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Research Article

Ethical Challenges in Point-of-Care Testing for Cardiac Biomarkers:
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Article Info Abstract

“Corresponding Author: The rapid expansion of point of care testing (POCT)

Joesph Wiencek has significantly transformed clinical decision-making,
Associate Professor of Pathology, Microbiology and particularly in acute care settings. Cardiac biomarkers
Immunology such as troponins (conventional and high sensitivity) and
Vanderbilt University School of Medicine natriuretic peptides are increasingly being deployed at the
Nashville TN, USA bedside to expedite diagnosis and guide timely management
E-mail: joe.wiencek@vumec.org [1]. While the clinical advantages of POCT are well

recognized, its widespread implementation raises important
ethical considerations that remain insufficiently addressed
[2]. We aim to project that the rapid expansion of cardiac
biomarker POCT has outpaced the development of practical
ethical guidance for its implementation. In particular,
challenges related to analytical reliability, accountability,
quality oversight, equitable access, patient autonomy, and
Keywords environmental sustainability require a structured ethical
framework to support safe and clinically responsible use of
POCT in cardiac care. One of the primary ethical concerns
relates to the trade-off between speed and analytical
accuracy. Although POCT offers faster turnaround times,
variability in analytical performance compared to central
laboratory assays may compromise diagnostic certainty
[3]. This is particularly critical in the context of cardiac

Point-of-care testing, Cardiac biomarkers, Ethics

biomarkers, where even minor inaccuracies can lead to
misclassification of myocardial infarction. In cardiac care,
such errors carry particularly significant ethical implications
because troponin results may directly influence urgent
decisions regarding admission, invasive procedures,
discharge, or withholding of treatment. This underscores
the necessity of an ethical framework to ensure rapid testing
does not compromise diagnostic integrity and patient safety.
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Unlike conventional laboratory testing, POCT is often
performed in environments where critical factors such as
temperature, humidity, time to analysis, and oxygen exposure
are less controlled and may fluctuate significantly, thereby
affecting assay performance [4]. Furthermore, the pre-analytical
phase represents a major source of error in POCT. The use of
whole blood samples, particularly in capillary (fingerstick)
testing, increases susceptibility to hemolysis, while improper
specimen handling can introduce errors such as air bubbles,
micro clots, or gross clotting [5, 6].

Another important issue is the question of accountability and
diagnostic testing acumen. POCT is often performed by non-
laboratory personnel, which may lead to variability in test
execution and interpretation but also in the level of technical
competence compared to trained laboratory professionals

[2]. While non-laboratory personnel may be willing to accept
responsibility for performing and interpreting tests, this does
not necessarily ensure adequate proficiency or adherence

to standardized procedures. This concern is particularly
relevant for cardiac biomarkers, where high-sensitivity

assays are increasingly integrated into established rule-in

and rule-out algorithms developed and verified primarily in
central laboratory settings in collaboration with specialties
such as emergency medicine and cardiology. However, the
direct applicability of these interpretive pathways in POCT
environments remains incompletely established because POCT
testing may be more vulnerable to preanalytical variables,
operator-dependent factors, and analytical variability. Although
recent studies have begun evaluating point-of-care high-
sensitivity troponin assays and accelerated diagnostic pathways
in emergency care settings, evidence remains comparatively
limited when compared with well-established central laboratory
protocols [7]. Further multicenter validation studies are
therefore needed before these algorithms can be universally
adopted across diverse POCT settings. From an ethical and
clinical perspective, cardiac biomarker POCT may be most
appropriate in settings where rapid triage and timely decision-
making are critical, particularly when central laboratory

access is delayed or unavailable. However, for complex
clinical scenarios requiring highly standardized serial testing,
comprehensive diagnostic interpretation, or confirmatory
evaluation, central laboratory testing may remain the preferred
approach. An ethical framework is therefore essential to clearly
define roles, responsibilities, and oversight while also ensuring
appropriate training and competency assessment to safeguard
the quality of patient care.

Quality assurance represents an additional challenge. POCT
environments may lack standardized oversight compared to
central laboratories, raising concerns related to patient safety
and non-maleficence [8]. This highlights the need for ethical
and operational guidance including the implementation of
standardized algorithms, training programs, regular competency
assessments, and clearly defined governance frameworks with
laboratory oversight. In addition, harmonization of test results

between POCT devices and central laboratory assays remains
a significant challenge, particularly in ensuring comparability
and consistency of results for patients managed within the
same healthcare setting [8]. In the interim, it is imperative these
two types of measurements be clearly delineated from clinical
interpretations to avoid harm.

The ease of access to POCT devices may also contribute to
overutilization of cardiac biomarker testing, increasing the
chance for false results and unnecessary interventions [10].
However, these devices are also crucial in improving access to
timely diagnostics, particularly for patients in resource-limited
and rural settings where centralized laboratory services may
be unavailable or delayed. By enabling rapid decision-making
at the point of care, POCT can facilitate early diagnosis,
triage, and management of acute cardiac conditions, thereby
potentially improving clinical outcomes. Nevertheless,
disparities in implementation and resource allocation may
exacerbate existing healthcare inequities if access to POCT
technologies is uneven [11]. These ethical challenges are
summarized in Table 1. An ethical blueprint is thus crucial to
promote appropriate utilization while ensuring equitable access
to POCT services.

From cardiac biomarkers perspective, due to their role in high-
stakes decision-making ethical concerns become paramount.
Addressing these challenges requires strengthening training,
ensuring laboratory oversight, implementing robust quality
systems, and developing ethical frameworks.

While POCT has clear advantages in improving timely
detection of acute cardiac events, it raises important questions
about which high-risk conditions are suitable for decentralized
testing. It also highlights concerns about how complex, time-
sensitive clinical information is interpreted and communicated
when testing is performed by non-laboratory personnel outside
the central laboratory, even within supervised care settings. At
the same time, as patients increasingly access personal health
data through electronic records and wearable technologies,

an ethical dilemma emerges between promoting autonomy
and ensuring beneficence and non-maleficence, underscoring
the need for clear safeguards and clinical oversight in the
expanding use of cardiac POCT. Figure 1 illustrates the balance
between clinical benefits and ethical risks associated with
POCT for cardiac biomarkers, emphasizing the need for quality
assurance and governance.

Moreover, the increasing use of POCT has also brought
attention to an important ethical concern related to
environmental sustainability. Many POCT devices rely
heavily on single-use plastics, including cartridges, test

strips, lancets, and packaging materials. As the use of POCT
continues to expand, particularly in high-volume areas such

as emergency cardiac care, the amount of biomedical plastic
waste generated is also increasing. Previous reports have
highlighted that disposable diagnostic materials contribute
significantly to healthcare-related plastic waste, which may
create environmental and public health challenges, especially in

eJIFCC2026V 0l 37No4pp584-588
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settings where waste management systems are limited [12].
Although POCT provides substantial clinical benefits

through rapid diagnosis and timely patient management,
these advantages should be balanced against their broader
environmental impact. From an ethical perspective, this
relates to the principles of non-maleficence and justice, as
healthcare practices should aim to avoid unintended harm to
both communities and the environment. Therefore, alongside
improving patient care, there is also a need to encourage
sustainable disposal practices and support the development of
more environmentally responsible diagnostic technologies.

In conclusion, the expanding role of POCT, particularly for
high-risk applications such as cardiac biomarkers, necessitates
a robust ethical framework to guide its implementation.

As also emphasized by the Canadian Society of Clinical
Chemists, POCT should be conducted in a manner that
prioritizes effective patient care while judiciously utilizing
available resources, with financial or personal incentives

such as making workflows easier for clinicians, the push to
provide faster results, meeting performance targets, or possible
influence from industry, not serving as primary drivers [13].
Equally important are the principles of patient autonomy and
confidentiality, particularly as POCT becomes increasingly
integrated with digital health technologies, wearable devices,
and personal health records. In these evolving care models,

patients should be adequately informed not only about the
purpose and limitations of testing, but also about how their
results may be stored, accessed, shared, or integrated across
healthcare systems. This is especially relevant as rapid
connectivity, and remote monitoring may increase the risk

of unauthorized access or unintended disclosure of sensitive
health information. Therefore, informed consent processes
and robust data protection safeguards are essential to preserve
patient trust, maintain confidentiality, and ensure ethical use
of POCT-generated data. In this rapidly evolving landscape,
the vital and timely role of the IFCC Task Force on Ethics

is particularly significant in providing global guidance and
standard setting to address emerging ethical challenges in
POCT. An ethical framework for POCT in cardiac care should
include key elements such as quality assurance processes,
protection of patient confidentiality, equitable access to testing,
and consideration of environmental sustainability. Such
measures may help ensure that the expanding use of POCT
remains aligned with patient safety and ethical clinical practice.
As access to rapid, decentralized cardiac testing continues to
expand, maintaining a balance between accessibility, clinical
oversight, and ethical responsibility will be essential to ensure
safe, equitable, and patient centered care.

Table 1: Ethical considerations in POCT for cardiac biomarkers and their clinical implications.

Ethical Considerations

Ethical Principle

Professional
Accountability and

Autonomy
Governance

(Clinical decision-

making responsibility) Informed consent and

data confidentiality

Description

Testing is often performed by non-
laboratory personnel

Clinical Impact

Risk of misinterpretation and inappropriate
clinical decisions (e.g., non-lab operators
interpreting delta troponins, both absolute and
percentage deltas)

Patients may not fully understand how POCT-
generated data are stored, shared, or integrated
with electronic health systems

Beneficence
(Act in patient’s best
interest)

Equity
(Fair distribution of
care)

POCT expands access to diagnostics,
especially in remote or resource-limited
settings, enabling earlier identification and
triage of acute conditions when central
laboratory testing is not readily available.

Improved Access

Use in low-resource settings without
adequate infrastructure or quality systems;
however, POCT can significantly improve
access to diagnostic testing in rural or
underserved areas where central laboratory
services are unavailable.

Resource Disparity

eJIFCC2026V 0l 37No4pp584-588

Timely clinical decision-making, improved
patient outcomes, and more appropriate triage
of MI cases (e.g., identifying patients requiring
urgent versus non-urgent care).

Potential variability in test quality and
accuracy; however, improved access may
enable earlier triage and clinical decision-
making, particularly for patients distant from
healthcare facilities.




Balancing Rapid Diagnosis with Clinical Responsibility

Ethical Principle Ethical Considerations Description Clinical Impact

POCT may have lower sensitivity

compared to central lab testing, though Missed or delayed diagnosis of MI (e.g., false
Accuracy vs Speed . o .

newer high-sensitivity assays are negative MI)

improving

Variability due to preanalytical errors and
Non-maleficence Quality Assurance operator dependence; inconsistent QC/
(Do no harm) EQA practices

Variable reliability of results, potential patient
harm

Environmental contamination, long-term
public health risks, and ethical concerns
regarding sustainability and responsible
healthcare delivery

POCT generates single-use plastic
waste (e.g., cartridges, strips), raising
environmental concerns

Environmental Impact
(Single-use plastics)

Easy availability may lead to unnecessary
Over-testing or excessive testing (e.g., troponin
overuse)

Justice
(Fair use of resources)

False positives, unnecessary admissions,
increased healthcare costs

POCT, Point of Care Testing; QC, Quality Control; EQA, External Quality Assessment; M1, Myocardial Infarction

Figure 1: Ethical balance in POCT for cardiac biomarkers.
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Letter to the editor
Rethinking the limit of detection for serum ethanol: evidence from a
clinical laboratory

José Arnau Pulido!, Alejandra Pérez' Yolanda Fernandez-Cladera!, Maria Doladé’,
Susana Malumbres!, Carla Fernandez-Prendes'™

'Laboratory Medicine Department, Hospital Universitari Germans Trias i Pujol, Badalona, Spain

Article Info Abstract

*Corresponding Author: Ethanol is a widely consumed psychoactive substance.
Carla Fernandez-Prendes Serum concentrations above 100 mg/dL can cause cognitive
Laboratory Medicine Department, Hospital Universitari impairment and confusion, while levels exceeding 300 mg/
Germans Trias i Pujol, Badalona, Spain dL may be fatal. Thus, rapid and accurate determination of
E-mail: cfernandezp.germanstrias@gencat.cat blood ethanol concentration is crucial for diagnosing and

managing acute intoxication. Ethanol measurement also has

important legal implications, such as in traffic accidents or

criminal proceedings.

Gas Chromatography-Mass Spectrometry (GC-MS) is

the reference method for ethanol determination due to its

accuracy and specificity. In routine clinical laboratories,

however, ethanol quantification is usually performed

using enzymatic spectrophotometric assays. Alcohol

dehydrogenase (ADH) oxidizes ethanol to acetaldehyde

with NAD as coenzyme, which is simultaneously reduced
Keywords to NADH. The increase in NADH absorbance at 340 nm
ethanol, detection, alcohol allows indirect quantification of ethanol.

Although analytical characterization and method

optimization are the manufacturers’ responsibilities,

literature indicates these processes are not standardized,

and specific procedures are generally not disclosed.

Consequently, clinical laboratories may need to verify these

values, particularly during implementation of new methods,

internal validation, or when analytical results conflict with

clinical presentation.

We report four cases in our laboratory with positive

ethanol results of 11-14 mg/dL that, after reprocessing,

were reported as “not detected”. This highlights the need

to determine the smallest analyte quantity detectable with

certainty, commonly expressed as the limit of detection

(LoD).

eJIFCC2026V 0l 37No4pp589-591
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In this study, we evaluated the LoD of the Emit II Plus Ethyl
Alcohol assay (Siemens Healthineers, Dublin, Ireland) in
human serum using the AU analyzer (Beckman Coulter,
Brea, CA, USA), following CLSI EP'-A? recommendations for
LoD verification. According to CLSI EP'7-A?, LoD is defined as
the measured quantity value, obtained by a given measurement
procedure, for which the probability of falsely claiming the
absence of a measurand in a material is 3, given a probability
a of falsely claiming its presence, and LoB is the highest
measurement result that is likely to be observed (with a stated
probability o) for a blank sample. LoQ is defined as the lowest
amount of a measurand in a material that can be quantitatively
determined with stated accuracy, expressed as total error or as
independent requirements for bias and precision, under stated
experimental conditions. Because our study did not assess
predefined accuracy goals for quantitative determination at low
ethanol concentrations, it should be interpreted as a local LoD
verification study rather than a LoQ evaluation. In this context,
the kit insert reports a quantification range of 10—600 mg/dL,
with a LoD < 10 mg/dL and reported precision of 0.8%—4.1%.
The study was conducted in Spain between April and May
2025, using two instrument systems and two reagent lots to
ensure adequate measurements.

An initial estimated LoB was obtained from 20 replicate
measurements of ethanol-free serum, defined as the highest
observed value (4 mg/dL). This preliminary LoB was then
used to guide the selection of low-level samples, targeting
concentrations approximately within 1-5 times the LoB,
resulting in the preparation of five serum samples (4-20 mg/
dL). The experimental LoB was then determined from five
ethanol-free serum samples analyzed in four replicates per

day over three consecutive days on each instrument. The 95th
percentile (o = 0.05) was calculated using the rank-position
formula (Rank Position = 0.5 + B-0.95, where B is the total
number of replicates). In both analysers, interpolation between
adjacent values was required, yielding LoB values of 3 mg/dL
for instrument 1 and 9 mg/dL for instrument 2. To minimize
false positives, the higher LoB (9 mg/dL) was used for
subsequent calculations.

Each low-level serum sample was analyzed in four replicates
per day over three days on each instrument, and the LoD for
each system was calculated using the formula:

LoD =LoB + cp x SDL,

where SDL represents the pooled standard deviation of the low-
level samples, calculated using the following formula:

SDi = standard deviation of results for the i-th low-level sample
ni = number of results for the i-th low-level sample

J = number of low-level samples
The correction factor cp is defined as:

1.645

1
I=%an

cp =

L denotes the total number of low-level results per instrument/
lot (L = 60), J the number of low-level samples (J = 5).

The LoD was 12 mg/dL in instrument system 1 and 14 mg/dL
in instrument system 2, calculated using the SDL values of 1.68
and 3.04 mg/dL, respectively.

The discrepancy between the manufacturer-reported LoD (10
mg/dL) and the experimentally determined values (12 and 14
mg/dL) suggests that results may vary with instrument system,
reagent lot, and calibration. Therefore, reagent manufacturers
should conduct performance studies that incorporate analytical
variability, in accordance with CLSI EP'7-A? (6). Yet,
standardized protocols are often lacking, and procedures to
establish analytical characterization are generally undisclosed.
Literature addressing these assay limitations also remains
scarce.

The results highlight the importance of evaluating the LoD of
enzymatic ethanol assays to minimize false positives. To ensure
a conservative threshold, the highest experimentally determined
LoD should be adopted. This is particularly relevant given

the ethical implications of false-positive results, especially

in vulnerable populations such as children or pregnant

women. Adopting a higher, experimentally verified LoD does
not modify established clinical or legal decision limits but
improves the reliability of reporting at very low concentrations
by reducing false-positive classifications below the locally
verified detection capability of the assay.

In conclusion, for clinical laboratories using the Emit II Plus
Ethyl Alcohol assay (Siemens Healthineers, Dublin, Ireland) on
the AU analyzer (Beckman Coulter Inc., Brea, CA, USA),
LoD verification is recommended. Consequently, results below
the locally verified LoD should not be reported as positive
quantitative ethanol results. When discrepancies are clinically
or legally significant, the presence or absence of ethanol should
be confirmed using a reference method such as GC-MS.
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Introduction: Cystic fibrosis (CF) is an autosomal recessive
disorder. Sweat testing is a cornerstone of CF diagnosis and
remains essential in settings where nationwide screening and
registries are limited.

Materials and Methods: We performed a retrospective
single-center analysis of all patients referred for sweat
testing in our laboratory between May 2015 and May

2025 (n=567). Sweat induction and collection were
performed using the Macroduct® system, and analysis was
conducted via the Sweat-Chek™ Analyzer (Model 3120,
ELITechGroup). Statistical analysis was performed using
Jamovi software (version 2.3.28).

Results: The cohort included 302 males (53%) and 265
females (47%), with a mean age of 36.3 +49.2 months
(Median: 14; IQR: 4-48). The primary indications for
referral were respiratory manifestations (57%), followed
by gastrointestinal symptoms (14.1%), failure to thrive
(6.2%), and others (4.2%). Asymptomatic individuals with
no symptoms recorded at referral (18.2%). Diagnostic
outcomes revealed that 83.4% of participants had normal
results, 11.3% were positive, and 3% were borderline. A
“quantity not sufficient” (QNS) rate of 2.3% was observed.

Conclusions: In this single-center referral cohort, most
sweat test results were normal, with an overall positive rate
of 11.3% and low QNS rates that are benchmark favorably
against published quality targets. Clear referral pathways
and strengthened early-life evaluation (including expansion
of screening access) may support earlier diagnosis and
reduce disease burden.
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Introduction

Cystic fibrosis (CF), an autosomal recessive disorder caused
by biallelic pathogenic variants in the CFTR gene, disrupts
epithelial ion transport, leading to viscous mucus accumulation,
chronic multi-organ inflammation, and progressive respiratory
failure [1]. The dysfunctional CFTR protein impairs
chloride/bicarbonate secretion and sodium hyperabsorption,
resulting in hallmark manifestations: recurrent pulmonary
infections, pancreatic insufficiency, elevated sweat chloride
concentrations, and male infertility due to obstructive
azoospermia [2].

Globally, CF incidence varies significantly by population.
While Ireland reports 1:1,353 live births [3], Finland observes
1:25,000 [4], with Western Europe averaging 1:4,500 [5]

and Northern/Central Europe 1:6,000 [6]. In Albania, a
Southeastern European nation with limited epidemiological
data, CF prevalence was historically underreported due

to fragmented registries. Before 2017, no national CF

registry existed; however, the Department of Pediatrics at

the University Hospital Center “Mother Teresa” (QSUNT)
served as the sole national referral center, systematically
documenting all pediatric CF cases since 1992. Retrospective
analysis of QSUNT records (1992-2017) estimated an
incidence of 1:4,041 live births [7], though this figure reflects
hospital-based ascertainment rather than population-wide
screening and requires validation through prospective studies.
Importantly, the incidence figure is an estimate derived from
QSUNT historical case counts and national birth rates, and it
is not calculated from the referral cohort in the present study
(which includes patients referred for evaluation rather than a
population-based denominator).

The sweat chloride test (SCT) remains the diagnostic gold
standard per Cystic Fibrosis Foundation guidelines [8],
quantifying electrolyte concentrations following pilocarpine
iontophoresis. Despite technical standardization, preanalytical
errors, particularly insufficient sample volume (QNS),
compromise reliability, with reported QNS rates ranging from
5-25% globally [9,10]. In resource-limited settings, suboptimal
patient preparation (e.g., dehydration, skin barriers) and
inconsistent collection protocols exacerbate these challenges.
This study addresses a critical gap: no prior research has
characterized SCT outcomes, referral patterns, or QNS
determinants in Albania’s high-prevalence cohort. Over a
decade (2015-2025), we analyzed 567 SCTs performed at our
laboratory to:

Quantify sweat chloride distributions across age groups and
clinical indications,

Evaluate temporal trends in referral practices following
updated international diagnostic criteria,

Identify modifiable preanalytical factors contributing to QNS
events.

Our findings provide actionable insights to optimize diagnostic
pathways, reduce diagnostic delays, and support evidence-

based implementation of newborn screening in similar
underserved regions.

Materials and Methods

Study design and participants

This was a retrospective single-center study including all
consecutive patients referred for sweat testing in our laboratory
between May 2015 and May 2025. Inclusion criteria were:

(1) referral for sweat testing during the study period and (ii)
availability of key variables (age, sex, referral indication, and
sweat test outcome). Exclusion criteria were: (i) duplicate
records/repeat tests for the same individual during the study
period (only the last test was included in the analysis) and (ii)
missing key variables required for analysis.”

Definition of referral indication categories

Referral indications were classified based on referral
documentation and clinical notes. “Healthy individuals” refers
to patients with no symptoms recorded at referral who were
nevertheless referred for CF evaluation (e.g., screening or
clinician concern without documented symptoms).

Definition of age categories

Although the study included patients aged 1 month to 39 years,
the vast majority were pediatric patients. Subgroup analysis
was performed based on age categories (<3 months and >3
months), but no formal comparison between pediatric and adult
populations was conducted due to the very small number of
adult subjects.

We used the SS-032 Macroduct Supply Kit (Pilogel Discs,
Macroduct Collectors), Macroduct Sweat Collection System
model 3700-SYS, and Sweat-Chek 3120 Sweat Conductivity
Analyzer by Eli Tech Group Biomedical Systems. The test was
conducted in the following phases [11]:

Phase one — stimulation of sweating

The flexor surface of the child’s forearm is cleaned with
alcohol and deionized water and dried. Pilogel iontophoretic
discs are applied to the skin with two stainless steel electrodes
on the top, then fixed to the forearm. The electrodes are
connected to a power supply, which automatically delivers
pilocarpine equivalent to five minutes of iontophoresis at 1.5
mA, in accordance with international guidelines for sweat
testing in both infants and adults [10].

Phase two — collection of sweat

After sweat stimulation, the pilogel discs are removed by
hand, and the skin is cleaned with water. Next, the disposable
collector for sweat collection is fixed to the stimulated area,
and sweat is collected for 30 minutes, during which the child
can move, play, eat, and drink. When the sweat collection is
over, the collector is removed from the child’s forehand.

The sweat specimen is handled with care before analysis to
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avoid introducing air bubbles into the sweat column.

Phase three — analytical phase

The chloride concentration in the collected sweat is measured
in the laboratory. The end of the specimen tube is connected to
the inlet nipple of the conductivity cell in the left-hand nipple.
The sweat specimen is transferred from the collector tube

into the take-up tube via the conductivity cell. After the sweat
specimen is transferred into the cell, its electrical conductivity
is measured, the electrolyte concentration is calculated, and the
result appears on the digital display.

Statistics

Categorical variables are presented as frequency and
percentage. Continuous variables are summarized as median
(range). Group comparisons for categorical variables were
performed using Fisher’s exact test when expected cell counts
were <5; otherwise, chi-square tests were used. A p-value

Table 1: Descriptive statistics of the participants.

<0.05 was considered statistically significant. Analyses were
performed using Jamovi Statistical Software version 2.3.28.

Results

A total of 567 patients were enrolled in our study. There was a
slight predominance of males with 53%. The mean age of the
participants was 36.3 = 49.2 months. Given the non-normal
distribution of the data (Shapiro-Wilk p<.001), the median age
of 14 months (IQR: 4—48 months) provides a more accurate
representation of the cohort’s central tendency.

The study analyzed a cohort primarily composed of patients
older than 3 months (80%) and outpatients (69%). Clinical
referrals were driven primarily by the Department of Pediatric
Pulmonology (57%), with respiratory tract manifestations as
the most common clinical sign for testing (57.3%). Detailed
demographic and referral distributions are provided in Table 1.

Gender

Males

Females

Age

< 3 months

> 3 months

QNS

No

Yes

Result

Normal

Positive

Borderline

No results

Department

Pediatric Pulmonology
General Pediatric Policlinic
Pediatric Gastroenterology
Pediatric Immunology-Allergy
Pediatric Intensive Care
Neonatal Department
Others

Signs and Symptoms
Respiratory tract manifestations

Gastrointestinal tract manifestations

302 53
265 47
116 20
451 80
554 97.7
13 23
473 83.4
64 11.3
17 3
13 23
321 57
90 16
66 12
42 7
22 4
7 1
19 3
325 573
80 14.1
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Healthy individuals 70 12.3
Failure to thrive 35 6.2
Family history 13 23
IRT + 11 2
Confirmed mutations in the CFTR gene 9 1.6
Other manifestations 24 4.2
Hospitalization
Inpatients 177 31
Outpatients 390 69
While the majority of tests yielded normal results (83.4%), symptoms, and hospitalization status (p <.001), whereas
a definitive positive diagnosis was reached in 11.3% of the gender is not a relevant factor (p = 0.346). Table 2 provides the

cases. Statistical analysis revealed that a positive cystic fibrosis  full breakdown of these diagnostic correlations.
diagnosis was significantly associated with age, clinical

Table 2: Demographic and clinical characteristics of participants by diagnostic result.

Result ‘

Overall Positive Borderline ‘

Age

< 3 months 112 20 26 23.2 85 75.9 1 0.9 <.001
> 3 months 442 80 38 8.6 388 87.8 16 3.6

Gender

M 294 53 39 13.3 245 83.3 10 34 0.377
F 260 47 25 9.6 228 87.7 7 2.7

Signs and Symptoms

Respiratory tract manifestations 318 57.4 25 7.9 283 89 10 3.1 <.001
Gastrointestinal tract manifestations 78 14.1 10 12.8 65 83.3 3 39

Healthy individuals 70 12.6 2 2.9 67 95.7 1 1.4

Failure to thrive 33 6 3 9.1 30 90.9 0 0

Family history 13 2.3 3 23.1 10 76.9 0 0

IRT + 11 2 4 36.4 6 54.5 1 9.1

Confirmed mutations in the CFTR gene 9 1.6 8 88.9 0 0 1 11.1

Other manifestations 22 4 9 41 12 54.5 1 4.5
Hospitalization

Inpatients 169 30 32 19 130 77 7 4 <.001
Outpatients 385 70 32 8.3 343 89.1 10 2.6
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Notably, in the subgroup of patients with confirmed CFTR
mutations, 88.9% returned positive sweat tests, with the
remaining 11.1% showing borderline results due to active
modulator therapy (Table 2).

Among infants referred following a positive IRT screening,
only 36.4% were confirmed positive by sweat testing, while
over 54% returned normal results (Table 2). This highlights the
critical role of SCT in resolving false positives from newborn

Table 3: Comparison of age, gender, and symptoms between inpatients and outpatients with positive sweat tests.

screening.

Table 3 compares clinical characteristics by hospitalization
status for patients with positive sweat test results. Analysis
shows that signs and symptoms (p=0.005) represent the only
variable with a statistically significant difference between
inpatients and outpatients.

Hospitalization

Age

< 3 months 26
> 3 months 38
Gender

M 39
F 25
Signs and Symptoms

Respiratory tract manifestations 25
Gastrointestinal tract manifestations 10
Healthy individuals 2
Failure to thrive 3
Family history 3
IRT + 4
Confirmed mutations in the CFTR gene 8
Other manifestations 9

41
59

61
39

39
16

12
14

13 50 13 50 1.000
19 50 19 50
17 44 22 56 0.305
15 60 10 40
12 48 13 52 0.005
9 90 1 10
0 0 2 100
2 67 1 33
0 0 3 100
1 25 3 75
1 12.5 7 87.5
7 78 2 22

The overall rate of insufficient sweat volume was low at 2.3%
(n=13). Analysis of sample failure showed:

Non-significant factors: Age (p=0.351), gender (p=0.545),
and specific clinical symptoms (p=0.315) did not significantly
affect the ability to collect sufficient sweat.

Significant factors: A statistically significant difference was

seen based on patient location (p=0.016), with inpatients
exhibiting a higher QNS rate (4.5%) compared to outpatients
(1.3%).

Detailed QNS distributions across all variables are summarized
in Table 4.

Table 4: The distribution of the patients according to sweat volume, age, gender, symptoms and hospitalization.

Sweat volume

Age

< 3 months 116
> 3 months 451
Gender

M 302
F 265

20
80

53
47

4 34 112 96.6 0.315
9 2 442 98
8 2.6 294 97.4 0.587
5 2 260 98
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Sweat volume

Signs and Symptoms
Respiratory tract manifestations 325 57.3 7 2.2 318 97.8 0.315
Gastrointestinal tract manifestations 80 14.1 2 2.5 78 97.5
Healthy individuals 70 12.3 0 0 70 100
Failure to thrive 35 6.2 2 5.7 33 94.3
Family history 13 2.3 0 0 13 100
IRT + 11 2 0 0 11 100
Confirmed mutations in the CFTR gene 9 1.6 0 0 9 100
Other manifestations 24 4.2 2 8.3 22 91.7
Hospitalization
Inpatients 177 31 8 4.5 169 95.5 0.029
Outpatients 390 69 5 1.3 385 98.7
Discussion of life, before symptoms appear [14]. Most children are

Cystic fibrosis is an autosomal recessive disease, common

in Europe, including the Albanian population, but a national
cystic fibrosis registry was not established in Albania until
2017 [7].

Sweat testing services have been provided since 2015, with an
annual average of 57 tests. To ensure competency and quality,
all tests are performed by a single laboratory professional.
This volume exceeds the minimum requirements set by the
Cystic Fibrosis Foundation and other professional bodies,
which recommend at least 50 tests per laboratory and 10 per
technician annually. [12].

While global literature often indicates a more severe disease
trajectory in females, often attributed to the onset of estrogen-
related complications post-puberty [13], our data did not reflect
significant gender-based disparities in clinical presentation.
We saw a slight male predominance (53%) and a higher
positivity rate in males (13.3%) compared to females (9.6%),
yet no significant differences were found in symptoms
(p=0.879) or hospitalization rates (p=0.204). This lack of
divergence is consistent with a prepubescent cohort, where
the hormonal drivers typically associated with gender-specific
CF morbidity have not yet manifested. Furthermore, since

our study used cross-sectional data at the point of diagnosis
without longitudinal follow-up, these findings represent the
initial clinical state rather than long-term disease progression.
Consequently, our results suggest that in the early pediatric
stages of CF in Albania, gender does not appear to be a primary
determinant of acute clinical severity.

