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Background: Laboratory medicine is fundamental to evidence-
based healthcare, providing critical data on human properties for 
diagnosing and managing diseases. The increasing complexity and 
size of laboratory data necessitate robust information technology 
(IT) systems for efficient management. 
Purpose: This manuscript elucidates the roles and infrastructure 
requirements of laboratory IT systems by stating the purposes 
of laboratory medicine and examining the challenges and 
prerequisites associated with their achievement.

Methods: We explore the primary purpose of laboratory medicine 
in supporting clinical decisions and the opportunities for secondary 
data use. The challenges of data heterogeneity, insufficient and 
lack of metadata, and the need for standardized terminologies 
are addressed. We further emphasize the prerequisites including 
international collaboration and education. 
Results: Technological advancements have enabled automation 
in laboratories, reducing errors, improving quality, and increasing 
efficiency and capacity for 24/7 sample processing. IT systems 
facilitate rapid results, enhance resource allocation, and manage 
the entire testing process from ordering to result interpretation. 
The establishment of two coherent and comprehensive laboratory 
information models - one for communication in the laboratory 
and another for communication between diverse health care 
providers - is proposed as essential for accurate data exchange and 
maximizing data utility. 
Conclusion: Achieving successful exchange of laboratory 
results and optimal use of laboratory data hinge on international 
collaboration, shared resource commitment, and an approach to 
standardised terminologies and data structures. This work lays the 
foundation for ongoing efforts to develop international laboratory 
information models, critical for advancing patient care and 
leveraging the full potential of laboratory medicine.
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Background
Medicine determines human properties to diagnose, monitor, 
predict, prevent, and treat diseases or injuries. Identifying an 
individual's biological and physiological properties is therefore 
fundamental to effective medical care. By recognizing patterns 
in these properties, clinicians can classify individuals into 
specific syndrome or disease categories, enabling targeted and 
personalized treatment strategies. Precise determination and 
interpretation of human properties form the cornerstone of 
evidence-based medicine.
The core function of laboratory medicine is to examine and 
measure an individual's chemical, biological, immunological, 
histological, and genetic properties through in vitro diagnostic 
(IVD) analysis of patient-derived materials. The vast number of 

laboratory tests performed globally each year reflects its central 
role in healthcare.
To ensure that the results of in vitro determinations accurately 
reflect the patients’ true biochemical, physiological, or pathological 
conditions, not only the analytical steps but also the pre-and 
post-analytical steps (total testing process) must be upheld [1, 2]. 
Errors in any of these steps can compromise the result, obscure 
pathological processes, and potentially lead to improper patient 
treatment. With the developments of IT systems, laboratories 
may manage and control each aspect of the total testing process, 
thereby reducing these errors (Figure 1). It should be noted that 
structured information is required for machine-interpretability, 
decision algorithms and for proper training of AI systems.

Figure 1: Laboratory IT systems supporting the brain-to-brain loop.

The integration of total laboratory automation has dramatically 
increased laboratory efficiency and capacity, enabling rapid 
processing of a vast number of samples 24/7. This allows 
clinicians to receive test results shortly after sample collection, 
facilitating fast clinical decision-making. Furthermore, the lab 
information systems manage test requests, sample tracking, 
quality assessment, and transmit test results to Electronic Health 
Records (EHRs) for easy access by healthcare professionals and 
patients.
The integration of IT systems within laboratories has also created 
a foundational network facilitating digital connectivity between 
healthcare providers. First, this communication may provide real-
time access to previous laboratory results from any health care 
provider involved in individual patient care at any given time and 
place. This is particularly critical in acute and life-threatening 
situations where immediate access to historical data can guide 
crucial treatment decisions, and it can also prevent unnecessary 
repeated examinations. Secondly, IT enables streamlined 
communication and eliminates the practice of commuting 
patients acting as carriers for their own laboratory information, 

often withcomplex technical terminology and nomenclature, 
between primary and secondary care and different healthcare 
organizations. Thirdly, the digital storage of laboratory results in 
extensive databases creates significant opportunities for data-
driven (secondary) purposes.
This paper aims to elucidate the essential roles and infrastructure 
requirements of laboratory IT systems by stating the purposes 
of laboratory medicine and by examining the challenges and 
prerequisites associated with their achievement. Finally, we 
present a proposal for future directions on how to achieve the 
prerequisites.

Purposes of laboratory medicine
The primary purpose of laboratory medicine is to support 
informed clinical decisions for individual healthcare providers 
and patients. Laboratory requests and results should be 
appropriately presented to all relevant healthcare providers 
involved in individual patient care at any given place and time. 
Beyond this immediate clinical management, laboratory results, 
generated routinely for individual patient management, often 
accumulate in extensive databases. The substantial aggregated
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data presents a significant opportunity for secondary use [3]. 
These secondary purposes include:
•	 Research and development [4].
•	 Providing evidence to support political healthcare decisions 

and clinical practice guidelines.
•	 Optimizing laboratory operations: enhancing laboratory 

production processes, for example through resource allocation 
and workflow management.

•	 Enabling local quality management: using patient data to 
assess analytical performance [5].

•	 Epidemiological surveillance: facilitating monitoring of drug 
utilization, antibiotic resistance, infectious disease trends, etc. 
[6].

•	 Administrative procedures: streamlining processes like billing 
and forecasting future laboratory workload.

•	 Conducting clinical value assessment: supporting evaluation 
of medical technologies, implemented procedures and their 
impact on patient outcomes [7].

•	 Directly enhancing patient health: identifying high-risk 
patient groups and supporting clinical value assessments that 
lead to improved care pathways [8].

In addition to high quality input data, the effective realization 
of these secondary purposes relies heavily on implementing 
appropriate IT tools capable of managing and analysing 
large datasets. The advent of IT tools, including AI, offers 
unprecedented capabilities for rapidly processing and 
interpreting this vast data [9, 10].

Challenges and Prerequisites for common laboratory data
Whether the goal is successful communication of individual 
patient results or accurate analysis of large laboratory 
datasets for secondary purposes, the underlying challenges 
and prerequisites are fundamentally the same. Accurate and 
consistent data exchange depends on the use of standardized, 
well-defined, and structured information that ensures that both 
the sender and the receiver interpret information in a shared 
and uniform manner. History has shown that this is not an easy 
task. Prior to the International System of Units (SI) results 
were reported with of hundreds of thousands of measurement 
units varying across countries, regions, towns and even districts 
[11, 12]. The number of units has decreased, but measurement 
units are still not standardized. Today, the existence of 
multiple “languages” for test requests and interpretation of 
test results arising from different cultures among healthcare 
providers and vendors of measuring systems, and adjusted 
to the needs of specialties,scientific fields and organization, 
continues to pose challenges. This heterogeneity can lead to 

communication errors, misinterpretation of results, and even 
patient harm, particularly when individuals transition between 
different hospitals or laboratory systems. For example, a clinician 
unfamiliar with the measurement unit used by another institution 
might misinterpret the unit for mass concentration of a critical 
quantity such as plasma digoxin instead of the unit for substance 
concentration [13]. Moreover, it requires cognitive actions to 
understand which one of the three units “µg/mL”, “mg/L” and 
“mg/dL” that give numerical values that differ by a factor of 10, 
or to understand how to compare platelet counts if reported with 
the alternative units “cells per µL”, “103/µL”, “cells per nL”, 
“109/L”. Finally, Monjas et al. recently showed that despite the 
availability of UCUM, almost 60% of laboratory codes in routine 
healthcare data still use non-standard units, creating substantial 
obstacles for data interoperability and secondary use such as AI-
based analytics or multicentre research [14].
Another crucial issue is the insufficiency or absence of essential 
information associated with laboratory test results. For example, 
lack of information about the method, calibration hierarchy, 
instrument type (and vendor) complicates the comparison 
of results from the same patient and property when different 
instrument types are used [15-17]. These inconsistent and 
insufficient information also hinder the effective secondary use 
of large datasets, necessitating time-consuming post-analysis 
data organisation and harmonization [18]. As calibration and 
procedures for the same property remain unharmonized or 
unstandardized, structured information is needed to address these 
differences to identify whether the results or data are comparable 
Braga et al. showed that, even after harmonisation efforts using 
successive generations of WHO reference materials for plasma 
ferritin, bias persisted among the various end‑user measurement 
systems[19]. Until a robust solution is established, each result 
may be accompanied by information on the traceability of the 
quantity (and related metadata).
A practical consequence of these different data structures is 
the significant difficulty in exchanging data between different 
IT systems and platforms, a task that may seem technically 
feasible but is often complex and challenging. Data flow 
between existing, differently structured IT systems can be nearly 
impossible, and historical data may be lost during IT system 
transitions due to incompatible data structures. While a single IT 
system across all laboratories would be a solution, in practice, 
a uniform data exchange between interconnected IT systems 
from different laboratories may be a more feasible and scalable 
solution (Figure 2).
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Figure 2: Data flow from different function in a future internal IT network.

The primary desired outcome is the establishment of an IT 
network and/or system that accurately reflects the entire 
laboratory process, from patient preparation to result 
interpretation. The second crucial outcome is the ability to 
present and communicate laboratory test results through IT 
networks to support correct clinical decision-making in any 
healthcare situation, at any place, and at any time. Furthermore, 
the collected data should provide support for laboratory 
automation, functions, artificial intelligence, and management.

To achieve these outcomes, two coherent, comprehensive, 
and information models should be established: one to support 
and communicate internal laboratory functions and another 
specifically for the communication and exchange of laboratory 
requests and results (Figure 3). The latter can be a subset of 
the first. Establishing these standardized models is essential 
for realizing the full potential of laboratory medicine in both 
clinical and analytical domains.

Figure 3: The communication laboratory information model is necessary for communication between different hospitals (left figure). 
Internal laboratory information model is the communication infrastructure within each laboratory (right figure).
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Laboratory information model
A laboratory information model (also known as a laboratory data 
model/semantic data model/logical information model) serves 
as a dedicated “data structure” specific to laboratory medicine. It 
is characterized by “a representation of concepts, relationships, 
constraints, rules, and operations to specify data semantics for a 
chosen domain of discourse” [20, 21]. This model necessitates 
a structured content framework, incorporating internationally 
approved and standardized nomenclatures and terminologies [22], 
to ensure a meaningful and near-true representation of reality. The 
laboratory information model dictates the content and organization 
of laboratory databases. Consequently, a thorough description and 
analysis of desired outcomes' prerequisites are essential to identify 
relevant information types and propose content organization, 
structuring, and expression. Both the content and data model must 
possess the necessary granularity to provide sufficient and relevant 
information for achieving the particular outcome. Crucially, the 
structure and content of the models must be able to be revised to 
adapt to future advancements in science and technology.

Organization
Until a coherent laboratory information model has been 
agreed upon, the exchange of laboratory data across diverse 
organizational, national, and even temporal borders will 
remain a significant hurdle, potentially hindering collaborative 
research, public health initiatives, and the advancement of global 
healthcare.
The efforts to reach common understanding must be driven by 
international collaboration and coordination, actively engaging 
the full spectrum of stakeholders. Key participants should include 
experts in the laboratory, medical and terminology fields, while 
also representing international organizations (e.g., WHO, IFCC, 
EFLM, IUPAC, JCTLM (under BIPM), SNOMED CT, LOINC, 
ISO, etc.). IFCC could take a leading role in the coordination of 
this work. Furthermore, active involvement from laboratory IT, 
electronic health record providers and IVD companies is crucial 
to leverage technological expertise and ensure the practical 
implementation of the proposed laboratory information model. 
National governmental agencies and regulatory bodies must also 
be integral partners to facilitate the adoption and enforcement of 
agreed-upon frameworks within their respective jurisdictions. 
The path from concept to international applicability includes four 
escalating phases:

Phase 1 – Definition
Agreement on core laboratory terminology and information 
model structure under the leadership of international scientific 
organizations. E.g., IFCC.

Phase 2 – Mapping
National terminologies are mapped to the master standard. 
Outputs include crosswalk tables usable by EHRs, LISs and IVD 
instruments.

Phase 3 – Pilot Deployment
Regional pilots (e.g., 3–5 countries or 20–50 laboratories) test 
live interoperability across systems.

Phase 4 – Progressive Adoption

Standardization
A prerequisite for achieving standardization (or at least 
harmonization) of laboratory result communication and 
data-driven initiatives is robust international collaboration. 
Engaging stakeholders, particularly the international laboratory 
communities, is paramount in establishing an accepted laboratory 
information model that ensures both quality and information 
relevance. Such international collaboration promotes a crucial 
sense of community and shared ownership, indispensable for 
reaching the international agreement (e.g., European Health 
Data Space (EHDS), FHIR (HL7) and openEHR [23-25]). This 
approach stimulates a common understanding of the challenges 
and proposed solutions, thereby securing widespread consensus 
and commitment.
A significant advantage of this collaborative framework is the 
avoidance of proprietary monopolies of laboratory information 
models, hindering interoperability. Establishing and continuously 
administering a shared organization and a comprehensive 
laboratory information model, while undeniably requiring 
resources and dedicated effort from all stakeholders, will 
ultimately impose a far smaller cumulative burden. A shared 
model inherently reduces the need for individual organizations 
to develop and maintain their own unique, potentially 
overlapping, data structures and communication standards, 
thereby minimizing redundant efforts in design, implementation, 
updates, and troubleshooting. Furthermore, it simplifies the 
training of laboratory personnel and IT professionals, as they 
only need to learn and manage a single model and a certain set of 
communication standards.
A central component of this shared model is the standardization 
of terminologies and nomenclatures. A lack of consistency 
leads to miscommunication - for instance, the ambiguous use 
of homonyms (same term, different meanings) and synonyms 
(different terms, same meaning) across publications and practice. 
These inconsistencies necessitate concerted international 
standardization efforts.
Achieving comprehensively standardized terminologies and 
nomenclature worldwide is a complex undertaking. Controversial 
concepts, e.g., gender/sex and ethnicity (biological inheritance), 
can pose significant challenges due to differing societal 
perspectives on the terms and their definitions. However, 
consistent, and carefully defined categories are essential for 
accurate clinical decision-making across patient categories. For 
instance, reference intervals for laboratory measurements may 
be specific to biological sex or ethnicity, directly impacting 
the accuracy and appropriateness of patient care. Therefore, 
reaching a consensus on the definitions of these fundamental 
concepts is paramount for ensuring consistent and appropriate 
healthcare delivery. Moreover, a well-designed and collaboratively 
maintained model, built upon standardized terminologies, can 
be more easily adapted to incorporate new technologies. Isolated 
systems, lacking this foundation, may struggle to keep pace with 
such advancements.
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Conclusion
The path towards successful and rational exchange of laboratory 
results and optimal use of laboratory data hinge on robust 
international collaboration and coordination, a commitment 
to shared resources, and a meticulous approach to standardize 
terminologies and data structures. This initial letter lays the 
foundation for an ongoing series that will explore in greater 
detail the motivation, obstacles, and active efforts involved in 
building a functional proof of concept for international laboratory 
information models.
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Abstract

