the algorithm considered two subjects as similar if the
corresponding slopes between time points are similar. For each
subject i, the variation of gene expression r between time points
j—1 and j is given by the following slope value:

"D j)i1))

Therefore, if each subject i has a set of J repeated measures
noted r(i), the same subject has a corresponding set of slopes
m(i) with J-1 values. These sets of slopes will be noted as slope
vectors. Thus, the slope vectors m(i) were used instead of using
the response vectors (i) for each subject i. Hence, the automatic
grouping relied on the distance between slopes.

B) Whenever it was applicable, two distance functions were
considered:

« the Euclidean distance [22], that adds the squared differences
of slopes and applies a square root to the results. For example,
for two subjects i and k the distance is computed as:

dE (m(i),m(K)=N(m(i,1)-m(k, 1)) +...+ (m(i,J-1)-m(k.J-1))?

 the Manhattan distance [23], that adds the absolute values of
the slope differences. For example, for two subjects i and k the
distance is calculated as follows:

d,, (m(i),m(k))=|m(i, )-m(l )| +...+|m(i.J-1)-m(k,J-1)|

C) Regarding the clustering methods, three alternatives were
applied

* K-Means (based on the Euclidean distance)

e Gaussian Kernel based K-Means (based on the Euclidean
distance)

* K-Medoids (based on the Manhattan distance)

These clustering methods are used to group individuals according
to their corresponding set of slopes m(i). Regarding the Kernel
function required for Kernel based K-Means, a Gaussian
kernel function was applied [10]. It must be pointed out that
the K-Means based algorithms apply exclusively the Euclidean
distance, whereas the K-Medoids algorithm allows the use of
other distance functions, such as the Manhattan distance. The
algorithms were applied using standard commands of R software.
Details on the clustering algorithms are available in Hastie et al.
[11]. In the sequel we will refer to clustering algorithms applied
to the individuals’ set of slopes as shape-based. For example,
K-Medoids applied to the slope vectors m(i) can be referred as
Shape-Based K-Medoids. More details on these procedures can
be found in Appendix C.

4. Statistical Inference

Once the data was grouped in clusters, statistical tests were
applied to the anthropometric and metabolic variables of the

Page 230




Phenotype Similarities in T2D
Patients via IL-1f Clustering

database, searching for group differences in BMI, HDL-c, TG,
LDL-c, FBG, HbAlc, Waist circumference, Age and number
of Metabolic Syndrome components [ncMS], according to the
Adult Treatment Panel III (ATPIII) guidelines [24]. To assess the
statistical significance of differences between and within groups
we performed non-parametric tests due to the small sample
size and unverifiable assumptions. Kruskal-Wallis test was
performed to assess the differences between groups [25], and
paired Wilcoxon test to assess the differences within groups [26].

Results

The database was analyzed and subjects with at least one missing
response value were excluded, due to the impossibility to attain
a slope set comparable with other subjects. After removal, a total
of 26 individuals remained for further research. The responses
were scaled prior to partitioning, thus, the mean gene expression
was subtracted and the result was divided by the corresponding
standard deviation [27]. Figure 1 shows the different groups
resulting from the applied clustering algorithms. The partitions
of the algorithms involving K-means (upper [a] and central [b]
panel of Figure 1), result in groups that are likely to mix stable
and highly variable gene expression trajectories. This effect can
be explained by the lack of robustness of the K-means algorithm.
Inspecting the results, K-Medoids clustering (lower panel [c] of
Figure 1) is preferred in this application based on the following
observations: subjects in Cluster 1 had an initial decrease and
a posterior increase, subjects in Cluster 2 showed an initial
increase and a posterior decrease, whereas subjects in Cluster
3 had a stable level of IL-1p expression throughout the study,
with small increases or decreases over time. Therefore, in the
following, the results of the K-Medoids will be shown since
the requirements of variation similarities are met. Furthermore,
although all clustering methods are subject to randomness, the
K-Medoids algorithm showed such robustness that running
several times the procedure yielded the same partition. For the
K-Medoids algorithm, it is worth mentioning that there was a
subject in Cluster 2 whose gene expression increased in both time
intervals and has been classified in this group due to the initial
increase, which is not present in other clusters, and therefore,
the algorithm located the subject in the most similar group. This
subject could be morphologically seen as an outlier, and perhaps
should have been classified in a separate group. However, a
single subject cluster does not allow a correct between-group
comparison. Given this clustering, a subsequent analysis was
performed in the remaining variables of the database. The main
results are given in Table 1. We found significant differences
across groups in waist circumference, BMI, HDL-c and TG; and
a tendency for LDL-c; but we did not find significant differences
in FBG and HbAlc (Table 1). This similarity across groups is
explained by the main objective of the original design of the study
in order to follow up on the T2D individuals: to attain a decrease
in HbA lc¢ levels for all the participants. Also, since the Kruskal-
Wallis detects differences between groups, further inspection of

the values of most variables suggest that this difference is mainly
observed in subjects from Cluster 1. Table 1 shows that subjects
in Cluster 1 presented a decrease in LDL-c, TG and increase in
HDL-c over time, whereas these values were stable for other
clusters. Also, BMI and waist circumference values for subjects
in Cluster 1 were smaller compared to those of the other clusters,
also suggesting healthier features for Cluster 1. In addition, the
Wilcoxon paired test was applied to all variables comparing
the values at the start and the end of the study. The Wilcoxon
test was not performed in ncMS and Age since the values do
not vary over time. The lowest p-values corresponded to Cluster
1, suggesting greater differences in key variables for subjects
in this group. Even if statistical significance was not achieved,
the p-value is close to 10%, which represents considerable
differences in the variables, given the small number of subjects
and that non-parametric tests generally provide less statistical
power. In addition, the p-values for Cluster 1 are considerably
lower than the values corresponding to other clusters, reinforcing
the observable difference between the evolutions of people from
different clusters. Although we found differences in age, none of
the variables analyzed showed a significant association with age
(data not shown).

5. Discussion

In the current application, the K-Medoids clustering method
using the Manhattan distance applied to the slopes attained
the best results concerning the main objective, which was
grouping subjects according to the variation in the response of
IL-1B expression and showing differential behaviour in clinical
variables. The other clustering algorithms considered in our
work ([11]), when applied to the slopes yielded heterogeneous
groups and therefore, did not meet the desired qualities for
such clustering. Similar results are shown when applied to
another controlled database in Appendix B. The use of the
slopes as the key features of the grouping, allows to generalize
previous proposals [20]. In this new framework, any traditional
clustering method can be applied to group subjects according to
variations in the response. Unlike the application of clustering
algorithms in the original data r(i), small distances between
the slope vectors m(i) provided similar characteristics in the
variation of gene expression. Therefore, the use of the slopes
expands the already vast world of clustering methods since
these algorithms can be applied in both settings, but yielding
different results. More details in Appendix A. The clustering
yielded three distinct groups, evidently differentiable when
clinically and biochemically compared in Table I. There were
significant differences in waist circumference and BMI between
the different clusters, so it would also be necessary to analyze the
contribution of obesity in the expression of IL-1f that allowed
these groups to be separated. Intra-cluster analysis showed that
in Cluster 1, although the proposed metabolic compensation goal
was reached, the decrease in FPG and HbA 1c did not reach
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Shape-based k-Means clustering
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Figure 1: IL-1p (2-2") expression over time, grouped according to the slopes between

time points using the three clustering algorithms described in Section 3.3: (a) K-Means (Upper panel), (b) Kernel K-Means (Center

panel) and (¢) K-Medoids (Lower panel).
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Table 1: Observed differences in quantitative variables of the dataset, separated by time measurement (at 0, 6 and 12 months).
The waist circumference results at 6 months were omitted due to a low proportion of observed data. m: median; IQR: interquartile
range; BMI: body mass index; HDL-c: high-density lipoprotein cholesterol; LDL-c:low-density lipoprotein cholesterol; TG:
triglycerides; HbAlc: glycated haemoglobin; FBG: fasting blood glucose; ncMS: number of Metabolic Syndrome components.