The diagnoses of CF can be made at various ages, but with
newborn screening, it’s often diagnosed within the first month

diagnosed by age 2, either through newborn screening or when
symptoms become clear [15]. However, some individuals,
particularly those with milder or atypical forms of the disease,
may not be diagnosed until adolescence or adulthood [16].
Although we do not have a national program for newborn
screening (NBS), since this is only offered in private hospitals
in Albania, we have found a significant difference between the
diagnosis of cystic fibrosis and age (p<.001) where it resulted
that 23.2% of patients with a positive diagnosis were <3
months and only 8.6% were >3 months. The data prove that
diagnosis typically occurs within the first three months of life,
despite the lack of a universal screening program. This early
detection points to effective diagnostic pathways and strong
awareness among both caregivers and medical professionals.
Most referrals originated from the Pediatric Pulmonology
Department (57%), followed by General Pediatrics (16%),
Gastroenterology (12%), and Immunology-Allergy (7%), with
the remainder from Intensive Care (4%) and Neonatology
(1%). These patterns diverge from international guidelines,
such as those of the Croatian Society of Medical Biochemistry
and Laboratory Medicine and University Hospital Centre
Zagreb, which advocate for primary care physicians to initiate
referrals to CF specialists [17]. Furthermore, our findings
contrast with data from Turkey, where general pediatric clinics
serve as the primary source of referrals [18]. We suggest these
discrepancies reflect distinct national variations in diagnostic
and management strategies for cystic fibrosis.

Since 1992, patients with CF in Albania have been managed
and followed at the Department of Pediatrics within the
University Hospital Center “Mother Teresa”. The CF diagnosis
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is based predominantly on clinical criteria and two positive
sweat test results for patients suspected of the disease. The
diagnosis is confirmed by the identification of two CF-causing
mutations. Genetic assessment has been in practice since
2004, when the search for genetic mutations in patients with
cystic fibrosis began to be recorded. Unfortunately, there was
no national registry for cystic fibrosis in Albania until 2017.
However, every pediatric patient diagnosed in the Department
of Pediatrics at QSUNT has been documented throughout the
course of the disease. Practically, this is the only center that
diagnoses and follows cystic fibrosis patients in our country.
Since 2017, Albania has been part of the European Cystic
Fibrosis Society Patient Registry (ECFSPR), which collects
anonymized demographic and clinical data from consenting
people in Europe with CF [7].

Our study confirms that respiratory and gastrointestinal
manifestations are still the primary drivers for sweat test
referrals, accounting for 57.4% and 14.1% of our cohort,
respectively. The strong correlation between age, symptoms,
and test results (p<.001) aligns with established literature [2]
about the early clinical presentation of cystic fibrosis.

Beyond clinical symptoms, other primary indications for sweat
test referral by pediatricians include family history, positive
IRT results on newborn screening, and confirmed CFTR
mutations via molecular analysis.

In our cohort, only 23.1% of patients with a family history

of CF yielded positive sweat test results. While family

history indicates an increased carrier probability, and thus

a higher risk of having an affected child, the actual clinical
risk depends on the specific CFTR mutations present in the
family. Consequently, genetic counseling and molecular testing
are essential to determine the precise reproductive risk for
individuals and their offspring [19].

Approximately 97% of infants with a single CFTR mutation
identified through newborn screening for immunoreactive
trypsinogen are false positives [20]. Consequently, CF has
become a primary model in the United States for integrating
DNA analysis into NBS programs [21]. While genetic-

based NBS can find presymptomatic infants, it also finds
asymptomatic heterozygote carriers and infants without
disease-causing mutations. In such cases, at least one parent is
typically a carrier, placing the couple at risk for future affected
pregnancies [22]. While false-positive rates vary by screening
methodology and ethnic background [23], our data revealed

a false-positive IRT rate of 54.5%. It is critical to clarify that
these referrals do not stem from a centralized national screening
program, as a universal NBS for cystic fibrosis is not yet
implemented in the Albanian public health sector. Instead, these
cases represent a specific population of infants born in private
maternity hospitals where elective screening is available.

This distinction is vital for interpreting our data, as it reflects
a self-selected or higher-socioeconomic demographic rather

than a cross-section of the general population. Our findings
underscore that even in these private settings, the SCT remains
the indispensable “gold standard” in resolving the diagnostic
uncertainty created by initial IRT elevations.

While it may initially appear that identifying CFTR mutations
is sufficient for diagnosis, the sweat chloride test remains the
gold standard for confirming a clinical diagnosis by verifying
the functional defect of the CFTR protein [24,25]. This is
particularly critical in cases involving a single identified
mutation or indeterminate results [26]. In our study, nine
patients presented with confirmed F508del mutations; eight
yielded positive sweat test results, while one returned a
borderline result. The latter case involved a patient previously
diagnosed with CF who had been receiving CFTR modulator
therapy in the United Kingdom for nearly a year. This case
underscores an evolving role for the SCT, moving beyond
initial diagnosis to become a key metric for assessing the
effectiveness of CFTR modulators, which work by enhancing
salt and water transport across cell membranes [27].

Children with cystic fibrosis experience significantly higher
rates of hospitalization and outpatient visits compared to
children without CF, with inpatient hospitalization rates often
exceeding 30 times those of their peers [28]. In our cohort,
patients with a positive SCT had a hospitalization rate of 19%,
which was more than double the outpatient management rate
of 8.3%. Additionally, we found a statistically significant
association between positive SCT results and hospitalization (p
< 0.001). These findings call for more research on diagnosis,
care, and treatment to improve patient outcomes, prevent
complications, and reduce hospitalizations.

The determination of QNS rates serves as a primary metric for
assessing the quality of pre-analytical sweat collection. The
QNS rates observed in our laboratory were well below the
thresholds recommended by the Cystic Fibrosis Foundation
(<10% for infants <3 months and <5% for older children) [10],
reflecting strong adherence to preanalytical quality standards.
These results provide strong evidence of the high technical
proficiency of our laboratory staff. Furthermore, while literature
suggests that physiological variables like body weight or skin
condition can influence volume [2, 18, 29], our statistical
analysis demonstrated that age (p=0.315), gender (p=0.587),
and clinical symptoms (p=0.315) did not compromise sample
adequacy. This stability across diverse pediatric subgroups
underscores the robustness of our standardized collection
protocols.

Conclusions

In this single-center referral cohort, sweat testing yielded
normal results, with an overall positive rate of 11.3% and low
QNS rates that benchmark favorably against published targets.
Expanding access to early-life evaluation (including broader
screening availability), strengthening referral pathways, and
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maintaining high-quality sweat testing procedures may support
earlier CF diagnosis and improved outcomes.
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“Corresponding Author: Objectives: To establish population-specific reference
Sibtain Ahmed intervals (RIs) for serum 25-hydroxyvitamin D [25(OH)
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Department of Pathology and Laboratory Medicine approach, and to evaluate the prevalence of vitamin D
Aga Khan University, Karachi, Pakistan deficiency across age and sex strata.
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Methods: This retrospective study analyzed serum 25(OH)
D levels from 201,625 individuals aged >18 years who
underwent testing at a tertiary care center over five years.
Data were extracted from electronic medical records.
Serum 25(OH)D was measured via chemiluminescent
immunoassay (DiaSorin Liaison), with internal and external
quality controls. The refineR algorithm with modBoxCox
transformation was used to derive Rls. Statistical analysis
Keywords was conducted using R software.

Vitamin D, Reference interval, Pakistan Classification

Description, Metabolism, Endocrinology, Vitamin D Results: The median serum 25(OH)D level was 17.2 ng/

mL, with 25.7% of individuals classified as deficient (<20
ng/mL), and 33% severely deficient (<12 ng/mL). Vitamin
D deficiency was more pronounced in men and younger
adults. Reference intervals derived using modBoxCox
transformation were 10.3-51.5 ng/mL for females and
6.1-50.6 ng/mL for males. Notably, females demonstrated
higher vitamin D levels across all age groups compared to
males.

Conclusion: This study presents large-scale, data-driven
estimated reference intervals for 25(OH)D in Pakistan using
an indirect approach. The findings highlight a high burden of
vitamin D deficiency, particularly among men and younger
adults, and reinforce the need for localized reference values
to improve diagnostic accuracy. These insights support the
development of targeted screening and supplementation
strategies, and the reevaluation of clinical thresholds based
on population specific data.

eJIFCC2026V 0l 37No4pp601-608



mailto:Sibtain.ahmed@aku.edu 
mailto:sukhes.biochemistry%40aiimsbhopal.edu.in%20?subject=

Population-Based Indirect Reference Intervals for 25-Hydroxyvitamin D

Introduction

Vitamin D is fat soluble vitamin that essential for maintaining
physiological homeostasis, particularly in calcium and
phosphorus metabolism, and bone health through the regulation
of bone mineralization. Beyond its classical role in skeletal
function, vitamin D exerts significant immunomodulatory
effects by influencing the activity of T and B lymphocytes.
These actions suggest broader function of vitamin D in
managing both innate and adaptive immune mechanisms. A
growing body of evidence suggests that insufficient levels

of vitamin D may contribute to the development of several
autoimmune conditions such as multiple sclerosis and type

1 diabetes by affecting immune regulation and promoting
inflammatory responses [1].

Vitamin D is primarily found in two variants: ergocalciferol
(D2) and cholecalciferol (D3). The D2 form is made when
ultraviolet B (UVB) radiation interacts with ergosterol,

a compound present in fungi, yeast, and certain plants. It

can also be obtained from plant-derived sources such as
mushrooms. In contrast, vitamin D3 is formed in the skin when
7-dehydrocholesterol is exposed to UVB radiation, and it is
also present in animal-derived foods such as cod liver oil. After
entering the body, whether obtained from the diet or produced
by the skin, vitamin D2 and D3 (collectively termed calciol)
attach to a transport protein known as vitamin D-binding
protein (VDBP) in the bloodstream. This complex then travels
to the liver, where vitamin D undergoes its first hydroxylation
step, converting it into 25-hydroxyvitamin D, the primary
circulating form found in blood. Subsequently, a second
hydroxylation occurs in the kidneys, resulting in the formation
of calcitriol, or 1,25-dihydroxyvitamin D the biologically active
version which then binds to vitamin D receptors to carry out its
functions [2].

Different health authorities have issued varying
recommendations for vitamin D, but a common consensus is
that most people maintain adequate levels when their serum
25-hydroxyvitamin D [25(OH)D] concentration reaches at
least 50 nmol/L (equivalent to 20 ng/mL). According to the
National Academies of Sciences, Engineering, and Medicine,
vitamin D levels under 12 ng/mL (30 nmol/L) are classified as
deficient, while concentrations ranging from 12 to 20 ng/mL
(30-50 nmol/L) may not be sufficient for certain individuals
[3]. The European Food Safety Authority (EFSA) and the
Nordic Nutrition Recommendations also support a threshold
of 50 nmol/L as adequate for the general population [4]. The
Endocrine Society previously categorized vitamin D deficiency
in 2011 as having serum 25(OH)D levels below 20 ng/mL (50
nmol/L). However, in its 2024 revision, the organization shifted
away from using a universal threshold, instead promoting a
more personalized evaluation approach [5].

Research shows that low 25(OH)D are prevalent across

the world. Approximately 40.4% of European individuals

have serum 25(OH)D concentrations under 50 nmol/L, and
roughly 13% experience more severe deficiency, with levels
falling below 30 nmol/L (equivalent to 12 ng/mL) [6]. In the

United States, around 5.9% of the population experiences
severe 25(OH)D deficiency, while in Canada, the figure is
approximately 7.4% [7,8]. In Pakistan, inadequate 25(OH)

D levels are a major public health issue, influenced by factors
such as insufficient sunlight exposure, cultural norms, and

poor dietary intake across various segments of the population.
Pakistan has the highest incidence of adult vitamin D deficiency
in South Asia (73%), with a mean level of 17.93 ng/mL [9].

Clinicians depend on established reference intervals (RIs) to
accurately interpret laboratory test results. Traditionally, these
RIs have been determined using direct methods outlined by

the Clinical and Laboratory Standards Institute (CLSI), which
involve selecting a well-defined group of healthy individuals
who meet strict criteria. The reference range is typically defined
by the values between the 2.5th and 97.5th percentiles [10].
However, more recent advances favor indirect methods that
analyze large datasets often exceeding 50,000 samples drawn
from routine clinical data stored in laboratory information
systems. These approaches have proven to be more precise than
traditional methods that rely on just 120 samples. An innovative
approach, known as the refineR algorithm, applies inverse
modeling techniques to more precisely calculate reference
intervals (RIs), even when data distributions are skewed or
normal. Research indicates that refineR is capable of generating
RIs that closely align with those obtained through traditional
direct methods, making it a useful and efficient option for
clinical laboratories [11].

There is a lack of population-specific reference intervals that
accurately reflect the 25(OH)D status of healthy individuals in
Pakistan. Most available reference values are based on direct
sampling of limited, often non-representative populations, or
extrapolated from Western data, which may not be appropriate
for local demographics due to ethnic, environmental, and
lifestyle differences. To address this gap, our study aims to
leverage the power of big data and apply the RefineR algorithm,
an indirect statistical approach, to establish more accurate and
representative reference intervals for serum 25(OH)D in the
Pakistani population. By analyzing a large dataset from routine
laboratory results, this study seeks to establish evidence-based
reference intervals that more accurately represent the overall
health status of the general population.

Methods

Study design

This retrospective, observational study examined serum
samples from individuals who had received inpatient or
outpatient care at a tertiary hospital over the preceding five-
year period from 01/01/2018 to 31/12/2022. This study was
exempted by the institutional ethical committee of Aga Khan
University (2023-8678-25064) and the study was performed
using anonymized data set in accordance with the Declaration
of Helsinki.
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Data collection

Information including patient sex, age, date of testing, and
clinical department was retrieved from electronic health
records and systematically categorized. Initially, data from
273,240 individuals over a five-year period were considered.
To avoid duplicate entries, if multiple 25(OH)D measurements
were recorded for a patient on the same day, only the earliest
result was retained, and subsequent ones were excluded.
Before conducting statistical analysis, the dataset was refined
by removing patients aged <18 and any entries lacking

key demographic or clinical information. After removal of
duplicates and data of patients less than 18, the remaining data
included in the final analysis was 201,625 patients. As this
was a retrospective study based on routine laboratory data,

no explicit clinical exclusion criteria (e.g., chronic kidney
disease, liver disease, malabsorption syndromes, or vitamin

D supplementation) could be applied due to limitations in
available metadata. Therefore, the dataset likely includes both
healthy individuals and patients with underlying conditions
affecting vitamin D status. However, the refineR indirect
method is specifically designed to analyze mixed populations
and estimate the underlying non-pathological distribution by
minimizing the influence of extreme values.

Serum vitamin-D analysis

Serum 25(OH)D concentrations were measured using the
Liaison analyzer (DiaSorin Inc., USA), which employs a
chemiluminescent immunoassay method. The assay featured an
analytical range of 4.0 to 150 ng/mL. Internal quality control
was maintained by including two levels of control materials
with each sample run. External quality assurance was ensured
through participation in the College of American Pathologists
(CAP) proficiency testing, conducted three times annually
over the course of the study. All results from these external
assessments were within acceptable performance criteria.

Table 1: Stratification of data according to age group and gender.

Age group Female
18-44 76,619
45-65 47,627
>65 13,909
Total 138,155

Data management and statistical analysis

Following data validation, statistical analyses were conducted
using R software (version 4.4.1). The refineR package was
utilized to estimate reference intervals (RIs) for serum 25(OH)
D. Continuous data were described using either the mean and
standard deviation (SD) or the median with interquartile range
(IQR) depending on the distribution. Categorical variables were
reported as counts and corresponding percentages.

The refineR algorithm accessible as a free R package is
designed to derive RIs from real-world datasets that include
both healthy and abnormal results. For datasets with

skewed values, it uses the modified Box-Cox (modBoxCox)
transformation, which incorporates an additional parameter,
utilized to better normalize the data and improve RI accuracy

[11].

Results

The mean age of the individuals in this study was
approximately 55.5 years. Among the total population,
females accounted for 68.51% (138,155 individuals), while
males made up 31.49% (63,470 individuals) Table 1. The
median serum level of 25(OH)D was measured at 17.2 ng/
mL, with an interquartile range of 9.94 to 26.7 ng/mL. The
mean concentration was calculated to be 21.58 ng/mL, with
a standard deviation of +17.28 ng/mL. According to the
Endocrine Society’s 2011 criteria, 25.7% (51,896 individuals)
exhibited vitamin D deficiency (<20 ng/mL or <50 nmol/L),
20% (40,393 individuals) were categorized as insufficient
(21-29 ng/mL or 52.5-72.5 nmol/L), and 21.2% (42,725
individuals) had adequate levels (=30 ng/mL or >75 nmol/L).
Furthermore, a severe deficiency (<12 ng/mL or <30 nmol/L)
was observed in 33.03% (66,611 individuals) of the cohort
(Table 2).

Male ‘ Total
27,939 104,558
25,820 73,448

9,711 23,620
63,470 201,625

eJIFCC2026V 0l 37No4pp601-608




Population-Based Indirect Reference Intervals for 25-Hydroxyvitamin D

Table 2: Percentage of serum [25(OH)D] results indicating severe deficiency, and insufficiency.

Age group ‘ Vitamin D status ‘ Females (76,619) ‘ Males
Severe deficiency 29,959 (39.1%) 11,603(41.5%)
Deficiency 18,319 (23.9%) 8,382 (30%)
18-44
Insufficiency 13,409 (17.5%) 4,080 (14.6%)
Sufficiencyw 14,932 (18.7%) 3,874 (13.6)
Severe deficiency 12,555 (26.4%) 7,937 (30.7%)
Deficiency 11,800 (24.8%) 7,926 (30.69%)
50 Insufficiency 11,547 (24.2%) 5,093 (19.7%)
Sufficiency 11,725 (24.6%) 4,864 (18.9%)
Severe deficiency 2,498 (18%) 2,059 (21.2%)
Deficiency 2,911(20.9%) 2,558(26.3%)
w0 Insufficiency 3,763 (27.1%) 2,501 (25.8%)
Sufficiency 4,737 (34%) 2,593 (26.7%)

A total of 201,625 serum 25(OH)D samples were analyzed
using the refineR approach to determine optimal reference
intervals (RIs). Due to the right-skewed nature of the dataset,
standard statistical techniques were less appropriate. Therefore,
a modified Box-Cox (modBoxCox) transformation was applied
to our study cohort. The modBoxCox method adjusts for this
imbalance by transforming the data into a shape that is closer
to normal distribution, allowing for more precise calculation of
reference intervals and better representation of the population’s
25(OH)D status.

Females

For females (n = 138,155), the reference intervals derived
from the overall dataset after applying the modBoxCox
transformation showed a lower limit (LL) of 10.3 ng/mL (95%
CI: 7.37-11.7 ng/mL) and an upper limit (UL) of 51.5 ng/

mL (95% CI: 44.9-66.9 ng/mL). Distribution of 25(OH)D in
females is depicted in Figure 1.

Table 1: Distribution of test results in females.

Vitamin D in adult females
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For the male subgroup (n = 53,024), the estimated reference
interval for serum 25(OH)D levels ranged from a lower limit

Figure 2: Distribution of test results in Males.

Vitamin D in adult males

50.6

of 6.1 ng/mL (95% CI: 2.36-7.36 ng/mL) to an upper limit of
50.6 ng/mL (95% CI 41.8-54.7ng/mL). Distribution of 25(OH)
D in males is depicted in Figure 2.

rReference Intervals

Concentration [ng/ml]

Tower Timit [ 2.5% perc]: 6.1 (2.36; 7.36)
upper Timit [97.5% perc]: 50.6 (41.8; 54.7)
Model Parameters
method: refiner (v1.6.2)
model: modBoxCox
N data: 63470
N bootstrap: 200
rounded: yes (base: 0.01)
point est: fullpataEest
lambda: 0.049
mu: 2.92
""" T T T sigma: 0.696
80 90 100 shift: 1.61
cost: -22.9
NP fraction: 0.845

Discussion

Vitamin D deficiency is widely acknowledged as a major
global health issue, affecting not only bone strength but also the
immune system and the risk of developing long-term illnesses.
In regions like South Asia, particularly Pakistan, deficiency
rates remain alarmingly high across all age groups, despite
abundant sunlight [9,12]. This paradox is often linked to several
contributing factors, including insufficient exposure to sunlight,
cultural norms involving modest clothing, inadequate dietary
sources of vitamin D, and darker skin tones [13]. Although
many studies have documented prevalence of vitamin D
deficiency in Pakistan, there remains a clear gap in establishing
standardized reference intervals tailored to the local population.
Currently, most clinical evaluations are based on ranges derived
from Western cohorts, which may not adequately account for
the unique environmental and physiological characteristics of
Pakistani population. This gap hampers accurate diagnosis,

risk stratification, and the formulation of effective public health
strategies.

This study presents a large-scale population-based analysis
generating indirectly derived, data-driven reference interval
estimates for 25(OH)D in Pakistan, utilizing data from over
200,000 individuals stratified by sex and age. The findings
offer critical insights into the national burden of vitamin D
deficiency, highlight notable sex- and age-based differences,
and underscore the urgent need for targeted public health
interventions.

When stratified by age, the data reveals that younger adults
(18—44 years) constitute the largest proportion of the tested
population. Among them, severe deficiency (<12 ng/mL) was
alarmingly common, 39.1% of females and 41.5% of males.

This is consistent with the available literature reporting that
young adults have high prevalence of vitamin D deficiency
[14]. These findings are concerning given that this age

group represents the most economically productive segment
of the population and suggests that early-life vitamin D
supplementation or dietary interventions may be lacking.

In the 45-65 age group, the prevalence of severe deficiency
slightly declined, possibly due to increased health awareness
or supplementation with age. However, a significant proportion
still remained either deficient or insufficient. The elderly group
(>65 years) showed the lowest rates of severe deficiency,
though this might reflect survivorship bias or greater medical
attention and supplementation in this age group. Studies show
that prevalence of vitamin D deficiency is less among the

age group above 65 years [15,16]. Notably, sufficiency was
most prevalent in this age group among females (34%). The
vitamin D status reported in this Pakistani cohort is indicative
of a widespread deficiency, with patterns similar to those
observed in other South Asian countries [9]. However, the
higher rates of severe deficiency among men is particularly
striking and contrast with trends in other populations, where
women typically show higher rates of deficiency [17]. These
differences may stem from lifestyle, socioeconomic, and
cultural factors unique to Pakistan, such as dietary patterns low
in vitamin D-rich foods, limited sun exposure, and a lack of
fortification policies.

To derive epidemiologically sound, population-based
reference intervals (RIs) for serum 25(OH)D, we employed
the refineR indirect method, modified Box-Cox (modBoxCox)
transformations. This approach allows for modeling of non-
pathological distributions within large clinical datasets by
identifying the main distribution peak and estimating the

eJIFCC2026V 0l 37No4pp601-608




Population-Based Indirect Reference Intervals for 25-Hydroxyvitamin D

parameters of a transformed normal distribution. In our dataset,
which included over 200,000 individuals, the distribution of
vitamin D levels was right-skewed, warranting the application
of a two-parameter modBoxCox transformation, in line with
recommendations by Ammer et al. [18].

Using this approach, we obtained refined reference intervals
for 25(OH)D across different age and sex strata. For the

entire population, modBoxCox transformation yielded a
lower reference limit (LRL) closer to the clinically significant
deficiency threshold of 12 ng/mL, strengthening the clinical
relevance of the calculated RIs. Specifically, as seen in

our histogram-based plots (Figure 2), the modBoxCox-
derived LRLs aligned with early signs of hypovitaminosis

D, confirming its suitability for Pakistani populations where
right-skewed distributions are common due to high deficiency
prevalence. The calculated reference intervals demonstrate

a clear sex-based disparity. Women (n = 138,155) exhibited
higher lower limits (LL = 10.3 ng/mL) and upper limits (UL
=51.5 ng/mL) compared to men (n = 63,470), who showed
an LL of 6.1 ng/mL and UL of 50.6 ng/mL. These findings

are consistent with previous studies indicating gender-related
differences in vitamin D metabolism [19]. The wider range and
lower LRL in men suggest a greater prevalence of suboptimal
vitamin D status among males, which is further supported by
the distribution patterns observed in the histograms.

Notably, the reference intervals derived via modBoxCox
transformation closely matched those obtained via standard
transformation methods, but offered greater alignment with
biological plausibility and clinical thresholds. For example,
among females, the modBoxCox-derived LRL was 10.3 ng/mL,
while for males it was 6.1 ng/mL, values that mirror the levels
below which physiological symptoms may occur and are closer
to the sever deficiency cut off (<12ng/ml). This reinforces the
applicability and transferability of modBoxCox-derived RIs
to clinical settings, especially in low-resource contexts where
direct recruitment of healthy reference populations may not be
feasible. A recent cross sectional study by Usama et al. (2024)
focused on determining reference ranges for serum 25(OH)

D levels tailored to the population of Peshawar, Pakistan. The
researchers determined a reference range of 6.43—45.0 ng/mL
(2.5th—97.5th percentile) for 25(OH)D. This study however
utilized data from only 200 adults aged 18-54 from Peshawar,
limiting the applicability of the data [20]. A study by Peralas-
Afan et al. underscored the importance of seasonal differences
in the vitamin D levels whereby the median vitamin d levels
were higher in summer than winter. One of the reason ins
possible low penetrance of UV light in winter season [21,22].
The authors suggest that 25(OH)D levels above 12.0 ng/

mL may be sufficient for a healthy population, challenging
the prevailing notion of a widespread vitamin D deficiency
pandemic. This perspective advocates for a more refined
interpretation of vitamin D sufficiency, potentially reducing
unnecessary supplementation [22].

The findings have major implications for clinical practice

and public health policy. First, the establishment of locally
derived RIs provides a more accurate benchmark for
diagnosing deficiency in Pakistani populations. Second, the
high prevalence of deficiency and insufficiency in all age
groups, particularly among men and younger adults, supports
the need for routine screening, community education, and
national supplementation programs. Moreover, these results
call for a re-evaluation of current diagnostic thresholds used in
clinical labs across Pakistan, which are often based on Western
reference standards. A locally adapted approach to diagnosing
and managing vitamin D deficiency could help mitigate long-
term health outcomes, including bone disorders, immune
dysfunction, and cardiometabolic diseases.

One of the key strengths of this research lies in its extensive
sample size and the detailed analysis stratified by age and
gender, enhancing the reliability and applicability of the
results. The application of the modBoxCox transformation
contributed to the accurate determination of reference intervals.
Nonetheless, there are certain limitations to consider. This
study has several limitations. First, the dataset was derived
from a tertiary care center and likely includes symptomatic
individuals and patients undergoing testing due to suspected
vitamin D deficiency, introducing potential selection bias. As a
result, the assumption of a strictly healthy reference population
is not fully met. Second, due to the retrospective design and
lack of detailed clinical metadata, we were unable to exclude
individuals with conditions known to affect vitamin D levels,
such as chronic kidney disease, liver disease, malabsorption
syndromes, or use of vitamin D supplementation. These
factors may have influenced the distribution of 25(OH)D
concentrations. Although the refineR algorithm is designed

to account for mixed populations by estimating the central
non-pathological distribution, the derived intervals should be
interpreted as statistical estimates rather than true physiological
reference intervals. Lastly, seasonal variation in vitamin D
levels was not accounted for and may represent an additional
confounder. Since the study relied on retrospective data,

there is a possibility of selection bias, particularly because
individuals tested for vitamin D levels may have already been
suspected of having deficiencies. Moreover, the influence

of seasonal changes on vitamin D concentrations was not
accounted for, indicating a potential area for investigation in
future studies.

Conclusion

This study provides large-scale, data-driven estimated reference
intervals for serum 25(OH)D in a Pakistani population using

an indirect approach. While these findings offer important
insights into population-level vitamin D status and highlight a
high burden of deficiency, the intervals should be interpreted

as indirectly derived statistical estimates rather than definitive
physiological reference intervals. Further prospective studies
with well-characterized healthy populations are required for
external validation before clinical implementation
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Background: Clinical laboratories play a vital role in
diagnosis and management of patients. They use established
protocols for sample collection and analysis, and several
criteria to judge the quality of clinical samples intended for
laboratory analysis. Two essential performance measures
recommended for clinical laboratories are rejected samples
and turnaround time (TAT), which have substantial clinical
consequences for patient safety. This study evaluates these
two measures in the hematological departments among the
two biggest Palestinian Governmental Hospitals in the West
Bank region, the Palestinian Medical Complex Hospital
(PMCH), and the Hebron Governmental Hospital (HGH).
This study is the first one to evaluate the rejected samples
from Palestinian governmental hospitals.

Methods: A retrospective analysis of rejected hematology
samples was conducted over eight months (February—
September 2023). Rejection frequencies, causes, and their
influence on TAT were assessed according to the Ministry of
Health guidelines.

Results: PMCH exhibited a significantly higher rejection
rate (2.1%) than HGH (1%), primarily due to clotted EDTA
and Na-citrate tubes. The TAT for rejected samples was
longer at HGH (over 10 hours) than at PMCH (5—6 hours).

Conclusion: The study revealed a high specimen rejection
rate, and prolonged TAT for EDTA samples, with
approximately 40% of rejected samples not repeated within
24 hours. These findings provide baseline data to guide
future quality improvement initiatives, staff training, and
standardization of preanalytical procedures, ultimately
enhancing laboratory quality and patient safety. Larger-scale
studies are recommended to further investigate the factors
contributing to sample rejection and inform corrective
measures.
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Introduction

The healthcare system is a growing sector [1]. Medical
Laboratory generate the most significant portion of structured
data in all medical disciplines [2]. Therefore, it is crucial that
all laboratory data reported be accurate, precise, and valid

to yield reliable results [3]. When selecting performance
measures, it is important to consider those with the greatest
impact on patient care, areas where improvements are more
feasible, and those that are prone to frequent errors [4].

To avoid providing inaccurate results or failed testing, the
laboratory should have clear criteria for sample acceptance
[5]. Accrediting agencies, such as ISO 15189, require
laboratories to implement standardized criteria for sample
processing and to enforce a sample rejection system [5, 6].
ISO 15189 accreditation involves standardized procedures

for sample collection, handling, and documentation; regular
internal audits; staff competency assessments, and validation
of analytical methods to ensure reliable results and continuous
improvement of laboratory performance [5, 6].

Clinical laboratories worldwide have established protocols for
sample collection and analysis, as well as several criteria, to
judge the quality of the samples for analysis [7]. Two essential
performance measures recommended for clinical laboratories
are rejected samples and TAT [8]. Sample rejection has

many reasons, which vary between laboratories [9]. Some
rejection criteria are common to all laboratories, including:
insufficient specimen collection, labeling errors, missing
information on the request form, incorrect requests, clotting,
inadequate sample volume, improper tubes, hemolysis, and
incorrect transportation or storage temperatures [9]. Clotted
and hemolyzed samples are the most common causes of
sample rejection [9]. These errors are due to inadequate or
incorrect knowledge and skills in performing venipuncture,
and inadequate training for phlebotomists [10]. Supplementary

Table 1 presents the different types of samples and their
rejection criteria. Hence, specimen rejection has significant
clinical implications for patient care, including the discomfort
of re-drawing blood, potential complications such as iatrogenic
anemia or hematoma, delay in TAT, and result reporting [11].
Therefore, addressing opportunities in the preanalytical phase is
helpful in influencing cost-effectiveness, improving quality, and
increasing customer satisfaction [9].

The laboratory technician who receives the sample is
responsible for evaluating it according to the established criteria
[12]. If a sample is rejected, the laboratory will notify the
department where the patient resides. The notification should
include the patient’s information and reason for rejection.
Moreover, this should be recorded clearly, as established by
laboratory and hospital policies, which are critical for sample
tracing and feedback evaluation [12]. However, the decision to
replace the sample or cancel the order should be made by the
physician responsible for the patient [12]. (Figure 1) describes
the laboratory staff who receive the sample and the process of
accepting or rejecting the samples.

TAT indicates the efficiency of the laboratory workflow process
[13]. Furthermore, it marks the timeframe for clinicians to plan
the management of their patients upon receiving the laboratory
results. Hospital Management uses TAT compliance as one

of the two yardsticks to evaluate the efficiency of laboratory
services [14]. Therefore, this study aimed to evaluate the
percentage of rejected samples and TAT in the hematological
departments of the two largest Palestinian Governmental
Hospitals in the West Bank region. This is the first study in the
Palestinian Ministry of Health (PMOH) to systematically assess
pre-analytical quality indicators in hematological and routine
coagulation testing across two major tertiary governmental
hospitals.

Figure 1: Steps of the sample recipient by the laboratory staff and the process of whether accepting or rejecting the samples in

hospital laboratories.