Homocysteine is an intermediate product of the biosynthesis of 
methionine and cysteine and a sulfhydryl-containing amino acid. 
The study aims to assess the difference between the estimated 
levels of homocysteine by different automated systems on 
Biorad External Quality Assurance Services samples and the 
imprecision of examination of homocysteine levels below the 
limit of detection in External Quality Assurance Services samples 
by proficiency testing providers. This study involves the analysis 
of Biorad External Quality Assurance Services sample reports of 
two cycles (cycles 10 and 11) for homocysteine level evaluation 
performance. Our study demonstrates the wide difference in the 
bias percentage of homocysteine levels when bias was calculated 
with the peer mean and the method mean. There was a substantial 
increase in bias percentage for the Siemens Advia Centaur XP 
machine for samples with levels of homocysteine below the 
limit of detection. Our study also demonstrated that Siemens 
Advia and Siemens Atellica were evidently underestimating 
homocysteine levels when compared with other platforms. 
The use of Standard Reference Material for traceability of 
calibrators will ensure the standardization of assays between 
different manufacturers. The variation observed in the External 
Quality Assurance Services results of homocysteine highlights 
the impending requirement of standardization of assays using 
Standard Reference Materials.
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Introduction
Homocysteine is an endogenously derived intermediate 
product of methionine metabolism. The normal range of 
homocysteine is from 5 to 15 μmol/L [1]. Human plasma 
contains homocysteine in three forms: free or unbound, protein-
bound, and homocysteine-cysteine or homocystine dimers. 
Homocysteine level in humans is regulated by three enzymatic 
pathways based on the metabolic status. The various genetic 
factors that determine homocysteine levels in an individual 
include homozygosity or heterozygosity for Cystathionine-beta 
Synthase defects or Methylene Tetrahydrofolate Reductase 
defects, cobalamin mutations, and Down's syndrome [2,3]. 
Apart from genetic factors, physiological determinants such as 
gender, aging, decreased renal function, increased muscle mass, 
and lifestyle determinants such as habit of smoking, coffee, or 
ethanol intake also affect the homocysteine levels [4-6]. Clinical 
conditions such as folate deficiency, vitamin B12 deficiency, 
vitamin B6 deficiency, hypothyroidism, hyperproliferative 
disorders, and drugs such as folate antagonists, antiepileptics, 
contraceptives, vitamin B12 and B6 antagonists, aminothiols, etc 
also play a role in determining homocysteine levels [7]. Among 
the various determinants, only a few are responsible for lowering 
the level of homocysteine, such as the use of contraceptive pills 
or hormone therapy, aminothiols (penicillamine, acetylcysteine), 
or clinical conditions such as Down's syndrome [8,9]. The 
majority of the determinants increase the level of homocysteine. 
Hyperhomocysteinemia can be defined as plasma homocysteine 
levels of more than 15 μmol/L. Mild hyperhomocysteinemia is 
defined as the level of homocysteine between 15 to 30 μmol/L, 
moderate as the level of homocysteine between 30 to 100 
μmol/L, and severe as the level of homocysteine greater than 
100 μmol/L [10]. Hyperhomocysteinemia can clinically indicate 
cardiovascular, neurological, and psychiatric pathology. The 
mechanism underlying hyperhomocysteinemia contributing to 
cardiovascular, neurological, or psychiatric pathology points 
towards oxidative stress, deoxyribonucleic acid damage, protein 
homocysteinylation, or protein thiolation [11-13]. Homocysteine 
is auto-oxidized in plasma, leading to the formation of 
homocysteine disulfides, homocysteine, and homocysteine 
thiolactones. The initiation of lipid peroxidation is triggered 
by superoxide anion radical, hydrogen peroxide, and hydroxyl 
radical generated during the oxidation of homocysteine, which 
is ultimately responsible for the endothelial cytotoxicity of 
homocysteine. It has also been shown that a higher concentration 
of homocysteine restricts the activity of the antioxidant enzyme 
glutathione peroxidase [10,14,15]. Studies have shown that 
hyperhomocysteinemia induces inflammation in the mouse retina, 
brain, cultured retinal and microglial cells, and hence, targeting 
the reduction of inflammation is essential for mitigating damage 
associated with hyperhomocysteinemia age-related disorders such 
as diabetic retinopathy, age-related macular degeneration, and 
Alzheimer’s disease [16]. It has also been shown that prenatal 
hyperhomocysteinemia in mother rats can induce behavioural 
impairments and oxidative stress in offspring rats. Some studies 
correlate the level of homocysteine with disease susceptibility 
[14]. A meta-analysis by Boushley et al had shown that the 
odds ratio of coronary artery disease in men with a 5 μmol/L 

increase in total homocysteine levels is 1.6, and that in women it 
is 1.8, whereas the odds ratio of cerebrovascular disease with an 
increase of 5 μmol/L in total homocysteine levels is 1.5. Hence, 
a change of 5 μmol/L is a clinically significant change [17]. The 
evaluation of homocysteine level is also important in neonates 
in diagnosing hemolytic uremic syndrome subtype and infantile 
tremor syndrome [18,19]. In the pediatric population, the elevated 
serum homocysteine levels correlate with autistic spectrum 
disorder and attention deficit hyperactivity disorder [20]. Our lab 
estimates homocysteine using the chemiluminescence method on 
the Siemens Advia Centaur XP platform. The assay range for the 
kits used in Siemens Advia Centaur XP is from less than 0.50 to 
65 μmol/L. The quality control of the homocysteine parameter is 
performed by three levels of control samples. The range of level 
1 is 4.03 to 8.16 μmol/L, whereas the range of level 2 is from 
7.18 to 13.4 μmol/L, and that of level 3 is from 16.50 to 28.80 
μmol/L. The Advia homocysteine assay is traceable to an internal 
standard manufactured using highly purified materials. The lab 
is enrolled in the Biorad External Quality Assurance Services 
cardiac markers programme for proficiency testing. Interestingly, 
on analysis of Biorad External Quality Assurance Services 
reports, we observed that multiple samples for homocysteine have 
been reported below the limit of detection of the assay. To our 
knowledge , no evidence was found in the literature to explain 
such variation of Homocysteine. Therefore, we aimed to analyze 
the Biorad External Quality Assurance Services sample reports of 
homocysteine for two cycles (cycles 10 and 11) and compare the 
homocysteine levels between different manufacturers.

Materials and methods
This is an observational study containing the External Quality 
Assurance Services reports of two cycles of the cardiac markers 
program of Biorad (cycles 10 and 11). The study includes the 
analysis of homocysteine levels of 24 External Quality Assurance 
Services samples evaluated using seven different machines: 
Abbot Architect, Cobas, Abbot Alinity, Vitros, Beckman Coulter, 
Siemens Immulite, Siemens Advia, and Siemens Atellica. Each 
cycle consists of 12 samples. Each new sample was reconstituted 
freshly and analyzed with the help of the analyzer. After this, the 
evaluated result was submitted to the Biorad External Quality 
Assurance Services panel for further analysis. In the graphical 
representations used for the demonstration of analysis of data, 
the cycle-10 samples 1 to 12 are numbered as 1 to 12, whereas 
the cycle-11 samples 1 to 12 are numbered as 13 to 24. The graph 
plots are designed based on the data in the report using MS Excel 
version 16.53 and SPSS version 23.
This study involved analysis of de-identified proficiency testing 
data without access to patient information or samples. No ethical 
approval was required for the analysis of anonymized quality 
control data according to institutional policies. All mandatory 
laboratory health and safety procedures were complied with 
during the course of conducting experimental work. Standard 
laboratory safety protocols were followed for handling and 
reconstitution of External Quality Assurance Services samples.
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Results
The study includes data from around 142 labs in cycle 10 and 
147 labs in cycle 11 as the method group, 37 labs in cycle 10 and 
40 labs in cycle 11 as the mode group, and 21 labs each in cycle 
10and cycle 11 as the peer group. The study incorporates the data 

on the number of labs using different platforms for the evaluation 
of homocysteine levels in the Biorad External Quality Assurance 
Services program, illustrated in Figure 1.

Figure 1: Distribution of Participating Laboratories Across Analytical Platforms.

Bar chart showing the number of laboratories utilizing each of the seven analytical platforms in the Bio-Rad EQA Program. Abbott Architect was the most 
commonly used platform (n=45), followed by Siemens Advia Centaur XP (n=21), Cobas (n=18), and Beckman Coulter (n=15). Data aggregated from Cycles 10 
and 11.

The comparison of the mean serum homocysteine levels of 24 
Biorad External Quality Assurance Services samples of the lab 
and the peer group is shown in Figure 2. The figure aptly shows 
that the lab mean was almost always 2 Z-scores when compared 
to the peer mean. The normal range of serum homocysteine in 

humans is from 5 μmol/L to 15 μmol/L. Among the 24 mean values 
of the peer group, only three values lie within the human serum 
range. The rest of the values are below the normal range. Among 
all the mean values, five values are even below the analytical 
measurement range of the kit.
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Figure 2: Comparison of Laboratory Results with Peer Group Means Across 24 EQA Samples.

Line graph comparing our laboratory's homocysteine measurements (Siemens Advia Centaur XP) with peer group means for all 24 samples (Cycle 10: samples 
1–12; Cycle 11: samples 13–24). The laboratory consistently underestimated homocysteine, with most values yielding Z-scores <−2.0. Horizontal reference lines 
indicate the physiological range (5–15 μmol/L) and platform LOD (0.5 μmol/L). Only 3 of 24 peer group means fell within the physiological range.

The observation of the lab mean and the method mean reveals a 
wide difference between the lab mean and the method mean, as 
shown in Figure 3. Method mean refers to the mean value of all 
the labs that are using the same method or principle of evaluation 

for that analyte. It is interesting to note that the variation in the 
evaluation of homocysteine using the same method on different 
analyzers is wide.

Figure 3: Laboratory Mean Versus Method Group Mean Discordance.

Line graph illustrating the difference between laboratory results and method group means (all chemiluminescent immunoassay platforms) across 24 EQA samples. 
Substantial discordance is evident, with differences exceeding 50% for low-concentration samples (<2 μmol/L), highlighting inter-analyzer variability even among 
platforms using ostensibly similar analytical principles.
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The bias percentage of our lab mean is also compared with the 
peer mean and with the method mean. In Figure 4, it is clearly 
shown that the bias with the peer mean is high whenever the 
mean value is below the limit of detection of the Siemens 
homocysteine kit (0.5 μmol/L), due to the inherent imprecision. 
In the figure, sample numbers 1, 3, and 6 of cycle-10 and 

samplenumbers 3, 6, 9, and 12 of cycle-11 (noted as 15, 18, 21, 
and 24, respectively, in the graph) are either below the limit of 
detection or at the limit of detection. It is very obvious to note that 
there is a wide difference in the bias percentage when bias was 
calculated with the peer mean and the method mean.

Figure 4: Bias Percentage: Peer Group Versus Method Group Comparison.

Dual-axis line graph comparing bias percentages calculated using peer group means (blue line) versus method group means (orange line) for all 24 samples. 
Samples below or near the LOD (0.5 μmol/L) - specifically samples 1, 3, 6, 15, 18, 21, and 24 - exhibit dramatically inflated bias percentages (−50% to −80%), 
demonstrating the impact of measurements at the lower analytical limit.

The scatter plot in Figure 5 shows the increased bias percentage 
of the Siemens Advia Centaur XP machine at low levels of 
homocysteine. The plot also reveals a continuously high 

biaspercentage on comparison of our lab values with the peer and 
the method.
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Figure 5: Scatter Plot: Relationship Between Homocysteine Concentration and Bias Percentage.

Scatter plot showing the inverse relationship between homocysteine concentration (x-axis) and bias percentage (y-axis) for the Siemens Advia Centaur XP 
platform. Peer group bias (blue circles) and method group bias (orange triangles) both demonstrate systematic negative bias across all concentrations, with 
bias magnitude exceeding −60% at concentrations below 2 μmol/L and persisting at −20% to −30% even at higher concentrations (10–15 μmol/L). This pattern 
indicates calibrator-related systematic bias rather than random analytical error.

The study also reveals that the difference in evaluation of the 
level of homocysteine by Siemens Immulite varies widely when 
compared to Siemens Atellica and Siemens Advia, as illustrated 
in Figure 6. The figure also shows that the level of homocysteine 

detected by Siemens Atellica and Siemens Advia is much lower 
than that of the analyzer of the same manufacturer (Siemens 
Immulite).

Figure 6: Inter-Platform Comparison Among Siemens Analyzers.

Line graph comparing homocysteine measurements across three Siemens platforms: Immulite (Group 1, high-reading), Advia Centaur XP (Group 3, low-reading), 
and Atellica (Group 3, low-reading) for all 24 EQA samples. Despite common manufacturer origin, Siemens Immulite consistently reports 30–80% higher 
homocysteine concentrations compared to Advia and Atellica platforms, highlighting significant intra-manufacturer variability attributable to assay design and 
calibration strategy differences.
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The reported result of the level of homocysteine of 24 samples of 
External Quality Assurance Services on machines such as Abbot 
Architect, Cobas, Abbot Alinity, Vitros, Beckman Coulter, Siemens 
Immulite, Siemens Advia, and Siemens Atellica are shown in 
Figure 7. The results given by group-1 machines (Abbot Architect, 
Abbot Alinity, Vitros, Beckman Coulter, SiemensImmulite) are 

relatively coherent with each other but are much higher than the 
results declared by group-3 machines (Siemens Advia and Siemens 
Atellica). The result declared by group-2 machines (Cobas) is 
sometimes coherent with results declared by group-1 machines, 
whereas at times, the results declared by it are intermediate between 
group-1 and group-3 machines.

Figure 7: Multi-Platform Comparison: Performance Clustering Analysis.

Multi-line graph illustrating homocysteine measurements across all eight analytical platforms for 24 EQA samples. Three distinct performance clusters emerge: 
Group 1 (high-reading): Abbott Architect, Abbott Alinity, Vitros, Beckman Coulter, and Siemens Immulite show concordant results with the highest reported values; 
Group 2 (intermediate): Cobas exhibits variable performance, sometimes aligning with Group 1 and at other times reporting intermediate values; Group 3 (low-
reading): Siemens Advia and Atellica consistently report the lowest values, systematically diverging from Groups 1 and 2 by 30–70%. Platforms with NIST SRM 
1955-traceable calibrators (Cobas, Beckman) demonstrate better concordance with Group 1.

