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Background: The direct method for reference interval (RI) estimating is limited due to the
requirement of resources, difficulties in defining a non-diseased population, or ethical problems in obtaining samples. We estimated the RI for inflammatory biomarkers using an indirect method (RII).
Methods: C-reactive protein (CRP), erythrocyte sedimentation rate (ESR) and presepsin
(PSEP) data of patients visiting a single hospital were retrieved from April 2009 to April
2021. Right-skewed data were transformed using the Box-Cox transformation method. A
mixed population of non-diseased and diseased distributions was assumed, followed by
latent profile analysis for the two classes. The intersection point of the distribution curve
was estimated as the RI. The influence of measurement size was evaluated as the ratio of
abnormal values and adjustment (n × bandwidth) of the distribution curve.
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Results: The RIs estimated by the proposed RII method (existing method) were as follows:
CRP, 0–4.1 (0–4.7) mg/L; ESR, 0–10.2 (0–15) mm/hr and PSEP, 0–411 (0–300) pg/mL.
Measurement sizes ≥ 2,500 showed stable results. An abnormal-to-normal value ratio of
0.5 showed the most accurate result for CRP. Adjustment values ≤ 5 or > 5 were applicable for a measurement size < 25,000 or ≥ 25,000, respectively.
Conclusions: The proposed RII method could provide additional information for RI verification or estimation with some limitations.
Key Words: Reference range, Latent variable modeling, Statistical data interpretation, Statistical distributions

INTRODUCTION
Interpretation of laboratory datasets requires comparison to a
reference interval (RI), which focuses on optimizing specificity.
The RI should be determined by maximum intervals that could
cover a non-diseased population and exclude a diseased population. Determination of the RI is a prerequisite for clinical decision-making or evidence-based medicine. Grasbeck and Saris
[1] proposed the concept of an RI, which has been widely adopted for medical decision-making [2]. A direct method for estihttps://doi.org/10.3343/alm.2023.43.1.55
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mating the RI (RID) involves a unimodal approach, in which the
RI is defined by measuring the analytes of a non-diseased group
and taking the central 95% or 95th percentile of the selected
non-diseased population [1-3]. The bimodal approach for estimating the RID includes measurements from both non-diseased
and diseased populations, followed by receiver operating characteristic curve analysis, applying the maximal efficiency concept, maximal-likelihood concept, the intersection of the distribution curve, or the inflection point of the discriminant curve [2].
However, this prospective RID estimation method requires ex-
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tensive resources and time, and defining a non-diseased (reference) population requires rigorous and strict criteria based on
questionnaires [1, 4]. Samples from neonates and children can
provoke ethical problems or are often insufficient in number,
whereas those from elderly groups are often complicated as a
reference owing to the higher rates of comorbidities or medical
problems in this population.
RI estimation by an indirect method (RII) is an area of active
research, which involves statistical analyses of accumulated laboratory data [4, 5]. Although a method for RII estimation is yet
to be validated, the availability of large datasets along with increasing computation power and research tools have increased
the feasibility of indirect RI determination [6-10]. A unimodal
approach could be used as an RII method by collecting data
from non-diseased populations and discarding data or extreme
values from the non-diseased populations. Alternatively, a bimodal approach assumes the presence of a non-diseased group
and diseased group within a dataset. This approach enables using data with mixed populations without necessarily discarding
extreme values and determining a cut-off value at the upper
end of one side. The reference limit could then be defined by
the same method used in RID along with the intersection of the
distribution curve [1, 11, 12].
To overcome the limitations of the current RID method, we
developed a new RII method for inflammatory biomarkers that
could be applied for sepsis diagnosis or prognosis [13-16].

