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Abstract

Objectives: Indirect clinical outcome-based analytical per-
formance specifications (APS) may offer a feasible alterna-
tive to direct studies but raise questions regarding data 
requirements and transferability. This study aimed to 
determine the minimum sample size for simulation-driven 
APS and to investigate the impact of data origin.
Methods: We analysed data for six laboratory measurands 
from four distinct datasets: three Turkish hospitals (Istan-
bul, Ankara, Van) and the US National Health and Nutrition 
Examination Survey (NHANES) 2017–2020 dataset. Using 
the ‘APS Calculator’, we determined APS for measurement 
uncertainty (MU). The effect of sample size was evaluated 
by subsampling the Istanbul dataset (n=50,000 to n=500) 
and calculating the Mean Absolute Percentage Error 
(MAPE) relative to the baseline (n=50,000) (acceptable 
<2 %). Precision of APS estimate was evaluated using 
nonparametric 95 % confidence intervals from simulation 
results and summarized as relative margin of error (RME;

acceptable <10 %). Data-origin effects were assessed by 
Pearson correlation analysis of APS for MU across the four 
datasets.
Results: A sample size of n=5,000 met stability and precision 
criteria (MAPE 1.99 %; mean RME 6.86 %), whereas n=2,000 
exceeded thresholds (MAPE 2.32 %; mean RME 10.67 %). APS 
for MU were highly consistent across datasets (Pearson r 
0.977–0.994), with the main divergence observed for total 
folate in NHANES.
Conclusions: A minimum sample size of 5,000 results ap-
pears sufficient for a reliable simulation-driven APS deter-
mination. APS were largely transferable across populations 
when decision limits and agreement targets were constant, 
with caution for analytes influenced by population exposure 
and method selectivity.

Keywords: analytical performance specifications; data; 
sample size; outcome; simulation

Introduction

Acceptable analytical performance in laboratory measure-
ments is pivotal for guaranteeing accurate patient results 
and ensuring patient safety [1]. To verify this acceptability, 
laboratory professionals must ensure that analytical per-
formance characteristics remain within defined analytical 
performance specifications (APS).

The Strategic Conference of the European Federation of 
Laboratory Medicine (EFLM) defined three models for 
setting APS. Model 1 (clinical outcome-based) is suitable for 
measurands that play a direct role in the clinical decision-
making for specific diseases. Model 2 (biological variation-
based) is appropriate for measurands with a steady-state 
biological behaviour. Model 3 (state-of-the-art) is reserved 
for the remaining measurands [2, 3].

Model 1 studies are further classified into direct and 
indirect outcome-based studies. While direct studies are 
logistically challenging due to the necessity of randomized 
controlled trials, indirect outcome-based studies are more 
feasible [4]. Recently, data-driven simulation tools have been 
developed to help laboratory professionals determine
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indirect outcome-based APS using both their own data and 
relevant population data [5, 6].

Although these tools lower the barrier to conducting 
indirect outcome-based studies, concerns persist. These 
include the selection of appropriate clinical decision limits 
and agreement thresholds, the minimum sample size 
required to determine APS, and the potential impact of data 
origin (different population datasets) on the resulting 
specifications [7].

In our previous study, we determined APS for mea-
surement uncertainty (MU) for six measurands using the 
“APS Calculator” and the NHANES dataset [5]. Here to 
address some concerns raised regarding this methodology, 
we investigate whether the sample size and data origin affect 
the APS determined by this data-driven simulation method.

Materials and methods

The present study was approved by the Van Yuzuncu Yil 
University Non-Interventional Clinical Research Ethics 
Committee (No: 2025/02-28). The study approach included 
three main steps: multi-center data acquisition, identifica-
tion of clinical decision limits, and utilization of the 
simulation-based tool to determine APS. This framework 
was employed to independently evaluate two potentially 
critical variables influencing data-driven APS: the data 
sample size and the impact of data origin across diverse 
populations.

Study data

The study included the following measurands: serum total 
cholesterol, triglycerides, HDL cholesterol, total folate, 
vitamin D, and blood glycated hemoglobin (HbA 1c ). 