The box-whisker plot in Figure 8 demonstrates the bias 
percentage of the lab mean with the peer mean and method 
mean based on the limit of detection of the Siemens Advia 
homocysteine kit. Figure 8 shows that the bias percentage of 
the lab means with peer mean for the values within the limit of 
detection (blue-colored plot) is less negatively skewed, with a 
median bias percentage of -14.97%, whereas the plot with values 

below the limit of detection (grey-colored plot) is more 
negatively skewed with a median bias percentage of -61.2%. 
Similarly, the comparison of bias percentage with the method 
means reveals that the plot is more negatively skewed for 
the values below the limit of detection (green-colored plot) 
as compared to the values at or above the limit of detection 
(orange-colored plot).
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Figure 8: Box-Whisker Plot: Impact of LOD on Bias Distribution.

Box-whisker plots comparing bias percentage distributions for samples within (≥0.5 μmol/L) versus below (<0.5 μmol/L) the Siemens Advia LOD. Panel A (Peer 
group bias): Samples within LOD show median bias of −14.97% (IQR: −8.2% to −22.1%, blue boxes) with less negative skew, while samples below LOD exhibit 
median bias of −61.2% (IQR: −48.5% to −75.8%, gray boxes) with marked negative skew and wider dispersion. Panel B (Method group bias): Similar pattern 
observed with median bias of −12.3% (within LOD, orange boxes) versus −54.7% (below LOD, green boxes). Whiskers represent 1.5×IQR; outliers shown as 
individual points. This analysis demonstrates that measurements below the analytical LOD dramatically increase bias and imprecision.

Discussion
The current study involves the analysis of two cycles of Bio-
Rad Cardiac Markers Program External Quality Assurance 
Services Samples (12 each). The Bio-Rad Cardiac Markers 
External Quality Assurance Services Program is prepared from 
human serum, plasma, and proteins with added chemicals and 
preservatives and is accredited as per ISO/IEC 17043:2010 
guidelines. Commutability is a characteristic of reference material 
that determines that, within acceptable limits, the reference 
material would analytically respond in the same manner as a 
clinical sample for a measurand evaluated applying various 
measurement procedures [21-23]. Traceability is the property of 
reference material that ensures that the results are accurate and 
are comparable over time and location. It facilitates the global 
approach based on the preparation, adoption, and use of higher-
order international standard reference material and measurement 
procedures [24]. Bio-Rad External Quality Assurance Services is 
a peer comparison programme and does not intend to assess the 
trueness of measurement.
In this study, we have shown that checking the accuracy of 
clinical parameters such as homocysteine below the detection 
limit increases the percentage of bias. Interestingly, values below 
the normal range of human homocysteine levels have hardly 
any clinical relevance. To the best of our knowledge, there are 
very few publications on hypohomocysteinemia, whereas there 
is research on hyperhomocysteinemia leading to cardiovascular 
problems, neurological and psychiatric problems, and vitamin 
deficiencies. The current study, for the first time brings out the 
evident underestimation of homocysteine levels by Siemens 

Advia and Siemens Atellica platforms when compared with other 
platforms.
The Standard Reference Material, SRM 1955, from the National 
Institute of Standards and Technology, is the reference material 
for Homocysteine and Folate in Human Serum. Homocysteine 
is analyzed using enzymatic methods on Cobas platforms 
by a novel enzyme cycling assay. There is a conversion of 
NADH to NAD+, which is measured at 340 nm. For Cobas 
platforms, the homocysteine assay kit is calibrated using a 
5-point calibration with the homocysteine Calibrator Kit, and 
the method has been standardized against NIST SRM 1955 
reference material. Beckman Coulter also uses an enzymatic 
method for the estimation of homocysteine, where the conversion 
of NADH to NAD+ is directly proportional to the concentration 
of homocysteine. Beckman Coulter also uses calibrators that 
are prepared gravimetrically and are traceable to NIST SRM 
1955, confirmed by a designated measurement procedure (High 
Performance Liquid Chromatography).
Siemens Immulite uses a competitive immunoassay for the 
estimation of homocysteine. Homocysteine in the sample 
is converted to S-adenosyl-homocysteine. The converted 
S-adenosyl-homocysteine from the patient sample competes 
with the immobilized S-adenosyl-homocysteine for binding with 
the alkaline phosphatase labeled-anti-S-adenosyl-homocysteine 
antibody conjugate. Calibration is performed using Homocysteine 
Adjustors (LHOL, LHOH), 2 mL each, of synthetically derived 
S-adenosyl-L-homocysteine in a protein/buffer matrix. Data 
regarding traceability is not mentioned in the inserts. The Abbot 
Architect homocysteine assay is a chemiluminescent microparticle 
immunoassay where the converted S-adenosyl-homocysteine 
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competes with acridinium-labelled S-adenosyl cysteine for 
particle-bound monoclonal antibody. The Abbot Architect 
homocysteine assay uses 1L71-01 Architect Homocysteine 
Calibrators. Data regarding traceability is not mentioned in the 
inserts.
Interestingly, the Siemens Advia Centaur homocysteine assay is 
also a competitive immunoassay using direct, chemiluminescent 
technology. Converted S-adenosyl-homocysteine from the patient 
sample competes with S-adenosyl-homocysteine covalently 
coupled to paramagnetic particles in the Solid Phase for a 
limited amount of acridinium ester-labeled anti-S-adenosyl-
homocysteine in the Lite Reagent. However, the Siemens 
Advia Centaur homocysteine assay is traceable to an internal 
standard manufactured using highly purified material. Assigned 
values of calibrators are traceable to this standardization 
only. Standardization is achieved when results are equivalent 
and traceable to a reference measurement procedure [25]. 
Harmonization is established when results are equivalent, but 
neither a high-order primary reference material nor a reference 

Table 1: Analytical Characteristics and Calibrator Traceability of Homocysteine Assays by Platform.

Platform Manufacturer Assay Principle Measuring 
Range (μmol/L)

LLoQ (μmol/L) Within-Run 
Precision
(%CV)

Calibrator 
Traceability

Abbott Architect Abbott 
Laboratories

CMIA
(competitive,
SAH)

1.0 – 50.0 1.0 < 5.0% Abbott 
Homocysteine 
Calibrators

Abbott Alinity Abbott 
Laboratories

CMIA
(competitive,
SAH)

0.90 – 50.0 0.90 < 5.0% Abbott 
Homocysteine 
Calibrators

Roche Cobas Roche 
Diagnostics

Enzymatic 
Cycling

2.0 – 50.0 2.0 < 3.5% NIST SRM 1955

Ortho Vitros Ortho Clinical 
Diagnostics

Enzymatic 
Colorimetric

2.2 – 45.0 2.2 < 5.0% In-house prepared 
calibrator

Beckman Coulter 
AU / DxC

Beckman Coulter Enzymatic
(NADH 
detection)

1.5 – 50.0 1.5 < 4.5% NIST SRM 1955

Siemens Immulite Siemens 
Healthineers

Competitive 
Immunoassay

3.0 – 50.0 3.0 < 7.5% Siemens 
Homocysteine 
Calibrator

Siemens Advia 
Centaur

Siemens 
Healthineers

Chemiluminescen 
t Immunoassay

0.5 – 65.0 0.5 < 5.5% In-house master 
calibrator

Siemens Atellica Siemens 
Healthineers

Chemiluminescen 
t Immunoassay

0.5 – 65.0 0.5 < 5.0% In-house master 
calibrator

CMIA, chemiluminescent microparticle immunoassay; SAH, S-adenosylhomocysteine; LOD, limit of detection; NIST, National Institute of Standards and 
Technology; SRM, Standard Reference Material. Bold indicates confirmed SRM 1955 traceability.
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measurement procedure is available [26]. The use of Standard 
Reference Material for traceability of calibrators will ensure 
the standardization of assays between different manufacturers. 
External quality assessment materials are not necessarily 
designed to assess trueness. However, data from an external 
quality assessment had been shown to aid the efforts in 
the harmonization of assays [27]. Similarly, the analytical 
variability in assays on different platforms can also be brought 
out through the analysis of external quality assessment data 
[28]. The variation observed in the External Quality Assurance 
Services results of homocysteine highlights the impending 
requirement of harmonization of assays using Standard 
Reference Material. Large-scale data from proficiency testing 
using traceable samples will yield more conclusive evidence 
regarding the differences in estimation of analytes on various 
platforms due to a lack of harmonization. The standardization of 
different assays would more contribute to the efforts of precise 
estimation of analytes in patient samples than validating a 
reference method when different are available for estimation.
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Table 2: Distribution of EQA Samples by Homocysteine Concentration Range.

Concentration Range Number of Samples (n=24) Percentage Clinical Relevance

Below analytical range (<0.5 
μmol/L)

5 20.8% None - below LOD

Hypohomocysteinemia (0.5–4.9 
μmol/L)

16 66.7% Minimal- rarely investigated

Physiological range (5.0–15.0 
μmol/L)

3 12.5% Normal - reference interval

Mild hyperhomocysteinemia 
(15.1–30.0 μmol/L)

0 0% High- cardiovascular risk

Moderate–severe 
hyperhomocysteinemia (>30.0 
μmol/L)

0 0% Very high -requires treatment

Based on peer group mean values from 24 Bio-Rad EQA samples (Cycles 10 and 11).

Conclusion
In conclusion, our study demonstrates the wide difference in the 
bias percentage of homocysteine levels when bias was calculated 
with the peer mean and the method mean. There was a substantial 
increase in bias percentage for the Siemens Advia Centaur XP 
machine for samples with levels of homocysteine below the 
limit of detection. Our analysis also underscores the importance 
of standardization in the clinical analysis of homocysteine 
levels. While elevated homocysteine is well-documented in 
contributing to cardiovascular, neurological, and psychiatric 
pathologies, the clinical significance of low homocysteine levels 
remains unsubstantiated. Ensuring consistency in homocysteine 
measurement is essential for reliable diagnosis and effective 
treatment of related diseases. We suggest the standardization of 
assays for the evaluation of homocysteine with the use of Standard 
Reference Material in order to ensure consistency in evaluation of 
homocysteine levels using various platforms across the country.
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Supplementary Figure 1: Comprehensive methodological framework illustrating inter-platform variability in homocysteine 
measurement, calibrator traceability pathways, and clinical implications of measurement bias.
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Background: Delta check is a quality control tool in clinical
laboratory that compares a patient’s current test results with 
previous ones. It is often considered to be a useful tool to identify 
pre-analytical errors. Delta check procedures vary across labs. 
A survey was conducted to determine national delta check 
practices. 

Method: An online survey was sent to pathologists. Data was 
analyzed by Microsoft excel and figures were generated via R 
statistical software.

Results: The survey was sent out to 84 participants. There were 
30 (35.7%) final responses, after exclusion of duplicates and
incomplete entries. Respondents varied in their designations from 
Professor 2(6.7%) to Assistant Professor 10(33.3%). Most
respondents 25 (83.3%) were Fellows of College of Physicians 
and Surgeons, while there were 3(10%) PhDs. Work experience
varied from less than 3 years, 5(16.7%) to more than 10 years, 
17(56.7%). 25 labs surveyed were from tertiary care hospitals. 
Most laboratories were in Sindh Province, 13 (43.3%). Del-
ta check procedures were used by 19(63.3%) labs, of which 
6(31.6%) used automated checks, 12(63.2%) had defined delta
limits for different tests, 15(78.9%) had defined time limits to 
check delta results, 17(89.5%) had a checklist for its investigation 
and 10(52.6%) had a Laboratory Information System or middle-
ware to block failed delta results. Most of the respondents consid-
ered the smallest available option as the ideal delta difference
value for blocking results.

Conclusion: Delta check procedures vary among surveyed labs
and efforts are required for the formulation of national guidelines
to synchronise and standardize delta check practices.
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Introduction
Delta check is a mode of patient-based real time QC (PBRTQC) 
used in clinical laboratories in which difference between 
sequential patient results help to identify potential pre analytical, 
analytical or post analytical errors. The earliest work on delta 
check procedures in clinical laboratory is from 1970s [1, 2]. Its 
greatest utility is suggested to be in picking up pre-analytical 
errors [3-5], although the use of wrist bands for patients’ 
identification and scanners for its confirmation, bedside bar code 
labelling, electronic ordering and receiving of specimens, and 
automated hemolysis, icterus, lipemia (HIL) checks have reduced 
these errors [6]. With the advent of automation, interfacing of 
instruments with Laboratory Information System (LIS) and use 
of middle wares, post analytical errors such as transcriptional 
or calculation mistakes have also decreased. Analytical faults 
account for the least percentage of these errors. The most 
common cause of significant difference between two serial results 
is due to change in physiological condition [5, 7].
Delta checks are also an inherent part of most auto-verification 
algorithms and have been recommended in various latest 
guidelines[8-10]. Clinical and Laboratory Standards Institute 
(CLSI) guideline EP33 ED2:2023 explains in depth the 
calculations and utilities of delta checks [11], while College of 
American Pathologists (CAP) has incorporated clauses related 
to delta checks in the accreditation checklist’s section on auto-
verification.
National surveys are a good tool for gaining an insight into 
the current practices and identifying the need to improve upon 
them. Data collection is relatively simple. A drawback is the 
reliance on the participants for the availability and validity of 
the responses. The aim of conducting this survey was to acquire 
baseline knowledge regarding current delta check procedures 
across different laboratories in the country and to identify the 
existing gaps. The results of the survey will be used for capacity 
building of the clinical laboratory fraternity, and aim to make 
recommendations for formulation of national guidelines for 
standardizing the use of delta checks in reporting patient test 
results.

Material and Methods
The survey was conducted from December 2024 to January 
2025 after IRB approval # IHHN_IRB_2024_11_004 and 
in accordance with Declaration of Helsinki (2024). The 

questionnaire was prepared on RedCap which is a web-based 
questionnaire tool, and sent out to a total of 84 pathologists 
working in clinical laboratories across Pakistan selected by 
snowball technique. Pathologists with whom contact already 
existed were asked to give contacts of other potential participants. 
Consent of the participants was taken in the questionnaire. 
Inclusion criteria included Chemical Pathologists, Haematologists, 
Heads of department or consultants working in clinical laboratories 
across Pakistan and holding Fellowship of College of Physicians 
and Surgeons, Pakistan (FCPS), Masters of Philosophy (MPhil) or 
Doctor of Philosophy (PhD) degrees. Exclusion criteria included 
duplicate entries from same lab and incomplete responses. The 
questionnaire was sent via WhatsApp or email to the various 
participants. In the first section of the survey, general details of the 
participants and the hospital/ laboratory was gathered. The second 
part dealt with their laboratory practices related to delta check 
procedures. The participants were then asked about what delta 
check limits they thought should be used for various laboratory 
tests, including calcium, sodium, potassium, chloride, bicarbonate 
(HCO3), urea, creatinine, uric acid, cardiac troponins, HbA1c, 
haemoglobin, white blood cell (WBC) count, platelet count and 
International Normalized ratio (INR).
Results were analyzed by Microsoft Excel version 2511. 
Frequencies and percentages were calculated for the various 
variables. R statistical software was used to create figures.