Reciving

sample

No

|

Processing

Informing the
department
team

!

| Reporting

requesting

new sample
to replace the

rejected one

documentation
of the sample

rejection

new sample
replacement

eJIFCC2026V 0l 37No4pp609-620




Rejected Samples Comparison Evaluation

Methods

Study Design

This retrospective study was conducted in the Hematology
Departments in the laboratories of Palestinian Governmental
hospitals. The rejected sample documentation was evaluated, as
described in the PMOH regulations. This study was conducted
between February 2023 till September 2023. This period was
specifically chosen because Hebron Governmental Hospital
(HGH) began documenting rejected samples in February 2023.
The hospitals’ included in this study were the HGH in Hebron,
which has 237 beds, provides medical services for more than
700,000 people, and the Palestinian Medical Complex Hospital
(PMCH) in Ramallah, which has 312 beds, and provides
services for more than one million people. Both hospitals are in
the process of being accredited by ISO15189 [6] and follow the
same sample acceptance and rejection policies, as established
by internal regulations implemented by PMOH.

Data Collection

All data were collected manually from the Avicenna Hospital
Information System (HIS) and manual documents. Based on
the PMOH criteria for sample rejection, all samples received
in the lab and rejected based on the rejection criteria will

be documented on the respective form. Some technicians
document the rejection reason on HIS, and sometimes will
document the rejection on both. This study followed samples
rejected in the Hematological department of the hospital
laboratories for EDTA samples, which are mainly used

for testing Complete Blood Count (CBC), and Na-citrated
tubes, which are mainly used for coagulation tests, including
Prothrombin Time (PT), and Activated Partial Thromboplastin
Time (APTT).

The other parameter evaluated was the TAT. Because the
rejected samples will not be reported immediately, and new
samples will be requested to be repeated, the value of the TAT
will be evaluated for two time points. The sample TAT of

the results from the first request time until the final report is
referred to as True TAT. The sample TAT, extending from the
receipt of the new sample until the final reporting is referred to
as Actual TAT.

Data Analysis and Statistics

Results were presented using the mean percentage from each
month of rejected samples per month, then the graphs were
plotted using the Mean + Standard Deviation (SD) of the
evaluated period. Significant differences between groups were
evaluated using the student’s independent t-test and P-value, in
which significance was considered as P*<(0.05, P**<(.01, and
P***<(0.001.

Ethics Approval and Consent

The study protocol was approved by the Birzeit University
Scientific Research Committee. Then approved by the
Palestinian Ministry of Health, the Medical Laboratories
Department (No. 2024-353). All patients’ data were

anonymized and handled with high confidentiality.

Results

Evaluating the Rejected Samples Percentage and
Documentation in the Hematology Departments in HGH
and PMCH

The samples were collected from various departments in both
hospitals, between February and September in the year 2023.
The total number of blood samples received by the hematology
departments in the HGH hospital laboratory during the study
period (8 months) were 61,254 samples, and at the PMCH
hospital laboratory, there were 56,243 samples, as presented in
(Supplementary Figure 1A).

From these samples received in the hematology departments,
640 samples were rejected at the pre-analytical stage

and weren’t processed in HGH, and 1,157 in PMCH
(Supplementary Figure 1B). The percentage of rejected samples
in these hospitals was 1% + 0.18 per month at the HGH, while
it was 2.1% =+ 0.42 per month at the PMCH (Supplementary
Figure 1C). By distributing the samples depending on the tube
type of EDTA tubes or Na-Citrated tubes, it was found that

the mean percentage of rejected EDTA samples was 1.8% per
month at PMCH compared to 0.8% per month at HGH (Figure
2A).

The mean percentage of rejected Na-citrated samples was 5.9%
per month at the PMCH, compared to 2.9% per month at the
HGH (Figure 2A).

By investigating the distribution of the percentage of the
rejected samples by referring to the wards at the hospitals, the
highest mean percentage of the EDTA and the Na-citrated tubes
was at the PMCH hospital, as presented in (Supplementary
Figure 2). The main criteria for sample rejection in both the
PMCH and the HGH were Clotted, Insufficient (had less
volume than needed), Hemolyzed, Incorrect sample, Overfilled
samples, Diluted blood samples with intravenous fluids, and
samples collected from patients and received in the laboratory
without a request for laboratory testing. At the PMCH and
HGH laboratories, the main rejection criteria were the clotted
samples in the EDTA tubes, with a percentage of 11.2% and
11.9% per month, respectively, as presented in (Supplementary
Figure 3).

Tracking the rejected samples’ documentation throughout the
study period (Figure 2B, C, D), revealed an inconsistency in the
documentation process. Part of the samples were documented
properly on the rejected files manually, with a percentage of
8.2% at the PMCH and 3.4% at the HGH (Figure 2B), while
rejected samples documented only on the HIS software were of
4.3% at the PMCH and 9.1% at the HGH (Figure 2B). On the
other hand, rejected samples were documented by both systems
(paper and HIS) in 1.4% and 2.4% of the rejected samples at
PMCH and HGH, respectively (Figure 2C).
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Figure 2: Evaluating the Rejected Samples Percentage and Documentation in the Hematology departments in HGH and PMCH.
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(4) Comparison of the mean percentage of the total rejected EDTA tubes in the Hematology departments of both hospitals and the comparison of the mean

percentage of the rejected Na-Citrated samples in the Hematology departments of both hospitals per month in the period Feb —Sep 2023. (B) Frequency

of the rejected samples documentation using the manual paper documentation method in both hospitals, the HGH (blue column) and the PMCH (yellow
column). (C) Frequency of the rejected samples documentation on the HIS software in both hospitals. (D) Documentation of the rejected samples on
both the paper documents and the HIS software at the same time, in both hospitals. Results are represented as mean+SD per month of the study period.
Significant difference was evaluated using independent T. Test, * P < 0.05, *** P < 0.001.

Evaluating the TAT for the Rejected Samples in PMCH and
HGH, Concerning the Critical Values

The average of the TAT for the EDTA tubes or the Na-citrated
samples at the PMCH was significantly lower than that at the
HGH, where the true TAT were 6 hours and 52 minutes at the
PMCH and 10 hours and 38 minutes at the HGH. While for

the Na-citrated samples, the average TAT was 5 hours and 1
minute for the PMCH and 10 hours and 59 minutes at the HGH
(Figure 3A). On the other hand, the Actual TAT of the EDTA
tube samples was 27 minutes at the PMCH and 19 minutes at
the HGH, but for the Na-citrated samples, the average TAT was
34 minutes at the PMCH and 41 minutes at the HGH (Figure
3B), the results showed no statistically significant difference.
Evaluation of the critical values’ TAT is an essential step in

evaluating the efficiency of the laboratory. Investigating the
values reported for the rejected samples after resending them
showed that the percentage of rejected samples reported as
critical values was 7.8% in the PMCH for the EDTA tubes
and 3.1% for the HGH (Figure 3C). The critical values for
the Na-citrated samples were less than those for the EDTA,
since for the PMCH it was 0%, but for the HGH it was 0.6%,
(Figure 3C). By investigating the time needed to report these
critical values, we calculated the true TAT for both hospitals
and showed that both were close in these results with almost
6 hours for both of them, while the actual TAT was less at
the HGH (15 minutes), compared to the PMCH (1 hour and
37 minutes) (Figure 3D), the results showed no statistically
significant difference.
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Figure 3: Comparison of the TAT for the rejected samples in PMCH and HGH, concerning the critical values.
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(4) True TAT average of the rejected samples of the EDTA samples and the Na-Citrated samples in the PMCH and the HGH. The blue columns represent
HGH, and the yellow columns represent PMCH. (B) Actual TAT average of the rejected samples of the EDTA samples and the Na-Citrated samples in the
PMCH and the HGH. (C) Critical value frequency for the rejected samples upon being repeated, for EDTA and Na-citrated samples in PMCH and HGH.
(D) True TAT for critical values reported after repeating the rejected samples by calculating the True and Actual TAT, at the PMCH and HGH. *P < (.05,

P < 0.01.

Rejected Samples but not Repeated Within 24 Hours

The most direct consequence of specimen rejection is the need
to collect a new specimen for the patient to replace the rejected
sample. Recollecting samples from patients is challenging;
sometimes patients refuse to give blood samples again, or they
have been discharged from the hospital, or even the healthcare

person in charge will not collect another sample for any reason.

As a result, these patients receive no results for the originally
ordered tests. By comparing the hospitals enrolled in the study,

the PMCH and the HGH, both had almost similar frequencies
for no results for repeated samples. In total, 37.6% of rejected
samples remained without results in PMCH, meaning that no
second samples were prepared to replace the rejected ones,
while this frequency was 46.6% in the HGH (Figure 4A).
Further analysis of rejected samples that remain without results
revealed that no significant difference was observed for EDTA
and Na-citrated samples in both PCMH and HGH (Figure 4B).
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Figure 4: Rejected Samples without repeating sampling within 24 hours.
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(4) The graph represents the frequency of rejected samples, that have no reported results within 24 hours, the blue columns represent the HGH, and the

yellow columns represent the PMCH. (B) Graph represented the frequency of the rejected samples of the EDTA or Na-citrate samples, comparison between

the PMCH and HGH.

Discussion

Quality control (QC) monitors the total testing process to
consider and identify laboratory errors, which ensures accurate
and reliable results and increases confidence in laboratory
performance [15]. Institutions that adopt patient safety
measures, and implement corrective interventions, can make
healthcare safer for patients and healthcare workers. This can
happen by identifying the factors and events contribute to
medical errors. Developing multifaceted prevention protocols
and implementing these strategies at various healthcare levels
[16].

Recently, research highlighted that one of the most important
QC measures in medical laboratories is the rejection of
samples. These lead to delays in sample analysis and prevent
clinicians from providing timely management to their patients,
which negatively impacts patients’ outcomes [17]. In our study,
we chose the PMCH in Ramallah, and the HGH in Hebron.
Rejected samples’ records in the hematology laboratory

were evaluated from different perspectives to understand the
main sources of errors, as well as to understand the possible
correction measures that should be taken. This study revealed
a significant number of rejected samples, which are likely to
result in delays in diagnosing and treating patients.

The results were compared to other countries; a recent
comprehensive meta-analysis study reported an average
percentage of blood sample rejection of 1.99% [9]. Another
study from Malaysia reported a high sample rejection rate

of 3.38% in the hematology department [17]. While recent
reports from Saudi Arabia showed a sample rejection rate of
1.3% in the hematology department [18]. Correspondingly, the
rejected sample rate in the Palestinian MOH-related hospitals is
considered similar to the average percentages reported in other

countries. This reflects the increased quality of follow-ups of
the system. Alternatively, this decrease in rate can be explained
by the lack of documentation of the samples, which may need
more evaluation and follow-up within the same hospitals and an
audit from the MOH. By investigating specific tests based on
EDTA tube, the rejection rate for this sample was 0.8% at HGH
and 1.8% at PMCH, which are significantly lower compared to
studies from Lahore, and Sri Lanka, where the rejection rates
were 5.15% and 3.3%, respectively [19, 20]. Additionally,
Na—citrated samples exhibited the highest percentage of
rejection rate in the Hematology department of the investigated
Palestinian hospitals. Indeed, coagulation samples are sensitive
due to the need for a precise anticoagulant-to-blood ratio,

and timely processing to prevent clotting or degradation [21].
Several factors contribute to the variation in rejection rates,
such as type and duration of the study, sample size, rejection
criteria between hospitals, laboratory personnel awareness, and
samples received from different wards [12, 22].

By looking at the most common reason to reject the samples,
clotted samples is the highest reason in both hospitals, which
reflects a possible lack of knowledge of the phlebotomists,
according to the instructions provided by the tubes’
manufacturer [23]. Similar findings have been reported in
various studies worldwide, including those conducted in China,
Korea, India, and Malaysia, which report that the improper
mixing of the sample was the reason for blood clotting after
sample collection [12, 20, 24, 25]. Insufficient samples or
under-filling of tubes is the second reason for sample rejection
in both HGH and PMCH in the Hematology department,
consistent with the findings from the mentioned countries

[12, 20, 24, 25]. In contrast, a study done at Chughtai Lab,
Lahore [19], found that labeling errors and storage errors were
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considered the most significant reasons for rejection, followed
by diluted samples [19]. The higher frequency of insufficient
samples refers to the difficulty in collecting sufficient blood
samples from newborns, children, and ICU patients [9, 17].
Although hemolyzed samples, though not recorded in rejected
EDTA samples at HGH, remain a significant portion of all
rejected samples. To address this, hospitals should implement
internal training for phlebotomy staff [12]. Errors in test
ordering, where samples are received without a physician’s
request, also contribute to rejections. Improved communication
and cooperation between medical teams need to be addressed
[12]. At HGH, the Na-Citrate tube had more “no order”

cases compared to EDTA samples, likely due to unfamiliar
test ordering. The occurrence of ‘no order’ cases is linked

to inadequate inspection of sample collection forms and a
shortage of personnel relative to patient demand for laboratory
services [12].

Considering the complexity of the healthcare system,
documentation of records is an essential component of
communication [26]. The documentation can be paper-based,
electronic, or both. Organizations are required to establish

a clear system to track and follow patient information [27].
On the other hand, organizations should have the ability to
follow up and meet the respective standards [28]. Rejected
samples criteria at the PMOH hospitals are requested to be
documented using the paper system and per the respective
Standard Operating Procedures (SOP). By following up on
the MOH-related hospitals’ records, it was obvious that there
is no consistency in the documentation, which indicated
miscommunication between the laboratory employees and

the documentation system established by the hospital based
MOH guidelines. There was rejection data documented using
the paper documents, or the HIS, or both. This inconsistent
documentation decreases the confidence and reliability of the
whole documentation and recording of the rejection sample,
as well as for any other documents that include mistakes [3].
These mistakes and loss of credibility jeopardize patient safety
and the ability to follow up, which affects medical decision-
making [3]. However, reporting this inconsistency, it gives the
possibility that part of the rejected samples was not reported
at all. This should be evaluated in future evaluations of the
rejection system by following up on the rejection system daily
and spontaneously. From our perspective, the documentation
systems and hospital policies can be updated and improved to
reflect the hospital’s needs [13].

Sample rejection prevents sample analysis, which increases
TAT and causes delays in patient diagnosis and treatment

[9]. The rejection of samples impedes the analysis process
and necessitates new sample requests [ 14]. Moreover, timely
reporting of trustworthy results, especially critical values save
the patient’s life, and supports effective clinical decisions
[29]. By evaluating the TAT in the PMCH and HGH, the
results of the critical values were taking a very long time to
be reported since the first request time, which we referred to

as the True TAT, but it was obvious that the action to replace
the samples at the PMCH was more efficient than in the HGH,
that was taking almost twice the time needed to be reported in
PMCH. The percentage of critical values in the EDTA rejected
samples criteria was significantly higher at the PMCH, which
may need more attention and orientation for the medical staff
responsible for sample collection. In our study, the explanation
for the long true TAT may be due to the greater complexity of
very large hospitals, which could contribute to less effective
communication among healthcare staff members [30].

A significant consequence of laboratory sample rejection is
the state of “no results” available for the rejected samples.
Explanations for this include discharge of the patients before
repeated sample collection, or inappropriate communication
between the health work team. At the governmental hospitals,
laboratory testing costs are reimbursed through governmental
insurance in some cases or by the patients themselves; these
costs are supported by the MOH, so the payments are not
considered high. Even though some patients may refuse
repetitive payments. Also, patients’ rights are to refuse the
recollection of blood samples, which may jeopardize the
patient’s safety and privacy; it is much better to get the sample
properly the first time [31]. On the other hand, “no results”

of these requests highlight the probability of system abuse.
Questioning the reality of the actual need for blood collection
from the beginning. There is a probability of wasting time

for blood collection and wasting time for laboratory analysis,
additionally, exposing the system to consuming unnecessary
and expensive resources [ 15].

This study has several limitations; it was conducted only in
two laboratories in governmental hospitals, and only in the
hematology department. The research was done for the first
time in the Palestinian health system. The quality recording
system in the laboratories of the PMOH was implemented

a few months before this study was performed, and the new
regulations were determined to be present by laboratory
technicians. However, it is retrospective and depends on the
accuracy of documented records; differences in technician
experience and adherence to sample collection procedures may
have influenced rejection rates. The study aimed to document
the present situation for corrective action measures to be
implemented in the future.

Conclusion

Although this study was conducted in two Palestinian
governmental hospitals, its findings have impact on laboratories
worldwide. Pre-analytical errors are mostly preventable. As
our findings showed, the main reason for sample rejection was
insufficient communication between the healthcare team and
inadequate training. The high TAT for the rejected samples is
considered dangerous, especially when critical samples are
reported for these samples. So, documentation of the rejected
samples monthly, in addition to organizing periodic training
for new healthcare personnel, will enhance the reliability of
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laboratory test samples and results, which prevents TAT delays
and consequently improves patients’ outcomes. Advanced
training programs for laboratory employees and information
about the methods of recording should be clear enough for
laboratory technicians. Policies and regulations can be modified
as needed through the laboratory employees’ experience

and practice. Finally, modern technology usage, for keeping
documents, will be useful for tracing and highlighting errors
and mistakes, which will provide fast and efficient intervention
for correction, as well as a high level of analysis to provide
evaluation of the system quality.
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Supplementary files

Supplementary Table 1: Rejected samples criteria in the clinical laboratory department.

Clinical
Laboratory
section

Sample Rejection
Type criteria

The most common causes of rejection Consequences of the problem

1. Pseudo-thrombocytopenia.

gglttis é ilaiip:)(;‘prlll?;i:tlg;ngtrfi:iﬁ nEtl)TS' 2. False leukopenia, aberrant red cell indices.
P ' p Y gLk 3. Instrument downtime due to probe clogging [2].
Insufficient 1. Incorrect phlebotomy techniques. - Enoneous laboratory results due to improper
samples 2. Difficult venous access [1]. anticoagulant-to-blood ratio.
2. Redraws [2].
Excessive 1. Clot due to insufficient anticoagulant [2]. | 1. Erroneous laboratory results [2].
amount
. 1. Missing data. . .
Hematology EDTA iﬁzimg 2. The specimen container labeling away é Egggig: %i:;ﬁiif [d31]a ENOSIS.
(Lavender top) from the specimen collection site [2]. ' ’
Lipemic 1. Non-fasting patient. 1. Interference of fat with the optical reading of an
samples 2. Pre-existing metabolic disorders [4]. instrument leads to incorrect result reporting [4].
Hemolvsis 1. Use of inappropriate needle
Y 2. Prolonged tourniquet application 1. Interference with spectrophotometric assays [5].
samples . . .
3. Evacuation of the syringe into a tube [1].
Contaminated 1. Collection by intravenous catheters [6].
sample 2. Incorrect tube order during phlebotomy. 1. Falsely Pancytopenia [2].
P 3. Contamination with alcohol [7].
1. Overfilling causes insufficient
Clotted .
anticoagulants. 1. Erroneous laboratory results [2].
sample . ..
2. Inappropriate mixing of samples [8].
1. Missing data.
Labelling issime data. . 1. Incorrect or delayed diagnosis.
2. Label the specimen container away from
Error . . . 2. Incorrect Treatment [3].
the specimen collection site [2].
Overfilled 1. Clot due to insufficient anticoagulant.
T1‘1/§e ¢ 2. Direct free flow dripping of blood into 1. Erroneous Coagulation test results [9].
Coagulation (Blue . the tube in pediatric [8].
top) Citrated
op Collected Via LT Anti lant-to-blood rati
an indwelling [1' Oinproper nhicoaguiant-to-blood ratio 1. Erroneous laboratory results [10].
catheter '
1. Rough handling of the samples.
2. Vigorous shaking
. 3. Prolonged centrifugation.
Hemolysis ; . . Lo Lo
sample 4. Use of inappropriate needle size. 1. Significant analytical interference [5].

5. Prolong tourniquet application
6. Evacuation of the syringe into a tube [2].

eJIFCC2026V 0l 37No4pp609-620




Rejected Samples Comparison Evaluation

Supplementary Figure 1: Comparison of the distribution of the rejected samples in the Hematology.
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(4) Total number of samples received at the Laboratory'’s Hematology department at the Hebron Governmental Hospital (HGH) and the Palestine Medical

Complex Hospital (PMCH) during the study period. The blue column represents the HGH, while the yellow column represents the PMCH. (B) Total

number of rejected samples in both hospitals during the study period. (C) The mean percentage of the rejected samples in both hospitals per month. Results

are represented as mean (of the monthly percentage) + SD during the months of the study period. Significant difference was evaluated using an independent

t-test, *** P < 0.001.

Supplementary Figure 2: Frequency of the EDTA and the Na-citrated blood rejected samples, referred to the requesting
department in HGH and the PMCH hospitals, from February to September 2023.
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(4) The percentage of rejected EDTA samples in the hematology departments, by referring to the percentage distribution of these samples to the blood test

requesting word at the hospitals. HGH are presented by blue columns and the PMCH are presented by yellow columns (B) The percentage of the rejected

Na-Citrate samples in the hematology departments, by referring to the percentage distribution of these samples to the blood test requesting word at the
hospitals, throughout the study. The analyzed departments included the Medical Ward (MW), Pediatric Ward (PW), Obstetrics and Gynecology (O&G),
Intensive Care Unit (ICU), Surgical Ward (SW), Emergency Department (ED), and Kidney Unit (KU). Results are represented as mean + SD per month of
the study period. Significant difference was evaluated using independent T. Test, *P < 0.05, **P < 0.01, ***P < 0.001.
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Supplementary Figure 3: Rejection criteria distribution for EDTA and Na-Citrated blood samples in HGH and PMCH.
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(4) (Left Panel) Graph displays the frequency of each rejection criterion for EDTA samples across the PMCH and the HGH departments, within the study

period. (Right Panel) Graph presenting the percentage of the EDTA samples received to the HGH and the PMCH laboratories with no order per month.

(B) (Left Panel) The graph presents the frequency of each rejection criterion for Na-Citrated samples across the HGH and the PMCH laboratories. The

blue columns represent the HGH, while the yellow columns represent the PMCH. The rejection criteria include clotted samples, insufficient samples,

hemolysis, incorrect labeling, overfilled samples, and diluted samples. Results are represented as mean + SD per the months of the study period. Significant

difference was evaluated using an independent T. Test, *** P < (0.001.

Supplementary References

1.

Pozniak, Y., et al., System-wide clinical proteomics

of breast cancer reveals global remodeling of tissue
homeostasis. Cell systems, 2016, 2(3):172-184.
Tyanova, S., et al., The Perseus computational platform
for comprehensive analysis of (prote) omics data. Nature
methods, 2016, 13(9):731.

Gunnur Dikmen, Z., A. Pinar, and F. Akbiyik, Specimen
rejection in laboratory medicine: Necessary for patient
safety? Biochemia Medica, 2015, 25(3):377-385.

Cox, J., et al., Accurate proteome-wide label-free
quantification by delayed normalization and maximal
peptide ratio extraction, termed MaxLFQ. Molecular &
cellular proteomics, 2014, 13(9): 2513-2526.

Sasi, U., et al., Mitochondria associated membranes
(MAMSs): emerging drug targets for diabetes. Current
Medicinal Chemistry, 2020.

Copyright© 1999-2026 International Federation of Clinical
Chemistry and Laboratory Medicine (IFCC). All rights
reserved.

This is a Platinum Open Access Journal distributed under the

10.

11.

Costello, J.C., et al., A community effort to assess and
improve drug sensitivity prediction algorithms. Nature
biotechnology, 2014, 32(12):1202.

Vallese, F., et al., ER-Mitochondria Calcium Transfer,
Organelle Contacts and Neurodegenerative Diseases, in
Calcium Signaling. 2020,Springer: 719-746.

Torti, S.V. and F.M. Torti, Iron and cancer: more ore to be
mined. Nature Reviews Cancer, 2013, 13(5):342.

Tong, L., et al., Reactive oxygen species in redox cancer
therapy. Cancer letters, 2015, 367(1): 18-25.
Poillet-Perez, L., et al., Interplay between ROS and
autophagy in cancer cells, from tumor initiation to cancer
therapy. Redox biology, 2015,4:184-192.

Sullivan, L.B. and N.S. Chandel, Mitochondrial reactive
oxygen species and cancer. Cancer & metabolism,
2014,2(1):17.

terms of the Creative Commons Attribution Non-Commercial
License, which permits unrestricted non-commercial use,
distribution, and reproduction in any medium, provided the
original work is properly cited.

eJIFCC2026V 0l 37No4pp609-620



Glucose stability in different blood collection tubes

Research Article

Comparison of the glucose stability effect between Citrate—sodium
fluoride-EDTA, Heparin, and Sodium fluoride containing tubes: a
prospective experimental study in the Biochemistry Laboratory at the
University Clinic of Kinshasa, DR Congo

Ongona Sheko Nounou', Ngole Mamy*!->3, Pambu Dahlia', Tshibuela Beya Dophie!, Beya

Michael* , Mukadi Patrick*?

'Department of Medical Biology, University Clinics of Kinshasa, DR Congo

2Center for Human Genetics, University of Kinshasa, DR Congo

SReference Center for Rare and Undiagnosed Diseases, University of Kinshasa, DR Congo
“Institute National de Recherches Biomedicales” (INRB), Kinshasa, DR Congo
*Microbiology Laboratory, Department of Medical Biology, University Clinics of Kinshasa, DR Congo

Article Info

Abstract

*Corresponding Author:

Mamy Ngole

Department of Medical Biology, University Clinics of
Kinshasa; Center for Human Genetics, University of
Kinshasa; Reference Center for Rare and Undiagnosed
Diseases, University of Kinshasa, DR Congo

E-mail: mamy.ngole@unikin.ac.cd

ORCID: 0000-0002-1041-9257

Keywords

diabetes mellitus, glucose stability, glycolysis inhibitors,
pre-analytical glucose

Tubes containing sodium fluoride (NaF) are no longer
recommended for measuring blood glucose levels.

This prospective experimental study was conducted at

the Biochemistry Laboratory of the University Clinics

of Kinshasa,in the Democratic Republic of the Congo,
and included seventy healthy volunteer blood donors.
Glucose stability was assessed in tubes containing
NaF,lithium heparinised tubes, and a tube containing a
mixture of citrate,NaF and EDTA.The tubes containing
citrate and NaF were stored at room temperature,whilst
the corresponding heparinised tubes were placed on ice.
Glucose measurements were taken at various time points
(HO, H2, H24, H48) on centrifuged plasma kept in contact
with blood cells.The citrate showed the highest and most
stable glucose values over time,with virtually no loss of
glucose.Lower glucose values were observed at HO and
H2 with the NaF (p < 0.05).Transporting the heparin tube
on ice combined with centrifugation at +4°C resulted in
higher blood glucose values than the NaF at time points
HO and H2 (p < 0.05),although lower than the citrate(p <
0.05);however, these values could not be maintained beyond
24 hours.Positive biases exceeding the desirable bias (1.8%)
were observed between citrate and NaF tubes,as well as
between heparinised and NaF tubes;this suggests a marked
discrepancy and, consequently,a clinically significant
difference between the various methods.For accurate
blood glucose measurement,the citrate-NaF-EDTA tube

is preferable in order to minimise glucose loss; however,a
review of the diagnostic thresholds for diabetes mellitus
must be carried out before its use.Cooling the sample is an
effective alternative to compensate for the lack of citrate.
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Introduction

Blood glucose is a key parameter for the diagnosis of diabetes
mellitus, particularly in resource-limited settings. Accurate
measurement of blood glucose is essential for appropriate
patient management [1]. However, during the analytical process
of glucose determination, several pre-analytical factors [2] may
influence glucose concentration in the sample, including factors
related to the patient’s physical condition, those associated with
sample handling and storage, and an intrinsic factor, namely
glycolysis.

Glycolysis is a physiological process that occurs in the presence
of blood cells and consists of glucose degradation through a
series of enzyme-catalyzed chemical reactions, resulting in

the production of energy and metabolites, including pyruvate,
which is essential for the functioning of living organisms [3].
This process continues in vitro after blood collection and may
be enhanced by prolonged contact time between blood cells
and plasma [2,4,5], environmental temperature and hydrogen
potential surrounding the blood cells [6], and sample cellularity
[7,8].

When glycolysis is not controlled in blood samples, a decrease
in plasma glucose concentration of 5-7% per hour may occur,
corresponding to approximately 0.6 mmol/L or 0.1 g/L [9].
This may lead to misclassification of diabetic patients and,
consequently, inappropriate clinical management.

To mitigate the impact of glycolysis during blood glucose
analysis, various physical and chemical approaches have been
recommended, including immediate separation of plasma

from blood cells by centrifugation, the use of antiglycolytic
additives, or immediate placement of collected blood samples
on ice followed by centrifugation within 15 to 30 minutes
[2,10,11]. The latter procedure has proven to be less practical
in routine practice due to the required materials and equipment
[12]. Among glycolysis inhibitors, sodium fluoride coated

in blood collection tubes remains one of the most widely

used in medical laboratories. Sodium fluoride (NaF) inhibits
enolase, an enzyme involved in the final step of glycolysis

[4]. However, several studies have demonstrated that the
antiglycolytic effect of NaF becomes effective only two to four
hours after phlebotomy [4,13,15], resulting in glucose loss in
collected blood samples estimated at approximately 0.1 g/L per
hour [16].

Consequently, recent recommendations from the American
Diabetes Association (ADA) and the American Association

for Clinical Chemistry (AACC), published in 2023 and
updated in 2024, advocate the use of citrate for glycolysis
inhibition as a replacement for NaF [1]. Citrate, through

blood acidification, immediately halts in vitro glycolysis by
inhibiting early glycolytic enzymes, including hexokinase

and phosphofructokinase [14]. The antiglycolytic effect of
citrate is maintained for approximately ten hours at room
temperature [17]. However, the use of citrate in liquid form
leads to dilution of the blood sample. The granular form of
citrate, as contained in Vacuette® FC Mix tubes, overcomes

this limitation. In addition to citrate, these tubes contain sodium
fluoride associated with potassium oxalate (NaF/KOX) and
ethylenediaminetetraacetic acid (EDTA) as an anticoagulant;
the mixture of these additives is presented in the form of fine
granules. According to several studies [11,15,18], in addition
to ensuring complete inhibition of glycolysis through the
combined inhibitory action of citrate and NaF, Vacuette® FC
Mix tubes prevent the dilution effect [11].

Vacuette® FC Mix tubes are not available in the Democratic
Republic of the Congo. To date, NaF/KOX-containing blood
collection tubes remain the standard practice for blood glucose
determination in the Biochemistry Laboratory of the University
Clinics of Kinshasa.

This study aims to compare glucose stability among citrate—
sodium fluoride-EDTA, lithium heparin, and sodium fluoride-
coated blood collection tubes in a laboratory setting.

Materials and Methods

Study population

This prospective experimental study was conducted in
accordance with the principles of the Declaration of Helsinki,
revised in 2024, and was approved by the Ethical Committee of
the School of Public Health at the University of Kinshasa (ESP/
CE/42/2025).

A cohort of seventy participants, including both men and
women, was consecutively recruited among voluntary blood
donors attending a blood donation campaign organized in
March 2025 by the Blood Bank of the University Clinics

of Kinshasa, Democratic Republic of the Congo. The blood
donors included in the study were those who were considered
apparently healthy and non-diabetic according to routine pre-
donation screening criteria [19] and provided informed consent.

Sample collection

For each participant, after blood donation, peripheral venous
blood was collected into four blood collection tubes: two
lithium heparin—coated tubes (VACUUBLOOD®), provided
by AMT Pharma, DR Congo), hereafter referred to as Hepa

1 and Hepa 2 tubes; one sodium fluoride and potassium
oxalate—coated tube (VACUUBLOOD®), provided by AMT
Pharma, DR Congo), referred to as the NaF/KOX tube; and
one tube coated with a mixture of ethylenediaminetetraacetic
acid (EDTA), sodium fluoride and potassium oxalate (NaF/
KOX), and citric acid—sodium citrate (VACUETTE® FC Mix,
provided by Greiner Bio-One, France), referred to as the citrate
tube.