MATERIALS AND METHODS
Database
This study was approved by the Institutional Review Board of
Seoul St. Mary’s Hospital, The Catholic University of Korea, Seoul,
Korea (KC21WASI0638). De-identified inflammatory marker (Creactive protein [CRP], erythrocyte sedimentation rate [ESR],
presepsin [PSEP]) data were retrieved from the hospital laboratory information system of the Clinical Data Warehouse of the
Catholic Information Convergence Institute, The Catholic University of Korea. CRP (1,392,356 measurements, N = 353,340
patients), ESR (951,497 measurements, N = 206,894 patients),
and PSEP (4,219 measurements, N = 1,086 patients) data were
retrieved from April 2009 to April 2021. CRP was measured using a Hitachi 7,600 system (Hitachi, Tokyo, Japan), ESR was
measured using the TEST-1 system (Alifax, Padova, Italy), and
PSEP was measured by PATHFAST (LSI Medience Corporation,
Tokyo, Japan).
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RII estimation method
A histogram of the data was plotted and analyzed. To determine
the distribution curve of the histogram, kernel density estimation
was performed, which is a nonparametric approach to estimate
the probability density function of a variable. These estimates
are determined from a histogram of a total measurand using the
R package kdensity [1, 17-19]. Box-Cox transformation was
performed to normalize the distribution of skewed data. The
maximum-likelihood method was applied to obtain the lambda
parameter for Box-Cox transformation, which was calculated by
the R package MASS [18, 19].
Latent profile analysis (LPA) is an analytical method that provides a categorical latent variable from continuous data. LPA
tries to identify latent or unknown subpopulations within a population and assigns a measurand to a latent group with a certain
degree of probability. We used LPA with the R package tidyLPA
[20-27] to assign certain values to the non-diseased group and
other values to diseased groups. For LPA, variances are regarded
as equal variables between two profiles, whereas covariance is
regarded as zero because there is only one measured biomarker
applied for analysis at a time. Since we hypothesized that there
are two profiles, a bimodal approach was used and two-model
analyses were selected for LPA. Multiple profiles among biomarkers are possible to obtain an analytical result based on Akaike’s
information criterion, the Bayesian information criterion, entropy,
or other parameters. As the focus of this study was to distinguish
non-diseased and diseased groups, we assumed only two profiles among the tested variables. Mean values with two standard
deviations are denoted followed by two distribution curves over
Box-Cox–transformed data based on the LPA results. The distribution curves of the non-diseased and diseased groups are then
plotted.
The intersection of the distribution curve was regarded as the
reference limit for the non-diseased and diseased populations.
These intersection values maximize the accuracy of RIs. Determination of the intersection point was associated with the bandwidth or adjustment (n × bandwidth) of the distribution curve.
Smaller adjustment resulted in an overfitting distribution curve,
whereas larger adjustment resulted in a smoothed distribution
curve. The value of the intersection point was directly influenced
by the adjustment value. The intersection point was determined
at the point with the smallest adjustment showing a non-overfitting graph, which was selected based on the feature of a smoothed
distribution plot showing one mode [20]. Factors that influenced
the estimated RI were searched, and the measurement size and
ratio of abnormal CRP values among total measurements and
https://doi.org/10.3343/alm.2023.43.1.55
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adjustment value were analyzed based on CRP data. Abnormal
CRP values ( > 4.7) or normal CRP values (0–4.7 mg/L) were
based on the established institutional RI. Abnormal CRP values
were extracted from a 10% to 90% ratio among 10,000 measurements to analyze the effect of an abnormal value ratio on
the cut-off line.
For PSEP, the data were stratified according to age based on
5-year intervals and age group of ≥ 50 years or < 50 years, as
well as sex. Monthly means were plotted to visualize the drift effect, and the F-test and cumulative sums of standardized residuals (cusum) test were performed using the R package strucchange [17]. PSEP values are known to be affected by renal
clearance or hemoglobin levels, which could affect the RI esti-

mates; therefore, additional analysis was performed for PSEP
[28, 29] in which the data were also stratified by hospital ward.

Statistical analysis
Measurements were grouped by age categories in a 10-year age
groups. Mean, SD, median, and interquartile range were noted
for each age group by sex difference. Kernel density estimate
was performed to investigate statistical skewness, bimodality or
polymodality, and other factors. The lambda parameter for BoxCox transformation was calculated using the maximum-likelihood method. R software version 3.4.4 (Free Software Foundation, Inc., Boston, MA, USA) was used for all analyses.