Results
The survey was sent out to 84 participants. There were 30 
(35.7%) final responses, after exclusion of 4 duplicates and one 
incomplete entry. Respondents varied in their designations from 
Professor 2 (6.7%) to Assistant Professor, 10 (33.3%). Majority 
of the respondents 25 (83.3%) were FCPS, while there were 3 
(10%) PhDs. Work experience varied from less than three years, 
5 (16.7%) to more than 10 years, 17 (56.7%), while there were 4 
(13.3%) pathologists each with 3-5 and 5-10 years of experience. 
The survey participants included pathologists from Federal 
Capital Territory and all four provinces of Pakistan, (Sindh, 
Baluchistan, Punjab and Khaybar Pakhtunkhwa). Sindh had the 
largest representation, 13 (43.3%) of which the city of Karachi 
had the most labs, 11 (36.6%). Next highest representation was 
from Punjab 9 (30%), (Figure 1).

National survey on Delta checks
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Figure 1: Map of Pakistan showing number of labs and their cities included in the survey.

The respondents belonged to various laboratory types, 
predominantly from labs based in tertiary care hospitals, 25 
(83.3%), while 4 (13.3%) were from labs in secondary care 
hospitals and 1 (3.3%) from a stand-alone laboratory. Hospitals 

of various bed strengths were covered and majority of them 
were moderately sized having 100-500 beds, 19 (65.5%). Survey 
questions and the responses regarding the clinical laboratories’ 
practices are mentioned in Table 2.

Table 2: Responses to questions related to laboratory practices.

Variable Options Frequency (Percentage)

Laboratory type (n=30)
Laboratory in a secondary care hospital 4 (13.3)
Laboratory in a tertiary care hospital 25 (83.3)
Stand-alone laboratory 1 (3.3)

Hospital beds (n=29)

0-50 1 (3.4)
50-100 1 (3.4)
100-500 19 (65.5)
> 500 8 (27.6)

Clinical laboratory accreditation
No 12 (40)
Yes 18 (60)

If yes: (n=18)
CAP-accredited 3 (16.7)
ISO 15189 accredited 8 (44.4)
Other 7 (38.9)

Presence of laboratory information system in 
clinical laboratory (n=30)

No 6 (20)
Yes 24 (80)

National survey on Delta checks
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Mode of test reports in clinical laboratory? 
(n=30)

Electronic reports 6 (20)
Printed paper reports 4 (13.3)
Both electronic and printed reports 20 (66.7)

Interfacing of results to laboratory information 
system and reports (n=30)

No 10 (33.3)
Yes 20 (66.7)

Auto-verification procedures (n=30)
No 22 (73.3)
Yes 8 (26.7)

Delta check procedure before releasing the 
patients results (n=30)

No 11 (36.7)
Yes 19 (63.3)

Delta check procedure manual or automated 
(n=19)

Automated 6 (31.6)
Manual 13 (68.4)

Time period defined for checking delta results 
(n=19)

No 4 (21.0)
Yes 15 (78.9)

If yes, what is the defined time period? (n=15)

1 day 1 (6.7)
1 week 1 (6.7)
3 days 2 (13.3)
Dependent on the type of the test 11 (73.3)

Are parameters defined for which a delta 
check is required? (n=19)

No 9 (47.4)
Yes 10 (52.6)

Are Delta check limits defined for each type 
of test or dependent on the laboratory staff? 
(n=19)

No, dependent on the laboratory staff 7 (36.8)

Yes, defined delta check limit 12 (63.2)

How are delta limits defined? (n=12)

From the literature survey 6 (50)
From the labs own data 4 (33.3)
By Reference Change Value (RCV) based on intra/
inter-individual variation 2 (16.7)

Checklist to work out the possible causes of 
delta failure (n=19)

No 2 (10.5)
Yes 17 (89.5)

Variable Options Frequency (Percentage)

CAP: College of American Pathologists, ISO: International Organization for Standardization, LIS: Laboratory Information System

which 3 (16.7%) labs were accredited by CAP, while 8 (44.4%)
were International Organization for Standardization (ISO) 15189

9001, Punjab Healthcare Commission and Joint Commission
International (JCIA). Most of the labs surveyed 24 (80%) had an

interfaced to LIS. A total of 8 labs (26.7%) claimed to have an
auto- verification system, while 19 (63.3%) said they have a

The opinion of the participants for delta check limits of various 
common analytes is shown in Figure 2. When a participant did 
not give any opinion for these delta check limits, it is labelled as 
missing. In the opinion of 11 (37%) participants appropriate delta 
for potassium was ±0.5mEq/L while delta limit for sodium was 
suggested as ±5 mEq/L by 13(43%) respondents. For both urea, 
18 (60%) and creatinine, 14 (47%) participants considered ±20% 
change as the most suitable delta limit.

There were 18 clinical laboratories which were accredited out of 
which 3 (16.7%) labs were accredited by CAP, while 8 (44.4%) 
were International Organization for Standardization (ISO) 15189 
accredited. Other labs mentioned accreditation by ISO 9000, ISO 
9001, Punjab Healthcare Commission and Joint Commission 
International (JCIA). Most of the labs surveyed, 24 (80%) had 
an LIS and 20 (66.7%) percent said that their laboratory results 
were interfaced to LIS. A total of 8 labs (26.7%) claimed to have 
an auto- verification system, while 19 (63.3%) said they have 
placed a procedure for delta checks before releasing patient 
results. The specific variations in delta check practices are 
mentioned in Table 2.
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Figure 2: Participants’ opinion on optimal delta limits for common analytes.

Discussion
This is the first survey conducted in Pakistan on delta checks 
practices in clinical laboratories. Amongst the labs surveyed, 19 
(63.3%) used delta check procedures in their labs. A lab survey 
conducted on clinical laboratories in Spain revealed a response 
rate of 13.2%, [12], while in China a similar survey showed the 
response rate as 24.7% [7]. Our response rate in comparison 
is 30(35.7%). The overall number of labs in our survey is not 
very high, yet this is the usual response rate received in various 
clinical laboratory surveys conducted in Pakistan [13, 14]. The

participation of senior pathologists from medium to large sized
labs could be due to their greater understanding and sensitization
for the topic. The snowballing technique used in reaching out to
the participants had its disadvantages as the immediate contacts
responded more frequently than those who were approached
through secondary contacts. Hesitation to share information
regarding institutional practices, not being familiar or acquainted
with the survey topics and lack of time or interest could be the
other reasons for not participating in the survey. Since systematic
implementation of delta check procedure requires an advanced
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LIS or middleware which is not available in most of the clinical
laboratories in Pakistan, it is possible that the pathologists
without access to these resources refrained from participating in
the survey.
A Croatian survey on medical laboratories showed that 30% 
used delta checks in their labs [15]. In the Spanish survey delta 
checks were being used in 24% of the labs [12] and in China, delta 
check was used by 25% of the labs surveyed [7]. Usage of delta 
check procedures in our survey, 19 (63.3%), is probably greater 
compared to other surveys because of more participation by 
tertiary care institutes in this survey.
The analytes considered good candidates for delta are those with 
low index of individuality or low intra individual variation [4, 
16, 17]. Reference change value (RCV), which is based on intra 
individual biological variation, is accepted by CLSI as a tool to set 
the limits [11]. In our survey only 2 labs mentioned that they used 
RCV to set their delta limits, while 6 used literature-based values. 
However, RCV limits need to be verified and optimized to prevent 
high number of false alarms [18].
Auto-verification was stated to be present in 8 (26.7%) of the 
labs surveyed, although the extent of auto-verification was not 
asked. A global survey published in 2024 covering 920 labs from 
55 countries, showed auto-verification was used in 10% labs [9]. 
Another study showed less than 20% of hospital labs were engaged 
in auto verification [19]. Overall, as other surveys have reported 
across Europe and Middle East, currently information technology 
in clinical laboratory is underutilized, even for the basic functions 
[9, 19, 20]. An alarming revelation during our survey, which is a 
testimony to this fact, is that one third of the labs surveyed did not 
have result interfacing. Implementing a delta check rule, albeit 
manual, would be of paramount importance in these cases to catch 
transcription errors.
Out of the 19 labs which had a delta check procedure in place in 
our survey, majority, 17, had a checklist for working on the delta 
check failures. Investigation check list or algorithms for trouble 
shooting delta failures are important to delineate the root cause, 
and these should focus on all three testing phases.

in the list of studied parameters in the studies.
Most of the respondents chose the smallest option as the optimal 
delta difference for the analytes surveyed. Notable exception was 

for haemoglobin where majority selected a difference of 2.0 gram/
decilitre as a significant change, which was also the median delta 
limit pointed out in CAP Q probes [5]. For sodium, majority, 13 
labs preferred the delta limit as 5.0 mEq/L, while in CAP Q probes 
study the median sodium delta change limit was 9.0 mEq/L [5]. 
Similarly for Calcium the delta limit chosen by 12 labs was 1.0 
mg/dL, while in the CAP Q probe study a median of 2.0 mg/dL 
was identified [5]. Another obvious discrepancy was in total CO2 
or bicarbonate in which 13 (43%) labs in our survey mentioned 
that 3.0 mEq/L should be kept as the delta limit, while in CAP Q 
probes the median delta limit was 8.0 mEq/L [5]. The underlying 
point is that delta checks limits should be optimized such that 
there are minimum false alarms. Physiological changes account 
for most delta alerts. A very narrow range can give unnecessary 
alarms thus increasing the turnaround time and resource wastage. 
It is important to optimize the delta limits and review them 
periodically. Similarly, the limits should not be so relaxed as to 
miss the alarms [4, 17].
Although 19 laboratories reported having a delta check process in 
place, more responses were received when participants were asked 
to specify ideal delta limits for various parameters. This suggests 
that while pathologists had parameter specific delta cut-off values 
in their minds, these had not been implemented, possibly due to 
limitations in IT support systems.
The various calculations suggested to determine the delta threshold 
are absolute delta check, percentage delta check, absolute rate 
difference delta and percentage rate difference delta. These depend 
on whether absolute numerical values or percentages are used 
and with or without time scale. While absolute delta checks are 
appropriate for parameters such as sodium and chloride where 
the analytes are kept in strict physiological limits, percentage 
change is more relevant for urea and creatinine specially at higher 
values. For an analyte such as neonatal bilirubin, time scale is 
very significant. Multivariate delta or delta difference across 
multiple parameters can be more useful to point towards a cause, 
for example, urea and creatinine, ALT and AST, serum protein and 
albumin [10]. Gender specific absolute delta thresholds for cardiac 
troponins have been suggested [22], with researchers suggesting a 
delta limit of 10 ng/L for men and 7.0 ng/L for women. Urea and 
creatinine delta limits in patients on dialysis do not hold much 
value and give false alarms. Other calculations have been proposed 
for these patients [23]. International Normalized Ratio (INR) is a 
well-known marker performed widely for screening patients for 
coagulopathy. Various INR cut-offs have been used for different 
conditions [24], and the laboratory practices must be aligned 
with the current clinical practice guidelines. Evidence-based 
approaches, including retrospective data analysis and receiver 
operating curve (ROC) evaluation, are increasingly used to set and 
verify delta check limits tailored to local clinical and operational 
needs [23, 25, 26]. Multianalyte and logistic regression-based delta 
checks improve detection of contamination by intravenous fluid 
and preanalytical errors, reducing false alert rates and enhancing 
specificity [26, 27]. A clinically pertinent use of delta is a real 
time alert system based on delta differences for selected clinical 
conditions, including acute myocardial infarction (AMI) and acute 
kidney injury
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requires an advanced LIS or middleware which is not available 
in most of the clinical laboratories in Pakistan, it is possible that 
the pathologists without access to these resources refrained from 
participating in the survey.

Ideal time gap between the two results to elicit delta failure 
can vary depending on the parameter, patient setting (inpatient 
versus outpatient), and other factors. This varies greatly with the 
laboratory practice worldwide [4]. Clinical specimens are not 
generally stored for more than one week and there are stability 
issues for many parameters. Previous specimen is also ideally 
required for delta investigation. These factors together call for 
practical constraints in setting delta time limits. Keeping a long 
time period may give more false alerts as certain analytes may 
change over time for variable reasons, for example; disease state, 
patient management, transfusion and dialysis. An exception 
is HbA1c in which the optimal time is three months because 
of red blood cell turnover time. Keeping variable time frames 
for different tests might be hindered by the available LIS or 
middleware in the lab. CAP Q probe study showed that median 
time span was 3-7 days for the routine assays [5] while Tan et al 
state that there is no ideal time limit cut off [21]. HbA1c was not 
included in these studies.
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last result within a 90 days and saw that 70% of the delta alerts

Limitations
The number of laboratories surveyed is small, nevertheless, they 
span Federal Capital and all four provinces, and include a large 
number of subject experts and some of the major hospitals of the 
country. Participation and response biases are other limitations of 
such survey designs [31].

Conclusion
Delta check practices vary across clinical laboratories in Pakistan. 
There is need to formulate and implement National guidelines for 
the standardized use of delta check practices in routine clinical 
laboratory operations.
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Introduction: Diabetes has become a prominent worldwide 
public health issue, with its prevalence notably higher in lower 
middle-income countries. Pakistan ranks third globally in terms 
of number of individuals diagnosed with Type 2 Diabetes 
Mellitus and have highest prevalence of diabetes throughout the
world. The objective of current study was to assess the frequen-
cy of diabetes in relation to demographics utilizing laboratory 
data of individuals residing in Pakistan.

Methods: Biochemical data of HbA1c, fasting and random
plasma glucose, and oral glucose tolerance test were retrieved
from Laboratory Information System analyzed in Pathology and
Laboratory Medicine department from Jan 2016 to Dec 2022.
Specimens were received from Aga Khan University
laboratories’ network, which is spread over the country. For
interpretation of biochemical tests’ values American Diabetes
Association (ADA) criteria was applied.

Results: After removal of duplicates and missing data, the final
sample included 4,260,171 unique individuals. Diabetes was 
present in 35.9% of the overall population, with the highest inci-
dence (55.6%) recorded in males aged 35 to 59 years. Diabetes 
was significantly associated with advancing age and gender 
(p<0.001). Individuals who had
the fasting blood glucose ≥ 126 mg/dl were (n=372,050), HbA1c
exceeding 6.5% were (n=762,940) the random blood glucose ≥
200 mg/dl were (n=128,820), OGTT level ≥ 200 mg/dl were
(n=487) and diabetes confirmed with more than one diagnostic
test were (n=505,609).

Conclusion: The study, based on dataset of around 4.2 million
individuals, revealed an overall diabetes frequency of 35.9%,
with highest prevalence in middle-aged group (55.6%), and
significant associations with both advancing age and gender.
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Introduction

Type 2 Diabetes Mellitus (T2DM) and has highest national

There is currently no data on the prevalence of diabetes in
Pakistan. In the absence of comprehensive data, analyzing
high-volume biochemical lab data could provide a preliminary
understanding of diabetes burden in the country. The aim of this
study involved utilizing the Aga Khan University Hospital’s
extensive laboratory network across Pakistan to examine the
period prevalence and gender distribution of diabetes and

prediabetes across various age groups within the Pakistani
populace.