Employed results were only from individuals aged 
18 years or older. To maximize sample size, no further 
exclusion criteria were applied. We obtained datasets from 

three hospitals in different cities in Türkiye: Istanbul Cam 

Sakura City Hospital (Istanbul), Ankara Mamak State Hos-
pital (Ankara), and Van Yuzuncu Yil University Hospital 
(Van). Additionally, the open-access National Health and 
Nutrition Examination Survey (NHANES) 2017–2020 dataset 
from the United States was employed [8].

The selected continuous NHANES 2017–2020 dataset did 
not include results for serum vitamin D. To maintain a 
synchronized and temporally consistent population cohort, 
we chose not to extract vitamin D data from alternate, non-
concurrent NHANES cycles. Furthermore, while blood HbA 1c 
data was available within the 2017–2020 period, they were

not included in our analysis because the measurement 
methods utilized used a different metrological traceability 
approach (according to the National Glycohemoglobin 
Standardization Program instead the IFCC one), making the 
data unsuitable for the strict baseline assumptions (i.e., data 
without any significant bias should be employed) required 
by the simulation model.

Details regarding the instruments and measurement 
systems for the included datasets are summarized in the 
Supplementary Material.

Clinical decision limits

Clinical decision limits for lipids (total cholesterol, HDL 
cholesterol, and triglycerides) were from the National 
Cholesterol Education Program guidelines [9]. Specifically, 
total cholesterol was categorized as desirable (<200 mg/dL), 
borderline high (200–239 mg/dL), and high (>239 mg/dL); 
triglycerides as desirable (<150 mg/dL), borderline high (150– 
199 mg/dL), high (200–499 mg/dL), and very high (>499 mg/ 
dL); and HDL cholesterol as low (<40 mg/dL), desirable (40– 
59 mg/dL), and high (>59 mg/dL). World Health Organization 
recommendations were used to establish clinical decision 
limits for serum folate [10], classifying status as deficiency 
(<3 μg/L), possible deficiency (3–5.9 μg/L), normal range (6– 
20 μg/L), and elevated (>20 μg/L). Clinical decision limits 
from the International Conference on “Controversies in 
Vitamin D” [11] were adopted to stratify vitamin D levels into 
deficiency (<12 μg/L [30 nmol/L]), insufficiency (12–20 μg/L 
[30–50 nmol/L]), and sufficiency (≥20 μg/L [50 nmol/L]). 
Finally, adhering to the American Diabetes Association’s 
recommendations [12], hemoglobin A 1c (HbA 1c ) levels were 
categorized as normal glycemia (<5.7 % [<38.8 mmol/mol]), 
prediabetes (5.7–6.4 % [38.8–46.4 mmol/mol]), and diabetes 
(≥6.5 % [≥47.5 mmol/mol]).

Simulation-based APS determination

We utilized a data-driven simulation approach to determine 
APS for MU by employing the analytical rerun simulation 
method as previously described [5, 6] using a desktop 
application freely available at: https://github.com/hikmetc/ 
aps-calculator/releases.

The APS calculator simulates reanalysis of the same 
patient samples by adding relative measurement uncer-
tainty (u rel ) to the original results using a modified Boyd– 
Bruns model [13] (excluding bias), treating the uploaded raw 

data as fixed “seed” observations that approximate true 
values across the clinical spectrum because inherent MU is
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usually small relative to population dispersion. Simulated 
results are generated as ResultM=ResultO × [1 + n (0, 1) × u rel ] 
(then rounded to the same decimal format as ResultO), 
where n (0, 1) is a standard normal deviate and u rel is relative 
standard MU. The process then quantifies clinical impact 
indirectly by classifying original results by decision limits, 
reclassifying the simulated results using the same limits, and 
evaluating agreement/misclassification between the two 
classifications [5, 6].

Investigation of the effect of sample size

The Istanbul Cam Sakura City Hospital dataset was selected 
to demonstrate this effect. We generated random sub-
samples of the main dataset to create sub-datasets contain-
ing 50,000, 25,000, 10,000, 5,000, 2,000, 1,000, and 500 results 
for each measurand.