Table 1. Reference intervals for inflammatory biomarkers estimated by the indirect method

Measurements
(N)

Individuals
(N)

Box-Cox λ

LPA class 1
(μH, SD)

LPA class 2
(μD, SD)

Adjusted
(n × bw)

Estimated RI

Institutional RI

CRP

1,392,356

353,340

−0.0606

0.008, 0.487

0.252, 0.487

10

0–4.1

0–4.7

ESR

951,497

206,894

0.0202

3.40, 0.64

21.81, 0.64

7

0–10.2

0–15

4,219

1,086

−0.3030

328, 1.11

1,149, 1.11

2

0–411

0–300

Markers*

PSEP

*Unit of measurements are as follows: CRP, mg/L; ESR, mm/hr; PSEP, pg/mL.
Abbreviations: μH, Mean of class 1 or non-diseased group; μD, Mean of class 2 or diseased group; RI, reference interval; CRP, C-reactive protein; ESR, erythrocyte sedimentation rate; PSEP, presepsin; LPA, latent profile analysis; bw, bandwidth.

Table 2. Data of C-reactive protein (mg/L) from the database based on 1,392,356 measurements (N = 353,340 individuals)

Age (yr)

No. of subjects

Mean ± SD

Median (Q1–Q3)

All

Female

Male

Female

Male

Female

Male

18–19

4,447

2,111

2,336

4.6 ± 7.8

7.4 ± 17.3

1.1 (0.4–6.8)

0.6 (0.3–2.8)

20–24

14,221

7,033

7,188

6.8 ± 20.8

9.1 ± 17.5

0.6 (0.3–4.3)

1.5 (0.4–9.7)

25–29

19,094

11,008

8,086

7.5 ± 20.1

9.8 ± 20.8

1.1 (0.3–5.1)

1.9 (0.4–7.5)

30–34

21,049

13,371

7,678

10.0 ± 32.1

9.6 ± 24.3

0.8 (0.3–4.1)

1.8 (0.5–5.8)

35–39

23,914

14,963

8,951

4.8 ± 10.8

11.6 ± 24.3

1.2 (0.3–3.4)

2.0 (0.5–8.4)

40–44

24,130

14,388

9,742

6.5 ± 16.5

11.2 ± 24.9

0.8 (0.3–3.8)

1.5 (0.6–7.4)

45–49

27,556

16,152

11,404

6.2 ± 16.5

12.7 ± 29.0

0.7 (0.3–3.9)

1.7 (0.6–8.8)

50–54

29,051

16,845

12,206

8.8 ± 24.1

10.4 ± 25.6

1.0 (0.4 –4.6)

1.1 (0.5–6.9)

55–59

32,989

18,977

14,012

9.3 ± 24.0

13.8 ± 26.6

1.2 (0.5–6.5)

1.8 (0.5–14.3)

60–64

39,902

22,211

17,691

7.9 ± 17.4

18.6 ± 38.1

1.1 (0.4–5.4)

1.9 (0.6–17.8)

65–69

35,771

19,307

16,464

11.4 ± 26.2

15.6 ± 31.1

1.2 (0.5–10.8)

2.1 (0.7–15.5)

70–74

30,937

15,439

15,498

13.5 ± 29.9

21.4 ± 30.6

2.1 (0.6–10.9)

4.7 (0.9–32.9)

75–79

25,014

13,043

11,971

17.4 ± 29.8

17.5 ± 33.2

3.1 (0.8–20.5)

3.1 (0.7–16.2)

80–84

16,835

8,930

7,905

17.6 ± 26.8

32.1 ± 47.7

2.4 (0.6–27.7)

11.6 (1.8–41.3)

85–89

7,897

4,450

3,447

29.1 ± 36.5

33.7 ± 52.5

15.8 (1.1–56.8)

10.9 (1.6–44.9)

90–94

533

296

237

45.9 ± 64.7

57.7 ± 71.8

20.1 (1.3–51.8)

27.3 (16.7–83.6)