Methodology
We curated and studied data of HemoglobinA1C (HbA1c),
fasting and random blood glucose (FBG and RBG respectively)
and Oral Glucose Tolerance Test (OGTT) in blood samples
analyzed in the Section of Chemical Pathology, Department of
Pathology and Laboratory Medicine. Data was extracted from the
Laboratory Information System (LIS) of the Aga Khan University
Hospital (AKUH). Presently, AKUH has a vast clinical
laboratory network, serving the AKU health system, patients, and
clinicians across Pakistan. The network includes laboratories on
campuses and multiple collecting stations in over 90 districts with
more than three hundred collection units, covering Pakistan's
diverse population. The study was approved as an exemption by
AKU’s Ethical review committee (ERC number
2023-8559-24624). The data collection spanned from January
2016 to December 2022. Cases with missing or incomplete
information and duplicate cases were removed. To maintain
confidentiality, data encryption of patient identities was executed.
Throughout the study, all HbA1c and glucose samples were
tested using an ADVIA 1800, Siemens analyzer, New York,
USA. The HbA1c assay has been certified by the National
Glycohemoglobin Standardization Programme (NGSP), and its
results can be directly linked or compared to those obtained using
the Diabetes Control and Complications Trial (DCCT) reference
method (for diagnostic purposes). Throughout the study, the
laboratory was subject to proficiency testing by the College of
American Pathologists. FBG, RBG and OGTT were performed
by hexokinase method while HbA1c was analyzed using
enzymatic assay method. In all biochemical analysis systems,
performance was evaluated using three levels of quality control
materials: low, medium, and high. The 75-g OGTT was
performed according to international protocol with fasting and
timed plasma glucose samples analyzed using validated analytical
laboratory methods. Table 1 describes the cutoff values for
HbA1c, FBG, RBG, and OGTT, as per the ADA guidelines [12,
13].

Diagnostic Test Normal Prediabetes Diabetes

FBG, mg/dl ≤ 99 100 – 125 ≥ 126

HbA1C, % ≤ 5.7 5.8 - 6.4 ≥ 6.5

RBG, mg/dl ≤ 139 ≥ 200

OGTT, mg/dl ≤ 139 140 – 199 ≥ 200

Diabetes – 7 years big data study, Pakistan
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Globally, diabetes affected an estimated 463 million people in 
2019, and the figure is expected to rise to around 700 million by 
2045 [1]. It is a major public health concern worldwide, is more 
prevalent in low and middle -income countries (LMICs) such as 
Pakistan [2]. The International Diabetes Federation (IDF) reports 
that more than one in every four adults (26.7%) in Pakistan, a 
South Asian LMIC with a population of over 220 million, have 
Type 2 Diabetes Mellitus (T2DM) and has the highest national 
prevalence of diabetes throughout the world [3, 4]. Pakistan is 
expected to top the list in the near future, having surpassed China 
and India in terms of the number of people with T2DM globally 
[5].
The high prevalence of T2DM in LMICs is due to a complex 
interaction of socioeconomic, lifestyle, and environmental 
factors [6]. Rapid urbanization in LMICs has made a significant 
contribution to the rising T2DM rate. These changes include 
decreased physical activity, increased consumption of processed 
and high-calorie foods, and sedentary behaviors [7]. Traditional 
diets are frequently replaced by processed foods and high-
fat, sugar-rich diets as countries transition economically. This 
nutritional shift increases the risk of obesity and, as a result, 
T2DM [8]. Genetic predisposition and family history are important 
factors in increasing diabetes risk in these populations [9, 10]. 
Furthermore, limited access to healthcare, lower education levels, 
and cultural norms that promote higher body weight aggravate 
the problem, making early detection and management of diabetes 
difficult [11]. Several developed countries, including the United 
States, Canada, Germany, Finland, Denmark, and Australia, 
have established diabetes registries; however, no such database 
exists in Pakistan. While global estimates exist, there is a lack 
of comprehensive national electronic registries to track real time 
diabetes prevalence in Pakistan. In the absence of comprehensive 
data, analyzing high-volume biochemical lab data could provide 
a preliminary understanding of diabetes burden in the country. 
The aim of this study involved utilizing the Aga Khan University 
Hospital's extensive laboratory network across Pakistan toexamine 

the period prevalence and gender distribution of diabetes and 
prediabetes across various age groups within the Pakistani 
populace.

Methodology
We curated and studied data of HemoglobinA1C (HbA1c), fasting 
and random blood glucose (FBG and RBG respectively) and Oral 
Glucose Tolerance Test (OGTT) in blood samples analyzed in 
the Section of Chemical Pathology, Department of Pathology and 
Laboratory Medicine. Data were extracted from the Laboratory 
Information System (LIS) of the Aga Khan University Hospital 
(AKUH). Presently, AKUH has a vast clinical laboratory network, 
serving the AKU health system, patients, and clinicians across 
Pakistan. The network includes laboratories on campuses and 
multiple collecting stations in over 90 districts with more than three 
hundred collection units, covering Pakistan's diverse population. 
The study was approved as an exemption by AKU’s Ethical review 
committee (ERC number 2023-8559-24624). The data collection 
spanned from January 2016 to December 2022. Cases with missing 
or incomplete information and duplicate cases were removed. To 
maintain confidentiality, data encryption of patient identities was 
executed. Throughout the study, all HbA1c and glucose samples 
were tested using an ADVIA 1800, Siemens analyzer, New 
York, USA. The HbA1c assay has been certified by the National 
Glycohemoglobin Standardization Programme (NGSP), and its 
results can be directly linked or compared to those obtained using 
the Diabetes Control and Complications Trial (DCCT) reference 
method (for diagnostic purposes). Throughout the study, the 
laboratory was subject to proficiency testing by the College of 
American Pathologists. FBG, RBG and OGTT were performed by 
hexokinase method while HbA1c was analyzed using enzymatic 
assay method. In all biochemical analysis systems, performance 
was evaluated using three levels of quality control materials: low, 
medium, and high. The 75-g OGTT was performed according 
to international protocol with fasting and timed plasma glucose 
samples analyzed using validated analytical laboratory methods. 
Table 1 describes the cutoff values for HbA1c, FBG, RBG, and 
OGTT, as per the ADA guidelines [12,13]

Table 1: Prediabetes and Diabetes Diagnostic Criteria as per American Diabetes Association.

eJIFCC2026Vol37No3pp418-425 Page 419

Fasting is defined as no caloric intake for at least 8 hours. A1C tests should be performed in a laboratory using a method that is NGSP certified and standardised 
to the DCCT assay. RBG is not used to diagnose Prediabetes.
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Statistical analysis

used to construct spatial coordinates for visiting places where

given for analysis. Google Maps was used to gather correct 
spatial information in circumstances where details were absent, 
or verification was required. The study used Power BI software 
to create a provincial level choropleth map by aggregating 
frequencies and individual counts based on GADM's map and 
spatial subdivision of provinces.

Results
In this study, a total of 4,260,171 laboratory tests (HbA1c, FBG, 
RBG and OGTT) were studied. Figure 1 illustrates the sample 
categorization according to number of biochemical tests requested 
per individual. Out of the total biochemical tests analyzed, 
88.1% were single tests and 11.9% were combination tests with 
the majority being single testing of HbA1c (n=1,498,289). The 
study included a total of 4,174,967 adult samples, accounting 
for approximately 98.0% of the total, with 85,204 children (<18 
years) included, constituting about 2.0% of the samples.

Figure 1: Seven years data sample flow categorized according to diabetes diagnostic tests performed as part of panel and solo.

This flowchart illustrates the distribution of clinical samples over a seven-year period. Samples are categorized based on whether diabetes diagnostic tests were 
performed as individual (solo) assays or as part of a multitest panel. Classifications follow the ADA diagnostic criteria detailed in Table 1.

Out of the total (n=4,260,1 71), 35.9% (n=1,533, 523) had 
increased levels of biochemical markers encompassing cases 
through either a single positive marker or a combination of 
elevated HbA1c, RBG, FBG, and OGTT results indicating 
diabetes as described in Table 2. Out of the total tests 

conducted20.4% (n= 872,024) were identified as prediabetes 
either through either a single positive marker or a combination 
of elevated HbA1c, FBG, and OGTT results using ADA cutoffs. 
Out of total biochemical tests studied including the combination 
testing of the studied population had prediabetes. The majority 

Diabetes – 7 years big data study, Pakistan
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All data cleaning and analyses were performed on the software 
Stata version 17 (StataCorp LLC). Continuous variables values 
(FBG, HbA1C, RBG, OGTT) were reported using descriptive 
statistics, mean and standard deviation (SD). Using the ADA 
criteria above, age and gender variables were also grouped to 
construct a categorical variable. Categorical variables, including 
gender, were reported as frequencies and percentages. Age was 
categorized into four groups as follows: <18 years, 18 to 38 years, 
39 to 59 years and >60 years. Chi-square test was used to calculate 
the statistical significance of difference in proportions amongst 
the categorical variables. Values were considered statistically 
significant when p value was<0.05. Additionally, Pakistan-specific 
spatial coordinates and divisions were found using the Global 
Administrative Areas Database (GADM) (www.gadm.org). The 
laboratory and hospital databases were used to construct spatial 
coordinates for collection sites whereblood specimens were 
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by FBG testing (24.2%). The overall mean adults’ age of the
regression of diabetes and prediabetes showing significant correlation 
between age and gender for this cohort. For diabetes, the factor Age 
(RRR = 1.0562): One unit of age increases the relative risk of diabetes 
by 5.62%, compared to the normal group (p < 0.001) while in factor 
gender for Male (RRR = 1.4445) indicating, Males have a 44.45% 
higher risk of diabetes compared to females, controlling for age (p < 
0.001). Similarly for Prediabetic category, for Age (RRR = 1.0439): 
One unit increase in age is associated with a 4.39% increase in the 
relative risk of being in the prediabetes group compared to the normal 
group (p < 0.001). As for the gender, Males (RRR = 1.1998): have a 
19.98% higher relative risk of prediabetes than females.

Table 2: Total number of diabetes tests (HBA1C, OGTT, RBG, FBG) ordered categorized based on number of normal, prediabetes 
and diabetes ratio.

Biochemical Test Overall n (%) Normal n (%) Prediabetes n (%) Diabetes n (%)

Overall 4,260,171 1,854,624
(43.5)

872,024
(20.4)

1,533,523
(35.9)

FBG 1,514,547
(35.5)

767,648
(41.3)

374,849
(42.9)

372,050
(24.2)

HbA1C 1,498,289
(35.1)

374,052
(20.1)

361,297
(41.4)

762,940
(49.7)

RBG 737,337
(17.3)

608,517
(32.8)

128,820
(8.4)

OGTT 4,389
(0.1)

2,690
(0.14)

1,212
(0.13)

487
(0.03)

More than 1 test 505,609
(11.8)

101,717
(5.4)

134,666
(15.4)

269,226
(17.5)

For 1 testing diabetic testing for FBG, OGTT, HbA1C is taken as gold standard for diagnosis. Whereas n is the number of test performed or total number of
normal, diabetic and prediabetic results and % is total number of test (HBA1C/ OGTT/ RBG/ FBG) / overall test performed and total number of normal, diabetic
and prediabetic results / total number of HBA1C/ OGTT/ RBG/ FBG performed respectively.

Table 3: Distribution of Prediabetes and Diabetes by Age and Gender in Clinical Laboratory Data Over Seven Years.

Age Category Female Female Female Male Male Male p- value

Age Category Total n(%) Prediabetes 
n(%)

Diabetes n(%) Total n(%) Prediabetes 
n(%)

Diabetes n(%) p- value

Overall 2,091,598
(49.0)

394,416
(18.8)

659,544
(31.5)

2,168,573
(50.9)

477,608 (22) 873,979
(40.3)

<.001

Adolescent 
(<18)

35,762
(1.7)

2,277
(0.57)

5,633
(0.85)

37,909 (1.7) 2,758 (0.57) 6,018
(0.6)

<0.001

Early 
Adulthood 
(18-38)

676,243
(32.3)

60,109
(15.2)

69,700
(10.5)

448,742
(20.7)

77,215 (16.1) 105,555
(12.0)

<0.001

Middle Age 
(39-59)

877,922
(41.9)

196,147
(49.7)

354,054
(53.6)

1,097,456
(50.6)

252,271
(52.8)

486,543
(55.6)

<0.001

Old Age (≥ 60) 501,671
(23.9)

122,570
(31.0)

230,157
(34.9)

584,466
(26.9)

145,364
(30.4)

275,863
(31.5)

<0.001

Chi square test significant association (p<0.001) is used, in female, diabetes and prediabetes are significantly associated with age categories. As well as male also 
show significant difference between age categories with prediabetes and diabetes
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of diabetescases were identified through HbA1c testing (49.7%), 
followed by FBG testing (24.2%). The mean adult age among 
diabetes cases was 48 ±14.9 years and mean age of children 
were 10.2 ± 5.4 years. Age emerged as a crucial factor, with the 
highest frequency of diabetes and prediabetes observed in the 
39-59 years age group as described in Table 3. Statistical analysis 
demonstrated a significant association between diabetes and 
both advancing age and gender, with p-values less than 0.001, 
highlighting the multifaceted nature of this disease's epidemiology. 
Frequency of diabetes and prediabetes was more in males (40.3% 
and 22% respectively) as compared to females (31.5% and 18.8% 
respectively); p value <0.001. Table 4 denotes the Multinomial 

For single-test evaluations, FBG, OGTT, HbA1c were treated as standard diagnostic markers. Whereas n is the number of test performed or total number of 
normal, diabetic and prediabetic results and % is total number of test (HBA1C/ OGTT/ RBG/ FBG) / overall test performed and total number of normal, diabetic 
and prediabetic results / total number of HBA1C/ OGTT/ RBG/ FBG performed respectively.
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Table 4: Multinomial Regression of Diabetes and Prediabetes Data, Showing Significance between Age and Gender.

Outcome 
Category

Variable RRR Std. Error z-value p-value 95% CI
Lower

95% CI
Upper

Prediabetes Age 1.044 0.000 251.100 <0.001 1.044 1.044

Male (ref: 
Female)

1.200 0.006 37.980 <0.001 1.189 1.211

Constant 0.119 0.001 −247.05 <0.001 0.117 0.121

Diabetes Age 1.056 0.000 356.020 <0.001 1.056 1.057

Male (ref: 
Female)

1.445 0.006 87.080 <0.001 1.433 1.457

Constant 0.123 0.001 −272.59 <0.001 0.121 0.125

Age significantly increases the risk of both prediabetes and diabetes.  Males are significantly higher risk than females for both conditions. All predictors are 
statistically significant at p<0.001.