Cluster 1 Cluster 2 Cluster 3 P-value
Variable Time m (IQR) m (IQR) m (IQR) (Kruskal-Wallis)
Waist circumference 0 mo 100 (92-102) 104 (100-109) 112 (100-117)
(cm) 12 mo 100 (97-103) 106 (101-114) 111 (98-119) 0.0149
p-value (Wilcoxon) 0/12 mo 0.8922 1.0000 0.9056
0 mo 31.11 (29.22-31.42) 32.91(31.23-38.02)  34.02 (31.60-37.92)
BMI (kg/m?) 6 mo 29.68 (29.18-30.11) 33.57(29.56-38.22)  32.50(31.65-35.75) 0.0106
12 mo 30.48 (29.91-30.85) 33.28 (30.35-37.90)  32.80(28.19-33.85)
p-value (Wilcoxon) 0/12 mo 0.0544 0.0852 0.1358
0 mo 1.10(1.01-1.31) 1.09 (0.83-1.16) 1.01 (0.91-1.03)
HDL-c (mmol/L) 6 mo 1.22 (1.00-1.47) 1.06 (0.92-1.11) 1.05 (0.94-1.14) 0.0470
12 mo 1.32 (1.34-1.45) 1.11 (0.98-1.40) 1.09(0.98-1.11)
p-value (Wilcoxon) 0/12 mo 0.0544 0.0852 0.1358
0 mo 3.22(2.97-3.30) 3.00(2.22-3.08) 3.29(2.90-3.75)
LDL-¢ (mmol/L) 6 mo 3.19 (2.87-3.44) 2.56(2.37-2.97) 3.11 (2.82-4.40) 0.0718
12 mo 2.28 (2.22-2.38) 2.72(2.57-3.09) 3.13 (2.81-3.60)
p-value (Wilcoxon) 0/12 mo 0.1250 0.9453 0.8125
0 mo 1.46 (1.27-1.69) 2.06 (1.45-2.74) 1.51 (1.32-2.01)
TG (mmol/L) 6 mo 1.64 (0.97-1.88) 2.42 (2.09-3.20) 2.27(1.86-2.94) 0.0047
12 mo 0.93 (0.90-0.99) 2.19(1.67-2.72) 1.47 (1.32-2.75)
p-value (Wilcoxon) /12 mo 0.1250 1.0000 0.7597
0 mo 8.6 (8.0-10.1) 9.5(9.0-10.8) 8.1(7.9-11.2)
HbA (%) 6 mo 6.2 (6.1-6.4) 6.4 (5.9-6.9) 6.7 (5.8-7.2) 0.6652
12 mo 5.9(5.7-6.1) 6.1 (5.6-6.8) 6.2 (5.9-7.0)
p-value (Wilcoxon) 0/12 mo 0.0625 0.0039 0.0029
0 mo 8.69 (7.41-15.17) 8.16 (7.38-15.01) 8.77 (7.33-12.10)
FBG (mmol/L) 6 mo 5.91 (5.76-6.52) 5.94(5.27-6.97) 6.33 (5.83-7.89) 0.8086
12 mo 5.99 (5.83-6.22) 6.33 (5.61-6.66) 6.49 (6.27-7.44)
p-value (Wilcoxon) 0/12 mo 0.0625 0.0078 0.0322
ncMS 3 (2-4) 4 (3-4) 4 (3-5) 0.05907
Age (Years) 60 (57-62) 42 (39-52) 46 (40-58) 0.00423
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statistical significance. Also, a decrease trend in BMI and
metabolic improvements in HDL-c values were observed. In
Clusters 2 and 3, the compensation goal was reached as shown
by a significant decrease in HbAlc and FBG. In Cluster 2 we
also found a downward trend in BMI and HDL-c; but there
were no anthropometric or lipid variations in Cluster 3. These
results demonstrated that Cluster 3 showed the worst metabolic
profile. In subsequent studies, it would be interesting to evaluate
variables related to cardiovascular risk. Usually, non-parametric
tests are less powerful (prone to discard real differences as non-
significant) and the p-values can also be affected by the small
sample size [25]. Consequently, the standard significance level
of 5% can be too restrictive for this particular application of the
statistical tests and p-values which are higher but close to 5% were
considered for analysis. However, the strength of the obtained
results is enforced by the large time changes considering nutrition
and physical individual habits, and also by the time-varying
nature of the system under study. As future work, it would be
necessary to analyze a larger number of individuals to improve
the individualized model and to reinforce our conclusions. Most
clinical applications of gene clustering algorithms, which can be
phenotype-based or gene-based, do not consider the longitudinal
evolutions of gene expression. To the best of our knowledge, this
approach has not yet been addressed as a clinical application in
the literature. In the work of Pearson et al. [28], the consideration
of longitudinal evolution was focused on phenotype follow-up,
rather than gene expression and our work considered both gene
expression and phenotype over time. Further investigation could
profit from the use of all these perspectives to improve algorithm
performance. Furthermore, works of clinical application that
considered the longitudinal evolution of gene expression used
supervised learning algorithms, in which the outcome variable
was known and used for further predictions [29-33]. The
methodology presented in this work involves unsupervised
learning and can be applied when this prior knowledge is absent
or limited, and new associations are required. Also, since most
available gene expression data comes from countries with strong
European ancestry, further research could provide data from
other countries that can enrich precision medicine, based on
more diverse data sources [34]. Our work used hard partitioning
to automatically group individuals from the study. Many other
works focused on the use of soft clustering, which is preferred
for big data [35]. However, in small studies like ours, with
patients undergoing large time treatments, the groups should
be well-defined in order to achieve an adequate between-group
comparison. A possible extension of this work could be the
application of soft clustering to the slopes in longitudinal studies
with a great number of subjects, allowing the determination
of larger groups according to a strong association. One of the

eJIFCC2023Vol34No3pp228-244

advantages of the proposed data mining procedure is that it does
not require time measurements to be equal among all individuals,
which is a frequent imposition for similar algorithms. However,
in this study, the measurements were taken with the same
protocol for every subject and do not differ with great impact
in the calculations, and the algorithm easily adapts to these
situations. Furthermore, the algorithm is not restricted to gene
expression and performs well in other applications, or in cases in
which other methods are not recommended, with few time points
in which there is no prior knowledge regarding the observed
phenomenon, which is a frequent issue in case studies observed
in clinical investigation. Also, it is important to remark that this
lack of prior knowledge allows us to search for associations
between variables that are not previously thought to be linked.
However, it must be pointed out that any prior knowledge
regarding the application can be used to improve the algorithm,
allowing the selection of specific distances between slopes.
Since the presented database does not have a massive number
of observations, the computational cost of K-Medoids was a
drawback without major consequences. However, in other types
of databases as massive databases, K-Means or Kernel-based
K-means can be a better option. Another issue worth mentioning
is that the proposed method is analytical and should not be
used as a statistical inference tool. Any result obtained with the
method should be further tested in a controlled experiment with
a bigger sample size in order to attain satisfactory and pertinent
inferences.

Conclusions

Our study showed that clustering individuals according to the
variation in gene expression enabled us to find important clinical
features that could allow the identification of differentially
grouped metabolic behaviors not attained by other data analysis.
With further studies, this could be translated into clinical
improvement management of each individual considering the
group assignment. The achieved results show that the proposed
approach can significantly improve predictive performance and is
effective when other established methods are not recommended
due to the nature of the data, such as small sample sizes, few
timepoints, heterogeneity and abrupt changes in gene expression
for different timepoints. T2D is a complex and heterogeneous
disease. Therefore, identifying clusters with similar clinical
phenotype, will allow health professionals to evaluate increased
risk, assess clinical evolutions and apply specific and personalized
treatment to these groups of individuals. Precision medicine can
improve the quality of life of people with T2D and help them
improve glycemic control, prevent complications and provide a
better quality of life.
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CONSTRUCTION OF THE SLOPE SPACE

Selecting a simmilarity measure for a specific problem is a challenging task, due to the vast number of
choices. Since this work is focused on grouping subjects according to the increase or decrease of a certain
response variable, the euclidean distance between vectors may fail to recognize differences in the variation.
A clear example of this problem is shown in Figure 1:
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(a) (b)
FIGURE 1. (a) Simulated response trajectories of 4 subjects at 3 time points. (b) Repre-
sentation of these trajectories en the slope space.

In Figure 1 (a), the responses for subjects 1 and 2 are close to each other at different times, yielding
a small euclidean distance between both vectors r; and r7,. The same feature can be observed between
subjects 3 and 4. Conversely, the euclidean distance, does not consider subjects 1 and 3 as similar, as well
as subjects 2 and 4. However, based on the variation of the response, the proposed distance should qualify
subjects 1 and 3 as similar, the same should occur between subjects 2 and 4.

To address this issue, a natural distance is considering that to subjects are similar if the slopes between
timepoints are similar. For example, according to the previous notations, for subject ¢, the variation of
the response variable r between timepoint j and j + 1 is given by the following slope value:

Tij — Tij—1
@ M tij —tij—1

Under this construction, negative and positive slopes will correspond to decreases and increases in the
response variable, respectively. On this basis, it may seem natural to group individuals according to the
slope sign in the same instance. However, this classification omits the magnitude of the slope. If two
subjects have slopes of different signs, but similar absolute value, these response trajectories reflect certain
stability, and thus, are not qualitatively different.

Figure 1 (b) shows clearly that the slope space meets the goal of reducing the distance between subjects
1 and 3, as well as subjects 2 and 4. Furthermore, the figure shows how dividing observations by quadrants
fails to assess the qualitative features of a trajectory, since subjects 1 and 3 belong to different quadrants but
both correspond to stable trajectories in time and should belong to the same group. Grouping observations
according to the distance in the slope space achieve this feature.