Sample transportation, pretreatment, and glucose analysis
From the sampling, the Hepa 1 tube was transported on ice
to the Genetics Laboratory of the Faculty of Medicine at the
University of Kinshasa within a maximum of 10 minutes
for centrifugation at +4°C (MEGAFUGE 16R refrigerated
centrifuge, Thermo Scientific, China). It was then sent to
the Biochemistry Laboratory of the University Clinics of
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Kinshasa within a maximum of 30 minutes for various blood
glucose tests (15 minutes for centrifugation and 15 minutes for
transportation).

Furthermore, the Hepa 2 tubes were transported on ice,

while the Citrate and NaF tubes were transported at room
temperature. These last three tubes were sent directly to the
Biochemistry Laboratory of the University Clinics of Kinshasa
for centrifugation at room temperature (SLOTEQ centrifuge,
serial number W1920001906596, Finland) and for various

blood glucose measurements within a maximum of 30 minutes.

On centrifuged plasmas kept in contact with blood cells,
Glucose measurements were performed using the MINDRAY
BS240 analyzer (MINDRAY BS240, YX91002321, Shenzhen,
China) with glucose oxidase—peroxidase reagents supplied

by Mindray. Prior to glucose measurement, calibration and

internal quality control procedures were performed using the
Mindray Multi Sera Calibrator (lot 150124006) and Mindray
Clinchem Multi Control level 1 (lot 0593224013) and level 2
(lot 059424010).Glucose concentrations were determined at
four different time points: time zero (HO), immediately after
centrifugation; time one (H2), 2 hours after centrifugation; time
two (H24), 24 hours after centrifugation; and time three (H48),
48 hours after centrifugation. After HO glucose measurement,
the Hepa 1 tube was maintained in contact with ice, whereas
Hepa 2, NaF/KOX, and citrate tubes were stored at room
temperature. After H2 measurement, all primary tubes were
stored at temperatures between +2 and +8 °C pending H24 and
H48 glucose measurements.

Figure 1: The flowchart describe the pre analytical and the analytical process of glucose determination.

S 0 e - o
Transport : R
ey ce o0m
conditions 1 - oom
temperature

Centrifugation Refrigerated Room Room
temperature temperature
Time 1 : H0 (Immediatly after centrifugation)

Glucose
Determination

Storage Ice

Glucose
Determination

Storage

temperature

Room

Room
temperature

Time 2 :H2 (Two Hours after centrifugation)

Refrigerated between +2° and +8°C

Glucose
Determination

Time 3: H24(Twenty-four hours after centrifugation)

Storage refrigerated between +2° and +8°C e=———————=—=—p Time 4: H48(forty-eight hours after centrifugation)

*Centrifugation: 2200 revolutions for 15 minutes (technical specifications of sampling tubes and compilation of data from similar studies).
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Data analysis

Statistical analyses were performed using Stata Statistical
Software: Release 18 (StataCorp, 2023), and graphical
representations were generated using R software, version 4.4.2
(2024). Comparisons between paired tubes were conducted
using the Wilcoxon signed-rank test. Agreement between
measurements was assessed using Bland—Altman plots,
constructed for each tube pair comparison at each measurement
time point. A Passing-Bablok regression was also performed to
validate the results obtained using the Bland-Altmann plot.
The effects of tube type and analysis time on blood glucose

concentrations were evaluated using a generalized linear mixed
model (GLMM). All analyses were interpreted using a 95%
confidence interval, with the level of statistical significance set
at 0.05.

Results

As blood glucose values were not normally distributed, they
were described using the median and interquartile range (IQR).
Table 1 presents the median blood glucose values obtained for
the different tube types at the various measurement time points
(HO, H2, H24, and H43).

Table 1: Distribution of blood glucose levels (Median and IQR) in mmol/L across different types of tube and at four time points.

Median glucose (mmol/L)

HO (IQR) H2 (IQR)
Hepal 5.47(1.13) 5.46(1.11)
Hepa2 5.38(1.17) 5.35(1.22)
NaF/KOX 5.32(1.21) 5.29(1.22)
Citrate 5.67(1.24) 5.60(1.18)

Table 2 and Table 3 illustrates respectively the statistical
significance (p < 0.05) of the differences in blood glucose
concentrations observed in citrate, Hepa 1, and Hepa 2 tubes

Table 2: Median blood glucose(mmol/L) levels in different
tube compared with the NaF tube (Wilcoxon test) at each time
point.

Median

Tubes G 1 (0) 28 p_value
Hepal
HO 5.47 1.13 <0.001
H2 5.46 1.11 <0.001
H24 52 1.28 <0.001
H48 4.64 1.31 <0.001
Hepa2
HO 5.38 1.17 <0.001
H2 5.35 1.22 0.049
H24 4.61 1.27 <0.001
H48 4.13 1.41 <0.001
Citrate
HO 5.67 1.24 <0.001
H2 5.6 1.18 <0.001
H24 5.64 1.23 <0.001
H48 5.63 1.3 <0.001

H24 (IQR) H48 (IQR)
5.20(1.28) 4.64(1.31)
4.61(1.27) 4.13(1.41)
5.26(1.27) 5.35(1.30)
5.64(1.23) 5.63(1.30)

compared with the NaF/KOX tube and the differences in blood
glucose concentrations observed in NaF, Hepa 1, and Hepa 2
tubes compared with the Citrate tube.

Table 3: Median blood glucose(mmol/L) levels in different
tube compared with the Citrate tube (Wilcoxon test) at each
time point.

Tubes (11:1/[;(::;2) 1 (028 p_value
Hepal
HO 5.47 1.13 0.021
H2 5.46 1.11 0.001
H24 52 1.28 <0.001
H48 4.64 1.31 <0.001
Hepa2
HO 5.38 1.17 <0.001
H2 5.35 1.22 <0.001
H24 4.62 1.27 <0.001
H48 4.14 1.41 <0.001
NaF
HO 5.32 1.21 <0.001
H2 53 1.22 <0.001
H24 5.6 1.27 <0.001
H48 5.35 1.3 <0.001
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The highest blood glucose concentrations were observed in the
citrate tube at all measurement time points with a markedly
significant difference(P<0.05) compared with the other tubes.
In the early measurement periods (HO and H2), the Hepa 1
tube, for which the cold chain was maintained from collection
to the HO measurement, yielded blood glucose values lower
than those of the citrate tube but higher than those of the NaF
tube, a significant difference (p < 0.05) (Table 3).

The NaF tube gave low blood glucose values in the first two
hours, with a significant difference compared to the citrate tube
(P<0.05).

The Hepal and Hepa2 tubes showed decreasing blood

glucose values beyond the H2 measurement, with a significant
difference compared to the citrate tube (P<0.05).

Glucose stability over time across the different tube types is
illustrated in Figure 2.

Figure 2: Adjusted mean blood glucose according to tube type and time of analysis, estimated using a generalized linear mixed

model (GLMM).
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Glucose stability was observed from HO to H48 in the citrate
and NaF tubes. In contrast, the Hepa 1 and Hepa 2 tubes
showed a progressive and significant decrease in blood glucose
(p <0.001).

Figure 3 presents the kinetics of glucose degradation according

Figure 3: Loss of blood glucose over time for each tube type.
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to the analysis time and tube type, the initial glucose value
measured at the first time point (HO) for each tube type.
Quantification of glucose losses for each tube at the different
measurement time points, using HO as the baseline, is presented
in Table 4.

Loss of blood glucose over time for each tube type
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Table 4: Glucose loss comparison by tube and time. Estimated difference (%) compared to HO with 95% CI.

‘ Estimate (%) [CI] ‘ p_value ‘ Signif

Hepal

H2 0.41[-1.10; 1.92] 0.595 ns
H24 5.45[3.93; 6.96] <0.001 HHE
H48 15.62[14.11; 17.13] <0.001 HHE
Hepa2

H2 3.64 [2.30; 4.99] <0.001 HHE
H24 16.47 [15.12; 17.82] <0.001 HxE
H48 25.26 [23.91; 26.61] <0.001 HHE
NaF/Kox

H2 0.62 [-0.18; 1.42] 0.1283 ns
H24 0.70 [-0.10; 1.49] 0.0872 ns
H48 0.52 [-0.28; 1.31] 0.2049 ns
Citrate

H2 0.27 [-0.70; 1.24] 0.582 ns
H24 -0.75 [-1.71; 0.22] 0.132 ns
HA48 0.22 [-0.75; 1.18] 0.662 ns

*ax . P<0.05( Significative difference) ; ns : non significative difference.

Over time, glucose losses were significant in the Hepa 1 and assay. In contrast, good glucose stability was observed with
Hepa 2 tubes (p < 0.05); For the Hepa 1 tube, this was observed  the Citrate and NaF tubes (losses <1%) and we noted a P value
beyond H2, and for the Hepa 2 tube from the very start of the >0.05, non-significative.

Table 5: Agreement between alternative blood collection tubes and the NaF : A Bland-Altman analysis; Desirable bias at 1.8% [20].

Comparaison ‘ Time ‘ Bias Percent (%) SD_Percent (%) LoA_lower_percent LoA_upper_percent

Citrate HO 4.01 3.06 -1.99 10

Citrate H2 4.35 3.02 -1.57 10.28

Hepal HO 2.62 7.01 -11.13 16.36

Hepal H2 2.03 3.75 -5.33 9.38

Hepa2 HO 1.9 3.85 -5.64 9.45

Hepa2 H2 -1.88 3.98 -9.67 5.92
Table 5 shows the degree of agreement between the citrate glucose) [20]. We note, in the first few hours, a discrepancy
tubes and the NaF tubes, the Hepa 1 tubes and the NaF tubes, between citrate and NaF, as well as between heparinised tubes
and the Hepa 2 tubes and the NaF tubes at the HO and H2 and NaF. The same conclusions are drawn using Passing-
measurement times. The comparison biases for each pair of Bablok regression, as illustrated in the following figure. The
tubes were compared with the target bias provided by the statistical differences observed between the citrate-NaF and
database of chemical performance specifications derived from heparin-1-NaF tubes are likely, if not certainly, associated with

the consensus of the European Federation of Clinical Chemistry  actual clinical differences.
and Laboratory Medicine and Westgard (target bias 1.8% for
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Figure 4: Passing-Bablok regression analysis and mean percentage bias of plasma glucose levels measured in different

collection tubes compared to the NaF tube reference.
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Discussion

In this study, the NaF tube was compared with the

granular mixture of citrate, sodium fluoride, and
ethylenediaminetetraacetic acid contained in the Vacuette® FC
Mix tube (citrate tube), as well as with lithium heparin tubes
stored on ice (Hepa 1 and Hepa2). The citrate tube yielded

the highest blood glucose values compared with the other

tube types, with near-zero and non-significant glucose losses
over time. This demonstrates that blood acidification enables
early, complete, and sustained inhibition of glycolysis for up
to 48 hours. Indeed, each reagent contained in the citrate tube
contributes to the prolonged antiglycolytic effect.
Furthermore, the citrate-containing tubes used in our study
were in granular form. This is advantageous, as it avoids any
dilution effects on glucose concentration compared with tubes
containing citrate in liquid form [21,22]. This result is in line
with previously published data Fokkert et al. [23], Uchida

K et al [24], Gambino et al [25], Rebecca Carey et al. [26],
Graziella Bonetti et al [27], Patil S et al [28], Gupta S et al
[29], Ridefelt P et al[30].

Higher glucose measures observed with the use of citrate
coated tubes, raise some diabéte mellitus diagnostic issues,
depending on the population involved. The study by del Pino
et al [31] reported a significant raise of positive gestational
diabete mellitus after oral glucose tolerance test; but the
difference was not significant in general patients . Riefelt P

et al used data of patients from clinical routine health care

and observed increased values of glycemia above the diabete
decision limit after implementation of citrate coated tubes [30].
The overestimated plasma glucose level observed with

citrate tube is not due to glucose increase, but only to the
related more accurate glucose preservation in the blood
sample. Consequently, usage of citrate tubes can increase the
prevalence of impaired fasting glucose as well as the diagnosis
of diabetes mellitus since glucose levels are closer to the
diagnostic thresholds. In contrast, the study by Fisher M et al.
[32] did not report on glucose overestimation with the citrate
tube. The difference in methodology could explain the result
size of the studied population and also samples storage at room
temperature.

The same result was reported by Van der Hagen et al. [11],
who included pregnant women referred for gestational diabetes
screening. However, they observed that the blood glucose
values obtained using the citrate tube correlated perfectly with
those obtained using the NaF/EDTA tube, with the Bland-
Altman plot showing a non-significant bias of 0.06 mmol/L
before and after glucose loading during an oral glucose
tolerance test in a cohort of pregnant women. In our study, we
observed biases exceeding the acceptable limit when comparing
the different tubes against NaF [20]. The assessment of citrate-
NaF agreement revealed a bias of approximately 4% (Table

5), this bias having been analysed only for measurements
taken at time points HO and H2. Tiago Tizziani et al. in their

study also observed that the two methods(Citrate and NaF/
EDTA) Practically presented no correlation (r = 0.15)[33].In
view of these results, citrate and NaF tubes do not agree, just
as with the comparison of heparinised tubes and NaF. Whilst
citrate tubes do provide optimal blood glucose values for better
management of diabetes mellitus [1], there is a need to initiate
discussions on adjusting the diagnostic thresholds for diabetes
mellitus (DM) with these new (citrate) tubes.

Although the NaF tube showed slightly lower median blood
glucose levels than the citrate tube, with a statistically
significant difference (P<0.001), it demonstrated good glucose
stability over time, matching the citrate tube, which showed
optimal stability.

Given the delayed antiglycolytic effect of NaF, one would
expect glucose losses to be significant over time, particularly at
H2. However, Gambino et al. [25] reported significant glucose
losses of 4.6% at H2 with the NaF tube. This discrepancy with
our results may be explained by methodological differences. In
Gambino et al., aliquots were stored at 37 °C, with the elevated
temperature serving as a factor that exacerbates glycolysis.
During the first few hours, the Hepa 1 tube yielded higher
median blood glucose values than the NaF tube (P < 0.05)

and slightly lower values than the citrate tube (P < 0.05), with
non-significant glucose losses (P =0.595 > 0.05 at H2). This
result may be explained by the fact that the Hepa 1 sample was
transported in an ice slurry, centrifuged at +4 °C and kept in
contact with ice until the H2 measurement, with the cold chain
exerting an early inhibitory effect on the collected sample.
However, this procedure proved less practical in routine
practice due to the materials and equipment required, which are
not always available in our setting [12]. Consequently, another
laboratory had to be commissioned to carry out the refrigerated
centrifugation of these samples from our cohort.
Recommendations advise separating plasma from cells within
15 to 30 minutes of blood collection [2]; however, strict
adherence to this protocol is difficult to implement in routine
practice. We encountered the same limitation in our study:
although the plasma was kept in contact with the blood cells
without decanting the sample, it took us a long time before

the first measurement due to the distance to the centrifugation
site. This could explain why the chilled Hepal tube, which
was transported on crushed ice to the laboratory, proved less
effective than the citrate tube.

Rebecca Carey et al. [26] reported similar glucose values
between lithium heparin and sodium fluoride tubes, likely
because both tubes were placed on ice immediately after
collection, in contrast to our protocol.

This study is among the first conducted in our setting, as citrate
mixture—coated tubes are recommended for blood glucose
determination.

A limitation of the study is that the study population comprised
only healthy individuals. Further studies of citrate tubes in

our context, within a population suspected of having diabetes
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mellitus or diagnosed with diabetes, would be necessary in
order to better understand the clinical differences between
citrate tubes and NaF tubes and to draw definitive conclusions.
Cases of diabetes mellitus would likely increase with citrate
tubes, given their anti-glycolytic efficacy in vitro.

Conclusion

In conclusion, among NaF and heparin containing tubes, the
citrate-NaF-EDTA coated tubes appear to have the most stable
glycolyse inhibitor effect over time, in our laboratory-based
study. If citrate tubes are not available, using an ice slurry to
transport samples, or better still, refrigerated centrifugation,
would be a good alternative. The current diagnostic thresholds
based on blood samples collected in tubes containing only NaF
are probably too low.A reassessment of the decisive diagnostic
thresholds will have to be carried out with the citrate tube and,
why not, also with the tube preserved in ice.
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Introduction: Artificial intelligence (Al) has been
progressively incorporated into the clinical analysis
laboratory, optimizing data management, detection of
complex patterns, and image-based diagnostic support.
Among emerging tools, Large Language Models (LLMs)
represent a significant advance by enabling natural language
processing for clinical, analytical, and academic tasks.
However, their performance is heterogeneous and depends
on model architecture, training, and contextual fine-tuning.
Objective: To compare the performance of eight openly
accessible large language models (LLMs) applied to the
biomedical domain by assessing their output quality and
inter-rater consistency.

Materials and Methods: A cross-sectional comparative
study was carried out. Eight LLMs (ChatGPT-4, DeepSeek
V3.1, Gemini, Copilot GPT-5, Claude 3.5 Haiku, Perplexity
Al DeepAl, and Poe) were queried using six standardized
questions regarding the analytical evolution of blood
glucose measurement. Responses were evaluated by two
independent automated systems (Text Cortex Al and

Grok Code Fast 1) using a Likert scale from 1 to 10 and
considering eight criteria of textual and scientific quality.
Friedman and Wilcoxon—Holm tests were used for global
and pairwise comparisons, and Pearson and Spearman
coefficients were calculated to assess inter-rater agreement.

Results: Significant differences were identified among
models (p < 0.001). The LLMs Gemini, DeepSeek, and
ChatGPT-4 obtained the highest scores (medians > 8.5),
whereas DeepAl and Poe showed lower performance. Inter-
rater correlation based on median scores showed a markedly
strong linear association (r=0.91; p =0.0019) and a robust
ordinal agreement (p = 0.83; p = 0.011). The least-squares
regression line (E2 = 1.37-E1 — 3.25) indicated a sustained
positive relationship between the two systems, with
balanced dispersion around the linear model. These findings
confirm the stability of the evaluation pattern and support
the reproducibility of the method.
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Conclusion: The LLMs with greater complexity and contextual
fine-tuning demonstrated superior accuracy, coherence, and
reproducibility; however, it is suggested that LLMs may serve
as complementary tools depending on the clinical or research
context. Their use in healthcare requires methodological
validation and expert oversight to ensure safety and clinical
applicability within established ethical and regulatory
frameworks.

Introduction

Artificial intelligence (AI) has become a key pillar in the
clinical laboratory due to its ability to analyze large volumes
of data, identify complex patterns, and support both clinical
and operational decision-making [1,2]. Its applicability extends
across all three phases of the diagnostic process. In the pre-
analytical phase, recognized as the most vulnerable stage of
the diagnostic process, Al and data analytics help to reduce
frequent errors (such as those related to patient identification
or sample handling), optimize simple traceability, and promote
the standardization of procedures [3-5]. In the analytical phase,
machine learning approaches have been applied to quality
control, outlier detection, and automated validation, thereby
improving the reliability and consistency of reported results
[2,6]. In the post- analytical phase, integration with EHR
systems enables risk stratification and clinical decision support;
for instance, predictive models for sepsis can anticipate septic
shock with robust performance (AUC = 0.83) prior to clinical
onset [7]. Additionally, the use of indirect data-driven methods
to estimate reference intervals has expanded. A recent study in
a Puerto Rican population applied unsupervised learning and
demonstrated age- and sex-specific variations [8]. Outside the
strictly analytical setting, Al-based triage systems in emergency
departments show potential for improving prioritization

and process consistency, however, they require multicenter
validation and standardized reporting [9,10]. Finally, large
language models (LLMs) provide a natural-language interface
that is useful for documentation, synthesis, and diagnostic
support. Recent literature and systematic reviews describe their
applications, limitations, and safety considerations as well as
ongoing clinical trials evaluating their implementation [11-13].
In this context, it is crucial to systematically and critically
assess the performance of these tools in tasks that require
historical knowledge, factual accuracy, and clarity of
exposition. This study aims to compare the performance of
eight language models by analyzing their responses to six
standardized questions addressing the historical evolution

and methodological development of glucose measurement.
The evaluation includes an assessment of historical accuracy,
the reliability of verifiable sources, and the precision, clarity,
and comprehensiveness of the generated content. It also
examines originality, factual coherence, argumentative depth,
and adherence to academic style based on predefined criteria.
Inter-rater agreement will be quantified using correlation
coefficients to ensure methodological rigor. In summary, this

approach intends to provide a robust estimation of the utility
and limitations of large language models as supportive tools in
clinical, educational, and research settings.

Materials and Methods

Study Design

A cross-sectional comparative study with non-parametric
statistical analysis was conducted to evaluate the performance
of eight LLMs.

Analyzed Models

The models included in the analysis were selected because they
represent the main architectures and technological families of
freely accessible LLMs available at the time of the study:

M1: ChatGPT-4 (OpenAl)

M2: DeepSeck V3.1

M3: Gemini (Google DeepMind)

M4: Copilot Smart GPT-5 (Microsoft)

MS5: Claude 3.5 Haiku (Anthropic)

M6: Perplexity Al

M7: DeepAl

MS: Poe (Quora)

Each model was queried on October 10, 2025, under
standardized conditions using a set of six sequential questions
designed to assess knowledge of the historical evolution,
analytical foundations, and technological applications of blood
glucose measurement. These questions addressed, among other
aspects, the initial description of the colorimetric method,

the introduction of the enzymatic method, key milestones

in laboratory automation, and recent innovations in portable
devices and integrations with artificial intelligence.

The responses obtained were compiled in text format and
evaluated automatically and independently by two Al-based
systems: E1: Text Cortex IA and E2: Grok Code Fast 1.

Both are freely accessible tools that function as independent
evaluators, assigning scores on a Likert scale from 1 to 10
(with 10 being the highest rating) based on eight predefined
criteria: historical accuracy, exhaustiveness, narrative clarity,
verifiable sources, originality, factual coherence, argumentative
depth, and academic style.

Statistical Analysis

Non-parametric methods were applied, as they are suitable
for ordinal data and asymmetric distributions. Descriptive
measures included the median and interquartile range (IQR).
Overall comparisons of model scores were conducted using
the Friedman test. Post-hoc analyses were performed with the
paired Wilcoxon test, applying Holm’s correction to control for
multiple-comparison error.

Inter-rater consistency was assessed using Pearson (r) and
Spearman (p) correlation coefficients. The significance level
was set at a. = 0.05.

All analyses were performed using SPSS Statistics version
20.0.
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Results

The comparative analysis demonstrated statistically significant
differences among the evaluated models for both scoring
systems (E1 and E2), with Friedman test p-values < 0.001.
This supports the presence of true variability in the models’
performance when addressing standardized blood glucose
measurement queries.

According to the scores assigned by evaluator E1, models M3,
M2, and M1 constituted the highest-performing group (Table
1). Their medians and interquartile ranges (IQR: Q3-Q1) were
8.9(0.9), 8.7 (1.0), and 8.6 (1.0), respectively, reflecting a high
degree of narrative consistency, argumentative clarity, and
historical accuracy (Figure 1). Models M4 and M5 showed
intermediate performance, whereas M6, M7, and M8 ranked in
the lower tier, with scores below 7 points on the Likert scale.
The post-hoc Wilcoxon analysis with Holm correction
confirmed significant differences between the top-performing
group (M3-M2-M1) and the lower-performing group (M7—
MS8-M6), validating the robustness of the resulting ranking.
Evaluator E2 identified a similar pattern, although with slight
variations in internal ordering (Table 1). In this case, M1
achieved the highest median—9.4 (0.7)—followed by M2 with
8.6 (0.7) and M3 with 8.0 (1.4) (Figure 2). Models M4 and

M5 maintained acceptable values, whereas M6, M7, and M8

exhibited significantly lower performance (p < 0.05 in pairwise
comparisons M1 > M§; M2 > M7; M2 > MS).

Inter-rater correlation calculated from median scores
demonstrated a very high linear association (r=0.91; p=
0.0019) and a robust ordinal agreement (p = 0.83; p=0.011).
The least-squares regression line (E2 = 1.37-E1 — 3.25)
indicated a sustained positive relationship between the two
systems, with balanced dispersion around the linear model
(Figure 3). These results confirm the stability of the evaluation
pattern and support the reproducibility of the method.

The joint analysis of the assessments provided by both
evaluators indicates that models M1, M2, and M3 constitute
the group with the highest overall performance. This group

is characterized by producing coherent and well-structured
responses, demonstrating strong contextual command of
scientific information, maintaining high levels of narrative
clarity, exhibiting low dispersion (reflected in a narrow
interquartile range) and showing a high degree of consistency
across independent evaluators.

In contrast, models with simpler architectures (M6-MS)
exhibited limitations in factual precision, use of verifiable
references, and argumentative development—critical aspects in
biomedical applications (Table 3).

Table 1: Comparison of Model Performance: Text Cortex vs. Grok Code Fast 1.

Median [IQR]
Text Cortex *

Interpretation (Text Cortex)

Median [IQR]
Grok Code Fast 1

*%

Interpretation (Grok Code Fast 1)

M1 8.6 [1.0] Robust and well-balanced performance
M2 8.7[1.0] Stable coherence and depth

M3 8.910.9] Maximum narrative clarity

M4 8.1[0.9] Good intermediate performance

M5 7.3[1.2] Moderate variability

M6 6.8 [1.2] Lower but acceptable performance

M7 6.6 [0.7] Limited accuracy

M8 6.4 [0.7] Low and homogeneous performance

* Text Cortex evaluator: ¥ (7) =46.97; p < 0.001 — significant

differences. Post-hoc (Wilcoxon—Holm): significant differences between

Results | 1, top-performing group (M3-M2-M1) and the lower group

(M7-M8-M®6).

9.410.7] Highest overall performance
8.6 [0.7] High coherence

8.0[1.4] Slight variability

8.1[0.9] Good stability

6.9 [1.3] Moderate dispersion

6.9 [0.9] Intermediate performance

5.6 [1.2] Low accuracy

4.8 [1.4] Significantly lower performance

** Grok Code Fast 1 evaluator: ¥ (7) = 53.88; p <0.001 — highly
significant differences. Post-hoc (Wilcoxon—Holm): M1 > M8 (p =
0.0413); M2 > M7 (p = 0.0210); M2 > M8 (p = 0.0108).

Values are expressed as median [interquartile range, IOR] on a Likert scale of 1 to 10, where 10 represents the highest possible score (maximum clarity,

coherence, and analytical precision).

The Friedman and Wilcoxon—Holm tests were applied to identify global and pairwise differences among models, respectively.
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Table 2: Inter-Rater Correlation Between E1 and E2.

Parameter ‘ Value ‘ Interpretation
Pearson's r 0.91 Very high linear correlation (quantitative consistency)
Spearman's p 0.83 Robust ordinal correlation (agreement in ranking order)

Table 3: Comparative Summary of Overall Performance by Evaluator.

Evaluator Overall Median Overall IQR Significance (Friedman)
El 7.7 [6.6-8.8] p <0.001
E2 7.6 [6.3-8.7] p <0.001

Figure 1: Comparative Performance Ranking.

A. Text Cortex Evaluator (E1) B. Grok Code Fast 1 Evaluator (E2)
M3 8ol MLE 9.4{0.7]
M2 87114 M2 8.6(0.7]
M1 B.6(1.0 M3 B 8.0{1.4]
M4 i 8.1(09] Mag 8.1[0.9]
M5 7.311.2} M5 6.9[1.3]
M& 6.811.2] M6 B 6.9(0.9]
m7 6.6[0.7] M7 § 5.6[1.2]
Mg 6.4 [0.7] M8 4.8[1.4]

0 2 4 3 8 0 2 3 6 8

Median (Scale 1-10) Median (Scale 1-10)

Figure 2: Inter-Rate-Correlation. Text Cortex vs Grok Code Fast 1.
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Discussion

The results of this study demonstrate that the evaluated

LLMs - particularly models M1, M2, and M3 - exhibit a

clear advantage in both analytical capacity and narrative
generation compared with general-purpose or minimally
trained models. This superiority may be attributed to three key
factors: (a) the multimodal scale of training (text and possibly
additional modalities), (b) biomedical contextual calibration,
and (c) optimization of semantic understanding. Overall,

these components enhance stability and accuracy in clinical
reasoning tasks, giving specialized models a more robust
capacity to process complex information and generate coherent
responses within the biomedical domain.

The use of non-parametric tests - such as the Friedman and
Wilcoxon—Holm tests - was particularly appropriate for
comparing non-normal distributions and minimizing the
influence of outliers. Reporting medians and interquartile
ranges (IQR) provided a bias-resistant characterization of
central tendency, offering an accurate representation under
conditions of high variability. Additionally, the incorporation
of two independent automated evaluators strengthened the
objectivity of the analysis and reduced the risk of subjective
bias, demonstrating that automated systems can faithfully
reproduce scientific evaluation criteria.

The high inter-rater correlation observed in this study confirms
the reproducibility and consistency of the evaluation process.
The observed linear concordance (r=0.91; p =0.0019)
indicates that both systems largely agree on the magnitude of
assigned scores, while the ordinal correlation (p = 0.83; p =
0.011) demostrates strong agreement in the relative ranking of
models. These values fall within the range considered strong
evidence of validity and stability in reproducibility studies, as
reported in methodological literature [14].

The adjusted regression line (E2 = 1.37-E1 — 3.25) exhibited
a pronounced positive slope, suggesting that variations in
scores assigned by Text Cortex are proportionally reflected

in the scores assigned by Grok Code Fast 1. The balanced
distribution of points around the fitted line confirms the absence
of systematic evaluator-specific biases and indicates that the
observed dispersion arises from inherent variability in LLM
performance. These results reinforce the methodological rigor
of the study, demonstrating that evaluation was consistent,
stable, and free of systematic scoring effects.

Our findings are consistent with recent evidence showing

that LLM performance depends significantly on model
architecture, training volume, and the degree of fine-tuning to
the biomedical domain. For instance, one review study reported
that LLMs can answer free-text medical queries with promising
levels of aptitude but still show heterogeneous results [15]. In
another study, which evaluated an LLM on the United States
Medical Licensing Examination a performance exceeding
85% accuracy was reported, highlighting the model’s capacity
for contextualized clinical reasoning [16]. Similarly, recent
methodological reviews indicate that factual accuracy and

narrative consistency in advanced models depend not only

on training corpus size but also on hallucination control and
reinforcement with clinically verified data via Reinforcement
Learning with Human Feedback [17]. These factors may
explain the observed superiority models M1 and M3 over less
specialized models such as M6 and M8, which lack systematic
biomedical fine-tuning.

The integration of LLMs with structured knowledge bases
(e.g., UMLS, SNOMED CT, PubMedQA) has been shown

to improve factual coherence and reduce interpretive errors,
reinforcing the contextual validity of their responses [15].
This observation aligns with the results of the present study:
the models with greater semantic integration and medical
contextualization - M1 and M3 - achieved the highest clarity
and accuracy scores.

From a statistical standpoint, the choice of non-parametric
methods is well supported in the Al evaluation literature, given
the frequent non-normality of score distributions between
models [18]. Likewise, the high inter-rater correlation obtained
is consistent with values reported in previous studies as
markers of reproducibility in automated evaluation contexts
[14].

From a broader perspective, our results reinforce the premise
that the quality of Al in healthcare depends not only on
algorithmic scale but also on ethical, regulatory, and human
supervision frameworks. In this regard, the findings align with
conclusions established in other works [15,19]. Consequently,
the integration of Al into clinical laboratory workflows requires
prospective validation, documentation traceability, and expert
review before implementation in critical medical decisions.
From an applied perspective, the results confirm that LLMs
can play a complementary role in the generation, analysis,
and interpretation of biomedical knowledge, provided their
performance is validated through objective, reproducible, and
comparative criteria. In particular, model M1 emerges as the
most consistent in precision and conceptual clarity, suggesting
potential applications in clinical laboratory support, scientific
writing, and medical education.

Nevertheless, their use should be conceived as a form of
cognitive assistance intended to complement, not to replace
professional human judgment and critical review. In high-
stakes settings, the presence of biases, inaccuracies, or errors
may carry serious consequences.

Among the main limitations of this study, it should be noted
that the analyzed responses represent a single temporal
snapshot of performance; therefore, potential variations due
to model updates or architectural modifications were not
evaluated. Future research should incorporate longitudinal
analyses to examine performance evolution across new
versions or training adjustments. Additionally, we recommend
including further metrics of semantic coherence, expert
cross-validation, and thematic sensitivity testing in specific
biomedical areas such as oncology, genetics, or molecular
diagnostics, in order to strengthen the evaluative framework
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and consolidate clinical applicability.