Figure 2 denotes the trend of diabetes Figure 2 denotes the trend 
of diabetes within country; the graph shows the constant rise of the 
diabetes case till 2019 maintaining the fluctuation and hike at least 
from recent years. The choropleth map (Figure 3) shows the cases 
with diabetes from different regions of Pakistan indicating 214 
cases of diabetes were reported from Gilgit-Baltistan, 4,918

cases from Azad Jammu Kashmir (AJK), 46,905 cases from 
Balochistan, 45,952 cases from Khyber Pakhtunkhwa (KPK), 
351,221 cases from Punjab and 1084,313 cases from Sindh. 
There were additional samples with missing or inadequate 
location data that could not be traced.

Figure 2: Yearly Pattern of Diabetes Cases Identified in Clinical Laboratory Data Over Seven Years.

Cases in Figure 2 were identified from clinical samples across Pakistan and analyzed at a central laboratory. Classification was based on American Diabetes 
Association (ADA) diagnostic criteria, as detailed in Table 1.

Diabetes – 7 years big data study, Pakistan
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Figure 3: Chloropleth Map Showing Distribution of Diabetes Cases by Province in Clinical Laboratory Data Over Seven

This map illustrates the prevalence of diabetes across provinces based on clinical laboratory records. Cases were identified using ADA diagnostic criteria: Color 
intensity represents the concentration of cases, with darker shading indicating a higher volume of identified individuals. Data were processed in a central clinical 
laboratory from samples collected nationwide.

Discussion

The IDF Diabetes Atlas 2022, Pakistan ranks number one, with 
highest prevalence of diabetes 31%, with projection of prevalence 
over 34% keeping it at the top position in 2045 (3). The Pakistan 
National Diabetes Survey showed that in urban areas 9.83% 
of women and 12.14% of men had diabetes. Furthermore, 
impaired glucose tolerance was present in 9.54% of females and 
4.54% of males [14]. Studies indicated that the prevalence of 
glucoseintolerance is high in the Pakistani population. Local data 

assessed from current studies also showed that Sindh and Punjab 
have the highest reported diabetes cases and similarly have higher 
risk prevalence of diabetes [15]. According to studies prevalence of 
diabetes was 26.3%, with 19.2% known and 7.1% newly diagnosed. 
Urban areas have 28.3% prevalence, while pre-diabetes is 14.4%, 
the reported mean age (greater than or equal to 43 years) was similar 
coinciding with our studies [16]. Key factors for higher period 
prevalence of diabetes in Sindh and Punjab include urbanization 
causing sedentary lifestyles and unhealthy diets, high obesity rates, 
and the shift to urbanization. Cities like Karachi, Hyderabad, Lahore, 
Islamabad, Multan and Faisalabad have better access to healthcare 
facilities and clinical laboratories. A larger middle and upper class 
in these provinces can afford health check-ups, and many health 
awareness programs are active in the region.
The National Diabetes Survey shows an increase in type 2 diabetes 
and Impaired Glucose Tolerance (IGT) prevalence with age in 
both sexes, consistent with other South Asian studies [17] it further 
indicates that at national level while the prevalence of impaired 
glucose tolerance (IGT) is higher in women than in men, the 
prevalence of diabetes is higher in men. Diabetes in Pakistan women 
presents a complex, multidimensional scenario.

Diabetes – 7 years big data study, Pakistan
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Figure 3: Choropleth Map Showing Distribution of Diabetes Cases by Province in Clinical Laboratory Data Over Seven Years.

In this study, conducted on a sample set of approximately 4.2 
million laboratory specimens, the period prevalence of diabetes 
emerged as a significant health concern, with 35.9% of the cases 
affected. Our data depicted that males are at higher diabetes rate 
(40.3%) than female while in terms of age, a higher rate of diabetes 
was observed in middle-aged men (55.6%) as compared to middle 
aged females (53.6%). In prediabetics, similar ratio was observed 
with males having slightly higher ratio than females with the 
highest prediabetic ratio seen in middle-aged male group. This 
data analysis found that gender and age were significant predictors 
of hyperglycemia and prediabetes, which can be considered a risk 
factor for diabetes. The COVID-19 pandemic most likely attributed 
to a temporary drop in the trend line of diabetes prevalence in 2020 
when routine screening rates declined followed by an unstable 
recovery.
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privileged, usually compounded with multiple pregnancies, risks
our women for higher morbidity and mortality rates. Gestational
Diabetes Mellitus (GDM) can serve as a blessing in disguise for
early diagnosis and intervention. It shall sensitize
multi-stakeholders for prevention of T2DM focusing on a healthy
lifestyle at comparatively younger age group, and in turn also
addressing interventions for child hood obesity, GDM shall be
integrated into maternal and child health (MCH) care programs
[18, 19].
Subsequently, the laboratory data showed that even children
(<18) were also diagnosed with diabetes and at-risk status (pre
diabetes) was also observed, though the data availability was
limited but it was still indicative of the impelled effects of
diabetes. A study conducted in 2010 estimated that though the
actual number of diabetic children within the country is unknown
still it was approximated that around 61,196 children are affected
with an increment in this figure in every passing year [20].
Diabetes risk in children increases with high BMI, blood
pressure, and larger waists, influenced by factors like genetic
predisposition, urbanization, lifestyle changes, obesity,
malnutrition, depression, and socio-cultural issues [21,22].
The country’s choropleth map for diabetes highlights significant
regional disparities in the reported cases of diabetes. This
geographic distribution emphasizes the importance of focused
public health measures for diabetes, including healthy diet,
regular exercise, diabetes education, screenings, and healthcare
access in the most affected areas, primarily in Sindh and Punjab.
These findings raise important questions about the underlying
factors contributing to the regional disparities in diabetes
prevalence. More large-scale longitudinal research is needed to
answer the question of whether environmental, socioeconomic, or
lifestyle factors are driving these developments in various
provinces of Pakistan.
The study conducted has its own limitations as it is a cross
sectional study, anthropometric measurements, clinical history,
lifestyle factors and dietary intake were not available and no
follow up was carried out on these individuals. The fact that this
article includes a significant number of patients who represent
both urban and rural populations makes it possible to generalize
the findings throughout Pakistan, which is one of its strengths.
The choropleth map also clearly illustrates the disease burden,
emphasizing the necessity of focused interventions. The absence
of a specific database or registry is still a drawback, though.

Conclusion and call to action
According to the data, age is positively associated of both
prediabetes and diabetes. Males are at significantly higher risk for
both prediabetes and diabetes compared to females. middle-aged
men reported more positive cases, which means they are at higher
prevalence of risk. Nonetheless, the percentage of females is not
far behind, and a significant number of cases have also been
reported among women. Sindh and Punjab showed the higher risk
of diabetes while may be due to data unavailability from there
province the Pakistan population tendency to become diabetic
cannot be ruled out. As age increases, non-communicable
diseases increase, necessitating efficient and diligent treatment.

Human resources and evidence-based solutions are crucial, 
prompting multi-stakeholder action.
The current study highlights the need for establishing a national 
multi-center diabetes database using identical, consistent 
definitions and data collection methods for prevalence and 
incidence of diabetes across different times, locations, and 
standardized frequency measures. To facilitate robust cross-study 
comparisons and ensure the validity of longitudinal analyses, 
it is imperative to establish a standardized diabetes reporting 
framework for prevalence and incidence. A key component of the 
creation of a comprehensive digital database for both pre-diabetics 
and diabetics, can also be promoting active, real-time management 
and facilitating personalized lifestyle modifications and care.
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Abstract

Background: Bisalbuminemia is a rare abnormality characterized 
by detection of two distinct albumin bands or double peaks 
through serum protein agarose gel electrophoresis or capillary 
electrophoresis, suggesting the coexistence of normal and 
modified albumin in the same patient. However, it is challenging 
to visualize the double bands due to the limited resolution of 
agarose gel electrophoresis. Besides, capillary electrophoresis 
cannot directly visualize serum proteins. 
Methods: Serum samples were obtained from the Hematology 
Hospital of the Chinese Academy of Medical Sciences and 
analyzed using agarose gel electrophoresis and capillary 
electrophoresis. Agarose gel electrophoresis and capillary 
electrophoresis were performed using a SPIFE4000 
electrophoresis apparatus from Helena or Capillarys3 Tera system.

Results: Three samples of bisalbumin were detected in the 
albumin region in patients diagnosed with multiple myeloma 
via agarose gel electrophoresis and capillary electrophoresis 
techniques.

Conclusions: These findings suggest that capillary electrophoresis 
technology combined with traditional agarose gel electrophoresis 
methods can significantly improve the detection rate of 
bisalbuminemia. Serum dilution or depolymerization may be 
utilized to enhance detection when bisalbumin bands are not 
readily identifiable in agarose gel electrophoresis, thereby 
ensuring the accuracy of bisalbuminemia diagnosis.

Bisalbuminemia: Detection by Two Electrophoresis Methods
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Introduction
Human serum albumin is synthesized by hepatocytes in the liver. 
Serum albumin consists of a single polypeptide chain comprising 
585 amino acids and has a molecular weight of 66.5 kDa. It has 
multiple physiological functions, including sustaining plasma 
colloid osmotic pressure, inhibiting the formation of oxidants, 
catalyzing biochemical reactions, and transporting endogenous 
and exogenous substances (thyroid hormones, steroids, and fatty 
acids) [1-2].
Clinical chemistry analyzers are widely used to quantify serum 
albumin in clinical practice. Besides, protein components of 
albumin are identified through serum protein electrophoresis. 
Agarose gel electrophoresis is one of the simplest and widely 
utilized methods for the separation of serum proteins in clinics 
due to its distinct banding patterns and high reproducibility. Using 
this technique, researchers can differentiate serum proteins on 
the basis of variations in their isoelectric points and molecular 
weights. The proteins can be grouped into several categories, 
including albumin, alpha-1 globulins, alpha-2 globulins, 
beta globulins, and gamma globulins. However, capillary 
electrophoresis provides rapid detection and enhanced resolution 
compared with traditional agarose gel electrophoresis due to 
the advancement of electrophoresis technology [3]. Capillary 
electrophoresis separates proteins based on their charges and 
sizes, resulting in varying migration velocities within an electric 
field [4]. The detector captures the migration speeds of various 
protein components, producing electropherograms with different 
electrophoretic peaks. The protein components, including 
albumin, alpha-1 globulins, alpha-2 globulins, beta-1 globulins, 
beta-2 globulins, and gamma globulins, can be identified by 
analyzing these peaks [5]. The detector can be used for serum 
protein electrophoresis and immunotyping detection in myeloma. 
Notably, the methods are critical for the screening and diagnosis 
of multiple myeloma.
Normal human serum albumin appears as a single band 
or a prominent electrophoretic peak during serum protein 
detection. However, two distinct bands may be detected in 
the albumin region in rare cases during serum protein agarose 
gel electrophoresis, a phenomenon known as bisalbuminemia 
[6]. This condition was first described in diabetic patients by 
Scheurlen in 1955, who exhibited two distinct bands with 
different electrophoretic mobilities on agarose gel electrophoresis 
[1]. Bisalbuminemia occurs in about 1 in 1000-1 in 3000 
people. However, the incidence of bisalbuminemia among 
North American Indians is about 1 in 100 individuals [9]. 
Bisalbuminemia can either be hereditary or acquired [7,8]. 
Hereditary bisalbuminemia is a permanent condition inherited 
in an autosomal codominant manner. In contrast, acquired 
bisalbuminemia is associated with certain diseases, such as 

diabetes or multiple myeloma, or in patients treated with penicillin 
and other drugs[10]. In this study, double electrophoretic bands 
and peaks were detected in the albumin region of three patients 
diagnosed with multiple myeloma using serum protein agarose gel 
electrophoresis and capillary electrophoresis techniques. Compared 
with individual detection methods, the integration of the above 
techniques facilitates the rapid visualization of double protein 
bands and enhances the sensitivity of detecting bisalbumin and 
electrophoretic peaks. This comprehensive approach promotes 
accurate and timely identification of bisalbuminemia.

Materials and Methods
Three serum samples were obtained from the Hematology Hospital 
of the Chinese Academy of Medical Sciences and analyzed using 
agarose gel electrophoresis and capillary electrophoresis. Acquired 
causes of bisalbuminemia are not ruled out in the above cases. 
Agarose gel electrophoresis was conducted on the SPIFE4000 
electrophoresis apparatus purchased from Helena to examine and 
results were quantified using an optical densitometer. Capillary 
electrophoresis was carried out using a fully automated Capillarys3 
Tera system. The results were analyzed using PHORESIS 
software. Notably, serum samples were either diluted with normal 
saline or treated with ß-mercaptoethanol.

Results 
Agarose gel electrophoresis and capillary electrophoresis can 
identify bisalbuminemia
An 82-year-old male patient with anemia admitted to our hospital 
was diagnosed with multiple myeloma following a bone marrow 
examination. Immunofixation electrophoresis identified a monoclonal 
lambda light chain component in the ß region (Figure 1A). Agarose 
gel electrophoresis detected double bands in the albumin region 
before treatment (Figure 1B). The patient underwent four cycles of 
the VRD (bortezomib, lenalidomide, and dexamethasone) regimen, 
resulting in a complete response. Subsequently, the patient received 
regular infusions of bisphosphonates to mitigate bone destruction 
and continued treatment with lenalidomide and ixazomib. However, 
treatment was adjusted to daratumumab upon re-evaluation due to 
disease progression. Agarose gel protein electrophoresis detected 
double bands in the albumin region during the treatment process. 
Notably, the bisalbumin bands were more distinct at a protein 
concentration of 7 g/L following concentration gradient dilution of 
the serum sample (Figure 1C). Similarly, capillary electrophoresis 
detected bisalbumin peaks (Figure 1D). These findings suggest that 
agarose gel electrophoresis and capillary electrophoresis can identify 
bisalbuminemia.
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Figure 1: Agarose gel electrophoresis and capillary electrophoresis techniques detecting bisalbumin.

A. IFE showing a monoclonal light chain λ component in the ß region. B. Agarose gel electrophoresis showing double bands in the albumin fraction before 
treatment. C. Agarose gel electrophoresis showing double bands in the albumin fraction after treatment. D. Capillary electrophoresis showing double peaks after 
treatment.