The resulting slope space yields a new set of quantitative values per individual, and the clustering
methods detailed in the manuscript can be applied in this setting. For example, response trajectories
ri = (rio,Tix, -+ ,7ig) and individual timepoints ¢; = (¢;0,t;1,- -+ ,t;,7) have J+1 real valued coordinates,
whereas m; = (m;1,Mi2, -+, M) € R”7. Therefore, traditional distances for numeric vectors can be

applied to the vector of slopes. For example, the distance between subject ¢ and ¢’ (with responses r; ; and
1
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ry j at times t; j and t; j, respectively) can be expressed by the euclidean distance between the corresponding
slopes m; ; and my ;:

J
(2) [[mi — myl|z =

J 2
2 Tig —Tig—1 _ Tig — V-1
(miy —mig)* = | > ( -
1

: o \lig —tigor ey —tiga

J

The K-means algorithm is based on the euclidean distance, and thus is frequently used in practice.
However, other distances for quantitative vectors can be used, for example, the manhattan distance, based

on the absolute value of the differences:
J J

(3) [[mi = mal[y = |miy —mag] =

j=1 j=1

Tig —Tig-1 Ty —Tirj-1

tij —tig-1  tig—tij-

This distance is less susceptible to outliers, and can be used in both Hierarchal and K-Medoids algorithms,
increasing the number of optional metrics beyond the Euclidean distance.

Unlike the application of these distances in the original data r;, small distances in the slope space
vectors m; ensure similar characteristics in the response variation. Furthermore, any clustering method
applied to the slope space succeeds to capture these features in a greater measure than the same clustering
method applied to the trajectories. Therefore, the use of the slope space expands the already vast world
of clustering methods since it can be applied in both settings, but yielding different results.

Figure 1: Appendix A
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1. GROWTH MIXTURE MODELS

A different approach is to propose a model for the temporal evolution of the responses and a specified
number K of unknown classes (the procedure is also called Latent Class Mixed Models [2[,[1] ). The model
is usually polynomial with mixed effects for each group:

Zh_ W) gh e,
(1) ’] (k) (7k
o, =
where each ), is a fixed effect per group and each 7 ; is an individual random effect.

Once the model is specified, the parameters are fitted by Maximum Likelihood and a posterior group
classification of each observation is performed based on the estimated parameters. This classification yields
K groups that can also be seen as a clustering or partition.

This approach has been proven useful for slowly changing trends. However, the model needs to be
previously specified (requiring prior information which is not always available) and the model is not always
clear, specially for data with small sample sizes. Furthermore, whenever the changes in temporal trends
are abrupt, the estimated coefficients are greatly affected by these variations, influencing the entire fitted
trajectory.

To avoid this drawback, the trends can be modeled with polynomial splines per group, diminishing the
influence of poorly estimated coefficients. However, the timepoints used as knots are not always explicit
and must be determined adding a new difficulty.

2. CLUSTERING QUALITY MEASURES

Given an automatic clustering, it is not always clear how to evaluate the quality of the partition. The
aforementioned diversity in clustering problems and objectives lead to several different indices, but these
measures can be qualified in two groups: internal and external criteria.

Internal criteria are used to evaluate desirable qualities of a clustering, such as high between-cluster
variability (or separability) and low within-cluster variability (or homogeneity), without a reference group-
ing. On the other hand, external criteria require two partitions and do not focus on the properties of the
clusterings, they assess the similarity between two different groupings. In this work, only external criteria
are addressed since the aim of the experiments is set on identifying a partition given as reference.

2.0.1. FExternal criteria. Measuring agreement between clustering partitions is not as simple as matching
the number of objects belonging to a certain clusters, mainly because most clustering algorithms have an
initial random assignment. For example, running K-means twice on the same data, can lead to the same
clustering, but with different labels given as an output.

To overcome this drawback, given a database of n individuals, most external criteria focus on the @
different pairings of the data observations. If two observations x; and z; are grouped in the same cluster
in one partition, the other partition will agree with this result if x; and x; are also in the same cluster,
regardless of the cluster labels. Also, if two observations belong to different clusters in one partition, the
other partition should also be assigned to different groups.

According to the notation used in the literature [4], given two partitions P; and P, for a dataset of n

observations, and its corresponding np = "("7 pairings, the following numbers are computed:

e yy pairs of observations grouped in the same cluster in both partitions.
e yn pairs of observations grouped in the same cluster in P;, but not in Ps.
e ny pairs of observations grouped in different clusters in Py, but not in Ps.

e nn pairs of observations grouped in different clusters in both partitions.
1
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We remark that these notations do not require clusters to have the same label. Furthermore, the number
of clusters of each partition can be different. In all cases, the sum of these four numbers add to the number
of pairings np.

Based on these definitions, there are several criteria that can be applied to compare different partitions.
This work relies on the following criteria:

. . vy 2

e Precision (P): Cp = e Czekanowski-Dice (CD): Cep = . L

yyy‘?fj ny 2yy + yn + ny
e Recall (RC): Cr. = T un e Folkes-Mallows (FM): Cpp = vy

oo+ o V(yy +yn) - (yy + ny)
e Rand (RN): Cg, = . 1 Yy vy

np e Kulczynski (K): Ox = - - +
_ vy 2 \yy+ny wyy+uyn
e Jaccard (J): Cj = —————— yy +nn
yy +yn+ny e Rogers-Tanimoto (RGT): Crgr =
yy +nn + 2(yn + ny)

It is worth mentioning that all these criteria correspond a higher index with a greater agreement between
partitions. Furthermore, note that in the best case scenario, both yn and ny are zero, and all these indices
have a maximum value of 1.

These criteria are very useful whenever there is a reference partition and the goal is to assess the
agreement of an automatic partition to the reference grouping.

3. BENCHMARK DATABASE

The variation-based clustering algorithms are tested in a longitudinal benchmark database, in which the
subjects are naturally grouped. The main goal is to cluster automatically the trajectories according only
to the variation in the response, and compare the results to the reference grouping via external criteria.

TLC Data. The Treatment of Lead-Exposed Children (TLC) trial (|3]) is a randomized study that analyses
the effects of a drug named succimer in children with similar blood lead levels. These data consist of four
repeated measurements of blood lead levels obtained at baseline (or week 0), week 1, week 4, and week 6
on 100 children, randomly assigned to treatment with succimer or placebo.

Placebo Succimer

60 4

404

20 1

Blood lead level [mg/dL]

Time [weeks]

FIGURE 1. Response trajectories for subjects in the TLC study,

As the response trajectories in Figure 1 show, the blood lead levels are stable in the placebo group and
there is a strong decrease in blood lead levels in the succimer group during the first week, but an increase
in the remain of the study. Therefore, the slopes in the placebo group are expected to be close to zero.

2
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On the other hand, the slopes in the succimer group are expected to be negative in the first instance, and
relatively stable after the first week.

3.1. Results . Figure 2 reflects the quality indices for the different clustering methods described in the
manuscript, and adding Latent Class Mixture Models applied to the TLC data. Following Figure 1, a linear
spline model is considered with a knot in the timepoint corresponding to the first week. Also, Kernel-based
K-Means is included with an automatic selection of parameter o.
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FIGURE 2. Mean indices for the TLC data

The k-Medoids algorithm using the Manhattan distance yields the best performance. Another detail
worth mentioning is that even though for each method M = 100 repetitions were conducted, the indices re-
main unaffected and converge to the same partition, except for the Kernel-based k-Means. Therefore, there
is a null standard error in almost all cases. The standard error for Kernel-based k-Means is considerable
and can be explained by the sensitivity of this method to initialization and outliers.
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Figure 2: Appendix B
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1. CLUSTERING METHODS

The objective of clustering methods is to group observations (in this case, the response trajectories r;)
according to some measure of similarity, or conversely, separating observations according to dissimilarity.
The concept of similarity (or dissimilarity) is vague and can be applied to categorical or quantitative
features (and transformed features), for different similarity measures, kernels, and even stablishing degrees
of association between an individual and a group, leading to an immense number of options. The selection
of these features is deeply related to the application area and the research objective.

This work focuses on crisp partitioning methods for quantitative features. The advantage of grouping
quantitative values methods is that they can be based on distance measures for vectors, such as the
Euclidean distance.

In the sequel and unless otherwise specified, the observations are noted as x; € R™, with 1 < i < n.
The clusters corresponding to a certain partition are noted Cy (1 < k < K), where K < n, each with ng
elements, and an average value noted py = é . Zmieck ;. The number n; of observations in each cluster

satisfy n = Zszl Nk

In this work we focus on five clustering methods with corresponding variations: K-Means, Hierarchal
clustering (Single, Average and Complete methods) and K-Medoids (using Manhattan and Euclidean dis-
tance), Kernel-based k-Means (Radial Kernel) and Latent Class Mixed Models.