353,340

199,524

153,816

10.2 ± 24.3

17.0 ± 31.6

Total

1.2 (0.5 – 25.7)

2.1 (1.7–20.2)

Abbreviations: Q1, first quartile = 25th percentile; Q3, third quartile = 75th percentile.
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RESULTS
CRP RI estimated by the indirect method
Normal or abnormal CRP values along with extreme values were
included, as these values would be part of real-world data (Table 1).
The histogram of CRP showed a right-skewed pattern (Fig. 1A).
A

Kernel density estimation (Fig. 1B) and Box-Cox transformation
were performed (Fig. 1C, D). We hypothesized that there are two
profiles of the non-diseased or diseased populations within these
datasets for LPA (Fig. 1E). The histogram was converted to a distribution curve, and the intersection value from the non-diseased
and diseased density curves was calculated to find the intersecB
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Fig. 2. Influence of various factors on reference interval (RI) estimation for CRP: (A) sample size, (B) CRP ratio among 10,000 samples,
and (C) adjustment values.
Abbreviations: CRP, C-reactive protein.
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tion value (Fig. 1F) of −0.91195, which was converted to 4.11
mg/L. Conversion of the Box-Cox–transformed value (BC) was
performed using the exponential of BC if lambda (λ) was zero or
exponential of log(λ× BC+1)× (1/λ), if λ was not zero. Therefore,
the RI cut-off value was determined as 4.1 mg/L, which was equivalent to the institutional RI (0–4.7 mg/L) (Table 2).

Influence of parameters on the RI estimate
The influence of measurement size, ratio of abnormal values,
and adjustment (n × bandwidth) on RI estimates was analyzed
using the CRP dataset (Fig. 2). The measurement size was evaluated using two adjustment values of 5 or 10. Because the distribution curve showed an overfitting pattern among higher measurements, an adjustment of ≥ 6 or ≤ 5 was evaluated, respectively. A measurement size ≥ 25,000 showed stable results for
an adjustment of 10 (Fig. 2A), whereas an adjustment value of
5 showed stable results for a measurement size of ≤ 25,000. A
measurement size < 1,000 showed a large SD, which was inappropriate for analysis. Measurement sizes ≥ 2,500 are suggested
and an adjustment value ≤ 5 is suggested for a measurement
size ≤ 25,000, whereas adjustment values > 5 are suggested for
measurement sizes > 25,000.
Abnormal-to-normal values of CRP were defined according to
the institutional RI (CRP ≤ 4.7 mg/L). Abnormal or normal values were extracted without replacement, and the abnormal value
ratio was extracted from the 10% to 90% among 10,000 measurements. Abnormal CRP values from 45% to 55% showed an
estimated RI near the expected value of 4.7 mg/L (Fig. 2B).
The adjustment value was also evaluated for determination of
the CRP cut-off. As CRP had > 25,000 measurements, adjustment values of ≤ 5 were used (Fig. 2A, C). Estimation of the adjustment value was selected by a visual graphical method.

ESR RI estimated by the indirect method
The RII method based on CRP measurements was then applied
to ESR and other inflammatory markers. For ESR RI analysis,
the same analytical method was applied (Table 1, Supplemental
Data Table S1). The histogram of ESR showed a right-skewed
pattern (Supplemental Data Fig. S1A). Kernel density estimation
(Supplemental Data Fig. S1B) followed by Box-Cox transformation was performed (Supplemental Data Fig. S1C) using the λ
parameter 0.02020202. LPA showed a mean (2SD) of 1.24
(−0.375 to 2.855) and 3.20 (1.584 to 4.815) for the non-diseased and diseased population, respectively (Supplemental
Data Fig. S1D, E). The intersection of distribution curves resulted in a value of 2.3872 (10.2 mm/hr), which was slightly
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lower or equivalent to that of the institutional RI of 0–14 mm/hr
(males) or 0–20 mm/hr (females) (Supplemental Data Fig. S1F).