Each sub-dataset was processed using the ‘APS Calcu-
lator’ to determine APS, maintaining consistent clinical de-
cision limits for serum total cholesterol, HDL cholesterol, 
triglycerides, folate, vitamin D, and HbA 1c . Consistent with 
previous studies [5], agreement thresholds were set at 90 % 

(minimum), 95 % (desirable), and 99 % (optimum).
To determine APS for MU, simulations employed in-

crements of 0.1 % u rel across a range from 0 to 33.3 %. In this 
study, we estimated a 95 % confidence interval for the APS 
for MU that meets a predefined agreement threshold using 
Monte Carlo simulation: for each simulation point, we ran 40 
independent Monte Carlo runs with different random seeds 
so that each run produced slightly different agreement 
outcomes due to different random measurement noise; for 
each seed, we then independently identified the maximum 

u rel value that still achieved the target agreement thresholds 
(90 , 95, 99 %), yielding 40 “seed-specific” APS estimates. 
These estimates were sorted, and the 95 % confidence in-
tervals (CIs) were derived non-parametrically by excluding 
the most extreme observations at both tails (indices 0 and 
39); the values at indices 1 and 38 were selected as the lower 
(2.5th percentile) and upper (97.5th percentile) bounds, 
respectively. APS for MU values were reported as the mean 
of the 40 simulations followed by the 95 % CI.

To reveal differences at both the sample size and 
measurand concentration, we calculated the Absolute Per-
centage Error (APE) for the APS for MU of each measurand at 
varying sample sizes compared to the baseline (n=50,000). 
The APE for a specific measurand at sample size n was 
calculated as:

APE = APSfMU n − APSfMU baseline
APSfMU baseline

⃒
⃒
⃒
⃒
⃒
⃒
⃒

⃒
⃒
⃒
⃒
⃒
⃒
⃒

× 100

APSfMU n =APS for MU at sample size n

APSfMU baseline =APS for MU at the baseline (n=50,000)

To assess the global stability of APS values, the Mean Abso-
lute Percentage Error (MAPE) against the baseline was 
calculated as follows:

MAPE = 1 
k
∑ 
k 

j=1

APSfMU n − APSfMU baseline
APSfMU baseline

⃒
⃒
⃒
⃒
⃒
⃒
⃒

⃒
⃒
⃒
⃒
⃒
⃒
⃒

× 100

where j indexes the measurands and k denotes the number 
of measurands.

A MAPE of less than 2 % was considered acceptable. This 
threshold was selected as a conservative practical tolerance, 
ensuring that APS estimates remain, on average, highly 
comparable to the large-sample baseline (n=50,000).

To evaluate the impact of sample size on the precision of 
APS estimates, we calculated the Relative Margin of Error 
(RME%) from the minimum APS and its nonparametric 95 % 

confidence interval (CI) obtained from 40 Monte Carlo sim-
ulations using the formula below:

RME %( ) = 100 × U − L 
2μ

where μ is the mean APS; L and U are the corresponding 95 % 

CI limits. RME% represents the relative half-width of the 
95 % CI and provides a variability around the APS estimate; 
larger RME% indicates lower precision and greater vari-
ability in APS estimate. We then calculated the mean RME 
across all evaluated measurands at each specific sample size 
to assess the overall deterioration of precision. Mean RME 
values below 10 % are considered acceptable. In this context, 
RME represents the relative half-width of the 95 % CI for 
the APS.

Investigation of the effect of the data origin

We utilized the four datasets previously described (Istanbul, 
Ankara, Van, NHANES) to determine APS for the selected 
measurands. Each dataset was processed separately using 
the settings outlined in the previous section.

To evaluate the transferability of APS across different 
populations, a Pearson bivariate correlation analysis 
was performed on the APS for MU derived from the 
four distinct datasets. Correlation coefficients were 
calculated pairwise using the intersecting measurands 
available for each dataset pair (six measurands for com-
parisons between Turkish datasets; four measurands for 
comparisons involving NHANES). A Pearson correlation 
coefficient greater than 0.90 was considered indicative of 
consistency between APS values obtained from different 
populations.
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Results

Effect of sample size

The stability of data-driven APS for MU was evaluated across 
decreasing sample sizes (n=50,000 to n=500). Table 1 presents 
the APS values for minimum, desirable, and optimal per-
formance levels derived from the Istanbul dataset. As illus-
trated in Figure 1A, APS values remained stable down to a 
sample size of 2,000. With lower sample sizes, the estimated 
APS exhibited notable fluctuations.