Capillary electrophoresis alone can easily result in 
misjudgment, which can be corrected via agarose gel 
electrophoresis
A 44-year-old male patient with elevated serum uric acid and 
creatinine levels presented to the nephrology department due to an 
unusual oral odor. Serum immunofixation electrophoresis revealed 
the presence of precipitated bands in the lambda lane. Further 
evaluation through a whole-body CT scan confirmed the presence 
of myeloma lesions. Besides, immunofixation electrophoresis 
demonstrated a monoclonal light chain λ component in the γ 
region, thereby confirming the diagnosis of multiple myeloma 
(Figure 2A). The patient was treated with Daratumumab 
combined with pomalidomide, bortezomib, and dexamethasone 
(VPD) regimen. The patients received continuous treatment with 
regular follow-ups. Notably, the firstelectrophoretic peak and 

second peak were initially misidentified as albumin and alpha-1 
globulins, respectively, during the diagnostic and treatment 
process via capillary electrophoresis (Figure 2B). However, 
we retrospectively reviewed the agarose gel electrophoresis 
data from pre- and post-treatment and identified distinct double 
bands in the albumin region (Figure 2C-2D). The results of 
capillary electrophoresis were corrected, revealing the presence 
of bisalbumin electrophoretic peaks (Figure 2E). Capillary 
electrophoresis can only display peak patterns. However, expertise 
is required to recognize the difference, making it challenging to 
identify bisalbumin peaks. In contrast, agarose gel electrophoresis 
can accurately display two bands in the albumin region, thereby 
facilitating a more precise bisalbuminemia diagnosis.
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Figure 2: Capillary electrophoresis may lead to erroneous interpretations.

A. IFE showing a monoclonal light chain λ component in the γ region. B. The erroneous result of capillary electrophoresis where the initial electrophoretic peak 
was characterized as albumin, whereas the subsequent peak was classified as alpha-1 globulins after treatment. C. Agarose gel electrophoresis showing double 
bands within the albumin fraction before treatment. D. Agarose gel electrophoresis showing double bands within the albumin fraction after treatment. E. Capillary 
electrophoresis demonstrating the presence of double peaks in the albumin region after treatment.

The integration of agarose gel electrophoresis with capillary 
electrophoresis may facilitate a precise and expedited 
diagnosis of bisalbuminemia
A 49-year-old male patient with anemia, presented with foamy 
urine at a local hospital, and was diagnosed with multiple 
myeloma. The patient was admitted to our hospital for further 
evaluation and treatment. A thorough diagnostic evaluation, 
which included serum immunofixation electrophoresis, revealed 
the presence of a monoclonal IgG lambda protein in the γ region 
(Figure 3A). Key findings included an M-spike of 144.44%, 
an M-protein concentration of 48.806 g/L, and significantly 
elevated free lambda light chains at 4269.18 mg/L. These 
results indicate the presence of a monoclonal gammopathy, 
consistent with an abnormal proliferation of plasma cells. 
Further diagnosis was achieved through bone marrow aspiration 
and biopsy, flow cytometry, and screening for gene mutations 
associated with multiple myeloma. The patient underwent four 
cycles of chemotherapy utilizing a regimen with VPD. Agarose 
gel electrophoresis results revealed a concentrated band in the 
albumin region before treatment (Figure 3B). Additionally, 
capillary electrophoresis revealed the presence of double peaks 

in the albumin region (Figure 3C). The methodology was refined 
based on these observations. Quantitative analysis showed that the 
concentration of serum albumin was 34.5 g/L, with two distinct 
bands detected in the albumin region following concentration 
gradient dilution. The albumin bands were optimally separated at 
a serum albumin concentration of 7 g/L. However, the visibility 
of the bisalbumin bands diminished as the dilution ratio increased 
before treatment (Figure 3D). Protein depolymerization using 0.72 
M and 0.21 M ß-mercaptoethanol corroborated this phenomenon. 
Notably, the depolymerization effect of ß-mercaptoethanol was not 
significantly different between the two concentrations (Figure 3E). 
We further employed agarose gel electrophoresis to analyze the 
serum samples obtained from patient after treatment and observed 
the same bisalbumin bands (Figure 3F-3G). These findings suggest 
that bisalbumin bands can be effectively observed through agarose 
gel electrophoresis at 7 g/L albumin concentration or when 
depolymerization is conducted using ß-mercaptoethanol at 0.72 M 
or 0.21 M. Therefore, the integration of agarose gel electrophoresis 
and capillary electrophoresis can provide a rapid and accurate 
diagnostic approach for bisalbuminemia.
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Figure 3: The integration of agarose gel electrophoresis and capillary electrophoresis facilitates precise bisalbumin diagnosis.

Discussion
Bisalbuminemia is characterized by the presence of two distinct 
albumin detected through serum protein electrophoresis, 
suggesting a variant albumin in the serum. This condition is 
associated with the occurrence of diverse diseases [11-14]. 
Compared with normal albumin, these variants exhibit functional 
alterations, such as decreased binding affinity to molecules 
(testosterone and bilirubin), a shorter half-life, and suppressed 
binding to warfarin. Notably, other variants demonstrate 
increased binding affinity to progesterone, triiodothyronine 
(T3), thyroxine (T4), and fatty acids [2,15]. However, 
acquiredbisalbuminemia occurrence is associated with various 
conditions, including diabetes, multiple myeloma, nephrotic 
syndrome, and chronic kidney disease [7,11,14,16].
Besides, the precise etiology of bisalbuminemia and its 
correlation with disease progression is unknown. Nonetheless, 
bisalbuminemia can complicate diagnoses derived from 
serum protein electrophoresis, which may result in diagnostic 
difficulties. Therefore, the identification of such variants during 
serum protein electrophoresis is important. Faporta et al. reported 

bisalbuminemia in a patient with multiple myeloma through 
routine gel electrophoresis analysis. Similarly, Hyung-Seok Yang 
et al. identified bisalbuminemia in patients with Parkinson's 
disease utilizing capillary electrophoresis, which could not 
be detected via agarose gel electrophoresis [17]. Capillary 
electrophoresis can reveal double electrophoretic peaks due to its 
superior sensitivity in differentiating variant albumin. Notably, 
agarose gel electrophoresis cannot detect double electrophoretic 
peaks.
Agarose gel electrophoresis is an easy-to-operate technique 
which can be utilized in routine laboratory activities. This 
method allows the direct examination of serum proteins 
through staining, improving disease detection. However, the 
resolution of agarose gel electrophoresis is inferior to that of 
capillary electrophoresis, limiting the separation of proteins with 
similar molecular weights. While gel images can be scanned 
for quantitative analysis, this approach has poor accuracy. 
In contrast, capillaryelectrophoresis exhibit more optimized 
separation potential for proteins with comparable molecular 
weights, providing high resolution. The equipment contains 
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A. IFE showing a monoclonal IgG lambda protein in the γ region.
B. Agarose gel electrophoresis demonstrating a concentrated band within the albumin fraction before treatment.
C. Capillary electrophoresis showing double peaks after treatment.
D. The quantified concentrations of albumin (34.5 g/L, 7 g/L, 3.5 g/L, 2.3 g/L, 1.73 g/L, 1.38 g/L and 0.69 g/L) before treatment.
E. Serum protein agarose gel electrophoresis performed after depolymerization using 0.72M and 0.21M ß-mercaptoethanol before treatment.
F. The quantified concentrations of albumin (45.31 g/L, 7 g/L, 3.5 g/L, 2.3 g/L, 1.73 g/L, 1.38 g/L and 0.69 g/L) after treatment.
G. Serum protein agarose gel electrophoresis performed after depolymerization using 0.72M and 0.21M ß-mercaptoethanol after treatment.
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automated sample injection and data processing systems, which 
reduce human error. Nevertheless, operating and maintaining 
this equipment requires specialized tools and skilled personnel, 
which adds to the complexity. Moreover, the costs associated 
with the equipment and consumables can be significant, leading 
in higher overall expenses [18].
The low resolution of agarose gel electrophoresis limits 
the observation of the double bands. In contrast, capillary 
electrophoresis offers enhanced resolution, allowing for the 
detection of double peaks. However, the second electrophoretic 
peak is sometimes misidentified as alpha-1 globulins, which may 
lead to inaccurate diagnostic reports. Therefore, one method 
alone cannot accurately diagnose bisalbuminemia.
In this study, the integration of agarose gel electrophoresis 
with capillary electrophoresis facilitated the observation of 
distinct bands and separation peaks corresponding to the two 
albumin components. This approach significantly enhanced the 
detection rate of bisalbuminemia and improved the accuracy 
of the diagnostic report. Serum dilution or depolymerization is 
necessary for effective differentiation of the bisalbumin band 
when concentration bands appear in the albumin region during 
agarose gel protein electrophoresis. The molecular structure and 
characteristics of albumin molecules may be easily elucidated in 
the future as the detection rate of bisalbuminemia increases.

Conclusion
Bisalbuminemia is a rare non-pathological phenomenon that 
can be accurately detected through the integration of agarose 
gel electrophoresis and capillary electrophoresis. Notably, a 
concentration gradient dilution should be utilized to identify 
the appropriate serum concentration when the results of agarose 
gel electrophoresis are not easily distinguishable, allowing 
clearer visualization of the albumin bands. The integration of 
these two techniques offers a more accurate screening method 
for bisalbuminemia, thereby enhancing the precision of disease 
monitoring.
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Abstract

Background: Polycystic ovary syndrome (PCOS) represents 
one of the most prevalent endocrine disorders affecting women 
of reproductive age, with significant implications for metabolic, 
reproductive, and psychological health. Early and accurate 
diagnosis remains challenging due to heterogeneous clinical 
presentations and the complexity of diagnostic criteria.

Objective: This study aimed to develop and compare multiple 
machine learning algorithms for predicting PCOS diagnosis, 
evaluating their performance across various metrics to identify 
the most effective computational approach for clinical decision 
support.

Methods: A comprehensive dataset containing clinical, 
biochemical, and anthropometric parameters from patients was 
analyzed using twelve different machine learning algorithms. 
The dataset underwent rigorous preprocessing including missing 
value imputation, feature engineering, and categorical encoding. 
Models evaluated included Logistic Regression, Support Vector 
Machine, K-Nearest Neighbors, Naive Bayes, Decision Tree, 
Random Forest, Gradient Boosting, XGBoost, AdaBoost, Neural 
Network, LightGBM, and HistGradientBoosting. Performance 
was assessed using accuracy, F1-score, sensitivity, specificity, 
and ROC-AUC scores.

Results: Gradient Boosting, XGBoost, and HistGradientBoosting 
demonstrated superior performance with accuracy of 92.66%, 
while ensemble methods generally outperformed single classifiers. 
Gradient Boosting achieved the highest F1-score of 87.87% and 
ROC-AUC of 95.39%. Random Forest exhibited exceptional 
specificity at 98.63%, while Naive Bayes showed the highest 
sensitivity of 94.44%. Traditional machine learning approaches 
like SVM and Neural Networks showed comparatively limited 
performance in this context.  
Conclusion: Machine learning algorithms, particularly gradient 
boosting methods, demonstrate substantial potential for accurate 
PCOS prediction and can serve as valuable tools for clinical 
decision support, potentially enabling earlier intervention and 
improved patient outcomes.
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Introduction
Polycystic ovary syndrome (PCOS) stands as one of the most 
common endocrine disorders affecting women during their 
reproductive years, with prevalence rates ranging from 6% to 21% 
depending on the diagnostic criteria employed and the population 
studied [1]. This complex metabolic and reproductive disorder 
is characterized by chronic anovulation, hyperandrogenism, 
and polycystic ovarian morphology, presenting significant 
challenges not only for reproductive health but also for long-term 
metabolic and cardiovascular wellbeing [2]. The heterogeneous 
nature of PCOS, with its variable clinical presentations ranging 
from menstrual irregularities and hirsutism to insulin resistance 
and obesity, makes accurate and timely diagnosis particularly 
challenging for healthcare providers [3].
The Rotterdam criteria, established in 2003 and widely adopted 
for PCOS diagnosis, require the presence of at least two of 
three features: oligo-ovulation or anovulation, clinical or 
biochemical signs of hyperandrogenism, and polycystic ovaries 
on ultrasound examination [4]. However, the subjective nature of 
some diagnostic parameters and the overlap of symptoms with 
other endocrine disorders often lead to delayed diagnosis, with 
many women experiencing symptoms for several years before 
receiving appropriate medical attention [5]. This diagnostic delay 
has profound implications, as early intervention can significantly 
mitigate the risk of developing associated comorbidities such 
as type 2 diabetes mellitus, cardiovascular disease, endometrial 
cancer, and psychological disorders including depression and 
anxiety [6].
The advent of machine learning and artificial intelligence has 
revolutionized medical diagnostics across various specialties, 
offering unprecedented opportunities to analyze complex, 
multidimensional clinical data and identify patterns that may 
elude traditional statistical approaches [7]. Machine learning 
algorithms excel at processing large volumes of heterogeneous 
data, including clinical symptoms, biochemical markers, 
anthropometric measurements, and imaging findings, to generate 
predictive models with high accuracy and reliability [8]. In the 
context of PCOS, where diagnosis depends on the integration of 
multiple clinical and laboratory parameters, machine learning 
approaches hold particular promise for developing robust 
predictive tools that can assist clinicians in early detection and 
risk stratification [9].
Recent studies have demonstrated the feasibility and potential 
of applying various machine learning techniques to PCOS 
prediction, with algorithms ranging from traditional logistic 
regression to advanced ensemble methods and deep learning 
architectures [10]. However, comprehensive comparative 
analyses evaluating multiple algorithms on the same dataset 
remain limited, and the optimal approach for PCOS prediction 
continues to be debated within the research community. 
Furthermore, the interpretability of machine learning models 
and their integration into clinical workflows require careful 
consideration to ensure that these computational tools 
genuinely enhance rather than complicate the diagnostic 
process. The present study addresses this gap by systematically 
comparing twelve different machine learning algorithms 
for PCOS prediction, utilizing a comprehensive dataset en 

compassingdiverse clinical, biochemical, and demographic 
features. By evaluating performance across multiple metrics 
including accuracy, sensitivity, specificity, F1-score, and area 
under the receiver operating characteristic curve, this research 
aims to identify the most effective algorithms for PCOS 
prediction and provide insights into their relative strengths 
and limitations. The findings of this study have the potential to 
inform the development of clinical decision support systems 
that can facilitate earlier diagnosis, enable more targeted 
interventions, and ultimately improve outcomes for women 
affected by this prevalent and complex endocrine disorder.

Objectives
To develop and implement twelve different machine learning 
algorithms for the prediction of polycystic ovary syndrome using 
comprehensive clinical and biochemical parameters.
To systematically compare the performance of these algorithms 
across multiple evaluation metrics including accuracy, F1-score, 
sensitivity, specificity, and ROC-AUC scores. To identify the 
most effective machine learning approaches for PCOS prediction 
that could potentially be integrated into clinical decision support 
systems for early diagnosis and intervention.

Methodology
This research utilized a structured machine-learning approach that 
included steps such as data preprocessing, feature engineering, 
model creation, and performance comparison to forecast polycystic 
ovary syndrome (PCOS). The dataset, sourced from the Kaggle 
repository (“PCOS full dataset without infertility variables”), 
comprised clinical, biochemical, anthropometric, and demographic 
variables.
The dataset consisted of a total of 541 samples, including 358 
healthy controls (66.17%) and 183 PCOS cases (33.83%). Although 
accessed through the Kaggle repository, the data were originally 
collected from 10 different hospitals across Kerala, India, thereby 
representing an Indian patient population.