Conclusions

The results of this study indicate that M1 achieved the highest
overall performance, followed by M2 and M3. However, it is
suggested that LLMs may operate in a complementary manner,
as one model may outperform another in specific criteria,
providing differentiated strengths depending on the evaluation
conducted. The correlation analysis revealed a high level of
consistency between the two automated evaluators (r=0.91; p
= (.83), reinforcing the methodological robustness of the study.
The fitted regression line, E2 = 1.37-E1 — 3.25, showed a stable
positive relationship between the systems, with no evidence of
differential bias. Taken together, these findings confirm that the
inter-model comparisons were carried out under reliable and
reproducible evaluation conditions.

These results suggest that LLMs represent promising tools for
analytical and documentary support in the clinical laboratory
context, provided their use is accompanied by appropriate
ethical, regulatory, and methodological safeguards.
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Background: Role of Vitamin D is not limited to skeletal
health but it acts as a potential modulator of metabolic
homeostasis. Studies have shown its influence on insulin
secretion and cardiometabolic risk factors. This study was
conducted to evaluate correlation of serum 25-hydroxy
vitamin D3 (250H VitD3) levels with glycemic status and
lipid profile parameters in a tertiary care hospital setting.

Methods: A cross-sectional observational study was
conducted taking 173 adults (>18 years) attending outpatient
department of a tertiary care hospital between April and
December 2025. Participants were categorized based on
HbA ¢ levels according to American Diabetes Association
criteria into non-diabetic, pre-diabetic, and diabetic. 250H
VitD3, total cholesterol (TC), triglycerides (TG), high-
density lipoprotein (HDL), and low-density lipoprotein
(LDL) were estimated from fasting serum sample. Statistical
analyses were performed and statistical significance was set
at p<0.05.

Results: Vitamin D deficiency and insufficiency were
observed in more than 65% of participants (mean 250H
VitD3: 27.8+£16.16 ng/mL). Patients with diabetes mellitus
showed significantly higher TG, VLDL, TG/HDL and TC/
HDL ratios and lower HDL levels (p<0.05). 250H VitD3
showed a weak statistically significant negative correlation
with HbAlc (p =-0.186, p=0.014) but no significant
correlation with lipid parameters. Regression models
revealed moderate explanatory power (R?: 23.9-28.4%),
with classical metabolic markers contributing more than
vitamin D.

Conclusion: A high prevalence of vitamin D deficiency was
detected. Vitamin D demonstrated a weak correlation with
glycemia and no correlation with lipid parameters. Vitamin
D may function as a metabolic modulator rather than a
primary determinant of dysglycemia and dyslipidemia.
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Introduction

Exploration of the functional role of vitamin D beyond

its classical involvement in calcium homeostasis and

skeletal health has generated considerable interest in recent
years. Traditionally recognized for its importance in bone
mineralization and prevention of rickets and osteomalacia,
vitamin D is now increasingly acknowledged as a pleiotropic
hormone with wide-ranging effects on multiple organ systems
[1]. The discovery of vitamin D receptors (VDRs) in diverse
tissues - including the pancreas, liver, adipose tissue, vascular
smooth muscle, and immune cells - has significantly expanded
the understanding of its biological functions. The active form
of vitamin D, calcitriol (1,25-dihydroxyvitamin D), exerts
genomic as well as non-genomic effects through its interaction
with VDRs, thereby influencing cellular proliferation,
differentiation, immune modulation, and metabolic regulation
[2].

Particularly noteworthy is the presence of VDRs in pancreatic
beta cells, which play a central role in insulin synthesis and
secretion. Experimental and clinical studies suggest that
vitamin D may modulate insulin secretion directly by binding
to VDRs in beta cells and indirectly by regulating intracellular
calcium flux, which is essential for insulin exocytosis. In
addition, vitamin D has been implicated in improving insulin
sensitivity in peripheral tissues such as skeletal muscle and
adipose tissue. It may also exert anti-inflammatory effects that
help mitigate insulin resistance, a key pathogenic mechanism
underlying type 2 diabetes mellitus [3,4]. Thus, vitamin D
appears to contribute to metabolic homeostasis not only through
its endocrine functions but also via its immunomodulatory and
anti-inflammatory properties.

Diabetes mellitus is characterized by chronic hyperglycemia
resulting from impaired insulin secretion, insulin resistance,
or both. Persistent disturbances in glucose metabolism are
frequently accompanied by dyslipidemia, which significantly
enhances cardiovascular risk. In patients with diabetes,
increased hepatic lipogenesis and altered lipid metabolism
lead to elevated triglyceride levels and reduced high-density
lipoprotein (HDL) cholesterol concentrations. This dyslipidemic
pattern promotes the formation of small dense low-density
lipoprotein (LDL) particles, which are more susceptible to
oxidative modification and more atherogenic than larger

LDL particles [5,6]. The coexistence of hyperglycemia and
atherogenic dyslipidemia accelerates endothelial dysfunction,
oxidative stress, and chronic low-grade inflammation, all of
which contribute to the progression of atherosclerosis and
heightened cardiometabolic risk [7].

Emerging evidence suggests that vitamin D deficiency may

be associated with adverse glycemic status and unfavorable
lipid profiles. Low serum 25-hydroxyvitamin D3 [25(OH)
D3] levels have been linked to poor glycemic control, higher
HbA Ic levels, insulin resistance, and an increased prevalence
of metabolic syndrome. Moreover, vitamin D deficiency

has been correlated with elevated triglycerides and reduced

HDL cholesterol, further amplifying cardiovascular risk [8].
However, the findings across different populations remain
inconsistent, possibly due to variations in ethnicity, lifestyle,
dietary habits, sunlight exposure, and genetic factors affecting
vitamin D metabolism.

In the Indian context, vitamin D deficiency is highly prevalent
despite abundant sunlight, owing to factors such as skin
pigmentation, urban lifestyle, limited outdoor activity, and
dietary insufficiency. Studies have reported significantly high
prevalence of hypovitaminosis D across different regions of
India [9—11]. Nevertheless, studies examining the relationship
between serum 25-hydroxyvitamin D3 levels, glycemic
indices, and lipid parameters in the Indian population are
relatively limited. Given the growing burden of diabetes

and cardiovascular disease in India, understanding these
associations is of considerable clinical relevance.

Therefore, the present study was undertaken to analyze the
correlation of serum 25-hydroxyvitamin D3 levels with
glycated hemoglobin (HbA 1c) and lipid profile parameters. By
evaluating these relationships, the study aims to provide further
insight into the potential role of vitamin D in modulating
glycemic control and cardiometabolic risk factors among
individuals with altered glucose metabolism.

Materials and Methods

A cross-sectional observational study was conducted in a
tertiary care teaching hospital after obtaining approval from
the Institutional Ethics Committee. A total of 173 patients aged
more than 18 years who attended the outpatient department

of the hospital attached to a medical sciences institute were
enrolled between April 2025 and December 2025 after
obtaining written informed consent. The study was carried

out in accordance with the ethical principles outlined in the
Declaration of Helsinki and its subsequent revisions concerning
biomedical research involving human subjects.

Non-diabetic, pre-diabetic and patients with diabetes mellitus,
were assigned with group 1, 2 & 3 respectively. Diagnosis of
diabetic state was made based on the glycated hemoglobin
(HbAc) value according to American Diabetes Association
(ADA) criteria [12]. HbAlc was measured in a high-
performance liquid chromatography (HPLC) based fully
automatic analyser (Arkray - ADAMS HA 8180T, Japan). Any
patients who were on therapy of lipid lowering agents and/

or vitamin D3 supplementation, patients who refused to give
consent were excluded in the study.

Recruited participants were instructed for 12 hours overnight
fast. In the morning, 04 mL of venous blood was collected

in plain vacutainer tube with gel separator under aseptic
precaution. Blood was allowed to clot for 30 minutes and
serum was separated by centrifugation at 1200g for 15 minutes.
Fasting serum samples were analysed for 25-Hydroxyvitamin
D3 (250H Vit D3), total cholesterol (TC), triglycerides (TG),
low density lipoprotein (LDL) and high-density lipoprotein
(HDL) in fully automated analyser (Vitros 5600 integrated
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system, QuidelOrtho, USA) with intra- and inter-assay
coefficients of variation (CV) of 5.1 & 6.8, 1.1 & 1.5, 1.0

& 1.8,1.5&2.9, 1.0 & 2.1 for the parameters respectively.
Patients’ demographic and clinical details were noted. Data
was compiled using Microsoft Excel 2019 (Microsoft Corp.,
Redmond, WA) and statistical analysis was performed using
Jamovi for Windows, version 2.6.26. Normality was assessed
using the Shapiro—Wilk test. Normally distributed variables
were analysed using Student’s t-test or ANOVA, while non-

Statistical significance was set at p value <0.05.

Results

Table 1 shows descriptive statistics and normality assessment
of the study participants’ data. Values of age, TC, LDL and
non-HDL cholesterol followed normal distribution while the
other parameters such as HbAlc, HDL, TG, VLDL, TG/HDL
ratio, TC/HDL ratio, LDL/HDL ratio and 250H Vit D3 values
did not follow the normal distribution pattern. Non-parametric

parametric variables were analysed using Mann—Whitney U
test or Kruskal-Wallis test. Spearman’s rank correlation was
used for association analysis. Multivariate linear regression

models were constructed to evaluate independent predictors.

statistical tests were used to analyse the data which did not
follow the normal distribution [13].

Table 1: Descriptive statistics and assessment of normality of the data.

‘ Shapiro-Wilk Test

Parameters Mean ‘ Standard Deviation

Age (Years) 173 47.94 16.25 0.984 0.046

HbAlc (%) 173 6.67 1.94 0.709 <.001

Serum Total Cholesterol (mg/dL) 173 180.62 45.87 0.988 0.133
Serum HDL (mg/dL) 173 4591 15.38 0.842 <.001
Serum LDL (mg/dL) 173 116.27 42.08 0.984 0.052
Serum Triglycerides (mg/dL) 173 153.83 79.49 0.843 <.001
Serum VLDL (mg/dL) 173 3091 16.58 0.816 <.001
Triglyceride to HDL Ratio 173 3.85 2.81 0.779 <.001
Total Cholesterol to HDL Ratio 173 4.21 1.4 0.94 <.001
LDL to HDL Ratio 173 2.74 1.2 0.957 <.001
Non-HDL Cholesterol (mg/dL) 173 134.71 43.67 0.985 0.066
Serum 25-OH Vitamin D3 (ng/mL) 173 27.8 16.16 0.921 <.001

Table 2 shows comparison of parameters between female and
male study participants. We found statistically significant lower
concentration of HDL in male compared with female (p<0.05)
while higher levels of TG/HDL ratio, TC/HDL ratio and LDL/

HDL ratio in male compared with female (p<0.05). Other
parameters were not statistically different among male and
female study participants (p>0.05).

Table 2: Comparison of study participants as per gender.

‘ Female (n=103) ‘

Male (n=70)

Parameters 7 p value
‘ Mean / Median SD / IQR ‘ Mean / Median SD /IQR
Age (Years)* 46.99 15.15 49.34 17.77 0.352
HbAlce (%)t 5.9 1.05 6.1 1.8 0.11

Serum Total Cholesterol (mg/dL) * 181.82 45.75 178.86 46.32 0.678
Serum HDL (mg/dL)+ 48 17.5 40 11.75 <0.001
Serum LDL (mg/dL) * 115.92 41.83 116.78 42.75 0.896

Serum Triglycerides (mg/dL)+ 129 65 143.5 83.96 0.185
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‘ Female (n=103) ‘ Male (n=70)
Parameters 00 171

‘ Mean / Median SD /IQR ‘ Mean / Median SD /IQR
Serum VLDL (mg/dL)t 26 13.1 28.5 19.65 0.185
Triglyceride to HDL Ratio+ 2.64 248 3.63 2.84 0.008
Total Cholesterol to HDL Ratio+ 3.74 1.64 437 1.88 0.002
LDL to HDL Ratio+ 2.38 1.55 2.85 1.52 0.009
Non-HDL Cholesterol (mg/dL) * 134 60.05 133 67.25 0.538
Serum 25-OH Vitamin D3 (ng/mL)} 23.7 19.95 234 21.92 0.924

*For parameters following normal distribution: Mean, SD and p value of student s t-test;

7 For parameters not following normal distribution: Median, IQR and p value of Mann-Whitney U test.

Table 3 shows comparison of parameters between non-diabetic,  ratio and non-HDL cholesterol values among study groups
pre-diabetic and diabetic study participants classified as per (p<0.05). Other parameters did not show statistically significant
ADA criteria. We found statistically significant difference difference.

in age, HbAlc, HDL, TG, VLDL, TG/HDL ratio, TC/HDL

Table 3: Comparison of study participants based on the diabetic status.

Non-Diabetic (n=53) Pre-Diabetic (n=63) Diabetic (n=57)
Parameters
Il\\lI::i‘llzlu/l ERLOR 11\\::3;:1 VAL Median

Age (Years) * 36.45 16.19 47.81 14.20 58.77 10.01 <0.001
HbAlc (%)t 5.5 0.2 5.9 0.3 7.8 33 <0.001

Serum Total Cholesterol (mg/dL) * 171.45 39.12 189.98 42.32 178.79 53.64 0.053
Serum HDL (mg/dL)+ 47 13 46 14.5 40 18 0.006
Serum LDL (mg/dL) 108.48 37.33 123.54 38.68 115.48 48.69 0.109
Serum Triglycerides (mg/dL)t 111 92 135 67 146 78 0.004
Serum VLDL (mg/dL)} 22 18.4 27 13.4 29.2 16 0.004
Triglyceride to HDL Ratiot 2.28 2.61 2.88 1.96 4.03 2.62 <0.001
Total Cholesterol to HDL Ratio + 3.61 1.19 3.92 1.62 4.71 1.92 0.004
LDL to HDL Ratiot 2.38 1.14 2.56 1.39 3.01 1.88 0.065
Non-HDL Cholesterol (mg/dL) * 121.74 39.25 143.08 40.25 137.53 48.86 0.016
Serum 25-OH Vitamin D3 (ng/mL)+ 23.7 21 24 19.1 22.8 18.4 0.63

*For parameters following normal distribution: Mean, SD and p value of ANOVA test;
7 For parameters not following normal distribution: Median, IQR and p value of Kruskal-Wallis test.

Table 4 shows comparison of parameters between participants difference in all the parameters (p>0.05) except 250H VitD3
having deficiency, insufficiency and sufficiency as per serum levels (p<0.05) among study groups.
250H VitD3 levels. There was no statistically significant
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Table 4: Comparison of study participants based on the Serum 25-OH Vitamin D3 levels.

Deficient (<20 ng/mL) (n=62)

Insufficient (20-30 ng/mL) (n=52)

Sufficient (30-100 ng/mL) (n=59)

Parameters
Mean / Median SD /IQR Mean / Median Mean / Median SD /IQR
Age (Years)* 45.66 16.45 48.67 17.4 49.69 14.93 0.357
HbATlc (%)t 5.8 2.56 5.95 1.15 5.9 1.15 0.855
Serum T"ta'dCLh)‘:'eS‘eml (mg/ 172.42 46.39 189.54 45.89 18137 4451 0.147
Serum HDL (mg/dL)t 41 19.75 46.5 14.25 45 10 0.202
Serum LDL (mg/dL)* 109.51 40.07 121.26 44.19 118.98 42.03 0.271
Serum Triglycerides (mg/dL)+ 133.5 85.75 142 78.5 129 71.5 0.339
Serum VLDL (mg/dL)+ 26.5 17.15 28.2 15.7 26 15.5 0.338
Triglyceride to HDL Ratiot 2.79 3.22 3.53 2.42 2.93 2.04 0.694
Total Cholesterol to HDL 3.99 1.65 417 1.81 3.9 1.64 0.643
Ratio +

LDL to HDL Ratio} 2.56 1.44 2.86 1.26 245 1.59 0.912
Non-HDL Cholesterol (mg/dL)* 129.4 44.92 141.42 45.69 134.37 40.34 0.375
Serum 25-OH Vitamin D3 (ng/ 13.75 5.47 236 4.7 432 13.85 <0.001

mL)#

*For parameters following normal distribution: Mean, SD and p value of ANOVA test;
7 For parameters not following normal distribution: Median, IQR and p value of Kruskal-Wallis test.

Table 5 shows Spearman’s correlation matrix heatmap among
parameters. We found significant positive correlation between
age vs HbAlc, age vs TG, age vs VLDL, age vs TG/HDL
ratio, HbAlc vs TG, HbAlc vs VLDL, HbAlc vs TG/HDL
ratio, HbAlc vs TC/HDL ratio, HbAlc vs LDL/HDL ratio,

TC vs HDL, TC vs LDL, TC vs TG, TC vs VLDL, TC vs TC/
HDL ratio, TC vs LDL/HDL ratio, TC vs non-HDL, LDL vs
TG, LDL vs VLDL, LDL vs TC/HDL ratio, LDL vs LDL/HDL
ratio, LDL vs non-HDL, TG vs VLDL, TG vs TG/HDL ratio,
TG vs TC/HDL ratio, TG vs LDL/HDL ratio, TG vs non-HDL,

VLDL vs TG/HDL ratio, VLDL vs TC/HDL ratio, VLDL vs
LDL/HDL ratio, VLDL vs non-HDL, TG/HDL ratio vs TC/
HDL ratio, TG/HDL ratio vs LDL/HDL ratio, TG/HDL ratio
vs non-HDL, TC/HDL ratio vs LDL/HDL ratio, TC/HDL ratio
vs non-HDL and LDL/HDL ratio vs non-HDL (p<0.05). We
found significant negative correlation between HbAlc vs HDL,
HbAlc vs 250H VitD3 (also shown in Figure 1), HDL vs TG,
HDL vs VLDL, HDL vs TG/HDL ratio, HDL vs TC/HDL ratio
and HDL vs LDL/HDL ratio (p<0.05). Remaining correlations
were not statistically significant.
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Table 5: Spearman’s correlation matrix heatmap among parameters (n=173).

Parameters g > ‘ LDL ‘ TG ‘ VLDL ‘ TG/HDL ‘ TC/HDL ‘ LD Non-HDL ‘ 250HD
tho (p) —
Age
p-value —
rho (p) 0.565* —
HbAlc
p-value <.001 —
rho (p) 0.041 0.028 —
TC
p-value 0.593 0.714 —
rho (p) -0.055 -0.266* 0.297* —
HDL
p-value 0.47 <.001 <.001 —
rho (p) 0.013 0.025 - 0.094 —
LDL
p-value 0.862 0.741 <.001 0.219 —
rho (p) 0.160* 0.256* 0.310* -0.305* 0.224* —
TG
p-value 0.036 <.001 <.001 <.001 0.003 —
rho (p) 0.157* 0.257* 0.309* -0.305* 0.224* - —
VLDL
p-value 0.039 <.001 <.001 <.001 0.003 <.001 —
tho (p) 0.157* 0.329* 0.087 - 0.122 -- -
TG/HDL Ratio
p-value 0.04 <.001 0.256 <.001 0.11 <.001 <.001 —
rho (p) 0.102 0.281* 0.499* - 0.626* 0.535* 0.535* - —
TC/HDL Ratio
p-value 0.183 <.001 <.001 <.001 <.001 <.001 <.001 <.001 —
* * * * * J—
Ratio
p-value 0.429 0.008 <.001 <.001 <.001 <.001 <.001 <.001 <.001 —
Non-HDL
p-value 0.346 0.144 <.001 0.637 <.001 <.001 <.001 <.001 <.001 <.001 —
rho (p) 0.062 -0.186* 0.095 0.146 0.096 0.021 0.022 -0.056 -0.086 -0.05 0.069 —
250H VitD3
p-value 0.415 0.014 0.214 0.055 0.208 0.779 0.777 0.466 0.263 0.515 0.367 —

*Statistically significant correlation.
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Figure 1: Scatter plot of 250H VitD3 vs HbA1c among study participants (n=173).
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Table 6 to 9 show the statistics of linear regression model quite low, suggesting that the influence of individual data
that was developed taking different predictors and outcome points on the estimated regression coefficients was minimal.
variables. Each model had a moderate positive relationship This indicates that there were no influential outliers that could
between the predictor variables and outcome variables as significantly distort the results [14]. All the models were
described by the correlation coefficient (R) and R-squared statistically significant (p<0.05).

values. The mean Cook’s Distance value for each model was

Table 6: Linear Regression model statistics: Model 1.

Overall Model Test

Model Adjusted R* I Mean Cook's Distance
‘ dfl ‘ df2
1 0.489 0.239 0.211 8.68 6 166 <0.001 0.00871
Note: 1. Model estimated using sample size of N=173

2. Dependent / Outcome Variable: HbAlc
3. Independent / Predictor Variables: Age, Gender, TC, TG, HDL, 250H VitD3

Table 7: Linear Regression model statistics: Model 2.

‘ Overall Model Test
Model AdjustedR? ——mFF——F——F——— 7 Mean Cook's Distance
| e |
2 0.511 0.262 0.235 9.8 6 166 <0.001 0.0112
Note: 1. Model estimated using sample size of N=173

2. Dependent / Outcome Variable: TC
3. Independent / Predictor Variables: Age, Gender, HbAlc, TG, HDL, 250H VitD3

eJIFCC2026V 0l 37N0o4pp639-650




Vitamin D and cardiometabolic risk

Table 8: Linear Regression model statistics: Model 3.

Model

3 0.492 0.242 0.214 8.83

Note: 1. Model estimated using sample size of N=173

2. Dependent / Outcome Variable: TG

Overall Model Test

‘7— Mean Cook's Distance

6 166 0.00849

3. Independent / Predictor Variables: Age, Gender, HbAlc, TC, HDL, 250H VitD3

Table 9: Linear Regression model statistics: Model 4.

Overall Model Test

‘7— Mean Cook's Distance

0.00658

Model
4 0.533 0.284 0.258 11 6 166
Note: 1. Model estimated using sample size of N=173
2. Dependent / Outcome Variable: HDL
3. Independent / Predictor Variables: Age, Gender, HbAlc, TC, TG, 250H VitD3
Discussion

The present tertiary care hospital-based study provided a
comprehensive evaluation of 250H VitD3 levels in relation to
glycemic status and cardiometabolic risk factors. Our finding
will contribute to resolve ongoing debate regarding whether
vitamin D deficiency is only a marker of poor metabolic

health or it is an independent determinant of dysglycemia and
dyslipidemia.

One of the important observations from the study stated that
more than 35% study participant were vitamin D3 deficient and
more than 30% were having insufficient levels of vitamin D3.
Mean serum level of 250H VitD3 were 27.8 ng/mL (n=173)
which again falls within vitamin D3 insufficiency range that
depicts the magnitude of the subnormal vitamin D status. Many
other studies have also reported similar high prevalence of
vitamin D deficiency even in apparently healthy populations
[15-19]. Despite India being a sun-light rich country, such
paradoxically low vitamin D levels may be due to adaptation
to urban lifestyle, indoor occupational pattern, reduced
outdoor physical activity, darker skin pigmentation, dietary
insufficiency, and pollution-related UVB attenuation can be
few of the major factors causing hypovitaminosis D [16,20,21].
Upon normality check with Shapiro-Wilk Test, we found

many metabolic parameters did not follow a Gaussian
distribution. This suggests heterogenous distribution of these
cardiometabolic parameters in hospital-based population. To
maintain appropriateness, strength and validity of the statistical
inferences, non-parametric tests were utilized for the variables
not following normal distribution [13].

Gender based differences in lipid metabolism exist due to
difference in hormonal milieu between them. Oestrogen
enhances hepatic LDL receptor expression, promotes reverse
cholesterol transport and increases apolipoprotein Al synthesis
that increases HDL concentration. On the other side, greater
visceral obesity along with androgens are associated increased

flux of free fatty acids into portal circulation enhancing

hepatic VLDL synthesis. Androgens also increase hepatic
lipase activity which along high TG increases HDL catabolism
promoting atherogenic lipid profile pattern [22]. In our study,
male participants exhibited significantly lower HDL and higher
TG/HDL, TC/HDL and LDL/HDL ratios compared to females.
These findings are consistent with previously done studies
[22-24]. However, 250H VitD3 did not differ between both
the genders, which suggests that gender-based difference in
lipid indices may not be attributed to vitamin D status of the
individuals.

A comparison of cardiometabolic indices was made in the study
participants divided in three groups based on ADA defined
glycemic categories. We found significant difference in age,
HDL, TG, VLDL, TG/HDL ratio, TC/HDL ratio and non-HDL
cholesterol. Diabetic individuals were relatively older in age
and they exhibited atherogenic dyslipidemia. They had elevated
TG, VLDL, TG/HDL and TC/HDL ratios and lower HDL
levels compared with non-diabetic participants. These findings
show characteristic pattern of diabetic dyslipidemia caused by
insulin resistance [25,26]. Insulin inhibits hormone sensitive
lipase and reduces free fatty acid flux to the liver and thereby
reducing hepatic VLDL production. In the state of insulin
resistance (IR), there is increased lipolysis in adipose tissue
resulting increased free fatty delivery to hepatocyte and causing
increased TG synthesis and VLDL secretion. IR also reduce
lipoprotein lipase activity and impair peripheral TG clearance.
Elevated TG increases cholesterol ester transfer protein (CETP)
mediated exchange of TG and cholesterol ester between HDL
and TG rich VLDL causing HDL to become TG rich and
making them more susceptible to hepatic lipase mediated
catabolism and leading to reduced serum HDL level [27].
Many studies have shown elevated TG/HDL ratio as a
surrogate marker of insulin resistance and increased levels of
small dense LDL particles which have shown to participate in
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atherogenic plaque formation in blood vessels [27-29].
However, serum 250H Vit D3 did not significantly differ
across these groups divided as per glycemic status, which
suggest that despite high prevalence of vitamin D deficiency, it
may not be a primary determinant for glycemic dysregulation
and dyslipidemia in the study participants. We also stratified
the participants as per their vitamin D status as deficient,
insufficient, and sufficient groups. No statistically significant
differences were observed in glycemic indices, lipid parameters
and atherogenic ratios. This finding further reinforces the fact
that vitamin D deficiency alone is not the driving force for
cardiometabolic derangements in clinical settings [30].
Analysis of correlation matrix revealed many significant
relations between various cardiometabolic parameters. A strong
positive correlation between age and HbAlc suggest age as a
strong determinant for dysglycemic state. Such changes can be
attributed to occurrence of gradual p-cell dysfunction, reduced
incretin effect, mitochondrial functional decline, sarcopenia,
reduced physical activity, increased occurrence of obesity and
chronic low-grade inflammation as the age advances [31].
Correlation of HbA 1¢ with lipid profile and ratios further
reflects bidirectional relation between dyslipidemia and

insulin resistance. Hepatic de-novo lipogenesis is activated by
hyperglycemia through activation of carbohydrate-responsive
element-binding protein (ChREBP) and sterol regulatory
element-binding protein-1¢ (SREBP-1¢) which increases TG
synthesis. On the other side, lipid accumulation in skeletal
muscle and liver impairs insulin signalling via diacylglycerol
(DAG) mediated activation of protein kinase C (PKC)
pathways. Both these mechanisms establish vicious cycle and
enhance effects of each other [28,32,33].

We observed weak but a significant negative correlation (p
=-0.186) of 250H VitD3 with HbAlc. Vitamin D did not
show any significant correlation with other lipid indices.
Vitamin D have found to affect metabolism in several way.
The pancreatic B-cells expresses vitamin D receptors (VDR).
Vitamin D is found to enhance insulin gene transcription
through vitamin D response elements. It is also associated

with modulation of intracellular calcium flux that drives the
insulin exocytosis. Thus, deficiency of vitamin D may impair
insulin secretion and affect glucose homeostasis [2]. On the
other side, vitamin D reduces pro-inflammatory cytokines
(TNF-a, IL-6) that interfere with insulin signalling by inducing
serine phosphorylation instead of tyrosine phosphorylation of
signalling pathway intermediates. Chronic vitamin D deficiency
may promote low-grade inflammation and insulin resistance
[31,34]. Vitamin D also influences adipocyte differentiation and
lipid storage that further affect adipose tissue homeostasis [35].
We could not find any direct significant correlation of vitamin
D with lipid profile indices. However, strong correlations of
HbA1c with lipid profile and negative correlation of Vitamin

D with HbA ¢ can indirectly suggest effect of vitamin D

on person’s lipid profile by modulating the metabolism as

mentioned above. Findings from our study aligns with the
findings reported by Liu et al [8], Ge L et al [36], Algahtani RM
et al [37] and Abdo B et al [38]. Studies have also suggested
that vitamin D supplementation in vitamin D deficient persons
do not affect the dyslipidemia in them [36,39—41]. Many
researchers have found a significant association of dyslipidemia
with vitamin D deficiency [42—46]. Though similar pattern

of lipid profile changes was observed, the changes are not
statistically significant in our study. Mechanism for changes

in lipid profile in vitamin D deficiency can be increased
cholesterol synthesis via increased 3-hydroxy-3-methylglutaryl-
coenzyme A (HMG CoA) reductase expression through insulin-
induced gene-2 (Insig-2) expression down-regulation which

is followed by inhibition of sterol regulatory element-binding
protein 2 (SREBP-2) through reduced transcriptional activity
of Vitamin D receptor (VDR) in vitamin D deficiency [47].
Vitamin D also modulate microsomal triglyceride transfer
protein (MTP), and thus reduces the synthesis and secretion

of triglycerides [48]. Vitamin D also affects insulin signalling
and inflammatory state, thereby affects serum TG and HDL
levels [49]. Thus, correlations of HbA1c with vitamin D and
lipid profile parameters in our study suggests that vitamin

D may act as a secondary modulator rather than a primary
driver of hyperglycaemia by modestly influencing the p-cell
responsiveness and insulin receptor signalling, thereby
influencing lipid metabolism [38].

Four regression models were developed to explore independent
determinants. Each model had a moderate R value and low
mean Cook’s distance that confirmed model’s stability and
absence of influential outliers. Collectively all regression
models highlight that HbAlc and lipid indices accounted much
for explaining variances in them along with age and gender
while 250H VitD3 contributed minimally. Analysis further stats
that vitamin D though has an important role in metabolism, it

is not the only and primary determinant for development of
dysglycemia and dyslipidemia [30].

Cross-sectional observational studies have several limitations
that should be considered when interpreting the results. We
could not establish causal relationship between glycemic

and cardiometabolic parameters with vitamin D deficiency.
Longitudinal studies are needed to identify these associations.
Certain unmeasured factors such as genetic predispositions,
dietary habits, physical activity, body mass index, central
obesity indices, addictions, seasonal variation in vitamin D
synthesis, etc, can substantially influence the correlations.
Being a single centre study with limited number of participants,
the study results cannot be implemented to general population.
This study provides a future direction for planning of a
multicentric longitudinal study with participant of different
ethnicity, geographical regions and socioeconomic groups that
would strengthen the findings and would make them more
reliable and applicable in different populations. A randomized
controlled trials conducted with adequate dosing and specified
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duration may help conclude whether correction of vitamin D
deficiency confers metabolic benefit in specific subgroups.

Conclusion

Vitamin D deficiency and insufficiency is highly prevalent
in the population. Screening and supplementation for them
can improve overall skeletal health. Serum 250H VitD3 had
weak negative correlation with HbA1c and it was not a strong
independent predictor in multivariate regression analysis.
Classical metabolic markers remain stronger determinants
of cardiometabolic risk. Thus, vitamin D may serve as a
contributory metabolic modulator rather than a primary
etiological factor in dysglycaemia and dyslipidemia. Vitamin
D correction cannot be viewed as a standalone strategy for
glycaemic and lipemic control.
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Background: The prevalence of obesity and anaemia

is consistently increasing in India. Obesity is a chronic
inflammatory state and is associated with dysregulation of
iron homeostasis. Ferritin, a marker for cellular iron stores,
is also an acute phase reactant that remains elevated during
inflammation. Previous studies have used inflammation-
adjusted serum ferritin to address this. This current study
aims to calculate body mass index (BMI)-adjusted ferritin
using a regression correction and evaluate its effects across
gender and BMI category in anemic patients.