The quantitative error analysis is summarized in Table 2 
and visualized in Figure 1B. MAPE demonstrated an inverse 
relationship with sample size. It remained within the 
defined acceptance threshold of 2 % for sample sizes down to 
5,000 (MAPE=1.99 %), then exceeding the threshold (MAPE at 
n=2,000, 2.32 %), continuing to rise significantly as the sam-
ple size decreased to 500 (MAPE, 5.40 %).

It is worth noting that while the aggregate MAPE re-
mains acceptable at this size level, minor stochastic noise 
inherent in simulation processes can affect specific 
measurands differently. For instance, at n=5,000, while 
APS for HbA 1c remained stable (APE 0 %), total cholesterol 
showed a higher deviation (APE 4.17 %), driving the overall 
average MAPE closer to the threshold (1.99 %). However, 
the overall trend clearly deteriorates below the n=5,000 
threshold.

This small stochastic component originated from simu-
lated results generated using pseudorandom draws from n 
(0, 1) in the Boyd–Bruns model. This ‘stochastic noise’ does 
not represent additional measurement error beyond the 
specified urel; rather, it reflects Monte Carlo sampling 
variability. We controlled and quantified it by running 40
reproducible simulations (different fixed seeds) and 
reporting APS as the mean with a nonparametric 95 % CI 
(and derived RME%).

Table 3 summarizes the RME% for minimum APS esti-
mates across sample sizes. Across measurands, mean RME% 

increased steadily as sample size decreased, indicating the 
expected loss of precision of APS estimates at smaller sample 
size. Mean RME% was 2.26 % at n=50,000 and increased to 
6.86 % at n=5,000. When n=2,000 mean RME exceeded 
acceptance threshold 10 % (as 10.67 %) and reached 19.29 % 

at n=500. These findings directly demonstrate that reduced 
sample size primarily increases variability in APS estimates 
(Figure 1C).

Consequently, considering the MAPE and mean RME 
values, a minimum sample size of 5,000 appears necessary 
and sufficient to generate data-driven APS values compara-
ble to those obtained from larger datasets. Ta
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Effect of data origin

Table 4 shows the APS values for MU (with 95 % confidence 
intervals) estimated across the four distinct datasets (Istan-
bul, Ankara, Van, and NHANES). Comparison of 95 % confi- 
dence intervals revealed that while the APS values were 
often not so different, there were significant differences 
between populations for certain measurands (denoted by 
numbers in bold in Table 4). A noticeable exception was 
represented by the APS for folate derived from NHANES 
population, with targets markedly higher when compared 
from those derived in the three Turkish groups, which were 
homogeneous with each other’s (Table 4). Differences in 
assay selectivity (chemiluminescent assays, relying on the 
competition between a labelled folate standard and unla-
belled folate from biological samples for a folate-binding 
protein, used in the Turkish hospitals vs. the isotope dilution-
liquid chromatography-tandem mass spectrometry (ID-LC-
MS/MS) method used in NHANES study) and the dependence 
of concentrations of different circulating folate forms on 
factors such as dietary supplementation and food fortifica-
tion, could explain this difference [14]. Definitive data about 
the relationship between current chemiluminescent assay 
selectivity and folate forms detected in the ID-LC-MS/MS are 
lacking and difference in the method selectivity between 
competitive binding folate assays and ID-LC-MS/MS have not 
been previously specifically evaluated [15].

Despite some differences in APS values among popula-
tion sub-groups, the overall pattern of APS assignment 
appeared consistent across populations. The pairwise Pear-
son correlation analysis demonstrated positive correlations 
among the APS values derived from all four datasets, with 
correlation coefficients ranging from 0.977 to 0.994 
(Figure 2).

Discussion

In the present study, we determined APS for MU for six 
measurands using a previously published data-driven 
analytical rerun simulation [5]. While the potential utility 
of indirect outcome-based methods (EFLM Model 1b) is 
recognized, representing the preferred approach when 
direct outcome studies (Model 1a) are impractical [16], the 
practical requirements for their use – specifically regarding 
data volume and population specificity – have remained 
unclear [7]. Our study tried to address these gaps by 
providing evidence on the minimum sample size required 
for robust APS determination and evaluating the stability of 
the derived APS values across diverse population datasets.