Details regarding the used clustering methods are available in Hastie, Tibshirani & Friedman [18] and
Wierzchon & Klopotek [26].

1.1. K-Means . K-Means is the most popular clustering method, mostly due to the low computational
complexity of the algorithm and its performance in big data.

The main goal of the algorithm is to assign objects to clusters in order to minimize the within-group
variance of the partition, and thus, based on the euclidean distance between vectors. However, this
optimization problem is NP-hard. Therefore, a heuristic approach is implemented iteritavely searching
for a local minimum.

The algorithm requires a number of clusters K. In the first step, observations are randomly assigned to
K groups. Within each group 1 < k < K, the group mean g € R™ is calculated. After this computation,
each observation z; is assinged to the group k, where py is the closest group mean to x;. The mean
computation and further assingment is iterated until the resulting groups remain unchanged.

The major disadvantage to this algorithm is the lack of robustness to outliers of the calculated group
mean, and to the initial group assignment. Also, the algorithm requires the number K of clusters and in
practice, it can be very difficult to know in advance the number of groups.

1.2. K-Medoids . An alternative to K-Means is the K-Medoids algorithm. This algorithm is more robust
to outliers and initialization than K-means, since it relies on observations of the database as group centers,
instead of group averages.

However, the robustness comes with a cost of increased computation complexity. Therefore, this algo-
rithm can preform very well when the number of observations are not massive.

The algorithm starts selecting K random observations as cluster representatives, and assigns the re-
maining n — K observations to the closest center. Once the clusters are assigned, each cluster center is
updated to the observation that minimizes the within-group distance, iterating until cluster assignation
does not change.

1.3. Kernel-based K-Means . Kernel-based K-Means is a usual alternative when the observations are
not linearly separable. In order to increase separability, a non-linear transformation & is applied to the

data and the same K-Means algorithm described in Section 1.1 to the transformed data.
1
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One of the most popular kernels is the Gaussian Kernel or Radial Basis Function:
i — |
(1) IC(ZI?i,ZEi/) =€ 202

where ¢ is a parameter defined by the user.

The use of kernels flexibilizes the use of K-Means. However, this extension does not modify the previous
drawbacks: the algorithm is very sensitive to outliers and initialization. Furthermore, the inclusion of
parameter o adds a new issue: the results can be qualitatively different when the parameter values are
modified.

1.4. Algorithm. Algorithm 1 describes the pseudocode for the structure of the algorithm. Only subjects
with complete responses and time variables necessary to calculate the slope are included in the clustering
algorithm. For these remaining subjects, the vector of slopes is attained and a clustering algorithm is
performed. It must be pointed out that any distance function or clustering method can be applied at this
point in the algorithm, yielding a great versatility for this approach.

Algorithm 1 Shape-based Clustering of Longitudinal data

procedure SHAPE-BASED CLUSTERING (Data, Resp, Time, J, ID)
NetData <FilterMissingData(Data, Resp, Time, I D)
IDs < UniquelD(Data, ID)

NumlIDs < Length(IDs)
141
IDsComp + 0
m <0
loop1:
while ¢ < NumlIDs do
IndData < SelectID(Datos, IDs(1))
IndResp < SelectResponse(IndData, Resp)
IndTime < SelectTime(IndData, Time)
if Length(IndResp) = J + 1 and Length(IndTime) = J + 1 then
IDsComp « Append(IDs(i), I DsComp)
MAyz < (Z)
j<1
loop2:
while j < J do
oaa() ;ndResp(j +1)— Inth?sp(j?
ndTime(j + 1) — IndTime(j)
j—j+1
go to loop2.

m < RowBind(m, m sy, )
141+ 1.
go to loopl.

AssignClusts <— ClusteringAlgorithm(m,)
Results < RowBind(IDsComp, AsignClusts)
return Results
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With the recent COVID-19 pandemic, point-of-care testing
has gained tremendous attention, particularly in acute care
settings. The point-of-care testing landscape is rapidly
expanding and being contemplated for any crucial test with
a central laboratory turnaround time >25% of the clinical
decision time. A typical point-of-care testing program
within a large hospital system encompasses a multitude of
operators utilizing a wide range of devices across multiple
testing sites. Thus, managing a large point-of-care testing
network remains a daunting task with challenges related to
staffing, standardization, quality management, training and
competency assessment, and data management. This review
will focus on understanding the general organization as well
as the roles and responsibilities of various point-of-care
testing stakeholders in addressing these challenges. More
importantly, it will discuss the strategies and best practices
for effective point-of-care testing management based on
consensus recommendations from professional societies as
well as our experience at Texas Childrens Hospital.

1. Introduction

Point-of-care testing (POCT) refers to testing conducted at
or near the patient’s bedside, providing rapid results to aid in
immediate patientcaremanagement. Atypical POCT formulary
for a large network may include glucose, hemoglobin Alc,
ketones, occult blood, blood gases, electrolytes, creatinine,
urea, drugs of abuse, pH, human chorionic gonadotropin
(hCQ), coagulation and infectious disease testing for
influenza, streptococcus, HIV, and mononucleosis (1). POCT
devices are incorporated with biosensors, microfluidics and
lateral flow immunoassays and are capable of providing both
qualitative (e.g., urine drug screen) and quantitative results
(e.g., glucometer) (1). A majority of POCT devices fall under
the waived complexity category under the US Clinical and
Laboratory Improvement Amendments of 1988 (CLIA), and
do not require performance verification before patient testing
(2). However, certain POCTs, such as blood gas instruments,
are classified as moderately complex and require method
verification for precision, accuracy, reference range and
analytical measurement range before implementation (2).
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POCT is performed outside the central laboratory, in settings
like emergency rooms, intensive care units, physician’s offices,
pharmacies, ambulances, and outpatient clinics, by medical
staff with minimal training in laboratory testing. Moreover,
medical staff are constantly distracted by other tasks like drug
administration, patient monitoring and data recording. Hence,
major challenges in POCT are related to quality assurance and
regulatory compliance. Despite these limitations, the POCT
menu continues to expand, particularly post-pandemic, and
it is projected that the global market value will exceed $44.6
billion by 2025, with an estimated annual compound growth
rate of 9% (2). Undoubtedly, the advantages of swift traversal
within the hospital system and circumventing central laboratory
testing far outweigh the limitations posed by POCT in clinical
decision-making. Managing the POCT program presents
unique challenges, as it involves numerous operators utilizing
a wide range of devices across multiple sites within the hospital
system. Since operators may lack in-depth knowledge regarding
troubleshooting laboratory variations and identifying potential
sources of errors during the pre-analytical, analytical, and
post-analytical phases of testing, it becomes vital to establish a

POCT
Management

pData
Management
and
Troubleshooting

robust organizational support system spearheaded by laboratory
medicine professionals (3). This ensures that expertise and
guidance are available to address complex issues and optimize
the quality and reliability of POCT results.

2. POCT management:

A large POCT network refers to a system of interconnected
testing sites within a healthcare organization managed centrally.
For example, in our large pediatric institution, organized POCT
services are delivered across multiple units spanning various
hospitals and specialty care centers situated in nine geographical
locations within the Houston area. With the continuous expansion
of the POCT catalog, especially with the introduction of novel
molecular assays for infectious diseases, it becomes imperative to
continually monitor and evaluate POCT policies and procedures.
The following sections will explore the challenges associated
with managing a multi-center POCT network. Key considerations
in areas such as staffing, standardization, quality management,
training and competency assessment, data management, and
continuing education will be reviewed (Figure 1).

Figure 1: Pinwheel shows key components related to point-of-care testing management.
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2.1. Staffing:

An interdisciplinary team with well-defined roles and
responsibilities is the key to successful POCT management,
particularly in larger networks (4). The key stakeholders of
POCT management include the director, manager, co-ordinators,
and POCT committee comprising laboratory, administrative and
clinical representatives. These levels are dependent on the volume
and complexity of testing and the number of testing sites within
the healthcare organization. While the POCT director provides
expert advice on the overall operations and implementation, the
POCT manager and co-ordinators lead the day-to-day activities.
The key duties of POCT co-ordinators (POCC) may include
training medical staff, installing and validating POCT assays,
troubleshooting spurious results and instrument failures, writing
procedures, preparing worksheets and logbooks, maintaining
and disseminating reagents and test strips to end-users, and
conducting audits and competency reviews (5). Hence, POCCs
require a wealth of knowledge on clinical workflows, interfaces,
test environments, and regulatory requirements to act as technical
consultants for medical staff. There are no mandatory federal
requirements for certification or a higher degree other than a high
school diploma for performing waived testing. However, if the
POCC is acting as a technical consultant for non-waived tests the
College of American Pathologists (CAP) requirement is to have
a Bachelor of Science (BS) in chemical, physical, biological,
clinical laboratory science or medical technology and a 2 years
experience with POCT. A survey involving 98 POCCs across
the US revealed that ~87% are certified in medical laboratory
science (5). Medical laboratory scientists with over 3 years of
experience in the central laboratory are ideal for the POCC
role. Importantly, the number of POCCs in a program should
be proportional to the number of testing centers and menus.
This is quite challenging due to ongoing staffing shortages,
high staff turnover and contract-based staffing, particularly in
post-pandemic era healthcare. A recent study has highlighted
several strategies, such as improving visibility, promoting
diversity and inclusion, and early recruitment and retention of
laboratory medicine professionals to overcome this problem
(6). Furthermore, clinical collaboration and communication
are critical to efficiently managing POCT at multiple sites with
limited staff.