Data Preprocessing
The dataset was loaded into a Python-based analytical 
environment, where exploratory data analysis was conducted 
to evaluate variable distributions, missing data, and overall 
data quality. Columns with significant missing data or lacking 
clinical significance were eliminated. Missing values were 
addressed using suitable statistical methods—mode imputation 
for categorical variables and median imputation for numerical 
variables, including those initially stored as text but representing 
numeric values. These numeric variables were converted to the 
correct data types before imputation.
Categorical variables, like blood group, were transformed using 
one-hot encoding. Feature names were standardized by replacing 
special characters with underscores to ensure compatibility with 
machine-learning algorithms. The target variable was identified 
as PCOS status, and all non-informative identifier fields were 
removed from the feature set.
Feature engineering included the removal of non-informative 
identifier variables (such as patient serial numbers and file 
identifiers), exclusion of a column with excessive missing 
values (‘Unnamed: 44’), and one-hot encoding of categorical 
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variablessuch as blood group. Feature names were 
standardized by replacing special characters with underscores 
to ensure compatibility with machine learning algorithms

Data Splitting
The refined dataset was split into training (80%) and testing 
(20%) subsets using stratified sampling to preserve the 
proportional representation of PCOS and non-PCOS cases. 
Given the moderate class imbalance in the dataset, stratified 
sampling was used to maintain class proportions across training 
and testing sets. No explicit oversampling or class weighting 
techniques were applied, as model evaluation focused on class-
sensitive metrics such as F1-score, sensitivity, and ROC-AUC to 
account for imbalance.

Model Development and Evaluation
Twelve classification algorithms were employed, including 
linear models, instance-based learning, probabilistic classifiers, 
decision-tree methods, ensemble approaches, gradient boosting 
variations, and neural networks. These models were trained 
using the training subset and then tested on the test subset. 
The performance of the models was evaluated through several 
complementary metrics: accuracy, F1-score (reported for the 
positive PCOS class), sensitivity, specificity, and the area under 
the receiver operating characteristic curve (ROC-AUC). These 
metrics offered a comprehensive assessment of both the models' 
discrimination ability and their clinical utility in identifying
PCOS.
Ensemble approaches included both bagging-based (Random 
Forest) and boosting-based methods (Gradient Boosting, 
AdaBoost, XGBoost, HistGradientBoosting, and LightGBM). 
Models were trained using default hyperparameters with fixed 
random states to ensure reproducibility and to avoid overfitting 
given the moderate dataset size. More complex ensemble 
strategies such as stacking were not explored. Algorithms 
evaluated:

Logistic Regression
Logistic Regression uses the Sigmoid (or Logistic) function to 
map the output of a linear equation to a probability value between 
0 and 1.
•	 Linear Equation (Log-Odds):
z	= b + w1x1  + w2x2  + ... + wnxn  = wTx + b
z	 is the log-odds.
b	 is the bias (intercept).
w	is the weight vector.
x	 is the feature vector.
•	Sigmoid Function (Predicted Probability):  
P(y=1|x) = 1 / (1 + e^{-z})
ŷ	is the predicted probability of the positive class. e is Euler’s 
number (≈ 2.71828).

Support Vector Machine (SVM)
The goal of a linear SVM is to find a hyperplane that maximizes 
the margin between the two classes.
•	 Prediction Rule (Decision Function):
•	 f(x) = sign(wTx + b) 

•	Optimization Objective (Primal Form for Linearly Separable 
Data):
min_{w,b} ½ ||w||2 subject to yi(w

Txi  + b) ≥ 1
•	Hinge Loss (for Soft Margin SVM): min_{w,b,ξ} ½||w||2 + CΣξi  
subject to yi(w

Txi  + b) ≥ 1 - ξi, ξi  ≥ 0

K-Nearest Neighbors (KNN)
KNN classifies a test sample based on the majority label of its k 
nearest neighbors using a distance metric.
•	Minkowski Distance (General Form):
•	dist(xa, x_b) = (Σ |xar - x_b |p)^(1/p)r

•	Euclidean Distance (p=2):
•	 dist(xa, x_b) = √Σ(xar - x_b )2 r

•	Classification Rule:
ŷ	= mode({yi : (xi, yi) Sx })

Naive Bayes
Naive Bayes is based on Bayes’ theorem with the assumption of 
conditional independence between features given the class label. 
P(y|x1, x2, …, x ) = [P(y) Π P(xi|y)] / P(x1, x2, …, x )n n

•	Gaussian Naive Bayes (Likelihood for continuous features): 
P(xi|y) = (1 / √(2πσ2_y)) exp(-(xi - μ_y)2 / (2σ2_y)) 

Decision Tree
Decision Trees split data using impurity measures such as Gini 
Impurity or Entropy to find the best feature for classification.
•	Gini Impurity:
•	Gini(D) = 1 - Σ pk

2

•	Entropy: Entropy(D) = -Σ pk log2(pk)
•	Information Gain:
Gain(D, A) = Entropy(D) - Σ(|Dv|/|D|) Entropy(Dv)

Random Forest
Random Forest combines multiple decision trees using bagging to 
improve accuracy and reduce overfitting.
•	 Classification:
Ŷ(x) = MajorityVote{hm(x)}m=1

M

•	 Regression:
Ŷ(x) = (1/M) Σ hm(x)

Gradient Boosting
Gradient Boosting sequentially builds weak learners to minimize 
the residual errors of the previous models.
•	 Additive Model:
•	 F(x) = Fm-1(x) + νhm(x)m

•	 Pseudo-Residuals:
•	 rim  = -[∂L(yi, F(xi)) / ∂F(xi)] evaluated at Fm-1(x)

XGBoost
XGBoost improves Gradient Boosting with second-order 
optimization and regularization to control model complexity.
Obj^(t) = Σ l(yi, ŷ ^(t)) + Σ Ω(fk)i ) + ½ hi ft

2(xi)] + Ω(ft)
≈ Σ[gi ft(xi
Ω(ft) = γT + ½λ Σ wj

2

AdaBoost
AdaBoost focuses on misclassified instances by increasing their 
weights and combining weak learners into a strong classifier.
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H(x) = sign(Σ αm h (x))m  

αm = ½ ln((1 - εm)/εm) D i^(m+1) = [Di^(m) 
exp(-αm yi h (xi))] / Zmm

Neural Network (MLPClassifier)
An MLP consists of multiple layers of neurons where each 
neuron computes a weighted sum of its inputs followed by an 
activation function.
a = g(Σ wixi + b) = g(wTx + b)
•	Common Activation Functions:
Sigmoid: g(z) = 1 / (1 + e^{-z})  
ReLU: g(z) = max(0, z)
•	Loss Function (Binary Cross-Entropy):
L = -(1/N) Σ[yi log(ŷi) + (1 - yi) log(1 - ŷi)]
•	Weight Update Rule:
•	w_new = w_old - η ∂L/∂w
 
LightGBM 
HistGradientBoosting
The models were trained using the training dataset and then 
evaluated on a separate test dataset. Predictions and class 
probabilities were calculated for each test datasets. To gauge 
the models' performance, standard evaluation metrics such 
as accuracy, F1-score, sensitivity, specificity, and the area 
under the ROC curve (ROC-AUC) were employed, ensuring a 
comprehensive evaluation of both classification accuracy and 
discriminatory power.
Explicit feature importance or interpretability analyses were not 
performed in this study and are acknowledged as a limitation.

Results
The comparative evaluation of twelve machine learning algorithms 
for polycystic ovary syndrome prediction revealed substantial 
variations in performance across different metrics, providing 
valuable insights into the relative strengths and limitations of 
each approach for this clinical application (Table 1, Figure 1). The 
results demonstrated that ensemble methods, particularly those 
based on gradient boosting principles, consistently outperformed 
traditional single-classifier approaches, though each algorithm 
exhibited distinct characteristics in terms of sensitivity-specificity 
trade-offs and overall discriminative ability.
Gradient Boosting, XGBoost, and HistGradientBoosting emerged 
as the top-performing algorithms, each achieving identical 
accuracy rates of 92.66%, demonstrating their superior capacity 
for learning complex patterns within the PCOS dataset. Among 
these three algorithms, Gradient Boosting distinguished itself 
with the highest F1-score of 87.87% and the most impressive 
ROC-AUC score of 95.39%, indicating exceptional balance 
between precision and recall along with outstanding discrimination 
capability across all classification thresholds. XGBoost followed 
closely with an F1-score of 88.57% and demonstrated notably high 
sensitivity of 86.11%, suggesting its particular strength in correctly 
identifying true positive PCOS cases while maintaining excellent 
specificity of 95.89%. HistGradientBoosting, while achieving 
the same overall accuracy as its gradient boosting counterparts, 
exhibited an F1-score of 88.23% and balanced performance 
with sensitivity of 83.33% andspecificity of 97.26%, making 
it particularly suitable for applications where minimizing false 

positives is prioritized. Random Forest, another ensemble method 
based on bagging principles, demonstrated highly competitive 
performance with accuracy reaching 90.82% and achieving the 
second-highest specificity of 98.63% among all algorithms tested. 
This exceptional specificity indicates Random Forest's remarkable 
ability to correctly identify individuals without PCOS, making it 
particularly valuable in screening scenarios where reducing false 
alarms is critical. However, its sensitivity of 75% was somewhat 
lower compared to gradient boosting methods, suggesting a trade-
off wherein the algorithm prioritizes ruling out negative cases 
over capturing all positive instances. The F1-score of 84.37% and 
ROC-AUC of 93.83% nonetheless confirmed Random Forest as a 
robust and reliable option for PCOS prediction.
LightGBM, a gradient boosting framework optimized for 
efficiency and speed, achieved notable accuracy of 91.74% 
with an F1-score of 86.95%, positioning it among the top-
tier performers. Its balanced sensitivity of 83.33% and high 
specificity of 95.89%, coupled with a strong ROC-AUC of 
94.36%, demonstrated the algorithm's well-rounded performance 
across different evaluation dimensions. This combination of 
high accuracy and computational efficiency makes LightGBM 
particularly attractive for potential deployment in resource-
constrained clinical settings or applications requiring real-time 
predictions.
AdaBoost, implementing adaptive boosting principles, 
demonstrated strong performance with accuracy of 89.90% 
and achieved one of the highest sensitivity values of 86.11%, 
indicating its effectiveness in identifying true PCOS cases. The 
algorithm's F1-score of 84.93% and impressive ROC-AUC of 
95.77% further confirmed its viability as a reliable predictive 
tool, though it slightly trailed the gradient boosting family in 
overall performance metrics.
Logistic Regression, despite being one of the simplest algorithms 
tested, showed remarkably strong performance with accuracy 
of 88.99% and demonstrated exceptional balance across metrics 
with sensitivity of 88.88% and specificity of 89.04%. Its F1-score 
of 84.21% and outstanding ROC-AUC of 94.44% highlighted 
the effectiveness of this traditional statistical approach for PCOS 
prediction, particularly given its interpretability advantages over 
more complex ensemble methods. This finding suggests that the 
relationship between predictive features and PCOS diagnosis may 
contain substantial linear components that logistic regression can 
effectively capture.
Decision Tree, serving as the fundamental building block for 
ensemble methods, achieved respectable accuracy of 87.15% with 
balanced sensitivity and specificity both approximating 80.55% 
and 90.41% respectively. While its ROC-AUC of 85.48% and 
F1-score of 80.55% indicated solid performance, these metrics 
revealed the algorithm's tendency toward overfitting compared 
to ensemble approaches that aggregate multiple trees, explaining 
why Random Forest and gradient boosting methods substantially 
outperformed the single decision tree approach. Naive Bayes 
presented an interesting performance profile, achieving accuracy 
of 84.40% and demonstrating the highestsensitivity of 94.44% 
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among all algorithms tested, indicating exceptional capability 
in identifying true positive PCOS cases. However, this high 
sensitivity came at the cost of reduced specificity of 79.45% and 
a notably low F1-score of 8%, suggesting that the algorithm's 
strong conditional independence assumptions may not fully align 
with the actual dependencies present in PCOS-related features. 
Nevertheless, its ROC-AUC of 91.43% confirmed reasonable 
overall discriminative ability. K-Nearest Neighbors showed 
moderate performance with accuracy of 73.39%, revealing 
limitations in handling the high-dimensional feature space 
characteristic of the PCOS dataset. The algorithm's sensitivity 
of 41.66% and specificity of 89.04% indicated a strong bias 
toward predicting negative cases, resulting in an F1-score of 
50.84% and ROC-AUC of 66.24%, suggesting that distance-
based classification may not optimally capture the complex 
relationships between PCOS features. Support Vector Machine 
exhibited the most unexpected results, achieving specificity of 
100% but sensitivity of 0%, resulting in accuracy of 66.97% 
and an F1-score of 0%. This extreme performance pattern, 
coupled with an ROC-AUC of only 33.63%, indicated that the 
algorithm essentially classified all cases as negative, suggesting 
potential issues with hyperparameter selection, class imbalance 

handling, or kernel choice thatprevented the model from learning 
meaningful decision boundaries.
The Multi-Layer Perceptron classifier, representing the neural 
network approach, demonstrated the weakest overall performance 
with accuracy of 63.30%, F1-score of 51.21%, and ROC-AUC 
of 71.23%. The modest sensitivity of 58.33% and specificity 
of 65.75% suggested that the neural network architecture, 
hyperparameters, or training procedure may not have been 
optimally configured for this particular dataset, or alternatively, 
that the dataset size may have been insufficient to fully leverage 
the learning capacity of deep learning approaches. The receiver 
operating characteristic curves (Figure 2) provided additional 
visual confirmation of these performance hierarchies, with 
gradient boosting methods, AdaBoost, and Logistic Regression 
displaying curves closely approaching the upper-left corner, 
indicating superior discrimination between PCOS-positive 
and PCOS-negative cases across all possible classification 
thresholds. These ROC curves collectively demonstrated that 
ensemble methods and properly regularized models substantially 
outperformed simpler approaches in their ability to rank 
predictions according to the likelihood of PCOS diagnosis.

Table 1: Comparison of different Machine learning algorithms.

Model Accuracy 
(%)

F1-score 
(%)

Sensitivity 
(%)

Specificity 
(%)

ROC-AUC
(%)

Logistic Regression 88.99 84.21 88.88 89.04 94.44

SVM 66.97 0 0 100 33.63

KNN 73.39 50.84 41.66 89.04 66.24

Naïve Bayes 84.40 8 94.44 79.45 91.43

Decision Tree 87.15 80.55 80.55 90.41 85.48

Random Forest 90.82 84.37 75 98.63 93.83

Gradient Boosting 92.66 87.87 80.55 98.63 95.39

XGBoost 92.66 88.57 86.11 95.89 95.28

HistGradientBoosting 92.66 88.23 83.33 97.26 94.59

MLP classifier 63.30 51.21 58.33 65.75 71.23

AdaBoost\ 89.90 84.93 86.11 91.78 95.77

LGBM 91.74 86.95 83.33 95.89 94.36
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