A primary concern for laboratories implementing data-
driven APS is the “big data” barrier [6]. Our investigation of 
sample size effects provides a practical benchmark for 
feasibility. We observed that the MAPE for the APS remained 
consistently below 2 % (1.99 %) for sample sizes up to n=5,000 
(Table 2). Additionally, the mean RME was below 10 % 

(6.86 %) at this threshold (Table 3). Overall, n≈5,000 should 
be regarded as a rule-of-thumb starting point under the 
conditions studied. Users should choose larger n when 
stricter precision is required, guided by the APS 95 % CI and 
RME%. Because only six measurands were evaluated, this 
sample-size guidance may not generalise to all analytes or 
settings.

Although part of the analysis used data from three 
hospital laboratories in Türkiye (potentially limiting 
between-site heterogeneity), we also included the US 
NHANES dataset to provide an external population context. 
Nevertheless, additional evaluation across a wider range of 
countries, laboratory systems, and analytical platforms is 
warranted to strengthen generalisability.

Regarding the impact of data origin, it has been hy-
pothesized that the characteristics of the target population 
may play a significant role in APS derivation when 
simulation-based approaches are employed [17]. Using the 
‘APS Calculator’, our study reveals a good consistency across 
different demographic cohorts. Pearson correlation co-
efficients indicated good agreement, with values ranging 
from 0.977 to 0.994 for all pairwise comparisons between the 
three Turkish datasets and the US-based NHANES dataset. It 
is otherwise clear that for measurands, such as serum total 
folate, for which biological concentrations and circulating 
forms can be influenced by differences in the vitamin intake 
and supplementation (mandatory fortification in US vs. 
voluntary fortification policy in Türkiye). Consistent with 
this, we observed that mean serum total folate concentra-
tions were twice as high in the US NHANES population 
compared to the Turkish datasets (supplementary material). 
Furthermore, the measurement method for total serum 

folate in the US NHANES (ID-LC-MS/MS) differs from the 
method used in the Turkish datasets (CMIA). Consequently, 
both the physiological differences and the variations in assay 
selectivity may have influenced the APS estimates derived 
from the simulation models.

A notable limitation of our sample size investigation is 
that it primarily quantifies the stochastic variability of the 
simulation algorithm conditional on a fixed subsample. By 
utilizing a single random data extraction for each evaluated 
sample size (n), our experimental design mirrors the prac-
tical workflow of a laboratory utilizing the APS Calculator on 
a single historical data pull. However, this approach does not 
independently quantify between-subsample variability
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(sampling error). Because different random subsets drawn 
from the same population will naturally exhibit variations in 
data distribution, the true total uncertainty of the APS

estimate at smaller sample sizes (e.g., n=500) is likely greater 
than the Monte Carlo variability reported here. Conse-
quently, while the algorithm remains computationally stable

Figure 1: Relationship of data-driven analyt-
ical performance specifications (APS) for 
measurement uncertainty (MU) and error 
analysis with sample sizes. (A) Minimum APS 
values for the six evaluated measurands 
calculated using subsets of decreasing sam-
ple size (from n=50,000 to n=500). X-axis data 
are reported on a logarithmic scale. (B) Error 
analysis quantifying the deviation of APS 
values from the reference set (n=50,000). 
Faint coloured lines represent the Absolute 
Percentage Error (APE) for individual meas-
urands. The solid bold black line represents 
the Mean Absolute Percentage Error (MAPE) 
across all measurands. The red dashed hor-
izontal line marks the predefined 2 % 
acceptance threshold. (C) Relative Margin of 
Error (RME%) for the minimum APS estimates 
of six measurands across decreasing sample 
sizes (n=50,000 to n=500). The RME quan-
tifies the precision of the APS estimate, 
calculated as the width of the 95 % confi- 
dence interval relative to the mean APS. In-
dividual colored lines represent specific 
measurands, while the bold black line rep-
resents the mean RME across all measur-
ands.
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Table : Absolute Percentage Error (APE) and Mean Absolute Percentage Error (MAPE), related to analytical performance specification (APS) for 
measurement uncertainty (MU) of minimum quality level according to different sample sizes.

Measurand Minimum APS for MU 
(n=,)

APE, % 

(n=,)
APE, % 

(n=,)
APE, % 

(n=,)
APE, % 

(n=,)
APE, % 

(n=,)
APE, % 

(n=)

Total
cholesterol

.  . .   .