2.2. Standardization:

Currently, many POCT platforms are available for any given
analyte of interest. For instance, there are 137 FDA-waived
POCT assays specifically designed for pregnancy testing
using urinary hCG, as reported by the CLIA test complexity
database. Each of these assays comes with manufacturer-specific
instructions regarding quality control and specimen handling
procedures. Consequently, it becomes essential to standardize
POCT by utilizing the same assays and instrumentation across
all testing sites within a hospital system. The advantages of
POCT standardization are manifold (4). First, it simplifies the
management process by allowing a single policy to be shared
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among operators for training and competency purposes.
Additionally, it facilitates quick troubleshooting via running
parallels for instrument comparisons across different sites.
Moreover, it enables monetary savings by cutting down on
the vendor fees associated with instrument maintenance and
reagent expenses due to increased test volume. Standardization
also allows POCCs to maintain loaner devices to be deployed
across the hospital system as needed. POCT system selection
is another major consideration that requires the evaluation of
operational and economic parameters. As per the Association for
Diagnostics and Laboratory Medicine guidance document, the
key characteristics for review should include device footprint,
connectivity, electrical, waste, training and maintenance
requirements, implementation and operational cost comparison

4.

2.3. Quality management:

For a large POCT network, having a homogenous quality
management system (QMS) is desired. Waived tests are
performed according to the manufacturer’s instructions provided
in the package insert. Moderately complex tests require two levels
of quality control each day before patient testing or developing
an individualized quality control plan (IQCP) after conducting a
risk analysis, particularly for infectious disease and coagulation
testing (4). A QMS plan should provide guidelines to conduct:
1. monthly site audits, 2. reporting questionable test results,
3. corrective/preventive actions, 5. proficiency testing, and 6.
POCT operator training and competency (7). While conducting
monthly site audits, POCCs should assess the internal quality
control and patient testing logs, instrument maintenance logs,
temperature and humidity logs, proper storage and expiry of the
regents and test strips, and the testing area. Deficiencies from
the site audit should be documented and communicated to the
testing unit leadership for corrective or preventive measures,
which may include retraining, direct observation, and removal
of testing privileges (7). Moreover, it is crucial to review risk
management strategies such as error reporting systems, root cause
analysis, and corrective actions in a center or location-specific
manner, considering the distinctive challenges associated with
each particular center. Well-established tools such as Ishikawa
diagrams and failure modes and effect analysis (FMEA) can be
adapted in this context (8). Quality Indicators (QI) are a set of
benchmarks that form an integral part of QMS for continuous
quality improvement. Currently, 57 QIs to evaluate the key
processes within pre-analytical, analytical and post-analytical
phases are recommended for central laboratory testing by the
International Federation of Clinical Chemistry and Laboratory
Medicine (9). High variability in the testing environment is a
major barrier to developing POCT-specific QIs. Based on a
national survey of quality practices across 12 large POCT
networks within 8 Canadian provinces, the following QIs were
evaluated: patient identification, instrument lockouts, sample
collection errors, failed quality control, transcription errors,
result amendment, turnaround times, training and competency
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documentation, and instrument errors (10). POCT center-
specific performance assessment of these QIs is necessary
for a large POCT network. Such an approach is exemplified
by a recent study that performed a process mapping and risk
assessment to establish QIs for point-of-care glucose testing
(11). Proficiency testing (PT) facilitates quality assessment of
the total testing process, including pre-analytical, analytical, and
post-analytical phases, hence serving as a surrogate marker for
POCT performance. Although federal guidelines (CLIA) do not
require PT for waived tests, POCT centers accreditated by CAP
should enroll in Health and Human Services (HHS)-approved
external PT programs or PT verification programs for regulated
analytes (4). Alternatively, PT assessment by split sample testing
should be considered at least semi-annually. PT samples should
be processed in the same manner as patient samples by a blind
operator, and documentation should be retained for a period of
2 years. All acceptable PT results should be reviewed for bias
and trends, whereas unacceptable PT results (score <80%)
requires investigation to identify sources of error for corrective
actions (12). A POCT site-specific manager or educator serves
as a liaison and delegates the activities like scheduling and
submitting PT results. Furthermore, it is recommended to
distribute PT, and quality cross-checks to engage staff from all
shifts and departments performing POCT.

2.4 Training and competency assessment:

POCT operators originate from diverse educational backgrounds
depending on the testing site, such as nursing, pharmacy,
emergency medical technicians and medical assistants. Hence,
all qualified POCT users must complete comprehensive training,
orientation and competency assessment of each test method
prior to patient testing. Online training modules should cover
theoretical aspects of test methods, instrument maintenance,
calibration, performing internal quality control, patient safety,
sample interferences and results reporting. These operators
should also undergo in-unit training and competency assessment
once every year (12). Since involving every operator in this
process is cumbersome, it is crucial to designate one superuser
for every ten operators in the testing unit who is knowledgeable
about quality control, quality assurance and safety regulations.
Additionally, these superusers serve as the primary contact for
communication between medical staff and POCT leadership.
POCT competency assessment essentially involves 6 elements
as per the CAP checklist: 1. direct observation of the routine
patient testing, including patient identification and preparation,
and specimen collection, handling, processing and testing, 2.
recording and reporting of test results, including critical results,
3. review of quality control records, proficiency testing results,
and preventive maintenance records, 4. direct observation of the
performance of instrument maintenance and function checks,
5. assessment of test performance through testing previously
analyzed specimens like internal blind testing samples or external
proficiency testing samples, and 6. evaluation of problem-solving
skills (12). For a large POCT network, an online-based learning
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management system (LMS) may be utilized for the electronic
recording of training and competency for each operator.

2.5. Data management:

Poor connectivity is a major barrier to POCT adoption,
particularly in remote subspecialty care centers within a large
hospital system. Currently, not all POCT devices are interfaced
with patient electronic medical records, requiring manual entry
of the results by the medical staff. This triggers errors, delays
and duplicate testing, further increasing the costs. It is crucial
for POCT manufacturers to follow guidelines from the Clinical
and Laboratory Standards Institute (POCTO1) that enable
easy information exchange between POCT devices, electronic
medical records, and laboratory information systems (13).
Nowadays, POCT middleware providers such as TELCOR are
widely used among large hospital systems due to the convenience
of data integration, data validation, result routing, and rules or
alert set-up. Data management functionalities offered by these
middlewares improve quality by preventing untrained operators
from accessing the device. This is achieved by mandating the
entry of a valid operator identification number before initiating
any testing. Additionally, data management lockouts ensure that
regular quality control is conducted and prohibit patient testing
if quality control measures have not been performed or if the
controls exceed an acceptable target range. By implementing
these POCT data management strategies, the likelihood of
incorrect results reporting from common operational mistakes is
significantly reduced (14).