PSEP RI estimated by the indirect method
There were 3,485 and 708 PSEP measurements from patients
aged ≥ 50 years and < 50 years, respectively, and both histograms showed right-skewed patterns (Supplemental Data Fig.
S2A). Mean (SD) values for patients aged ≥ 50 years and < 50
years were 1,514 pg/mL (2,944) and 1,355 pg/mL (3,370), respectively (Supplemental Data Table S2). There were 2,560 and
1,633 measurements from males and females, respectively,
showing similar right-skewed patterns (Supplemental Data Fig.
S2B), and the mean (SD) values were 1,715 pg/mL (3,543) and
1,130 pg/mL (1,879), respectively (Supplemental Data Table S2).
PSEP values were plotted by month over a 1-year period, exhibiting drift or structural change by the F-test (P = 0.0000105)
but not by the cusum test (P = 0.05767) (Supplemental Data
Fig. S2C). The test stratified for each ward showed higher mean
values in medical intensive care units compared with that in
other wards, but with a large mean SD (Supplemental Data Fig.
S2D). The histogram of PSEP measurement showed a rightskewed pattern (Supplemental Data Fig. S3A). Kernel density
estimation was performed (Supplemental Data Fig. S3B), followed by Box-Cox transformation (Supplemental Data Fig. S3C
and S3D) using the λ parameter −0.3030303. Normality was
rejected by the Kolmogorov-Smirnov test (P < 0.0001) for BoxCox–transformed data. Instead of the percentile method, LPA
was applied for determination of the RI.
LPA showed a mean (2SD) of 2.73 (2.51–2.94) and 2.91
(2.68–3.13) for the non-diseased and diseased population, respectively (Supplemental Data Fig. S3E). The mean (2SD) of
class one and two is plotted as the green and red line (dotted
line), respectively, representing the non-diseased and diseased
group, respectively. The intersection value of the distribution
curve resulted in a value of 2.891, which could be converted to
411 pg/mL (Supplemental Data Fig. S3F). Based on these analyses, the RI cut-off value for PSEP using the indirect method
was determined to be 411 pg/mL.
The RI estimated by the indirect method (institutional RIs in
parentheses) were as follows: CRP, 0–4.1 (0–4.7) mg/L; ESR, 0–
10.2 (0–15) mm/hr; PSEP, 0–411 (0–300) pg/mL.

DISCUSSION
The RI is a fundamental concept for the interpretation of laboratory data. Determination of the RI could provide a value for diaghttps://doi.org/10.3343/alm.2023.43.1.55
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nosis, prognosis, or clinical decision-making. In the case of sepsis, inflammatory markers such as CRP, ESR, cytokines, chemokines, PSEP, or procalcitonin are used for diagnosis or prognosis [13-16, 29, 30].
The RID has been regarded as the standard method for RI
estimation. Reference data could be obtained from a minimum
of 120 healthy individuals. Age, sex, comorbidities, social habits, and other characteristics could be used to stratify a population or as enrollment criteria for analysis. High costs and ethical
problems hinder the establishment of RIs for laboratories [1, 2,
31]. Defining a non-diseased condition requires consensus for
studied biomarkers. Biological variation among individuals or
analytical methodology of measurements should be considered
when interpreting the RID.
RII methods have also been studied and applied to various
biomarkers. However, the criteria for the number of measurements, partitioning, or inclusion and exclusion should be defined or studied. Optimal statistical methods are required for determination of the RIs of biomarkers. The Bhattacharya or Hoffmann method assumes a Gaussian distribution of measurements. An alternative method is thus needed for biomarkers
with a skewed distribution, as found in this study [4-12, 32].
In this study, the data were regarded to come from a mixed
population of non-diseased and diseased groups; accordingly,
all values were included for analysis, including extreme values.
Defining a healthy or non-diseased state was unnecessary in
this statistical process. Decomposition of the mixture distribution
was performed using LPA, which applies an expectation maximization algorithm [25, 33]. LPA assumes unobserved population heterogeneity, which suits the purpose of finding mixed
populations using continuous variables. The accuracy of LPA
could be improved by including patient data along with extreme
values that might result in the clear identification of classes. LPA
could be applied for the determination of hidden classes within
a large number of datasets. Although LPA is robust to outliers
and data from diseased populations [21-25], this method is
sensitive to starting values that might lead to local rather than
global optimization. There could be more than two populations
among the whole distribution, which was not considered in our
analysis.
Multiple measurements from individual patients were included
for analysis since measurements of inflammatory markers are
assumed to represent a patient state that would fluctuate over
time. As the patient state could change, each data point is still
assumed to be independent. Although some measurements
were derived from the same patient, the measurements from a
https://doi.org/10.3343/alm.2023.43.1.55