Methods: De-identified data were retrieved from hospital
records and laboratory information systems. BMI-adjusted
ferritin was estimated using a regression correction formula:
In(adjusted ferritin) = In(unadjusted ferritin) — B(BMI —
median BMI).

Results: A total of 458 subjects were included, of whom
62% were female and 95% were anemic. Adjusted ferritin
levels were slightly lower than unadjusted levels in the
normal BMI group (59.8 vs 60) and in males (102.3 vs
113.75). In contrast, adjusted ferritin levels were marginally
higher in the overweight/obese group (29.9 vs 28.9) and in
females (22.7 vs 22.1). The percentage change in ferritin
following adjustment ranged from —0.33 to 10.07

Conclusion: BMI-based regression correction had
differential effects across BMI categories and gender. The
adjustment substantially attenuated higher ferritin levels in
normal BMI and males. In contrast, a minimal increase was
observed in overweight/obese individuals and in females
with lower baseline ferritin levels. Notably, the magnitude
of these percentage change in ferritin is small relative to the
reported within-person biological variation (BV) of ferritin,
suggesting limited clinical impact.
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Highlights

e Obesity, a chronic low-grade inflammatory state, influences
iron homeostasis.

e BMI-adjusted ferritin can be estimated using a regression
correction approach.

*  BMI-adjustment shows differential effects on serum
ferritin levels in anemic individuals

e The adjustment effects varied based on gender and BMI
categories

*  These percentage change in ferritin observed after
adjustment less likely to have a clinical impact.

Introduction

Iron is an essential trace mineral required for various biological
functions such as oxygen transport and storage, electron
transport chain, DNA synthesis, DNA repair, detoxification,
and cofactors for certain enzymes. Levels of iron are tightly
controlled and is essential for maintaining systemic and
cellular iron homeostasis. Hepcidin is master regulator of
systemic iron homeostasis. It binds to ferroportin and triggers
its internalisation and ubiquitin mediated degradation, thereby
controlling the intestinal iron absorption and release of recycled
iron from macrophages that phagocytose senescent red blood
cells [1].

Deficiency of iron leads to iron deficiency anemia (IDA)
which is the major public health problem in India [2]. The
laboratory work up of anemia includes an iron profile study
which comprises of serum iron, ferritin, total iron binding
capacity (TIBC), percentage transferrin saturation and complete
blood count [3]. Reduced levels of serum ferritin, serum iron
and percentage transferrin saturation are indicative of iron
deficiency. Iron is stored as ferritin in the liver cells, and
structurally a single molecule of ferritin can accommodate
~4500 iron atoms [4]. Hence, serum ferritin is considered as
the maker of total body iron stores and its levels are crucial in
diagnosing and monitoring iron deficiency. Iron is transported
in blood by transferrin, a transporter protein produced by liver.
Free iron is detrimental as it has increased propensity to form
reactive oxygen species (ROS), which leads to cellular damage

[5].

Ferritin is also an acute phase reactant and it is non-specifically
elevated in inflammatory conditions like chronic kidney
diseases, infections, autoimmune disorders, and malignancy[6].
This inflammation induced elevation of ferritin can obscure

the true iron deficiency in an individual. Obesity, a growing
global health concern is characterised by a state of chronic
low-grade systemic inflammation. In obese adipose tissue, there
is evident infiltration of macrophages leading to the production
of pro-inflammatory cytokines such as interleukin-1,6 (IL-1,
IL-6) and tumor necrosis factor — alpha (TNF-a) [7]. IL-6, is a
potent pro-inflammatory cytokine and is known to increase the
expression of ferritin and hepcidin. There are studies that has

reported the influence of obesity on serum ferritin.

A study done in adolescents has shown that BMI explained

the variation in serum ferritin levels to an extent that it did

not reflect the true iron deficiency in those with obesity and
overweight [8]. A significant linear positive association exist
between serum ferritin and BMI [9] and it varies based on
gender in adults [10]. Individuals with high BMI and high CRP
had increased levels of serum ferritin despite low levels of iron
[11]. These observations suggest serum ferritin levels tend to be
higher in those with inflammation and could obscure the true
iron deficiency. To address this, a study proposed calculation
of inflammation adjusted serum ferritin by employing a
regression-based approach to calculate CRP-adjusted ferritin. It
was found a substantial variation was observed in classification
of iron deficiency compared to unadjusted ferritin [12]. Studies
that explored the effect of BMI-adjusted ferritin are limited.

This study employed a regression-based approach to calculate
BMI-adjusted ferritin levels and to determine its effects across
BMI category, gender and on classification on iron deficiency

status.

Materials and Methods

Subjects

This study was done using de-identified patient data retrieved
from laboratory information system (LIS) and medical records
of a tertiary care hospital in South India. The data was retrieved
for the period of 11 months from July 2024 to June 2025
(n=599). The data was screened and these who had complete
data of serum ferritin age, gender, body weight and height were
included (n=458). Individuals with missing values for any of
these parameters were excluded from the analysis (n=141). The
data of serum iron, total iron binding capacity and hemoglobin
were retrieved. Hematological parameters were estimated on a
Beckman DXH-800 analsyer. Serum iron and total iron-binding
capacity were estimated by the ferrozine colorimetric method
on Toshia 120 FR. Serum ferritin was estimated by electro
chemiluminescence immunoassay (Roche Cobas e411).

Calculation of BMI-adjusted serum ferritin

A regression correction (RC) approach was employed to
calculate BMI-adjusted serum ferritin levels [12] for the
patients included in the study. A step-by-step procedure to
calculate BMI-adjusted ferritin using internal regression
correction is detailed in Table 1.
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Table 1: Calculation of BMI-adjusted serum ferritin.

Step 1:
A: Natural log-transform (In) the outcome variable
e In(Ferritin_unadjusted)

(Note: BMI need not be log transformed as linear relationship exists between BMI and Ferritin)

B: Construct linear regression model (Im) to identify the beta coefficient (beta)

e InFerritin unadjusted = o +  x BMI
e Im (InFerritin_unadjusted ~ BMI)

Step 2:
A: Determine the median BMI value of the study group

(Note: where a represents the intercept , f the regression coefficient and Im represents linear regression model)

The median BMI of the study population (or subgroup) was determined and used as the reference BMI (BMI_ref)

B: Calculate BMI Adjusted Ferritin using the regression correction equation

Input data from Step 1B and Step 2A.

C: Back transform the adjusted ferritin
Adjusted Ferritin = Exp”(InFerritin_adjusted)

InFerritin_adjusted = InFerritin_unadjusted — (B * (BMI — BMI_ref))
(Note: The adjustment was restricted to individuals whose BMI exceeded the subgroup-specific median BMI )

The median BMI was observed to be 22.92 (males), 23.01
(females), 22.65 (normal BMI) and 27.49 (overweight/obesity).
The beta coefficient for normal BMI group is 0.023511,
overweight-obese group is —0.00426, males is 0.03896, females
is —0.02312. The alpha-intercept for normal BMI group is

3.51348, overweight-obese group is 3.7796, males is 3.5403,
females is 4.1185. These values were used to calculate BMI-
based adjustments of ferritin in the respective groups . The
subgroup specific equations for BMI-based adjustment of
ferritin (Table 2).

Table 2: Subgroup-Specific Equations for BMI-Based Adjustment of Ferritin.

Condition for applying

Subgroup Equation to calculate “In(Adjusted Ferritin)” e
Normal BMI In(Ferritin unadjusted) — 0.023511 x (BMI — 22.7) BMI > 22.7
Overweight/Obese In(Ferritin unadjusted) — (—=0.00426) x (BMI — 27.5) BMI >27.5
Males In(Ferritin unadjusted) — 0.03896 x (BMI — 22.9) BMI>22.9
Females In(Ferritin unadjusted) — (—0.02312) x (BMI — 23.01) BMI > 23.01
Statistical Analysis Results

All statistical analysis was done using R programming
language V.4.4.1. The data were checked for distribution using
Shapiro Wilk Test and appropriate statistical tests were done.
Chi Square test was used to compare the categorical data, and
continuous data were compared using Mann-Whitney U or
independent t test. Paired Wilcoxon signed rank test was done
to compare the ferritin values before and after adjustment.

A p-value of less than 0.05 will be considered as statistically
significant.

A total of 458 subjects were included in the study, comprising
of 172 males (38%) and 286 females (62%). There was no
difference in age and gender distribution between normal BMI
group and overweight-obese group. Majority of the subjects
were found to be anemic (95 % overall, 96% in normal

BMI group and 95% in overweight-obese group) (Table 3).
Hemoglobin, serum iron and TIBC levels were similar between
the two groups. Levels of unadjusted serum ferritin were
significantly lower in obese-overweight group. Levels of CRP
were higher in obese-overweight group, but not statistically
significant (Table 3).
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Table 3: Comparison of baseline characteristics and biochemical parameters based on BMI.

Normal BMI Overweight and Obese

Overall (n=458) | By 18.5-24.9) (n=286) (BMI >25) (n=111) VLT

Gender, n (%)

Male 172 (38) 109 (38) 36 (32) 0.348
Female 286 (62) 177 (62) 75 (68)
Age, in years 50 (36-64) 53.5(39-65) 49 (40-61) 0.3771
BML, in kg/m? 23 (21-25) 22.7 (21.4-23.4) 27.5(26.3-30.4) <0.0001
BMI status, n (%)
Underweight 61 (13)
Normal 286 (62) - - -
Overweight 78 (17)
Obesity 33(7)
Anemia based on Hb* , n (%)
Present 386 (95) 239 (96) 94 (95) 0.8917
Absent 20 (5) 10 (4) 5(5)
Hb, g/dLs 8.5(7-9.7) 8.4 (7.1-9.5) 8.7 (7-9.8) 0.405
Serum ferritin, ng/mL (unadjusted) 41.75 (10-179.9) 60 (10.3-205) 29 (10-142) 0.019
Serum iron, pg/dL$ 27.5 (14-64) 27.5 (15-62.5) 29 (14-68) 0.800
Serum TIBC, ng/dLs$ 306 (210-393) 285 (202-377) 298 (241-426) 0.396
Serum CRP, mg/Ls$ 16.9 (4.8-17.3) 17.5 (4.97-52.97) 47.65 (4.95-191) 0.113

Data is represented in median and interquartile range. The p value is computed by comparing the obese-overweight and normal weight participants. *Anemia

is diagnosed if Hb < 12g/dL in women and <13 g/dL in men. $ indicates paucity or missing data; Hb, serum iron, CRP and TIBC are available only in subset

of participants.

Regression correction was applied to derive BMI-adjusted among obese individuals, a slight increase in median ferritin
serum ferritin values. In individuals with normal BMI, levels was observed following adjustment (28.9 to 29.9 ng/mL;
adjustment resulted in a minimal reduction in median ferritin p <0.0001; Figure 1B).

levels (60.0 to 59.8 ng/mL; p < 0.0001; Figure 1A). In contrast,

Figure 1: Comparison of adjusted ferritin based on BMI status.
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Scatter (left) and box-and-whisker (right) plots show unadjusted (black) and BMI-adjusted (red) ferritin concentrations in normal weight group (4) and
overweight-obese group (B). The adjustment was restricted to individuals whose BMI exceeded the median value of their respective group. Boxes indicate
median and interquartile range and whiskers represents the values within 1.5 times the interquartile range. Grey lines denote paired observations. Paired

Wilcoxon signed rank test was done to compare the ferritin values before and after adjustment. * indicates p < 0.05.
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In gender wise comparison, the age was significantly lower 4). Hemoglobin and serum iron levels were similar between
in females compared to males. BMI was slightly higher in the two groups. Levels of unadjusted serum ferritin were
females, however there were no difference in proportion of significantly lower and TIBC levels were higher in females.
obesity, overweight between the two groups. Proportion of Levels of CRP were higher in females, but not statistically

anemia were similar (93 % vs 96%) between two groups (Table  significant (Table 4).

Table 4: Comparison of baseline characteristics and biochemical parameters based on gender.

Overall (n=458) Male (n=172) Female (n=286) p value
Age, in years 50 (36-64) 55 (41-68) 48 (35-60) 0.0024
BML, in kg/m2 23 (21-25) 22.9 (20.9-24.5) 23.01 (20.8-25.1) <0.0001
BMI status, n (%)
Underweight 61 (13) 27 (16) 34(12)
Normal 286 (62) 109 (63) 177 (62) 0.481
Overweight 78 (17) 25 (15) 53 (19)
Obesity 33(7) 11 (6) 22(8)
Anemia based on Hb * , n (%)
Present 386 (95) 140 (93) 246 (96) 0316
Absent 20 (5) 10 (7) 10 (4)
Hb, g/dLs 8.5 (7-9.7) 8.5 (7.4-9.9) 8.4 (6.8-9.5) 0.081
Serum ferritin, ng/mL (unadjusted) 41.75 (10-179.9) 113.75 (23-243) 22.1 (10-112) <0.0001
Serum iron, pg/dL$ 27.5 (14-64) 30.9 (17.8-54.5) 23 (13-70.2) 0.71
Serum TIBC, pg/dLs 306 (210-393) 237 (178-340) 343 (246-416) 0.002
Serum CRP, mg/L$ 16.9 (4.8-17.3) 15.80 (4-72.8) 18.55 (5.45-97.25) 0.362

Data is represented in median and interquartile range. The p value is computed by comparing the males and females. Anemia is diagnosed if Hb < 12g/dL in
women and <13 g/dL in men. *Anemia is diagnosed if Hb < 12g/dL in women and <13 g/dL in men. $ indicates paucity or missing data; Hb, serum iron, CRP
and TIBC are available only in subset of participants.

In males, the adjustment attenuated higher ferritin values in females, the adjustment had resulted in a minimal increase
resulting in a reduction of the median ferritin level (113.75 in the median ferritin (22.1 ng/mL to 22.7 ng/mL, p <0.0001)
ng/mL to 102.3 ng/mL, p <0.0001) (Figure 2A). However, (Figure 2B).

Figure 2: Gender-wise comparison of adjusted ferritin.
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Scatter (left) and box-and-whisker (right) plots show unadjusted (black) and BMI-adjusted (red) ferritin concentrations in males (4) and females (B). The
adjustment was restricted to individuals whose BMI exceeded the median value of their respective group . Boxes indicate median and interquartile range and
whiskers represents the values within 1.5 times the interquartile range. Grey lines denote paired observations. Paired Wilcoxon signed rank test was done to

compare the ferritin values before and after adjustment. * indicates p < 0.05.
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The percentage change in ferritin before and after adjustment
is shown in Table 5. It was -0.33 % in normal BMI and 3.46 %

in overweight-obese group. It is -10.07 % in males and 2.71 %
in females.

Table 5: Percentage change in ferritin levels before and after adjustment.

Serum Ferritin (ng/mL) ‘

Before adjustment

After adjustment

Normal BMI 60 (10.3-205)
Overweight and Obese 28.9 (10-142)
Males 113.75 (23-243)
Females 22.1 (10-112)

‘ Percent change, %

59.8 (10.21-202.15) -0.33
29.9 (10.2-143.3) 3.46
102.3 (20.9-221.8) -10.07
22.7(10.3-117.8) 271

Serum ferritin levels were represented in medians (interquartile range). The percent change is calculated as (Adjusted Ferritin — Unadjusted Ferritin/

Unadjusted Ferritin) *100.

Applying a standard cut-off of 30 ng/mL to classify iron
deficiency were carried out using ferritin values before and
after adjustment. The proportion of iron deficiency were similar

before and after adjustment in gender-wise and BMI-based

comparison (Table 6).

Table 6: Classification of iron deficiency status based on unadjusted and BMI-adjusted serum ferritin.

Before adjustment

ID / Non-ID, n (%)

After adjustment
ID / Non-ID, n (%)

Male (n=172) 123/49 (70/30)

Female (n=286) 155/131 (54/46)
Normal BMI (n=286) 114/172 (40/60)

Overweight Obese BMI (n=111) 57/54 (51/49)

122/50 (71/29) 1.00
153/133 (53/47) 0.933
115/171 (40/60) 1.00

56/55 (50/50) 1.00

Data is represented in numbers (percentages). Ferritin <30 ng/mL: iron deficiency (ID); ferritin >30 ng/mL: non-iron deficiency (Non-ID). Pearson Chi-

Squared test was done to compare the proportion of iron deficiency before and after adjustment in each group.

Discussion

In this study, a regression correction was applied to derive
BMI-adjusted serum ferritin values in the participants, the
majority of whom were anaemic. The BMI-based adjustment
resulted in a minimal reduction in ferritin levels in individuals
with normal BMI. However, a slight increase was observed
in those with overweight and obesity. The adjustment caused
substantial attenuation of higher ferritin values in males,
whereas in females, the adjustment resulted in a minimal
increase. There were no difference in the classification of iron
deficiency status between adjusted and unadjusted ferritin
levels.

Adjusting for BMI produced a minimal decline in serum
ferritin levels in those normal BMI (60 vs 59.8). The median
CRP levels in these patients was 17.5 mg/L ( >10, cut-

off for inflammation) suggesting the presence of systemic
inflammation. The adjustment led to a more pronounced
reduction in individuals with higher ferritin levels, which

may reflect correction for inflammation-driven elevations.
However, the adjustment had a very minimal reduction in
those who had already low ferritin levels. This may be because

these individuals are likely to be iron deficient, where the
effect of iron deficiency predominates over that of adiposity-
induced inflammation. The adjustment produced an opposite
effect on serum ferritin levels in those with overweight and
obesity i.e. adjusted ferritin levels were higher compared

to unadjusted ferritin levels (28.9 vs 29.9). The levels of
ferritin increased post-adjustment. This contrasts with the
expectation that adiposity has a positive influence, and that
BMI-based adjustment is likely to cause a reduction in
serum ferritin levels. These participants also had systemic
inflammation as suggested by their CRP levels (median

67.5 mg/L) indicating a substantial inflammatory burden.
This highlights the intricate relationship between adiposity-
associated inflammation and its impact on iron homeostasis
[13]. While adiposity association inflammation induces ferritin,
as a positive acute-phase reactant, it is also associated with
increased expression of hepcidin [13]. Hepcidin is the master
regulator of systemic iron homeostasis. It binds to and causes
the degradation of ferroportin, thereby reducing intestinal iron
absorption and leading to hypoferremia and iron deficiency
anemia [1]. In this study, the obese overweight participants
had a lower baseline ferritin value (28.9 ng/mL), so BMI-
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based adjustment may produce a minimal increase in ferritin
levels among individuals with low baseline ferritin, where the
influence of iron deficiency outweighs that of adiposity-related
inflammation. Hence, the net effect of adiposity on ferritin is
not straightforward and may vary depending on baseline iron
status and inflammatory state. Therefore, despite lower baseline
ferritin levels in the overweight/obese group, the application
of BMI-based regression correction remains physiologically
justifiable, as it attempts to account for these underlying
adiposity-related influences. Furthermore, the inverse
relationship observed between BMI and ferritin in our dataset
further supports the need to explore how such an adjustment
behaves in iron-deficient populations. There is limited evidence
evaluating BMI-based ferritin adjustment in populations with a
high burden of anaemia.

In this study, BMI-based adjustment caused substantial
attenuation of higher ferritin values in males (102.3 vs

113.75), whereas in females, the adjustment resulted in a
minimal increase (22.7 vs 22.1). The unadjusted ferritin levels
were higher in males despite majority of them being anemic
suggesting the possible influence of inflammation rather than
true iron status. This is supported by higher CRP levels in

both males and females indicating an underlying inflammatory
state. In contrast, lower baseline ferritin levels in females are
more consistent with iron deficiency, potentially explaining the
minimal increase after adjustment. This pattern is also observed
in those with overweight and obesity, where the influence

of iron deficiency may predominate alongside coexisting
inflammation. Gender difference in the levels of ferritin are
well known and may be attributed to varied reasons such as
hormonal influences, dietary iron intake and menstrual blood
loss [14,15].

BMI-based regression correction resulted in modest and
variable changes in ferritin across subgroups, with a minimal
reduction in individuals with normal BMI (—0.33%)), slight
increases in those with overweight/obesity (+3.10%) and
females (+2.71%), and a more pronounced reduction in males
(—=10.07%). Importantly, the magnitude of these changes

is small relative to the reported within-person biological
variation (BV) of ferritin (5.37%-39.13%, mean 21.64%) [16]
, suggesting that most differences are unlikely to be clinically
meaningful.

Adjusted ferritin did not impact the classification of iron
deficiency. This could be because most of the study participants
were anemic (i.e. 95%) with median Hb of 8.5 g/dL.
Additionally, the serum iron levels were low in the participants,
indicating iron deficiency as the major possibility of anemia.

Limitations
It is a retrospective study and included data retrieved from
medical records and LIS. This study design is not ideal to

determine the causal effect of BMI on iron deficiency and
serum ferritin. In this study, there is no data regarding the
presence of other inflammatory conditions, dietary history

and intake of iron supplements. The sample size is limited

and there is paucity of data on iron related proteins and
inflammatory marker. A larger sample size with equally
distributed non-anemic participants would be needed to confirm
these findings.

Conclusion

BMI-based regression correction had differential effects across
BMI categories and gender. The adjustment substantially
attenuated higher ferritin levels in normal BMI and males. In
contrast, a very minimal increase was observed in overweight/
obese individuals and in females with lower baseline ferritin
levels. Notably, the magnitude of these percentage change in
ferritin is small relative to the reported within-person biological
variation (BV) of ferritin, suggesting limited clinical impact.
These findings may be explained by the predominance of

iron deficiency over adiposity-related inflammatory effects in
individuals with lower baseline ferritin.

Implications

In the Indian context, where obesity and iron deficiency anemia
are increasingly prevalent, BMI-adjusted ferritin may offer
additional value in interpreting ferritin variability and in more
accurately identifying true iron deficiency.
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Objective: The o-cresolphthalein complexone (O-CPC)
method is widely used for serum calcium measurement but
may exhibit analytical limitations related to background
absorbance and bias, particularly at low calcium
concentrations. This study evaluated the analytical
performance of an alternative wavelength (524 nm)
compared with the conventional 572 nm measurement.

Methods: Spectral analysis of the calcium—O-CPC complex
identified a secondary absorbance feature near 536 nm.
Because this wavelength was not available in routine
analysers, 524 nm was selected as the nearest operational
alternative for analytical evaluation. Performance was
assessed using multipoint calibration models, control sera,
precision analysis, and comparison with an automated
analyzer in 40 samples, including prepared mixtures to
extend the analytical range. Agreement between methods
was evaluated using regression and Bland—Altman analyses.

Results: Reagent blank absorbance was lower at 524

nm compared with 572 nm (0.048 vs 0.122). Linearity

was high at both wavelengths (R>~0.998). Precision

analysis demonstrated comparable CV% values between
wavelengths. Regression analysis showed a slope closer to
unity and a smaller intercept at 524 nm relative to 572 nm.
Bland—Altman analysis demonstrated comparable overall
agreement between methods at both wavelengths. In the low
concentration subgroup (<9 mg/dL), mean negative bias was
reduced from —0.55 mg/dL at 572 nm to —0.30 mg/dL at 524
nm.

Conclusions: Measurement at 524 nm demonstrated
comparable overall analytical performance to the
conventional 572 nm wavelength and was associated with
reduced negative bias in the low concentration range. These
findings suggest that alternative wavelength selection may
represent a practical approach for optimizing analytical
performance in routine O-CPC calcium assays.
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Introduction

Accurate measurement of serum calcium is essential in clinical
laboratory practice and plays a central role in the evaluation
of metabolic, endocrine, and renal disorders [1]. Analytical
reliability is particularly important near clinical decision
thresholds, where small analytical deviations may influence
the classification of hypocalcemia and subsequent clinical
interpretation.

In routine laboratories, calcium is commonly measured using
colorimetric methods based on metallochromic indicators [2].
Among these, the o-cresolphthalein complexone (O-CPC)
method is widely used due to its simplicity, cost-effectiveness,
and compatibility with automated systems. In alkaline
conditions, O-CPC forms a colored calcium complex typically
measured at wavelengths around 570-580 nm, corresponding
to the primary absorbance maximum [3].

Despite its widespread use, the O-CPC method may exhibit
analytical limitations, particularly in the low concentration
range [3]. Background absorbance and signal-to-noise
characteristics may contribute to negative bias near clinically
relevant decision thresholds [4]. While reagent composition
and calibration strategies have been extensively investigated,
the analytical impact of wavelength selection has received
comparatively less attention in routine clinical applications
[4,5].

Wavelength selection is generally treated as a fixed parameter
in automated assays; however, it may influence analytical
performance by affecting background signal and bias
distribution [4]. Identification of alternative measurement
regions within the absorbance spectrum may therefore provide
a practical approach for evaluating analytical performance
without modifications of reagent chemistry or instrumentation
[6].

The aim of this study was to evaluate the analytical
performance of an alternative wavelength in the O-CPC
calcium assay, with particular emphasis on the low
concentration range relevant to clinical decision thresholds.

Materials and Methods

Study design and instrumentation

This analytical method comparison study was conducted in

the clinical biochemistry laboratory of a tertiary care hospital.
Absorbance spectra of the calcium—O-CPC complex were
obtained using a spectrophotometer (Philips AU 530). Spectral
analysis revealed a secondary absorbance feature near 536 nm
in addition to the primary peak at 572 nm. Because 536 nm was
not operationally available in routine clinical analysers, 524
nm was selected as the nearest available alternative wavelength
for analytical evaluation. The objective was not to maximize
absorbance intensity, but to evaluate whether an alternative
spectral region with lower background absorbance could
influence analytical performance. Measurements performed

at 524 nm were compared with the conventional 572 nm
wavelength.

Routine measurements were compared with an automated
analyzer (Architect c8000, Abbott Laboratories, USA)
operating under manufacturer-recommended analytical
conditions.

Calibration and linearity assessment

Linearity was evaluated by calibrators at concentrations of 0,
4,6, 8, 10, and 12 mg/dL. Two multipoint calibration models
(0-6-10 mg/dL and 0—4-8 mg/dL) were applied. Linearity was
assessed using linear regression analysis and expressed as the
coefficient of determination (R?).

Agreement assessment and precision

Agreement with assigned concentrations was evaluated using
two levels of commercial control sera (Bio-Rad Liquicheck,
Germany) with assigned values of 8.64 mg/dL and 11.9 mg/dL.
Measured values were compared with assigned concentrations
and expressed as percentage bias (%). Precision was assessed
by repeated measurements and expressed as coefficient of
variation (CV%).

Sample selection and preparation

A total of 40 samples were included in the analysis. Twenty
routine patient serum samples were analyzed. To extend the
analytical measurement range, an additional 20 prepared
samples were generated using predefined mixing protocols.
Dilution samples were prepared by mixing serum with distilled
water at ratios of 1:1 and 2:1 (serum:water), while higher
concentration samples were generated by mixing serum with

a calcium calibrator (13 mg/dL) at ratios of 1:3 and 1:4. These
prepared mixtures were included to ensure distribution across
the analytical range; however, potential matrix-related effects
were considered during interpretation of the findings.

Method comparison

Spectrophotometric measurements at 524 nm and 572 nm were
compared with results obtained from the automated analyzer.
Automated measurements were performed in duplicate and
averaged.

Agreement between methods was evaluated using linear
regression, Passing—Bablok regression, Deming regression, and
Bland—Altman analyses.

Statistical analysis

Statistical analyses were performed using SPSS version

24 (IBM Corp., USA). Correlation between methods was
assessed using Pearson correlation coefficient (r). Mean bias
was calculated as the average difference between methods.
Limits of agreement were calculated as mean difference
+1.96 standard deviations. Subgroup analysis was performed
for samples with calcium concentrations <9 mg/dL. Method
comparison analysis was performed in alignment with CLSI
EP09-A3 principles for analytical method comparison.
Regression parameters were additionally reported with 95%
confidence intervals where applicable.
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Ethical considerations

The study was performed in the clinical biochemistry
laboratory of GATA Haydarpasa Training and Research
Hospital, Istanbul, Turkey. The study used anonymized residual
serum samples obtained during routine laboratory practice.
According to institutional policy applicable at the time of the
study, formal ethics committee approval and informed consent
were not required for analytical evaluations performed on
anonymized residual samples.

Results

Spectral analysis demonstrated a dominant absorbance peak at
572 nm and a secondary spectral feature near 536 nm (Figure
1). Based on this observation, subsequent analytical evaluations
were performed at 524 nm as the nearest operationally available
alternative wavelength.

Figure 1: Derivative Spectral Analysis of the Calcium—O-CPC Complex.
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Fourth-order derivative spectrum demonstrating the primary absorbance peak at 572 nm and a secondary spectral feature near 536 nm. The secondary feature

was used to guide selection of an alternative wavelength for analytical evaluation.

Table 1: Summary of Analytical Performance at 524 nm and 572 nm.

Parameter ‘ 524 nm ‘ 572 nm
Reagent blank absorbance 0.048 0.122
Linearity (R?) 0.998 0.998
Regression slope 1.03 1.05
Intercept (mg/dL) —-0.16 -0.53
Correlation (r) 0.965 0.969
Mean bias (mg/dL) +0.125 —0.082
Bias <9 mg/dL (mg/dL) —-0.30 —0.55

R?: coefficient of determination; r: Pearson correlation coefficient; bias: mean difference relative to automated analyzer measurements.

Linearity analysis demonstrated excellent linearity at both
wavelengths across calibration models (Table 1). Using the
0—6—-10 mg/dL calibration model, R? values were 0.999 at 524
nm and 0.998 at 572 nm. Similar results were obtained with the
0-4-8 mg/dL calibration model (R? =0.998 at 524 nm and R? =
0.996 at 572 nm).

Precision analysis demonstrated comparable repeatability at
both wavelengths. At 524 nm, CV values were approximately
2.6% for the low-level control and 2.9% for the high-

level control. Corresponding CV values at 572 nm were

approximately 2.2% and 3.5%, respectively (Table 2).

Control serum measurements demonstrated numerically lower
bias at 524 nm for the low-level control material (Table 2). For
the low-level control (8.64 mg/dL), measured values were 8.43
mg/dL at 524 nm and 7.98 mg/dL at 572 nm. For the high-level
control (11.9 mg/dL), measured values were 12.08 mg/dL at
524 nm and 11.79 mg/dL at 572 nm. Agreement analysis for the
conventional wavelength is presented in Supplementary Figure
S1.
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Table 2: Control Serum Agreement and Precision Analysis.

Target (mg/ 524 nm (mg/ 572 nm (mg/

3 5 0, 3 5 0, 70, 5 70, 5

Control Level dL) dL) dL) Bias 524 (%) Bias 572 (%) CV% 524 CV% 572
Low 8.64 8.43 7.98 —2.4% —7.6% 2.6% 2.2%
High 11.9 12.08 11.79 +1.5% -0.9% 2.9% 3.5%

Bias (%) was calculated relative to assigned control values. CV: coefficient of variation.

Method comparison analysis in 40 samples demonstrated (1.03 vs 1.05), together with a smaller intercept magnitude
strong correlation between spectrophotometric and automated (—0.16 vs —0.53 mg/dL) (Table 3, Figure 2). The corresponding
measurements at both wavelengths (r = 0.965 at 524 nm; r = 95% confidence intervals are presented in Table 3. Additional
0.969 at 572 nm). Regression analysis demonstrated a slope regression analyses using Passing—Bablok and Deming
numerically closer to unity at 524 nm compared with 572 nm methods yielded comparable results (Supplementary Table S1).

Table 3: Regression and Agreement Analysis Parameters (n = 40).

Parameter ‘ 524 nm ‘ 572 nm
Slope (95% CI) 1.03 (0.94-1.12) 1.05 (0.96-1.13)
Intercept (mg/dL, 95% CI) —0.16 (-1.05 to 0.74) —0.53 (-1.38 t0 0.32)
Correlation (r) 0.965 0.969
Standard Error of Estimate 0.045 0.043
Mean Bias (mg/dL) +0.125 —0.082
Lower Limits of Agreement (mg/dL) -1.38 —1.55
Upper Limits of Agreement (mg/dL) +1.63 +1.38

CI: confidence interval; limits of agreement calculated using Bland—Altman analysis.

Figure 2: Regression Analysis between Spectrophotometric Measurement at 524 nm and Architect Autoanalyzer Results.