2.6. Continuing education:

A plethora of educational opportunities exist to stay abreast of
the evolving technological and regulatory landscape of POCT.
POCCs are encouraged to enroll in the point-of-care specialist
certification program offered by the Critical and POCT (CPOCT)
division of the Association for Diagnostics and Laboratory
Medicine. The online course comprises eight learning modules
that encompass a range of topics such as instrument selection
and wvalidation, quality management, regulations, policies
and procedures, connectivity and information technology,
education and training, administration, and communication (15).
Individuals successfully finishing this program are credentialed as
Certified Point-of-Care Testing Professionals (CPPs). More than
1733 laboratory professionals currently hold this certification.
However, this involves an enrollment fee. There are several free
resources for continuing education credits in POCT. Some of the
examples include a one-hour on-demand course offered by the
Centers for Disease Control and Prevention (CDC) on CLIA-
waived testing requirements, a youtube channel hosted by POCT
Center for Teaching and Research at the University of California
Davis and the webinars offered by the Whitehat Communications
(16). POCT leaders should strive to incorporate these materials
and host case conferences as a part of medical staff training and
continuing education.
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3. Conclusions

In a nutshell, managing a large POCT network requires a
multidimensional approach that addresses challenges related
to staffing, standardization, quality management, training and
competency assessment, data management, and continuing
education. As reviewed by our group previously (17), by adhering
to evidence-based guidelines and recommendations put forth by
professional societies such as the Association for Diagnostics and
Laboratory Medicine and the International Federation of Clinical
Chemistry and Laboratory Medicine, healthcare organizations
can navigate these challenges successfully. Delineation of POCT
responsibilities among various stakeholders, such as POCT
leadership (director, manager, and test site leaders), POCCs
and POCT operators, is key to a successful POCT program.
By establishing a robust organizational support system and
implementing effective strategies, hospitals can optimize the
quality, reliability, and efficiency of their POCT programs,
ultimately benefiting patient care and outcomes.
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Multiple myeloma (MM) is a neoplasm characterized
by malignant proliferation of plasma cells that produce
excessive quantities of a single type of immunoglobulin
(Ig) called as monoclonal immunoglobulin or M-protein
or paraprotein. M-protein produced can be either an intact
antibody with both heavy and light-chain components or
only light chains or rarely only heavy chains. Presence of M-
protein in serum protein electrophoresis (PEP) is useful in the
diagnosis, prognosis, and treatment of MM and other plasma
cell dyscrasias. These M-proteins are identified commonly in
beta and gamma regions and very rarely in alpha 2 region,
appearing as a narrow band in agarose electrophoresis or
as a sharp symmetric spike (M-spike) or peak in capillary
zone electrophoresis. Here, we present an unusual case of
monoclonal light chains producing two M- spikes in the
alpha 2 globulin region in capillary zone electrophoresis.

Introduction

Multiple myeloma (MM) is a neoplasm of B cell lineage
which is characterized by excessive proliferation of
abnormal plasma cells. These abnormal plasma cells secrete
a specific immunoglobulin type referred to as monoclonal
immunoglobulin (Ig) that leads to a condition called
monoclonal gammopathy. Serum protein electrophoresis is
often used as a preliminary test in suspected cases of multiple
myeloma to detect the presence of M-protein, which when
present produces a narrow band in agarose electrophoresis
or a sharp symmetric spike (M-spike) or peak in capillary
zone electrophoresis (1). Serum protein electrophoresis is
a technique used to separate serum proteins into different
fractions depending on their size and the charge they carry
in a buffer medium under the influence of an electric field
(2). Zone electrophoresis refers to the migration of charged
molecules of proteins in a porous support medium like
agarose, cellulose acetate, capillaries, etc., such that each
protein zone is sharply separated from the neighbouring zone
by a protein free area (3).

Capillary zone electrophoresis (CZE) is a technique in which
the buffer filled capillary tube is used as the support medium.
By the application of high voltage, serum proteins are
separated into 6 fractions viz. albumin, alpha 1(a-1), alpha
2(0-2), beta 1(B-1), beta 2 (B-2), and gamma (y) globulin
regions. The paraproteins (M-proteins), when present,
produce a sharp spike in any of the globulin regions in CZE
(2, 4). M-protein spike is generally observed in gamma or
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beta region and very rarely seen in alpha 2 globulin region (5).
Here, we present a case of monoclonal light chain producing
M-spikes in alpha 2 globulin region on the protein electrophoresis
performed using CZE technique.

Case details

A 64 year-old male presented to the orthopedic out-patient
department with complaints of lower backache. He was evaluated
at home town where the lumbosacral spine X-ray showed lumbar
spondylosis. MRI-lumbosacral spine showed at L4-L5 and L5
level a broad posterior disc osteophyte complex causing canal
stenosis with bilateral facetal hypertrophy contributing to lateral
recess stenosis and moderate compression of bilateral traversing
nerve roots. Abnormal marrow signal intensity in D10 vertebra
with bulging of the posterior cortex with epidural soft tissue
thickening causing canal stenosis and significant compression
of the traversing nerve roots was also noticed. Based on the
MRI findings a serum protein electrophoresis was ordered.
Serum protein electrophoresis by capillary zone electrophoresis
performed in minicap (Sebia) automated analyzer showed,
hypogammaglobinemia with two small peaks in alpha 2 region
(Figure 1). The laboratory, based on the findings of the protein
electrophoresis, suggested to perform serum free light chain
assay and serum immunotyping to confirm that the spikes in
alpha 2 region in PEP were due to paraprotein. The results of the
investigations done are as follows (serum free light chains were
performed using Binding site- free lite kit in Optilite analyzer):
* Serum free kappa 1 17,052 mg/L (reference interval :
3.3-19.4mg/L)

* Serum free lambda
—26.3 mg/L)

* kappa/lambda ratio
-1.65)

Serum immunotyping, performed in minicap (Sebia) automated
analyzer, showed both the peaks in alpha 2 region to be kappa
free light chains (Figure 2) .The patient was further investigated
with PET CT whole body, which showed multiple ill-defined
lytic bony lesions in axial skeleton with few lesions showing
low-grade FDG uptake. Bone marrow aspiration cytology
showed diffuse plasmacytosis (23% plasma cells) composed
of mature, few immature plasmablasts, binucleate, occasional
trinucleate and quadrinucleate forms consistent with plasma cell
myeloma. Bone marrow trephine biopsy revealed a hypercellular
marrow with diffuse plasmacytosis consistent with myeloma
marrow. The other relevant biochemistry and haematology
investigations include, Serum beta-2 microglobulin : 8.54 mg/L
(724.34 nmol/L), serum protein : 5.9 g/dL (59 g/L), serum
albumin : 4 g/dL (40 g/L), globulin : 1.9 g/dL (19 g/L), serum
calcium : 8.2 mg/dL (2.05mmol/L), serum creatinine: 1.1 mg/dL
(97.24 micromole/L), serum urea: 43 mg/dL (7.16 mmol/L) and
Hemoglobin: 6.5 gm/L. Patient was diagnosed to have multiple
myeloma and was started on Chemotherapy using VRD regimen
with bortezomib, lenalidamide and dexamethasone, planned for
6 cycles. Each cycle had bortezomib given intravenously on days

1 11.69 mg/L (reference interval : 5.7

: 1458.7 (reference interval : 0.26
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1, 8, 15 and 22, dexamethasone given intravenously on days 1, 8,
15, and 22. Lenalidamide was given orally once daily from day 1
to day 22. Follow up serum protein electrophoresis after initiation
of 1st cycle of chemotherapy showed that the peak in the alpha 2
region had disappeared (Figure 3) with corresponding serum free
kappa level decreasing to 2123 mg/L . Serum immunotyping was
negative for kappa free light chains (Figure 4).

Discussion:

Multiple myeloma is the second-most common hematological
malignancy and is characterized by excessive proliferation of
abnormal plasma cells that secretes monoclonal immunoglobulins
(M- protein) (6, 7). Serum protein electrophoresis (PEP)
to identify the presence of M- protein and immunofixation
electrophoresis (SIFE) or immunotyping to identify the type
of monoclonal immunoglobulin that is involved in the disease
process are commonly used as screening tests in the diagnosis
of multiple myeloma. Other investigations that are usually done
include quantification of serum free light chain, urine protein
electrophoresis and urine immunofixation electrophoresis for
Bence Jones protein. Bone marrow aspirate and trephine biopsy
are obtained for carrying out cytogenetic, fluorescent in situ
hybridization (FISH) and immunophenotyping studies (8).
Relative reduction or increase in M-protein concentration or their
disappearance in serum protein electrophoresis, is one of the
parameter of the Uniform Response Criteria (IURC) designed by
the International Myeloma Working group (IMWG) to guide the
management of patients with multiple myeloma (9). Therefore,
identification of paraproteins in PEP is a critical diagnostic step
to further guide the investigations and design the management in
patients with MM. M-proteins produced in multiple myeloma are
either an intact immunoglobulin with both heavy and light-chain
components or only light chains or rarely only heavy chains. In
the intact immunoglobulin type, the heavy chain is from one
of the five immunoglobulin classes G, A, M, D or E, while the
light chain is either k (kappa) or A (lambda)(10). The commonest
immunoglobulin class involved in MM is IgG followed by IgA (as
intact Immunoglobulins) and only light chains comprises 15% of
patients with MM (7). In electrophoretogram, these M-proteins
are commonly observed in gamma-globulin region. They are
also observed in B-2 and B-1 regions in diminishing order of
frequency and rarely seen in a-2 globulin region. Generally
monoclonal intact immunoglobulins of type IgA, IgG and IgM
are not observed on the a-2 region and are usually observed in v,
B-1, and B-2 regions (10). Normally the proteins that migrate in
a-2 fractions include alpha-2 macroglobulin, ceruloplasmin and
haptoglobulin. These are acute phase reactants that are raised in
inflammatory conditions. Hence a tall peak in a-2 region in CZE
may occur in inflammatory disorders and in nephrotic syndrome
(due to increased alpha-2 macroglobulin) closely resembling a
monoclonal peak. A radio contrast dye used for imaging studies
also produces a spike or a split in this region in CZE, mimicking a
paraprotein(11). In vitro hemolysis and haptoglobins of different
phenotypes may induce a split in the a-2 globulin region raising
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a suspicion for M-protein (12). Although the abnormal patterns
observed in a-2 region are more common due to the above
mentioned conditions yet, those produced by the paraprotein
should not be missed. The case in discussion here had
two small spikes in a-2 region and was present along with
hypogammaglobinemia. This led to the suspicion of paraprotein
which was confirmed to be due to monoclonal kappa light
chains by serum immunotyping. Presence of two M-spikes in
a-2 globulin region due to monoclonal light chains has not been
reported so far. Literature search showed that the M- proteins
migrating to a-2 region in electrophoresis are few in numbers
and such migrations had IgA preponderance (13, 14). For the
case in discussion, the two M spikes on the a-2 region were
shown to be because of kappa free light chains (Fig : 2). Most of
the time, in light chain myeloma, spikes are often not observed
in serum protein electrophoresis, except for the presence of
hypogammaglobinemia. In our case too, the peak produced
by high concentration of monoclonal kappa ( 17,052 mg/L) in
PEP disappeared and serum immunotyping showed absence of
monoclonal gammopathy once the concentration of kappa free
light chains decreased to 2123 mg/L. The reason for two M-
spikes observed in our case can be attributed to polymerization
of monoclonal light chains (kappa) that was present at high
concentration (17,052 mg/L) in serum. Their alpha 2 mobility
can be reasoned out to be due to their low molecular weight
compared to intact immunoglobulins (15).