diseased state or non-diseased state would still be different. Further studies are required to determine whether these multiple
repeated measurements influence the distribution of the population that could in turn influence RI estimates.
The determination of RIs for inflammatory markers, especially
for cytokines, is hindered by high costs and various test methods. The proposed RII approach might support the current RI
or institutional RI with low evidence levels compared to other
frequently tested biomarkers. Inflammatory markers showed a
wide measurement range from 1 to 20,000 pg/mL for PSEP. We
estimated RI by the indirect method for three inflammatory
markers including all the data. The number of abnormal values
influences the reference limit and the inclusion of more abnormal values tended to increase the RI [23]. For ESR, the normalto-abnormal result ratio might have lowered the RI estimate. These
distributions with higher normal measurements might reflect the
actual population distribution.
We minimized selection bias by including all the measured
values obtained during the defined period. Since the adjustment
value or bandwidth was determined according to the research
purpose or by the subjective decision of the researcher, further
studies are required to optimize the adjustment value or bandwidth for a large dataset. Further studies are also required to establish sophisticated mathematical equations that could determine bandwidth or adjustment values for large populations along
with feasible computation methods.
The frequency of RII verification is unknown. We considered
that changes in patient characteristics such as age, sex, diagnosis, or ratio of non-diseased or diseased individuals might have
influenced the distribution. These factors could be considered
for determining the verification frequency in further studies. This
study showed that simulation of a measurement size below 10,000
had higher variance; we suggest performing frequent RI verification with additional accumulated data.
The RI for PSEP estimated with our RII method was 0–411
pg/mL, which is higher than previous results with a mean value
ranging from 21.8 to 382 pg/mL [33] or that of the institutional
RI. This difference might have been caused by the inclusion of
higher values rather than lower values from non-diseased populations, which would have shifted the cut-off value toward the
higher side. As the PSEP level is influenced by renal function
and hemoglobin, a population with these comorbidities might
have shifted cut-off values to the higher side [29].
Based on these data, RI estimation could be performed using
an indirect method. This method requires the following assumptions: (1) the analysis procedure could be performed for right-

www.annlabmed.org  61

Kang T, et al.
Reference interval by indirect method

skewed data; (2) the measurement size should be more than
2,500; and (3) two classes of the latent variable are of similar
size, which is unknown. Box-Cox transformation followed by
LPA for two classes was performed. If the measurement size
was larger than 25,000, an adjustment value greater than 5
could be applied. Visual graphical evaluation is possible to obtain an adequate adjustment value. Intersection values of the
non-diseased and diseased population distributions could be
obtained. If the measurement size is smaller than 10,000, RI
should be verified until sufficient data are collected for analysis.
If the measurement size is large, RI verification could be performed when necessary (Supplemental Data Fig. S4). Revision
or verification of the RI is required when the reagents or analyzer are replaced or changed. Changes in the characteristics of
patients, such as diagnosis, age, and sex, may also require revision.
The main limitation of this study is that LPA was performed
on the assumption that there are non-diseased and diseased
classes within a mixed population. However, there could be
multiple classes within non-diseased or diseased classes. The
distribution intersection values were determined by a visual
graphical method along with adjustment (n × bandwidth). The
proportion of normal or abnormal results and the sample sizes
affected RI estimates. RI values were influenced by the given
distribution, and we did not obtain 95% confidence intervals in
our statistical procedure. The statistical process was applied to
right-skewed data, and thus, additional studies are required for
two-sided data.
In conclusion, RI estimated by an indirect method could provide additional information for verification or determination of
the RI in clinical laboratories. RII estimates of CRP, ESR, and
PSEP showed comparable results with the institutional RIs.
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Supplemental Data Table S1. Data of erythrocyte sedimentation rate (mm/hr) from the database based on 951,947 measurements
(N = 206,894 individuals)