Triglycerides .  . . . . .
HDL
cholesterol 

.   . . . 

Total folate .  . . . . .
Vitamin D . . . . . . .
HbA c .    . . 

MAPE – . . . . . .

Table : Relative margin of error (RME%) for minimum APS estimates by sample size.

Measurand RME%
(n=,)

RME%
(n=,)

RME%
(n=,)

RME%
(n=,)

RME%
(n=,)

RME%
(n=,)

RME%
(n=)

Total cholesterol . . . . . . .
Triglycerides . . . . . . .
HDL cholesterol . . . . . . .
Total folate . . . . . . .
Vitamin D . . . . . . .
HbA c . . . . . . .
Mean RME across
measurands

. . . . . . .

Table : Analytical performance specifications (APS) for measurement uncertainty at three different quality levels obtained using four different datasets.

Measurand APS level APS, % (Istanbul) ( % CI) APS, % (Ankara) ( % CI) APS, % (Van) ( % CI) APS, % (NHANES) ( % CI)

Total cholesterol Minimum . (.–.) . (.–.) . (.–.) . (.–.) 
Desirable . (.–.) . (.–.) . (.–.) . (.–.) 
Optimum . (.–.) . (.–.) . (.–.) . (.–.) 

Triglycerides Minimum . (.–.) . (.–.) . (.–.) . (.–.) 
Desirable . (.–.) . (.–.) . (.–.) . (.–.) 
Optimum . (.–.) . (.–.) . (.–.) . (.–.) 

HDL cholesterol Minimum . (.–.) . (.–.) . (.–.) . (.–.) 
Desirable . (.–.) . (.–.) . (.–.) . (.–.) 
Optimum . (.–.) . (.–.) . (.–.) . (.–.) 

Total folate Minimum . (.–.) . (.–.) . (.–.) . (.–.) 
Desirable . (.–.) . (.–.) . (.–.) . (.–.) 
Optimum . (.–.) . (.–.) . (.–.) . (.–.) 

Vitamin D Minimum . (.–.) . (.–.) . (.–.) NA
Desirable . (.–.) . (.–.) . (.–.) NA
Optimum . (.–.) . (.–.) . (.–.) NA

HbA c Minimum . (.–.) . (.–.) . (.–.) NA
Desirable . (.–.) . (.–.) . (.–.) NA
Optimum . (.–.) . (.–.) . (.–.) NA

APS in bold indicate values significantly different from the APS derived from the Istanbul dataset taken as reference. CI, confidence interval; NA, data not 
available in the source dataset.
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at n=5,000, laboratories should remain aware that smaller 
datasets are inherently more susceptible to sampling bias, 
which may further influence the derived APS. Furthermore, 
a fundamental modelling assumption of the analytical rerun 
simulation is that the uploaded raw data approximate ‘true’ 
values across the clinical spectrum, implying that the 
inherent MU in the baseline dataset is small relative to the 
population dispersion. Therefore, for analytes with higher 
inherent analytical imprecision, the baseline data distribu-
tion may already be artificially widened by analytical noise. 
This limitation should be carefully considered in the inter-
pretation of the present study’s findings and the use of the 
APS Calculator.

Conclusions

Our findings suggest that laboratories do not require 
massive repositories of historical data to determine indirect 
clinical outcome-based APS using the ‘APS calculator’. For 
high-volume tests, a sample size of 5,000 can often be 
accrued within a few weeks in a medical laboratory. Thus, 
collecting the sample size needed for laboratories wishing to 
define their own APS using the proposed ‘APS calculator’ is 
relatively simple. Furthermore, the consistency in APS 
values determined from different datasets implies that APS 
derived via simulation are not hypersensitive to minor de-
mographic variations, provided that the clinical decision 
limits and agreement thresholds remain constant. Conse-
quently, smaller laboratories that lack sufficient data even

for reaching the n=5,000 threshold may confidently adopt 
APS values derived from larger, representative national or 
regional datasets without compromising the robustness of 
information. In this situation, a special care should be 
however adopted for measurands of which concentrations 
and circulating forms are influenced by dietary and life-style 
behaviours known to influence them and in turn selectivity 
of assays employed for APS derivation.
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