Conclusion

M- protein with alpha 2 mobility though rare can still occur and
produce a spike in alpha 2 region in serum protein electrophoresis.
These paraprotein spikes in alpha 2 may be overlooked and
mistaken for spikes that are usually produced by components
due to various other causes. Paraprotein should be suspected
and investigated further when abnormal pattern or small
spike in alpha 2 region coexists with hypogammaglobinemia.
Immunotyping is performed with specific antisera against IgG,
IgA, IgM heavy chains and against free and bound Kappa and
Lambda light chains. The superimposition of the antisera pattern
allows for visualization of the disappearance and / or decrease
of monoclonal fraction on the antisera pattern and to indicate a
gammopathy.
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Figure 1: Electrophoretogram of capillary zone electrophoresis.
Serum protein electrophoresis, done using Sebia- Minicap, shows two M-protein spikes in alpha 2 region and hypogammaglobinemia
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Figure 2: Serum protein immunotyping using Sebia minicap, shows immunosubtraction (two arrow marks) in kappa confirming the
spikes to be free kappa light chains (monoclonal Kappa component presenting with disappearance of the kappa antisera pattern as
compared to ELP pattern).
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Figure 3: Serum protein electrophoresis (done using Sebia- Minicap, capillary electrophoresis) — post initiation of first cycle of
chemotherapy, shows absence of M-spikes in alpha 2 globulin region.
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Figure 4: Serum protein immunotyping (post initiation of first cycle of chemotherapy) using Sebia minicap shows absence of
monoclonal gammopathy.
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Serum index and macroscopic characteristics of samples can
give valuable information and should be interpreted as a result.
Following centrifugation of the sample, on gross inspection
it was observed that the serum had a brown color. After
ruling out the main causes that can cause a brown coloration,
such as intravascular hemolysis or high concentrations of
methemoglobin, it was noted that the patient was receiving
a high-dose of Eltrombopag therapy. Eltrombopag is a non-
peptide thrombopoietin receptor agonist approved for the
treatment of severe aplastic anemia (SAA). The drug in
solution has a brown color and at high concentrations it is
capable of changing the color of the serum and may have
different effects in different assays of laboratory. This article
describes the case of a patient with brown serum due to the
consumption of high doses of Eltrombopag that started to
cause cutaneous hyperpigmentation.

Introduction

A fundamental aim in the daily routine of a clinical laboratory
in relation to patient safety is to communicate precise and
accurate analytical results. Otherwise, serious errors in
clinical interpretation would be made. Serum index results are
very useful for monitoring the degree of potential interference
due to lipemia, hemolysis and jaundice. Nevertheless, in
some cases the clinical laboratory must go further and be
able to detect certain hidden pathologies using these indices,
such as dyslipidemia, hemolysis in vivo, liver disease [1,2]
or, as in the present case, adverse drug effects. Endogenous
and exogenous constituents in the sample matrix can affect
laboratory tests. Some of these potentially interfering factors
can be recognized in the pre-analytical phase by colorimetric
appearance, turbidity and viscosity, whereas others are
detected only by direct analysis. The following case is a
description of a patient who presents brown serum due to
the consumption of high doses of Eltrombopag that began to
cause hyperpigmentation of the skin.
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Clinical-diagnostic case

We report a 78-year-old man diagnosed with severe aplastic
anemia (SAA) on treatment with cyclosporine 125 mg/12h +
eltrombopag 150 mg/24h + allopurinol 300 mg/24h. During the
follow-up carried out by the Haematology service, a blood test
including a complete blood count and basic biochemistry was
obtained. After processing the sample, the hemolysis index was
normal, however we detected a high rate of jaundice and lipemia
index (Table 1). Due to this result, the hepatic study was included
by adding bilirubin determination and the ions were re-analysed
by direct potentiometry to correct the negative interference
produced in the lipemic samples by indirect potentiometry. After
carrying out the corresponding analysis, no increase in total
bilirubin was observed in accordance with the patient’s jaundiced
index. Furthermore, the serum showed a dark brown colour and
not a cloudy appearance like a serum with a high lipaemic index
would have (Figure 1).

The possible causes of abnormal plasma coloration according to
literature could be related with the presence of high levels of
metalbumin, myoglobin or methemoglobin. Hemolytic anemia,
rhabdomyolysis and exposure to exogenous oxidizing agents
could cause the rise of these proteins respectively [3].

To rule out these pathologies, we sequentially added lactate
dehydrogenase plus
intravascular hemolysis and creatine kinase for the study of
rhabdomyolysis. Furthermore, we measured methemoglobin
evaluating co-oximetry after requesting a new heparinized
sample and rejecting the previous possibilities. The methodology
used for the determination of all parameters was the Abbott
Alinity assay, except for methemoglobin, which was determined
by the radiometer ABL 90. The results shown in Table 1 rule out
any of the aforementioned diagnoses.

haptoglobin for the assessment of

The next step was checking if any of the drugs the patient was
taking could cause abnormal coloration of the serum. According
to the eltrombopag data sheet, hyperpigmentation is a reported
adverse effect, although infrequently (=1/1000 to <1/100) [4].

There have been a few small-case reports of patients on treatment
with high doses of eltrombopag causing brown discoloration of
serum.

One article, described a 52-year-old woman with aplastic anemia
who after increasing the dose of eltrombopag to 150 mg/24h,
showed a “Reddish-brown serum” [5]. Another one, reported a
series of three acute myeloid leukemia patients with eltrombopag
doses of 200-300 mg/24h who presented a “brown serum” [6].
The last article related to our topic, described a patient with
“brown serum” who was treated with an eltrombopag dose of
150 mg/24h [7].