Figure 2. Regression Analysis (524 nm)
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Linear regression analysis comparing spectrophotometric measurements performed at 524 nm with Architect autoanalyzer results in 40

samples. The solid line represents the regression line, and the dashed line represents the identity line (v = x).

Bland—Altman analysis demonstrated comparable overall bias of +0.125 mg/dL at 524 nm and —0.082 mg/dL at 572 nm
agreement between methods at both wavelengths, with a mean (Figure 3).
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Figure 3: Bland—Altman Analysis of Measurements at 524 nm.

Figure 3. Bland-Altman Plot (524 nm)
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Bland—Altman plot showing mean bias and limits of agreement between spectrophotometric measurements performed at 524 nm and Architect autoanalyzer

results in 40 samples.

In the low concentration subgroup (<9 mg/dL), mean negative
bias was lower at 524 nm compared with 572 nm (—0.30 vs
—0.55 mg/dL) (Table 1).

No statistically significant concentration-dependent bias was
observed for either wavelength.

Discussion

In this study, we evaluated the analytical performance of an
alternative wavelength in the O-CPC calcium assay under
routine laboratory conditions. Measurements performed at
524 nm demonstrated comparable overall agreement with the
conventional 572 nm wavelength, together with lower negative
bias in the low concentration range.

Spectral analysis identified a secondary absorbance feature
near 536 nm in addition to the primary peak at 572 nm.
Because this wavelength is not operationally available in
routine analysers, 524 nm was selected as the nearest practical
alternative for analytical evaluation. The objective was not

to maximize absorbance intensity, but to assess whether an
alternative spectral region with lower background absorbance
could influence analytical performance characteristics. Previous
studies evaluating derivative spectrophotometric approaches
and wavelength optimization strategies have similarly
demonstrated that alternative spectral regions may influence
analytical signal characteristics and background interference
[4,6].

One of the most consistent findings was the substantial
reduction in reagent blank absorbance at 524 nm. Lower

background absorbance may improve signal-to-background
characteristics, particularly in measurements near the lower
analytical range [7]. In the subgroup analysis, negative

bias in samples with calcium concentrations below 9 mg/

dL was lower at 524 nm compared with 572 nm. Precision
profiles were comparable between wavelengths, suggesting
that this observation was not solely attributable to analytical
imprecision.

Although the absolute difference in bias was modest, small
analytical deviations near clinical decision thresholds may
influence classification of borderline hypocalcemia. In this
context, reduction of negative bias in the low concentration
range may still be analytically relevant, particularly when
considered within acceptable total allowable error limits for
calcium measurement [5].

The calcium—O-CPC reaction may demonstrate concentration-
dependent nonlinearity related to complex stoichiometry at
low calcium concentrations and reagent limitation at higher
concentrations, supporting the routine use of two-point or
multipoint calibration strategies [8]. In this context, the
consistent linearity observed at 524 nm across both 0—6—10 and
0—4-8 calibration schemes suggests stable analytical response
characteristics across the evaluated measurement range.
Regression analyses demonstrated a slope numerically closer
to unity and a smaller intercept magnitude at 524 nm relative
to 572 nm. However, confidence intervals overlapped between
methods, indicating broadly comparable overall analytical
agreement.
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Importantly, the present findings do not suggest replacing the
conventional wavelength solely on the basis of correlation
equivalence. Instead, they demonstrate that wavelength
selection represents a controllable analytical parameter that can
be adjusted to improve performance in specific concentration
ranges. Because this approach does not require modification

of reagent composition or instrumentation, it may represent

a practical strategy for analytical optimization in routine
laboratory settings.

From a clinical laboratory perspective, even modest
differences in analytical performance may have meaningful
implications when applied across large testing volumes. In
particular, reduced negative bias in the low concentration
range may support more consistent classification near
hypocalcemia decision thresholds. The primary contribution

of this study is not the introduction of a new analytical

method, but the demonstration that wavelength selection may
influence analytical characteristics within clinically relevant
concentration ranges.

This study has several limitations. The automated analyzer

was used as a comparative method rather than a definitive
reference method such as isotope dilution mass spectrometry
or atomic absorption spectroscopy [9]. Second, the sample

size was modest and the study should therefore be considered
an exploratory analytical evaluation rather than a full-scale
clinical validation study. Third, prepared mixture samples were
included to extend the analytical measurement range; however,
dilution-related matrix effects may have influenced analytical
behavior and limit direct comparability with native patient
samples [10,11]. In addition, potential analytical interference
from hemolysis, lipemia, bilirubin, or magnesium was not
specifically evaluated. Because wavelength availability differs
among analytical platforms, the findings may be partially
instrument-dependent and require validation in other automated
systems before broader generalization. Finally, because the
study was performed using a single analytical platform,
external validation on other systems is required.

In conclusion, measurement at 524 nm demonstrated
comparable overall analytical performance to the conventional
572 nm wavelength, together with lower negative bias in the
low concentration range. These findings suggest that alternative
wavelength selection may represent a practical and cost-neutral
approach for analytical optimization of routine O-CPC calcium
assays.
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Supplementary Table S1: Agreement analysis using alternative regression models.

Method ‘ Slope ‘ Intercept
Linear regression 0.98 0.14
Passing—Bablok 0.98 0.20
Deming 0.98 0.10

Comparison of regression parameters obtained using different analytical models (linear regression, Passing—Bablok, and Deming regression) for
spectrophotometric measurements at 524 nm. Slope and intercept values are presented. Results are presented for comparison purposes and reflect model-
specific estimates obtained using different regression approaches. Minor differences in slope and intercept values are expected due to methodological

differences between regression models.

Supplementary Figure 1: Regression Analysis between Spectrophotometric Measurement at 572 nm and Architect 572/700 nm
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Linear regression analysis showing agreement between spectrophotometric measurements performed at the conventional 572 nm wavelength and Architect

autoanalyzer results (572/700 nm). The solid line represents the regression line, and the dashed line represents the identity line.
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Supplementary Figure 2: Bland—Altman Agreement Analysis for 572 nm Measurement.
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Bland-Altman plot demonstrating mean bias and limits of agreement between spectrophotometric measurements at 572 nm and Architect 572/700 nm results.
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Introduction: Ubiquitin carboxy-terminal hydrolase L1
(UCH-L1) is a neuron-enriched deubiquitinase widely used
for the evaluation of mild traumatic brain injury (TBI).
Although minimal hemolysis-related interference has

been reported for the Abbott TBI assay, routine laboratory
observations indicate that hemolysis may substantially
influence UCH-L1 measurements. This study aimed to
evaluate the effect of hemolysis on UCH-L1 concentrations
in plasma and serum samples and its potential clinical
implications.

Methods: Hemolysis interference was evaluated in
accordance with CLSI C56-A and EP07 guidelines

using pooled plasma samples and paired individual
patient samples. Controlled hemolysis was induced by
adding graded amounts of erythrocyte hemolysate to
non-hemolyzed samples. UCH-L1 concentrations were
measured using the Abbott Alinity i system. In addition, a
retrospective analysis of routine TBI biomarker requests
was conducted to estimate the potential rate of hemolysis-
induced false-positive results.

Results: In pooled plasma, UCH-L1 increased linearly (R? =
0.992) with the hemolysis index (HI), with a 10% analytical
bias observed at HI values of 100 or lower. Erythrocyte-
derived samples showed UCH-L1-related signals more

than 20-fold higher than plasma. In individual patient
samples, hemolysis induced a dose-dependent but highly
variable positive bias. Retrospective analysis suggested that
hemolysis could result in false-positive UCH-L1 results in
up to 21.5% of TBI-negative patients with concentrations
near the clinical cut-off.

Conclusions: Hemolysis induces a clinically relevant
positive bias in UCH-L1 measurements, even at moderate
HI levels. These findings underscore the importance of strict
preanalytical control and cautious interpretation of UCH-L1
results obtained from hemolyzed samples.
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Abbreviations: CT: Computed Tomography; CV: Coefficient of
variation; GFAP: Glial Fibrillary Acidic Protein; HI: Hemolysis
Index; I: Interfered; Int (%): Percentage of interference;

NI: Non-interfered; TBI: Traumatic Brain Injury; UCH-L1:
Ubiquitin Carboxy-Terminal Hydrolase L1; UCH-L3: Ubiquitin
Carboxy-Terminal Hydrolase L3.

Introduction

Ubiquitin carboxy-terminal hydrolase L1 (UCH-L1) is a
member of the ubiquitin C-terminal hydrolase family of
deubiquitinases, which also includes UCH-L3, UCH-LS,

and BRCA1 Associated Protein 1. Its primary function is to
hydrolyze ubiquitin from small C-terminal extensions, and

it is highly expressed in neurons, with lower expression in
gonadal tissue [1,2]. Due to its neuronal enrichment, UCH-L1
was identified in the early 2000s as a promising biomarker for
traumatic brain injury (TBI). In combination with glial fibrillary
acidic protein (GFAP), UCH-L1 is currently used in clinical
practice to aid in the evaluation of patients with suspected mild
TBI (Glasgow Coma Scale score of 13—15). Large validation
studies have demonstrated that this biomarker panel can reduce
the number of unnecessary cranial computed tomography

(CT) scans by approximately 40%, thereby limiting radiation
exposure and long-term risks associated with imaging [3].
Abbott’s TBI assay is an immunoassay panel for in vitro
diagnostics used to measure GFAP and UCH-L1 in human
plasma and serum, with established cut-offs of 35 and 400 pg/
mL for GFAP and UCH-L1, respectively. This assay aids in the
evaluation of patients aged over 18 years old with suspected
mild TBI within 12 hours of injury. The results help determine
whether a cranial CT scan is required. A result exceeding either
threshold is considered positive and supports the need for CT
evaluation [4].

According to the Abbott package insert (H22846R01, B4Z233,
created in 2021) for TBI assay, hemolysis does not produce a
significant interference (<10% bias) in UCH-L1 measurement
at hemoglobin concentrations up to 1,000 mg/dL, which

are generally considered equivalent to a hemolysis index

(HI) of approximately 1,000 arbitrary units [4]. Despite this
manufacturer’s claim, our laboratory observations suggest that

hemolysis may influence measured UCH-L1 concentrations. To
further investigate this potential source of analytical variability,
the present study was designed to assess the effect of hemolysis
on plasma and serum UCH-L1 concentrations using both
pooled and individual samples.

Material and Methods

The procedure for the evaluation of endogenous interferences
was adapted from the CLSI C56-A and EPO7 guidelines [5,6],
with minor modifications.

Pooled sample preparation

A total of 20 EDTA-K3 plasma samples (3 mL purple-top
tubes, VACUETTE®) from primary care patients undergoing
routine complete blood count testing (presumably healthy
individuals) were collected within 24 h of venipuncture, prior
to disposal. Only samples visually assessed as non-hemolyzed
and with volumes close to the maximum tube capacity (3 mL)
were selected. As samples were anonymized immediately after
collection by removing all identifying labels prior to specimen
handling, written informed consent was not required. This
study was approved by the Research Ethics Committee of the
Principality of Asturias (approval number: 2025.386).

The UCH-LI assay is manufacturer-validated for serum and
plasma (EDTA-K2/K3 and lithium heparin) [4]. EDTA-K3
plasma was selected for the pooled experimental phase for
practical reasons: only samples no longer required for clinical
care were deliberately chosen for research use, and hemolysate
preparation requires whole blood prior to centrifugation. Unlike
serum and lithium heparin samples, which are processed
immediately after collection with plasma already separated
from the cellular fraction, EDTA tubes are the only collection
format routinely stored as whole blood.

Each of the 20 tubes was inverted 10 times to ensure
homogenization. Subsequently, to obtain the base solution,

the samples were centrifuged at 2,500 g for 10 minutes. From
each tube, 1 mL of plasma was collected and pooled into a
sterile container, resulting in a total volume of 20 mL of pooled
plasma, which served as the base solution for all subsequent
experiments (Figure 1).
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Figure 1: Schematic representation of pooled plasma preparation and the development of the hemolysis scale.
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To obtain the hemolysate, a 200 pL aliquot of whole blood
was collected from each EDTA-K3 tube and transferred to a
1.5 mL Eppendorf tube. Following centrifugation (2,500 g, 10
min), the plasma (100 pL, approximately) was discarded, and
200 pL of isotonic saline (NaCl 154 mmol/L) was added to
each cellular pellet. The twenty resulting suspensions (300 pL,
approximately) were gently mixed and subsequently pooled
into a 15 mL Falcon® conical tube, yielding a final volume

of approximately 6 mL. This procedure minimized the risk of
hemolysis due to ABO incompatibility. Then, the pooled cell
suspension was centrifuged (2,500 g, 10 min). The supernatant
was discarded, and the pellet was washed twice with 4 mL of
isotonic saline solution. After each wash, the suspension was
centrifuged again (2,500 g, 10 min) and the supernatant was
completely removed. Subsequently, 3 mL of deionized water
was added to the washed pellet to induce cell lysis, and to
achieve a HI of 10,000 arbitrary units. The resulting lysate was
homogenized and stored at =20 °C for 24 hours. After thawing,
the hemolysate was thoroughly mixed and centrifuged at 2,500
g for 30 minutes to remove cellular debris (Figure 1).

Two sample types were prepared using the base solution and
the hemolysate:

Non-interfered (NI) sample, consisting of 9 mL of base solution
mixed with 1 mL of deionized water.

Interfered (I) sample, consisting of 9 mL of base solution mixed
with 1 mL of the hemolysate (HI = 10,000).

Twelve samples were prepared by mixing defined volumes of

the NI and I base solutions. Serial combinations of these two
matrices yielded samples with estimated HI values ranging
from 0 (no hemolysis) to approximately 1,000.

To assess assay precision in the presence of hemolysis, a pooled
sample was prepared from 7 EDTA-K3 plasma specimens
using the standardized hemolysis protocol, targeting HI

of approximately 0, 250, 500, and 1000. HI and UCH-L1
concentrations were measured in quintuplicate for each sample,
with imprecision expressed as the coefficient of variation (CV).
UCH-L1 concentrations were determined using a
chemiluminescent microparticle immunoassay on the Abbott
Alinity i module, whereas HI were measured on the Alinity ¢
module using spectrophotometric detection of free hemoglobin,
with absorbance readings taken at four wavelength pairs
(500/524, 572/604, 628/660, and 524/804 nm) [7].

The degree of interference (Int (%)) was expressed as the
percentage difference between the I and NI samples, calculated
as Int (%) = 100 * (Ci - C0) / CO, where Ci and CO represent the
measured concentrations in each I and NI samples, respectively.
A maximum allowable error of 10% was used as the criterion to
define the acceptable limit of interference.

Selection and processing of individual hemolyzed samples
According to our standard operating procedure for sample
rejection, a new blood sample is requested whenever the HI
measured in plasma or serum exceeds 500. For this study, 20
samples were randomly selected—15 lithium heparin plasma
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samples and 5 serum samples—with HI values above 500, for
which a second, non-hemolyzed sample was obtained within
one hour of the initial sample collection.

Unlike the pooled experimental phase, lithium heparin plasma
and serum were used in this phase, as these are the most
processed matrices in our laboratory. This allowed hemolysis
interference to be assessed under real-world conditions using
clinically rejected, hemolyzed samples, each paired with a non-
hemolyzed sample from the same patient.

After routine analyses were completed, 700 pL of each sample
(600 pL for mixture preparation and 100 pL to account for
dead volume) was transferred into 6 mL polystyrene tubes.
Only samples from patients without requests for brain trauma
markers were included, to avoid potential physiological
increases in these markers during the interval between sample
collections. Additionally, samples were excluded if less

than 500 pL of non-hemolyzed serum or plasma remained
available for potential further analyses. All samples were fully
anonymized prior to analysis.

Paired non-hemolyzed and hemolyzed samples from each
patient were combined to produce four graded levels of
hemolysis. The volume of non-hemolyzed serum or plasma
was progressively decreased from 300 pL to 0 pL, while the
volume of the corresponding hemolyzed sample was increased
from 0 pL to 300 pL, resulting in mixtures with hemolyzed
fractions of approximately 0%, 33%, 67%, and 100%. UCH-L1
concentrations and HI were measured in each mixture, and the
Int (%) was calculated.

To verify the manufacturer’s claim of assay suitability

across serum, EDTA plasma and lithium heparin plasma,

a matrix comparison study was performed. Blood samples
were collected from three healthy volunteers in all three tube
types, and the standardized hemolysis protocol was applied to
generate both non-hemolyzed (HI = 0) and hemolyzed (HI =
1,000) conditions. UCH-L1 concentrations and HI values were
measured in triplicate, and differences among matrices were
evaluated by repeated-measures analysis of variance (ANOVA)
using MedCalc software.

Analysis of Results from Patients with a Routine Request
for TBI Markers

Data from patients for whom the UCH-L1 test was requested
at our hospital between August 2024, and July 2025 were
retrospectively retrieved from the laboratory information
system. The dataset was analyzed to assess the potential impact
of hemolysis on the occurrence of false-positive UCH-L1
results and its possible implications for clinical decision-
making in TBI.

Only samples corresponding to requests for TBI biomarkers
were included. To minimize the influence of severe
preanalytical interference, analyses were restricted to samples
with a HI below 100. No clinical records were reviewed,

and no personal or identifiable patient data were accessed or
collected.

Results

Pooled samples

In the pooled plasma experiment evaluating imprecision, the
mean HI values across quintuplicates were 27, 240, 447, and
867, with corresponding mean UCH-L1 concentrations of 196,
305, 399, and 556 ng/L. CVs for UCH-L1 were 6.1%, 8.9%,
5.1%, and 8.6%, respectively, showing no apparent association
with the degree of hemolysis, while CVs for HI remained
below 3% in all cases. Fitting a quadratic model to the mean
values, a 10% increase in UCH-L1 concentration was estimated
at HI = 63, and an absolute concentration of 400 ng/L,
corresponding to the manufacturer’s recommended decision
threshold for ruling out brain injury, was estimated at HI = 525.
Nearly identical estimates were obtained when the model was
fitted using only the first individual measurement from each
quintuplicate (HI = 63 and 523, respectively).

In the 20 pooled plasma experiment, UCH-L1 concentrations
increased linearly with increasing HI (Figure 2). The regression
equation was UCH-L1 = 0.227 (95% confidence interval:
0.212-0.242) x HI + 170 (95% confidence interval: 161-179);
with an R? value of 0.992. The baseline UCH-L1 concentration
at HI = 68 was 175.4 pg/mL. According to this model, a 10%
deviation from baseline (corresponding to an increase of
approximately 17 pg/mL) would be reached at an HI of 101.
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Figure 2: Linear regression of UCH-L1 (pg/mL) concentration versus hemolysis index (HI) in pooled plasma. The line represents
the best-fit linear model, illustrating the dose-dependent increase of UCH-L1 with increasing hemolysis.
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Assuming a linear increase in UCH-L1 concentration of concentrations between 175 and 300 pg/mL exceeded 400 pg/
0.227 pg/mL per HI unit, we evaluated which HI values mL at intermediate HI values (approximately 400—1,000);
would result in UCH-L1 concentrations exceeding 400 pg/ and samples with baseline concentrations above 300 pg/mL
mL, depending on the initial baseline concentration. Samples consistently exceeded 400 pg/mL when HI values were greater

with baseline concentrations below 175 pg/mL did not exceed than 440 (Table 1).
400 pg/mL within the HI range tested; samples with baseline

Table 1: Estimated hemolysis index (HI) required for a sample to exceed the clinical ubiquitin carboxy-terminal hydrolase L1
(UCH-L1) threshold of 400 pg/mL, based on a linear increase in UCH-L1 concentration with hemolysis (0.227 x HI).

Baseline UCH-L1 concentration (pg/mL) | Required increase in UCH-L1 (pg/mL) | Required HI (mg/dL hemoglobin)

150 250 1,101
175 225 991
200 200 881
250 150 661
300 100 441
350 50 220
375 25 110

For each baseline UCH-LI concentration, the corresponding HI value required to reach 400 pg/mL was calculated. Samples with baseline UCH-L1
concentrations below 175 pg/mL required very high HI values (> 950) to exceed the decision threshold, whereas samples with baseline concentrations of
> 300 pg/mL surpassed 400 pg/mL at moderate levels of hemolysis (HI < 450). The calculated increase in UCH-LI above baseline (shown in the middle

column) represents the additional concentration required to reach the pathological cut-off.
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The relative abundance of UCH-L1 —or the interfering
substance detected by the assay— was also evaluated within
erythrocytes compared with plasma. To generate a hemolysate,
2 mL of washed red blood cells were mixed with 3 mL of
deionized water, resulting in a 5 mL preparation (I sample)
with an approximate hematocrit of 40%, comparable to that of
an average individual. The UCH-L1 concentration measured
in this erythrocyte-derived matrix was 408.8 pg/mL (Figure

related signal than plasma.

Individual samples

In individual patient samples, UCH-L1 concentrations
increased progressively with increasing HI, confirming a
positive, dose-dependent interference pattern. This trend was
consistent with that observed in the pooled plasma experiment,
although considerable variability among patients was evident.

2). In contrast, the mean UCH-L1 concentration in non-
hemolyzed patient plasma was approximately 175 pg/mL,
slightly overestimated due to a baseline HI of 68 rather than
0. Based on these measurements, the intracellular-to-plasma
ratio was approximately 23.5, indicating that the erythrocyte
compartment contains more than 20-fold higher UCH-L1-

To better characterize this relationship, individual quadratic
regression models were generated for each patient (Table 2).
The quadratic model provided a superior fit compared with
a simple linear model, reflecting the non-linear nature of
hemolysis interference.

Table 2: Calculated hemolysis index (HI), mg/dL hemoglobin, required to increase ubiquitin carboxy-terminal hydrolase L1
(UCH-L1) concentration by 10% and to reach 400 pg/mL, based on quadratic models.

HI required to
reach 400 pg/
mL of
UCH-L1

Baseline UCH-L1
concentration
(pg/mL)

UCH-L1
concentration
increased by 10%

HI required for
10% UCH-L1
increase

Patient Baseline

Quadratic equation

1 44 3 48 17 2106 43,5+ 0,259x - 4,26E-05x* =y
2 58 0 64 13 856 58.7 + 0.405x - 7.17E—06x2 =y
3 65 1 71 40 2275 64,6 + 0,161x - 5,97E-06x2 =y
4 68 1 74 13 754 66.9 + 0.549x - 1.42E-04x2 =y
5 81 2 89 42 1795 78,3 +0,257x - 7,16E-05x> =y
6 96 1 106 39 1929 95,5 +0,272x - 7,05E-05x* =y
7 106 1 116 26 723 105 + 0.441x - 4.59E—05x> =y
8 122 4 134 24 559 122 +0,502x - 7,68E-06x* =y
9% 134 1 148 194 2103 134+ 0.0668x + 2.84E—05x2 =y
10+ 136 1 149 73 1484 139 +0.134x + 2.82E—05x2 =y
1 140 3 154 25 369 134 + 0.807x - 2.33E—04x> =y
12 142 10 156 42 775 139 + 0,41x - 9,47E-05x> =y
13 158 5 174 84 1310 156 + 0,216 - 2,27E-05x> =y
14 169 59 186 102 1009 153 +0,341x - 1,69E-04x>=y
15 178 2 196 33 573 177 + 0.583x - 3.38E—04x>=y
16 232 110 255 171 468 171 +0,492x - 5,63E-06x>=y
17 247 38 272 195 968 241 +0.158x + 6.44E-06 x>=y
18 262 73 288 138 269 154 + 1,03x + -4,29E-04x>=y
19 413 54 455 95 N/A 350 + 1,13x + -2,02E-04x>=y
20 1183 164 1301 808 N/A 1206 + -0,232x + 4,33E-04x>=y

The equations were derived from individually fitted quadratic models describing the relationship between the HI and the measured UCH-LI concentration in
samples with progressively increasing hemolysis. The patients’ results are shown in order of increasing baseline UCH-LI concentration.
*Serum samples (*); remaining samples are lithium heparin plasma.

N/A: not appicable
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Baseline UCH-L1 concentrations among patients ranged
from 44 to 413 pg/mL, with one patient exhibiting an
exceptionally high concentration of 1,183 pg/mL. Calculated
UCH-LI concentrations corresponding to a 10% deviation
from baseline varied from 48 to 455 pg/mL, with an outlier
sample of 1,301 pg/mL (patient previously mentioned). The HI
required to produce a 10% change in UCH-L1 concentration
varied between 13 and 195 for most patients, except for one
patient, for whom it was 808. Finally, the HI necessary to
raise UCH-L1 above the cut-off value of 400 pg/mL (resulting
in a false-positive) ranged from 269 to 1,000 in 10 of the 20
patients (50% potential false-positives), while it exceeded
1,000 in the remaining patients, except for patients 19 and 20,
whose baseline UCH-L1 concentration was already over 400
pg/ml.

In the matrix comparison study evaluating assay suitability
across serum, EDTA plasma, and lithium heparin plasma,

the mean HI was 8 in non-hemolyzed samples and 1144

in hemolyzed samples. Under non-hemolyzed conditions,
mean UCH-L1 concentrations for the three volunteers were
44.5, 69.8, and 101 ng/L, rising to 308.1, 318.0, and 451.8
ng/L under hemolyzed conditions. No statistically significant
differences among matrices were observed under either
condition (p > 0.05).

Analysis of Results from Patients with a Routine Request
for TBI Markers

During the study period, 986 patients presenting with mild
TBI underwent assessment, and TBI markers were requested.
Among them, 260 patients showed concentrations of both
markers (GFAP and UCH-L1) below their respective cut-off
values (35 and 400 pg/mL, respectively), with 56 of these
“TBI-negative” patients exhibiting UCH-L1 concentrations in
the range of 300-400 pg/mL. Based on our regression model,
all these patients would have had UCH-L1 concentrations
above 400 pg/mL if their sample HI had exceeded 440. This
indicates that analyzing hemolyzed samples (HI > 440) from
these patients would have resulted in a 21.5% false-positive
rate among all patients with a negative TBI result (56 of 260).

Discussion

The linear relationship observed between UCH-L1
concentration and HI demonstrates that increasing hemolysis
contributes to higher UCH-L1 values, which can substantially
affect the clinical interpretation of this biomarker in plasma and
serum. In pooled plasma, the baseline UCH-L1 concentration
was 175.4 pg/mL, in close agreement with previous reports
indicating that basal levels in patients with a negative TBI

are generally below 200 pg/mL [4,8,9] using Alinity ci. This
consistency supports the validity of our pooled model.
Sample matrix (serum, EDTA plasma or lithium heparin
plasma) does not appear to be a determining factor in
hemolysis-induced interference, and the use of single
measurements rather than replicates does not meaningfully

affect the estimates obtained, as these remained consistent with
those derived from the quintuplicate determinations.
According to the relationship [UCH-L1] = 0.227 x HI, the
degree of hemolysis required for UCH-L1

concentrations to exceed the clinical threshold of 400 pg/mL
was evaluated. For baseline UCH-L1 concentrations below
175 pg/mL, only severe hemolysis (HI > 950) could result in
falsely elevated values above the threshold; however, samples
with such high hemolysis would be rejected. In contrast, when
the baseline UCH-L1 concentration exceeded 300 pg/mL,
hemolysis levels of approximately 450 were sufficient to raise
the calculated concentration above 400 pg/mL (Table 1). These
results indicate that the susceptibility to hemolysis-induced
false-positives depends strongly on both baseline UCH-L1
concentration and the degree of hemolysis.

Applying the manufacturer’s recommended allowable error of
10%, an interference threshold at HI = 100

(corresponding to UCH-L1 = 193 pg/mL) was identified.
Interestingly, the manufacturer’s insert reports no interference
from hemoglobin up to 1,000 mg/dL [4]. In contrast, our
findings indicate that beyond HI =~ 100, hemolysis can
meaningfully affect UCH-L1 measurement accuracy. This
observation is supported by the FDA memorandum on

the Banyan Brain Trauma Indicator, which reported that
hemoglobin produced statistically significant interference
beyond the prespecified acceptance limit of 500 mg/dL, while
showing no interference at concentrations up to 62.5 mg/dL
[10].

From a clinical perspective, these findings are relevant because
UCH-LI is increasingly used to guide imaging decisions

in TBI. In our laboratory, the clinical decision limit for
recommending CT imaging is 400 pg/mL [4,11]. According

to the regression model (UCH-L1 =0.227 x HI + 170), an HI
greater than approximately 1,013 would be necessary to raise
a baseline UCH-L1 concentration above this pathological
threshold, potentially resulting in false-positive interpretations
and unnecessary imaging. At such extreme levels of hemolysis,
samples should be rejected and recollected; however,

lower HI values may be problematic when other published
thresholds are applied. For example, the decision cut-offs
proposed by Papa et al. (2022), Karamian et al. (2025), and
Bazarian et al. (2018, 2021)—189, 225, 327, and 360 pg/mL,
respectively [10,12—14]—would correspond to HI values of
approximately 84, 242, 692, and 837 according to our model.
This suggests that even moderate hemolysis could artifactually
elevate UCH-L1 concentrations above these clinical cut-offs,
potentially generating false-positive results. It should be noted
that these cut-offs were derived using ELISA-based assays in
all studies except for Bazarian et al. (2021), who employed
the i-STAT Alinity system [14], which has been seen to be
highly correlated to Alinity ci [15]. However, these studies
differ not only in their proposed clinical cut-offs but also in
their analytical methodologies. As shown by the 2024 SEQC-
ML external quality assessment for serum indices, different
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analysers yield non-identical HI values even when measuring
equivalent samples [16]. Such heterogeneity limits the direct
comparability of absolute UCH-L1 values and interference
thresholds across studies. Nevertheless, regardless of the
analytical approach used, our findings highlight that hemolysis
can shift UCH-L1 values toward commonly used decision
limits, potentially leading to misclassification. This may not
only increase healthcare costs but also expose patients to
unnecessary radiation and delay appropriate clinical decision-
making.

This study also demonstrates that the effect of hemolysis on
UCH-L1 measurements is highly variable among patients,

and that individual hemolysis—response curves can differ
substantially even under identical analytical conditions.
Baseline UCH-L1 concentrations ranged from 44 to 413 pg/mL
in most individuals, with one outlier reaching approximately
1,183 pg/mL (Table 2). Patients with low baseline UCH-L1
concentrations showed the greatest susceptibility to hemolysis.
In these cases, small increases in HI were sufficient to exceed
the 10% error threshold, making their results particularly
vulnerable to clinical distortion. This supports a proportional
relationship in which lower initial UCH-L1 concentrations
require smaller increments in HI to generate unacceptable
analytical error.

The observed increase in UCH-L1 concentration with rising
hemolysis may be explained by several, non-mutually
exclusive mechanisms. Immunoassays might be particularly
susceptible to hemolysis-related interference, as red blood
cell-derived components, including free hemoglobin and
intracellular proteases, may degrade target antigens or

disrupt antibody—antigen binding, thereby altering signal
generation [17]. However, the interference observed may

not be directly attributable to free hemoglobin itself, as the
manufacturer reports no significant effect at concentrations up
to 1,000 mg/dL, but rather to other components released from
intraerythrocytic content during hemolysis, which is consistent
with the reported impact of non-specific analytical factors such
as fibrin, erythrocyte remnants, platelets, or other suspended
particles on assay performance [4]. Alternatively, hemolysis
may lead to a true release of UCH-L1 or UCH-L1-like proteins
from blood cells. Given that UCH-L3 shares approximately
52% sequence homology with UCH-L1, cross-reactivity was
considered as a potential contributor [2]; however, the Banyan
Brain Trauma Indicator decision memorandum [10], as well

as the Abbott package insert [4], reported no detectable cross-
reactivity between UCH-L3 and the UCH-L1 assay, making
immunological cross-detection an unlikely explanation for

the observed bias. Regardless of the underlying mechanism,
our data clearly demonstrate that hemolysis is a major pre-
analytical variable for UCH-L1 quantification.