Discussion
Severe aplastic anemia (SAA) is a bone marrow hypoplasia/
aplasia in association with pancytopenia [8]. According to the
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classification of disease severity and assessment of medical
fitness, the Haematology service selected the best treatment
approach for the patient. Some guidelines recommend in selected
patients a combination of immunosuppressive therapy such as
eltrombopag plus cyclosporine [4]. Eltrombopag is a non-peptide
thrombopoietin receptor agonist approved for the treatment of
SAA, idiopathic thrombocytopenic purpura and chronic hepatitis
C associated thrombocytopenia [9]. In SAA we can reach the
higher doses of eltrombopag (150 mg/24h) comparing to the other
aproved uses [4], which could lead to a major exposure to the
drug and a major number and more severe adverse reactions. All
the aforementioned cases had doses greater than or equal to 150
mg/24h [5-7]. After detecting this abnormal color of the serum in
our patient, he was called for a more exhaustive clinical review.
The patient presented a slight cutaneous hyperpigmentation and
a yellow sclera of the eye. The cause of the hyperpigmentation
is not fully understood. Cases have been described in patients
taking similar doses (150 mg/day) [9, 10], this may be of concern
to the patient, but there are currently no known adverse clinical
sequelae from tissue or plasma pigmentation from the use of
eltrombopag [10]. Moreover, the effect is reversible after the
drug withdrawal [8]. A differential diagnosis to take into account
in patients with hyperpigmentation or a yellow hue is serious
liver failure. This is important because the drug is hepatotoxic
[11] since it is metabolized and eliminated mainly in the liver
[12]. Thereby, we must monitor transaminases and bilirubin for
any sign of liver damage in patients taking eltrombopag. This
is not an easy task, because as we have described previously,
it has the potential to give a brown hue which interferes
with some laboratory tests. The interferences found in the
spectrophotometric methods are dependent on the technology
used. Positive interference in spectrophotometric measurements
of total bilirubin has been detected in some laboratories [13-
14], which is a serious analytical error because we could lead
to a misdiagnosis of liver damage. A study carried out in 2016
evaluated possible interferences of eltrombopag using the Roche
Cobas 6000 technology, finding changes greater than 10% in
parameters associated with the lipid profile. On the other hand,
no interferences were found in the determination of bilirubin or
transaminases [15]. Laboratory professionals must know how
their determinations are affected so an erroneous diagnosis is
not reached. We found out that our patient had total bilirubin
measurement of 20,5 umol/L (diazo method, Abbott Alinity) but
discordant icterus index (icterus index=3.4, corresponding to 51-
85 umol/L of total bilirubin). The unlikely nature of these results
led us to investigate the possibility of an analytic interference.
The sample was sent to a reference laboratory that determined
total bilirubin using high performance liquid chromatography
(HPLC). The result was similar to our laboratory (total bilirubin
= 17 umol/L). We can conclude that the measurement of total
bilirubin in patients treated with eltrombopag is not affected by
the Abbott Alinity assay. The adverse reactions described were
reported to the Spanish Pharmacovigilance System through the
spontaneous reporting system for adverse drug reactions.
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Figure 1: The brown serum on the left belongs to the patient on treatment with eltrombopag and the serum on the right to a control
patient without treatment to show different coloration.

Table 1: Results of serial analyses performed in our laboratory

Laboratory test 02/05/23 08/05/23 Reference values
Total bilirubin (umol/L) 20.5 18.8 0.0-20.5

Direct bilirubin (umol/L) 10.2 8.5 0.0-8.5

Indirect bilirubin (umol/L) 10.3 10.3 0.0-11.9

Glumatic oxaloacetic transaminase (U/L) 16 20 5-34

Glumatic pyruvic transaminase (U/L) 12 13 0-45

Lactate dehydrogenase (U/L) 191 184 125-220

Haptoglobin (umol/L) 30 28 2-30

Creatine kinase (U/L) 160 170 30-200
Methemoglobin (%) 0.7 0.6 0.0-1.5
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Learning points

* Our objective with this article is to present the importance
of serum index. They are normally used as an alert system for
possible analytical errors, but they can also contribute to the
detection of hidden liver diseases, unstudied dyslipidemias or, as
the case may be, adverse pharmacological effects.

* The most common causes of a brown colored serum are the
presence of metalbumin, myoglobin, and methemoglobin and
should be ruled out first.

* Interferences in the laboratory are usually method dependent
and it is the laboratory professional who must know how they
interfere with their results.

* Remember that whenever we are faced with a possible
pharmacological adverse effect, it must be notified.
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Serum prostate specific antigen (PSA) is a cancer biomarker
that is widely used for the diagnosis and management of
prostate cancer (CaP). Serum cardiac troponin is used widely
for the diagnosis and monitoring of cardiovascular diseases,
including, myocardial infraction (MI). These two biomarkers
are among the very best in clinical chemistry testing, in
terms of clinical sensitivity and specificity. By comparing the
developments of PSA and cardiac troponin biomarkers, it can
be realized that they have important analytical and clinical
similarities. Below, I mention briefly the analytical and
clinical developmental milestones of these two biomarkers
over the last 50 years. Please note that due to space limitations,
I will not attempt to assign credit to those who played a role
in the discovery and validation of either the PSA or cardiac
troponin assays. Reviews on this subject have been published
elsewhere (1,2).

Prostate Specific Antigen

PSA was isolated from prostate tissue in the 1970’s and it was
realized at that time that it is prostatic tissue specific (tissue
specificity is a major advantage for any biomarker). In the
early 1980’s, a competitive radioimmunoassay for measuring
PSA in serum was developed (sensitivity ~0.1 ng/mL or 100
ng/L, first generation assay) * and used in the initial studies
which have shown that PSA is a far superior marker of
prostate cancer in comparison to prostatic acid phosphatase,
a test that was used at that time. PSA assays were adopted
in clinical practice within only 3-4 years, something that is
relatively rare in the tumor marker field. A few years later
(early 1990’s), a more reliable assay based on the “sandwich”
principle was developed and it was used by many clinical
investigators to study the value of PSA for the diagnosis of
prostate cancer and especially, for prostate cancer screening
of asymptomatic men. These first-generation PSA assays were
able to quantify PSA in the serum of males (concentration
is usually 1-4 ng /mL or 1,000-4,000 ng/L). In early 2004,
large prospective studies have been initiated to examine the
value of PSA in prostate cancer screening, but the outcomes,
published a few years later, were, and still are, controversial.
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In 1997, our group developed the first third generation PSA assay
which was capable of measuring PSA down to 0.001 ng/ml (or
1 ng/L) (3). These third-generation assays opened the possibility
that PSA could be used as a highly sensitive marker of prostate
cancer relapse, and it is currently used for this purpose (Figure
1). Around the same time, the company MesoScale Diagnostics
and others, extended the sensitivity of the PSA assay by two
orders of magnitude (fifth generation assays; sensitivity 0.00001
ng/mL or 0.01 ng/L). This development allowed measurement of
PSA in the serum of males as well in serum of almost all females
(the source of PSA in females is the breast). This development
revealed that PSA is an excellent marker of hyperandrogenism
in women.

Cardiac troponins

Just like PSA, in the 1970’s, researchers isolated troponin T
and troponin I from cardiac muscle and they found that this
antigen is highly specific to this tissue. Cardiac troponins
proved to be superior in specificity to the protein that was
used in that time for studying myocardial infraction, which
was the CK-MB isoenzyme of creatine kinase. In the early
1990’s the first immunoassays for measuring cardiac troponins
were developed (first generation) (4) and have shown to have
the ability to measure troponin in serum after myocardial
infraction (but not in serum of normal men or women). These
first-generation assays had sensitivities, like PSA, of around
100 ng/L and were used to confirm the clinical superiority of
troponins over immunological CK-MB assays. Like PSA, in
the mid-1990’s, scientists developed higher sensitivity cardiac
troponin assays, which allowed the detection of lower levels of
cardiac troponins in the bloodstream, thus enabling detection of
smaller and smaller cardiac infarctions. At the same time, many
companies have engaged in developing highly sensitive assays
for cardiac troponins and eventually reached detectability in the
low ng/L range (third, fourth and fifth generation assays) (5).
This development necessitated the change of reportable units of
troponin from ng/mL to ng/L, to avoid reporting numbers with
many zeros, for easier communication with clinicians. Current
reference ranges using the 99th percentile in normal individuals,
are now up to around 10 ng/L for women and up to 15 ng/L for
men. The reference ranges are still different between assays of
manufacturers of high sensitivity cardiac troponin assays. The
clinical utility of the cardiac troponin assays is so valuable, that
the current definition of acute myocardial infarction (AMI) is
partly based on the changing levels of cardiac troponins (their
kinetics), along with the combination of clinical symptoms.
Hundreds of papers have been published on the clinical use of
cardiac troponins for diagnosis and monitoring of myocardial
infraction and other cardiac diseases. high sensitivity cardiac
troponin assays. The clinical utility of the cardiac troponin assays
is so valuable, that the current definition of acute myocardial
infarction (AMI) is partly based on the changing levels of
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cardiac troponins (their kinetics), along with the combination of
clinical symptoms. Hundreds of papers have been published on
the clinical use of cardiac troponins for diagnosis and monitoring
of myocardial infraction and other cardiac diseases.

Concluding remarks

PSA and evolved from crude,
semiquantitative immunoassays (first generation) to highly
sensitive and specific tests (up to fifth generation), that have
revolutionized the diagnosis and monitoring of patients with
prostate cancer or heart diseases. Harmonization of results
between assays from diverse manufacturers, is a major current
and future step forward. My prediction is that these assays will
likely remain in the menu of clinical chemistry testing for many
decades, if not centuries. Do we need sixth-generation PSA and
cardiac troponin assays? No, because the fifth-generation assays
can comfortably and precisely measure these two biomarkers in
almost all healthy and diseased men and women, including men
whose prostate has been surgically removed.

troponin assays have

Footnote

* Assay generations. Conventionally, the first developed assay for
a biomarker is called “first generation”. Subsequent generations
usually have an approximately 10-fold increase in sensitivity.
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Figure 1: A hypothetical example of monitoring the progression/relapse of a prostate cancer patient after radical prostatectomy
(surgery). Green dots represent a first-generation PSA assay (Abbott IMx). Red dots represent a third-generation assay, described

in Ref. 3.
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