Overall, the patient-level analyses indicate that hemolysis
interference is neither linear nor uniform and is influenced

by both baseline UCH-L1 concentrations and the specific
curvature of each HI-UCH-L1 relationship. These findings

emphasize that UCH-LI results from hemolyzed samples must
be interpreted with caution, as the magnitude of interference
can range from negligible to clinically significant and may bias
diagnostic decision-making. The data analysis highlights that
even moderate hemolysis can shift UCH-L1 concentrations
toward the decision cut-off and generate false-positive results,
potentially affecting patient classification in diagnostic
algorithms.

To our knowledge, this is the first study to describe hemolysis
interference in UCH-L1 measurement at such a low HI.
According to Puravet A. et al., UCH-L1 exhibits a positive
bias exceeding 10% at HI of 400, identifying this value

as analytically relevant [18]. However, their study did not
evaluate lower hemolysis ranges due to technical limitations

in HI measurement. In contrast, our analysis specifically
investigated lower HI values using patient-derived samples and
demonstrates that a >10% positive bias can already occur at HI
~ 100, indicating that clinically meaningful interference arises
well before the previously reported limit.

Limitations

Limitations include the small number of pooled and individual
samples and the focus on a single analytical method. Further
studies should evaluate larger, more heterogeneous cohorts, and
aim to establish consensus interference thresholds for UCH-L1.

Conclusion

We have demonstrated that hemolysis produces a strong, dose-
dependent positive bias in UCH-L1 concentrations, with even
moderate hemolysis capable of altering values sufficiently to
affect clinical interpretation, particularly at lower thresholds.
The linear relationship observed in pooled plasma, together
with the high erythrocyte enrichment of UCH-LI (or the
interfering substance) and the potentially substantial proportion
of false-positive results in patient samples attributable to
hemolysis, underscores the biomarker’s marked vulnerability
to red blood cell lysis. Consequently, unrecognized hemolysis
may lead to false-positive classifications and unnecessary CT
imaging in patients with mild TBI. These findings highlight
the need for systematic hemolysis detection, assay-specific
interference thresholds, and stringent sample quality criteria to
ensure the reliable clinical application of UCH-L1.
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“Corresponding Author: Background: Dengue fever is a significant public health
Sibtain Ahmed issue in Pakistan. Seasonal outbreaks lead to considerable
Assistant Professor & Consultant Chemical Pathologist illness and economic strain. Traditional surveillance
Department of Pathology and Laboratory Me systems, like the Integrated Disease Surveillance and
Aga Khan University Hospital Response (IDSR) system, depend mainly on passive
Stadium Road Karachi Pakistan reporting. They often identify outbreaks only after
Phone: +92 21-34861951 transmission has already worsened. Digital data sources,
E-mail: sibtain.ahmed@aku.edu such as Google Trends, might provide early signs of

increasing disease activity by reflecting changes in public
information-seeking behavior.

Objective: To determine if Google search activity for
dengue-related terms can predict dengue case counts in
Pakistan during 2024.

Methods: Weekly dengue case count data were collected
from the IDSR Weekly Bulletin. Weekly Relative Search
Volume (RSV) data for “dengue,” “dengue fever,” “dengue
symptoms,” and “dengue treatment” were gathered from
Google Trends. Case counts were adjusted to a 0—100 scale.
Pearson correlation was used to examine the relationship
between search activity and case count data. Time-series
causality analysis was carried out using the Toda—Yamamoto
method, following tests for stationarity and the specification
of the Vector Autoregression (VAR) model.

Results: Strong positive correlations were found between
dengue-related search interest and case count data (r
=0.756-0.832; p < 0.001). The strongest correlation

was for the term “dengue.” Toda—Yamamoto causality
testing showed that search activity significantly predicted
subsequent increases in dengue case counts for “dengue
symptoms” (p = 0.004), “dengue treatment” (p = 0.001), and
“dengue” (p = 0.004), with an approximate two-week lag.
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Conclusion: Google Trends search data effectively reflects and
can anticipate dengue case count patterns in Pakistan. This
suggests that it could serve as a cost-effective, real-time early
warning tool to complement the national surveillance system.
Combining digital search monitoring with IDSR reporting
could lead to earlier detection and a more proactive public
health response.

Introduction

Dengue fever is one of the most common mosquito-borne
infections in Pakistan. It causes thousands of cases each year
and continues to challenge the country’s public health system
[1]. The Dengue virus (DENV), a member of the Flavivirus
genus, has four antigenically distinct serotypes (DENV-

1-4) spreads through Aedes aegypti and Aedes albopictus
mosquitoes, which breed in stagnant water during and after
the monsoon season [2]. Seasonal dengue outbreaks happen
almost every year, with major peaks usually occurring between
September and November. Most cases come from the Punjab
and Sindh provinces, especially in large urban centers like
Karachi, Lahore, and Rawalpindi [3]. According to national
surveillance data, more than 28,427 confirmed cases and
multiple fatalities were reported in 2024 [4]. This made it one
of Pakistan’s more severe outbreaks in recent years.

Several factors contribute to the increasing frequency and
intensity of dengue outbreaks in the country. These factors
include unplanned urban growth, inadequate drainage, and
sanitation systems, and shifting rainfall patterns due to climate
change [3]. A study conducted in four major Pakistani cities
estimated the average direct cost per dengue patient to be Rs.
35,823 (approximately US $358 at the time of the study),
highlighting the substantial economic burden associated with
the disease. This cost reflects hospital admissions, diagnostic
testing, vector control measures, and loss of productivity [5].
Even though dengue outbreaks are predictable, early warning
systems are still weak. Outbreaks are frequently noticed only
after hospitals report a rise in patients [6].

The Integrated Disease Surveillance and Response (IDSR)
system is Pakistan’s main framework for tracking and reporting
dengue cases. It gathers weekly outbreak reports from both
public and private healthcare facilities. However, the system
mainly uses passive surveillance [7]. This approach can

cause delays in reporting and lead to an undercount of actual
cases. Many areas also have limited laboratory confirmation,
making it hard to produce timely and accurate outbreak alerts.
Furthermore, IDSR has been described as inconsistent and
lacking in resources [8]. There is significant variation in how

it is implemented across provinces. The system suffers from

a shortage of trained epidemiological staff, poor coordination
between provincial and federal authorities, and limited financial
resources [8]. These issues weaken routine data collection

and timely response efforts. As a result, by the time data are

compiled and analyzed, community transmission is often
already widespread. This reduces chances for early intervention
[8].

To address these gaps, several countries have used digital

tools for early outbreak detection. Google Trends is one such
platform that gives real-time data on how often people search
for specific terms [9]. Research from countries like India

and Indonesia has shown that increases in dengue-related
searches often happen before official numbers rise (9—12). For
instance, studies in India found that online searches for “dengue
symptoms” increased around 4 weeks before confirmed
outbreaks [12]. This suggests that how people search for
information may signal early signs of disease spread.

In Pakistan, internet access has grown quickly over the last ten
years, with approximately 27% of the population now using
the internet [13]. This digital data could offer useful insights
into public health trends. However, there is little research

on whether Google search activity can help predict dengue
outbreaks locally.

This study aims to investigate the connection between Google
Trends data and reported dengue case counts in Pakistan during
2024. By looking at weekly search interest for dengue-related
terms and comparing it with official data from the IDSR
system, this research examines if online search behavior can act
as an early warning sign for upcoming outbreaks.

Methods

Data Sources

Weekly data on dengue case counts in Pakistan for 2024 came
from the IDSR Weekly Bulletin. This bulletin is published

by the National Institutes of Health (NIH) Pakistan through
its Public Health Bulletin portal (https://phb.nih.org.pk/
integratedisease-surveillance-and-response). The IDSR
bulletin gathers weekly reports from provincial and district
health departments throughout Pakistan, covering both public
and private healthcare facilities. These reports include the
counts of laboratory-confirmed and suspected dengue cases
from all participating districts primarily using NS1 antigen,
ELISA, IgM/IgG serology, and RT-PCR where available.
However, laboratory confirmation coverage remains uneven
across provinces, which can delay accurate case reporting.

A substantial proportion of dengue infections are mildly
symptomatic, which means true transmission may be even
higher than reported.

Weekly Google Trends data were gathered from the Google
Trends platform (https://trends.google.com) for the search
terms “dengue fever,” “dengue symptoms,” “dengue
treatment,” and “dengue.” The selection of search terms was
informed by prior literature. The data were extracted at weekly
granularity for the period January to December 2024, selecting
Pakistan as the region of interest. Google Trends provides
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Relative Search Volume (RSV) values from 0 to 100, with 100
representing the week that had the highest search frequency for
the selected term.

Both datasets are publicly available and do not contain any
personally identifiable information. Therefore, no ethical
approval was needed.

Data Processing and Normalization

The IDSR case count data and Google Trends data were
entered into Microsoft Excel and then imported into R version
4.3.3 for analysis.

Since Google Trends scores are scaled between 0 and 100
while case counts vary in absolute magnitude, the case count
data were normalized to make both series comparable.

For each weekly value xi of dengue case counts, the normalized
value y, was computed as:

X,
— X 100

max

Y, =

l

Where x__is the maximum weekly case count in 2024.
This rescaling ensured that both datasets shared a common
0-100 scale.

Statistical Analysis

Correlational Analysis

All analyses were performed in R version 4.3.3 using the stats,
700, and vars packages.

To assess the strength and direction of the relationship between
Google search interest and dengue case count data, Pearson’s
product—-moment correlation coefficient (r) was calculated
separately for each search term. Two-tailed significance tests
were conducted, and 95% confidence intervals (CI) were
obtained.

Time-Series and Causality Analysis

Stationarity testing

Before causality testing, the Augmented Dickey—Fuller (ADF)
test was applied to each time series to check for stationarity.
Weekly Google Trends data for the search terms “dengue
fever,” “dengue symptoms,” “dengue treatment,” and “dengue”
were analyzed alongside normalized dengue case count data
from the IDSR system. A series was considered non-stationary
when the ADF p-value > 0.05. Non-stationary series were
differenced until stationarity was achieved.

The maximum differencing order dmax required across all
series was used in the Toda—Yamamoto procedure.

Model specification and lag selection
A Vector Autoregression (VAR) model was constructed for

each pairing of Google Trends data and normalized dengue
case count data. The optimal lag length (k) was identified using
multiple information criteria, including the Akaike Information
Criterion (AIC), Hannan—Quinn (HQ), and Final Prediction
Error (FPE) statistics. For the 2024 dataset, both AIC and HQ
consistently indicated an optimal lag length of two weeks. This
lag order was applied uniformly across all models to ensure
consistency, comparability, and overall model stability. An
augmented VAR with p=k+ dmax lags was used for the Toda—
Yamamoto causality test.

Toda—Yamamoto causality test

The Toda—Yamamoto approach was employed to examine
whether variations in Google search activity Granger-cause
changes in dengue case counts. For each model, the null
hypothesis stated that the Google Trends relative search volume
(RSV) for a given term does not Granger-cause a rise in dengue
case counts. Causality was evaluated using the modified Wald
(MWALD) test applied to the coefficients of the augmented
vector autoregressive (VAR) model. Statistical significance was
defined at p < 0.05. The analysis generated F-statistics, degrees
of freedom (df, df), and corresponding p-values for each
model. In addition, instantaneous causality between variables
was assessed using the same procedure to determine whether
simultaneous relationships existed between Google search
activity and dengue case count data.

Visualization

Weekly trends of each search term and dengue case count data
were plotted, showing both raw and smoothed (3-week moving
average) lines to illustrate synchronous or lagged patterns.
Additionally, separate scatter plots were produced for each
search term to depict linear correlations, with regression lines
shown as dashed overlays.

Distinct color palettes were used to differentiate each search
term: red (“dengue fever”), blue (“dengue symptoms”), green
(““dengue treatment”), and purple (“dengue”).

Results

Correlation between Google Trends data and dengue case
counts

A strong positive correlation was observed between weekly
Google search interest for dengue-related terms and normalized
dengue case count data in Pakistan during 2024. As shown

in Table 1, the Pearson correlation coefficients ranged from
0.756 t0 0.832 (p < 0.001 for all). The highest correlation was
seen for the general search term “dengue” (r = 0.832; 95% CI
=0.724-0.901), followed by “dengue symptoms” (r = 0.786;
95% CI = 0.653-0.872), “dengue treatment” (r = 0.775; 95%
CI=0.637-0.865), and “dengue fever” (r = 0.756; 95% CI =
0.608-0.853).

These results indicate that as public search activity for dengue-
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related terms increased online, reported dengue case counts
also rose. Line plots with 3-week moving averages (Figures
1-4) and scatter plots comparing Google Trends and IDSR data
(Figure 5) both demonstrated clear synchronous patterns and
positive linear relationships between online search interest and
outbreak counts, reinforcing the observed correlations.

Causality analysis using the Toda—Yamamoto test

Before applying the Toda—Yamamoto causality test, the
stationarity of each time series was examined using the
Augmented Dickey—Fuller (ADF) test. The ADF test results
indicated that all series were non-stationary in level form, with
p > 0.05 (“dengue fever”: Dickey—Fuller = —1.93; lag order
=3; p=0.60; “dengue symptoms”: Dickey—Fuller =—1.52;
lag order = 3; p = 0.77; “dengue treatment”: Dickey—Fuller
=—1.43; lag order = 3; p = 0.80; “dengue’: Dickey—Fuller =
—2.75; lag order = 3; p = 0.27; IDSR: Dickey—Fuller =—1.57,
lag order = 3; p = 0.75). After first differencing, all series
remained non-stationary (p > 0.05 for all variables). However,
after second-order differencing, the data became stationary
(“dengue fever”: Dickey—Fuller = —5.47; lag order = 3; p <
0.01; “dengue symptoms”: Dickey—Fuller = —5.03; lag order
=3;p <0.01; “dengue treatment”: Dickey—Fuller = —5.35;
lag order = 3; p < 0.01; “dengue”: Dickey—Fuller = —3.62; lag
order = 3; p = 0.04; IDSR: Dickey—Fuller = —5.19; lag order
=3;p <0.01). The maximum differencing order required to
achieve stationarity across all variables was dmax = 2.

No cointegration was observed between the Google Trends

and IDSR series, confirming the appropriateness of the Toda—
Yamamoto causality framework without requiring cointegration
adjustments. A Vector Autoregressive (VAR) model was then
constructed for each pairing of Google Trends data and IDSR
case count data. The optimal lag length (k) was determined
using multiple information criteria, including the AIC, HQ, and
FPE statistics, all of which consistently indicated an optimal
lag of two weeks. Accordingly, an augmented VAR model with
p=k+ dmax = 4 was applied for each term.

Causality was assessed using the modified Wald (MWALD) test
on the augmented VAR coefficients, with significance defined
at p <0.05. As shown in Table 2, significant Granger causality
was observed for the search terms “dengue symptoms” (F =
4.18; p = 0.004), “dengue treatment” (F = 5.10; p = 0.001),
and “dengue” (F = 4.24; p = 0.004), indicating that increases
in online search activity preceded corresponding rises in
reported dengue case counts. The observed time lag between
Google search activity and reported dengue cases correlates
well with the incubation periods of dengue virus transmission.
The association for “dengue fever” was borderline (F =2.41;
p = 0.056). Instantaneous causality tests were non-significant
across all models (p > 0.05), suggesting that relationships
between search activity and case count data occurred with a

time lag rather than simultaneously.

Discussion

This study looked at how Google Trends data could support
Pakistan’s national dengue surveillance system by tracking
public search activity related to dengue over time. A strong
positive relationship was found between weekly Google
search interest and normalized case count data from the IDSR
system, (r = 0.76-0.83, p < 0.001), with the term “dengue”
demonstrating the strongest association. These findings indicate
that as dengue transmission rises, people start searching online
for information about illnesses, reflecting real-world disease
trends in near real time.

The Toda-Yamamoto causality analysis showed that search
activity can precede reported rises in case counts. Significant
Granger causality appeared for “dengue symptoms” (p =
0.004), “dengue treatment” (p = 0.001), and “dengue” (p =
0.004), while “dengue fever” had a borderline association (p
=0.056). These findings suggest that rises in Google search
interest usually happen weeks before officially reported rises
in dengue cases. This supports the idea that digital search data
could serve as an early warning tool for dengue surveillance in
Pakistan.

Our findings align with research from other regions where
dengue is common. In India, Singh et al. (2025) found a strong
link between dengue-related Google searches and IDSP case
counts (r = 0.83). Searches began to rise weeks before reported
peaks [10,12]. Similarly, Verma et al. (2018) noted a lag of -2
to -3 weeks between search trends and surveillance data [9].
Other studies, including those by Sylvestre et al. and Ho et al.,
have shown similar correlations and time-lag patterns, usually
ranging from 1 to 3 weeks [14,15]. These consistent time-lags
suggest that public concern and the desire for information
grow early in the outbreak—often during the phase when
transmission starts to speed up but case reporting systems
have not yet captured the increase. This closely matches our
observed lag of 2 weeks and supports the idea that online
search patterns can serve as real-time early indicators of
transmission.

Comparable associations and predictive effects have also been
reported in Indonesia (Husnayain et al., 2019), Brazil (Romero-
Alvarez et al., 2020), and Mexico (Gluskin et al., 2014). This
is especially true in urban areas where internet use is high and
online health-seeking behavior is more common [11,16,17].
These patterns highlight an important contextual factor: the
predictive value of Google Trends seems strongest in regions
with high population density, active digital engagement, and
frequent seasonal dengue outbreaks. These conditions are
similar to major Pakistani cities like Karachi, Lahore, and
Rawalpindi. Overall, these studies show a broader global
trend: digital search activity not only reflects official rises in
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case count data but often comes before it. This supports its
role as a useful and scalable early-warning signal in national
surveillance systems.

A major strength of this study is its demonstration of how
digital epidemiology can significantly improve Pakistan’s
existing dengue surveillance system. Unlike traditional

case reporting, which often faces delays due to laboratory
confirmation, clinical triage capacity, and administrative
processing, Google Trends data are publicly available,

free, and updated in real time. This allows for earlier
situational awareness. Importantly, our analysis used national
IDSR surveillance data, ensuring that the correlations we
observed reflect actual public health reporting rather than
indirect indicators. The use of multiple search terms and
both correlation and causality approaches, including Toda-
Yamamoto testing, further strengthens our findings. This
reduces the chance that the observed associations resulted
from coincidence, short-term media spikes, or seasonal
awareness alone. This method does not need extra laboratory
or field resources, making it scalable and practical for
routine integration into outbreak monitoring workflows. In
places like Pakistan, where reporting delays, a substandard
surveillance system and uneven access to diagnostics are
ongoing challenges, this approach offers a useful, low-cost
way to achieve earlier detection, quicker risk communication,
entomological surveillance, trigger vector control, diagnostic
preparedness and a more proactive response to outbreaks
[8,9,18,19].

A key practical implication of this approach is its potential role
in laboratory diagnostic preparedness. Rising Google search
activity for terms such as “dengue symptoms” or “dengue
treatment” may alert diagnostic laboratories to an impending
increase in testing demand before official case reports peak.
This could support early procurement of NS1 antigen kits,
IgM/IgG ELISA reagents, RT-PCR supplies, sample collection
materials, and blood count testing capacity. It may also help
laboratories plan staffing, extend testing hours, prioritize
turnaround time, and coordinate reporting pathways with public
health authorities. Therefore, Google Trends should not be
viewed only as an epidemiological signal, but as a low-cost
trigger for laboratory readiness during dengue season.

At the same time, a few limitations should be considered. The
observed approximate two-week lag between search activity
and reported IDSR data should be interpreted cautiously.
While it may partly reflect the clinical course of dengue and

the interval between symptom onset and healthcare-seeking
behavior, it is also likely influenced by delays in healthcare
presentation, laboratory confirmation, and administrative
reporting within Pakistan’s passive surveillance system.
Therefore, the observed lag probably represents a combination
of biological and reporting factors rather than the incubation
period alone.

Furthermore, Google Trends shows patterns in public

search interest, which may be affected by media coverage

or awareness campaigns, along with actual infection rates
[20]. Additionally, internet access and digital skills are often
more concentrated in urban areas. This means search activity
might not fully show trends in rural or remote regions. Lastly,
this study covered a single year period. While the 2024
weekly data captured seasonal trends, the relatively small
sample size may reduce the stability of the VAR lag selection
and Toda—Yamamoto causality tests. Consequently, these
forecasting results should be treated as preliminary evidence
of temporal associations rather than conclusive predictive
outcomes. Looking at multi-year datasets covering several
dengue seasons, and including more data sources like climate
factors, vector numbers, or reports from provinces, would
help further validate and improve the method. Overall, these
points underline areas for future work while still supporting
the usefulness of Google Trends as a helpful tool in dengue
surveillance.

Conclusion

This study shows that Google Trends can be a useful and
low-cost addition to Pakistan’s dengue surveillance system.
The strong link and clear time-lag relationship between search
activity and reported case counts indicate that people’s online
behavior reflects real changes in disease spread and can even
help predict them. By watching for increases in dengue-
related searches, health authorities could receive early warning
signals before hospital cases rise. While Google Trends
shouldn’t replace official reporting, combining it with existing
systems like the IDSR and incorporating Google Trends

with microbiological data such as RT-PCR positivity rates,
NS1 antigen trends, and circulating serotypes could create a
multilayered early warning system which could make outbreak
monitoring faster and more responsive. Future studies should
look at data from multiple years, include regional comparisons,
and connect digital data with weather and mosquito
surveillance to build better early warning models.
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Table 1: Pearson correlation between weekly Google search interest for dengue-related terms and normalized IDSR dengue
outbreak data in Pakistan (2024).

Search Term Pearson's r 95% Confidence Interval p-value Strength of Correlation
Dengue Fever 0.756 0.608-0.853 <0.001 Strong positive
Dengue Symptoms 0.786 0.653-0.872 <0.001 Strong positive
Dengue Treatment 0.775 0.637-0.865 <0.001 Strong positive
Dengue 0.832 0.724-0.901 <0.001 Strong positive

Table 2: Toda—Yamamoto causality test results for weekly Google search interest and normalized dengue outbreak data in

Pakistan (2024).
Search Term F-statistic ‘ Interpretation
Dengue Fever 241 4 78 0.056 Borderline causality (not statistically significant)
Dengue Symptoms 4.18 4 78 0.004 Significant causality (searches predict outbreaks)
Dengue Treatment 5.10 4 78 0.001 Significant causality (searches predict outbreaks)
Dengue 4.24 4 78 0.004 Significant causality (searches predict outbreaks)

Figure 1: Weekly Google Trends (GT) search interest for “dengue fever” and normalized IDSR dengue case count data in
Pakistan (2024). The figure presents both raw values and 3-week moving averages for comparative trend analysis.

Dengue Fever Searches vs Reported Dengue Case Counts (Pakistan, 2024)
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Figure 2: Weekly Google Trends (GT) search interest for “dengue symptoms” and normalized IDSR dengue case count data in
Pakistan (2024). The figure presents both raw values and 3-week moving averages for comparative trend analysis.

Dengue Symptoms Searches vs Reported Dengue Case Counts (Pakistan, 2024)
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Figure 3: Weekly Google Trends (GT) search interest for “dengue treatment” and normalized IDSR dengue case count data in
Pakistan (2024). The figure presents both raw values and 3-week moving averages for comparative trend analysis.

Dengue Treatment Searches vs Reported Dengue Case Counts (Pakistan, 2024)
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Figure 4: Weekly Google Trends (GT) search interest for “dengue” and normalized IDSR dengue case count data in Pakistan
(2024). The figure presents both raw values and 3-week moving averages for comparative trend analysis.
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Figure 5: Scatter plots showing the relationship between Google Trends (GT) search interest and normalized dengue case count
data (IDSR) in Pakistan during 2024. The top left, top right, bottom left, and bottom right panels represent plots for search terms:
“Dengue Fever”, “Dengue Symptoms”, “Dengue Treatment”, and “Dengue”, respectively. The dashed line in each plot represents
the linear regression line, illustrating the strong positive association between Google search activity and reported dengue case
counts.
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Background: The glutathione redox system, expressed

as the ratio of reduced glutathione (GSH) to oxidized
glutathione (GSSG), is a key indicator of cellular oxidative
status. Manufacturer-provided reference intervals are
typically derived from non-local populations and may not be
applicable across different ethnic and geographic groups.

Objective: To characterize the distribution of whole-
blood GSH/GSSG ratio in healthy Emirati adults using
ultra-high-performance liquid chromatography (UHPLC)
and to establish population-specific reference intervals in
accordance with CLSI C28-A3 and ISO 15189 guidelines.

Methods: In this cross-sectional study, whole-blood
samples from 120 apparently healthy Emirati adults were
analyzed using a commercial UHPLC assay. The GSH/
GSSG ratio was calculated for each participant. Due to
non-normal distribution, reference intervals were derived
using a nonparametric approach. Both the conventional
95% reference interval (2.5th—97.5th percentiles) and the
central 90% interval (5th-95th percentiles) were calculated.
Bootstrap resampling (20,000 iterations) was used to
estimate 95% confidence intervals for the central 90%
limits.

Results: The GSH/GSSG ratio demonstrated a right-skewed
distribution with a median (IQR) of 4.76 (3.58—6.77). Most
participants (89.2%) had values below the manufacturer-
reported reference interval (10-15), with only 5.0% within
this range. The nonparametric 95% reference interval was
1.66-28.40. The central 90% interval was 2.53—17.20, with
bootstrap 95% confidence intervals of 2.21-2.97 (lower) and
14.92—-19.73 (upper).

Conclusion: Manufacturer-provided reference intervals

do not reflect the distribution observed in healthy Emirati
adults. Population-specific reference intervals are therefore
necessary. Reporting both 95% and 90% intervals, supported
by bootstrap estimates, enhances clinical interpretation for
both diagnostic and screening applications.
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Introduction

Oxidative stress, defined as an imbalance between the
production of reactive oxygen species and antioxidant

defense capacity, plays a central role in the pathophysiology

of numerous chronic and age-related diseases, including
cardiovascular disease, diabetes, neurodegeneration, and cancer
[1,2]. Maintenance of cellular redox homeostasis is therefore
essential for normal physiological function, and reliable
biomarkers of redox status are increasingly important in both
clinical and research settings.

Among endogenous antioxidant systems, the glutathione

redox couple, consisting of reduced glutathione (GSH) and
oxidized glutathione (GSSG), represents a primary regulator of
intracellular redox balance [3]. The GSH/GSSG ratio is widely
recognized as a sensitive and integrative indicator of oxidative
stress, reflecting both antioxidant capacity and oxidative burden
[4,5]. Unlike absolute concentrations of GSH or GSSG alone,
the ratio provides insight into redox dynamics and has been
associated with metabolic, inflammatory, and degenerative
conditions [6,7].

Despite its recognized biological relevance, clinical
interpretation of the GSH/GSSG ratio remains challenging,

as many assays rely on manufacturer-derived or externally
established reference intervals that may not be fully
representative of the populations in which they are applied [8].
Increasing evidence suggests that redox biomarkers, including
glutathione-related parameters, exhibit significant inter-
population variability, influenced by ethnicity, diet, lifestyle,
environmental exposures, and genetic background [9,10].
Application of non-local reference intervals may therefore lead
to systematic misclassification of healthy individuals.
International laboratory standards explicitly recognize this
limitation. The Clinical and Laboratory Standards Institute
(CLSI) C28-A3 guideline emphasizes the need for population-
specific reference interval verification or establishment,
particularly when demographic or ethnic differences are
expected [11]. Similarly, ISO 15189 requires clinical
laboratories to ensure that reference intervals are appropriate for
the population served and to justify their clinical applicability
[12]. However, population-specific reference intervals for redox
biomarkers, including the GSH/GSSG ratio, remain scarce,
particularly in Middle Eastern populations.

To date, no published study has established whole-blood
GSH/GSSG reference intervals for healthy Emirati adults
using modern chromatographic techniques. Given the unique
genetic, dietary, and environmental characteristics of the
Emirati population, extrapolation from reference intervals
derived in Western or East Asian cohorts may be inappropriate.
Furthermore, advances in ultra-high-performance liquid
chromatography (UHPLC) offer improved analytical specificity
and sensitivity for glutathione measurement compared with
older spectrophotometric or enzymatic methods [13].

The present study was therefore designed to address this
knowledge gap by characterizing the distribution of whole-

blood GSH/GSSG ratios in a cohort of apparently healthy
Emirati adults and establishing population-specific reference
intervals in accordance with CLSI C28-A3 and ISO 15189
guidelines. In addition to the conventional 95% reference
interval, a central 90% interval was derived to support
sensitivity-oriented screening and early redox imbalance
detection, providing laboratories with greater interpretive
flexibility.

Materials and Methods

Study design and participants

This cross-sectional study included 120 apparently healthy
Emirati adults. Participants were recruited from the local
community and reported no known acute or chronic illness

at the time of sampling. As the study involved exclusively
anonymized retrospective data, formal Institutional Review
Board approval and ethical committee registration were not
required in accordance with institutional policy and applicable
regulations, and the requirement for informed consent

was waived. The study was conducted in accordance with
institutional data protection standards and the principles of the
Declaration of Helsinki.

Sample collection and UHPLC analysis

Whole-blood samples were collected by venipuncture into
anticoagulant-containing tubes and processed according to
the manufacturer’s instructions to preserve glutathione redox
status. Reduced glutathione (GSH) and oxidized glutathione
(GSSG) concentrations were measured using the Chromsystems
“Glutathione in Whole Blood” HPLC reagent kit (Order No.
66000; Chromsystems Instruments & Chemicals GmbH,
Grifelfing, Germany), according to the manufacturer’s
instructions provided in the assay manual (Instruction Manual
IM 66000 Glutathione EN 06/2016 R3). For pre-analytical
handling, fresh whole-blood samples were processed
immediately after collection. Stored frozen samples were
thawed immediately prior to analysis and processed without
delay together with calibrators and quality controls. Sample
preparation was performed under chilled and light-protected
conditions to minimize ex vivo oxidation of glutathione and
alterations in the GSH/GSSG ratio. Repeated freeze—thaw
cycles were avoided. The GSH/GSSG ratio was calculated for
each participant.

Statistical analysis

Statistical analyses were performed using SPSS Statistics (IBM
Corp., Armonk, NY, USA). Descriptive statistics were reported
as mean (SD) and median (IQR). Distributional characteristics
were assessed using histograms, boxplots, empirical cumulative
distribution functions, and quantile—quantile plots. Due to
non-normality, reference intervals were derived using a
nonparametric percentile-based approach in accordance with
CLSI C28-A3 guidelines.

Both a 95% reference interval (2.5th—97.5th percentiles)
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and a central 90% interval (5th-95th percentiles) were
calculated to support diagnostic and screening-oriented clinical
interpretation, consistent with ISO 15189 laboratory practice.
Observed values were compared with the manufacturer-
provided reference interval (10—15). Bootstrap resampling
(20,000 iterations) was used to estimate 95% confidence
intervals for the central 90% reference limits. Outliers were
identified using Tukey’s criterion (Q3 + 1.5%XIQR) and retained
in the primary analysis.

Results

1. Study population and data completeness

Whole-blood GSH/GSSG ratio measurements were available
for all 120 apparently healthy Emirati adults, and no missing or
invalid data points were identified. All samples were included

in the primary analysis.

2. Distributional characteristics of the GSH/GSSG ratio

The GSH/GSSG ratio demonstrated a right-skewed, non-
normal distribution, with most values clustered at the lower
end and a small proportion of high-value observations. The
median (IQR) ratio was 4.76 (3.58-6.77), while the mean (SD)
was 6.45 (5.51). Observed values ranged from 1.44 to 30.23,
indicating substantial inter-individual variability.

Normality assessment using quantile—quantile plots confirmed
deviation from Gaussian distribution on the raw scale, with
partial improvement following logarithmic transformation
(Figures 1 and 2).

Table 1 summarizes the descriptive statistics for the GSH/
GSSQG ratio in the study population.

Table 1: Distribution characteristics and descriptive statistical summary of whole-blood GSH/GSSG ratio values in apparently

healthy Emirati adults (n = 120).

Parameter ‘
Mean (SD)
Median (IQR)
Minimum — Maximum
Skewness

Excess kurtosis

Value
6.45 (5.51)
4.76 (3.58-6.77)
1.44-30.23
2.89

8.80

Figure 1: Normal Q-Q plot of raw GSH/GSSG ratio values. Quantile-quantile plot showing substantial deviation from normality,

particularly in the upper tail.
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