Age (yr)

No. of subjects

Mean ± SD

Median (Q1–Q3)

All

Female

Male

Female

Male

18–20

2,992

1,439

1,553

8.35 ± 8.78

5.92 ± 7.26

5 (2.00–11.00)

3 (2.00–11.00)

21–25

9,455

4,953

4,502

8.84 ± 9.19

5.81 ± 7.51

5.5 (2.00–12.00)

2.5 (2.00–12.00)

26–30

12,342

7,411

4,931

9.19 ± 9.68

5.98 ± 7.48

6 (2.00–12.00)

3 (2.00–12.00)

31–35

13,382

8,588

4,794

11.13 ± 10.74

6.66 ± 8.09

7.5 (3.00–15.50)

3 (3.00–15.50)

36–40

14,697

9,155

5,542

12.79 ± 11.73

7.56 ± 8.79

9 (4.00–18.00)

4 (4.00–18.00)

41–45

13,731

7,847

5,884

11.99 ± 11.53

8.50 ± 9.68

8 (3.66–16.10)

5 (3.66–16.10)

46–50

15,165

8,391

6,774

11.43 ± 10.92

8.97 ± 10.47

8 (3.75–15.15)

5 (3.75–15.15)

51–55

16,372

9,430

6,942

12.03 ± 11.48

9.84 ± 11.30

8.6 (4.00–16.00)

5.2 (4.00–16.01)

56–60

18,833

11,074

7,759

12.17 ± 11.03

11.08 ± 12.53

9 (4.38–16.00)

6.5 (4.38–16.00)

61–65

22,512

12,830

9,682

12.76 ± 11.56

12.44 ± 13.68

9.4 (4.78–17.00)

7.5 (4.78–17.01)

66–70

19,753

10,929

8,824

13.61 ± 12.10

13.56 ± 14.22

10 (5.00–18.00)

8.5 (5.00–18.01)

71–75

17,165

9,344

7,821

14.48 ± 12.81

14.93 ± 15.08

10.6 (5.33–19.50)

9.8 (5.33–19.51)

76–80

14,388

7,642

6,746

15.91 ± 13.54

16.35 ± 15.11

12 (6.00–21.35)

11.3 (6.00–21.35)

81–85

10,467

5,570

4,897

17.39 ± 14.38

18.46 ± 16.62

13.5 (7.00–23.37)

13.3 (7.00–23.37)

86–90

5,231

2,966

2,265

19.53 ± 15.20

20.14 ± 16.58

16 (8.00–26.71)

15.2 (8.00–26.71)

91–95

409

224

185

26.09 ± 21.65

27.43 ± 20.02

21.9 (10.25–35.31)

23.3 (10.25–35.31)

206,894

117,793

89,101

13.61 ± 12.27

12.11 ± 12.15

Total

Female

10.01 (4.70–18.31)

Male

7.89 (3.67–15.96)

Abbreviations: Q1, first quartile = 25th percentile; Q3, third quartile = 75th percentile.
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Supplemental Data Table S2. Data of presepsin (pg/mL) from the database based on 4,219 measurements (N = 1,086 individuals)

Age (yr)

No. of subjects

Mean ± SD

Median (Q1–Q3)

All

Female

Male

Female

Male

18–20

19

10

9

578 ± 488

398 ± 453

307 (191–1,011)

195 (167–351)

21–25

10

6

4

630 ± 369

478 ± 278

552 (378–818)

440 (286–596)

26–30

20

12

8

1,802 ± 3,878

663 ± 718

418 (169–1,213)

282 (209–862)

31–35

16

11

5

578 ± 1,024

651 ± 610

259 (191–483)

471 (370–702)

36–40

36

19

17

1,222 ± 1,986

2,244 ± 3,331

553 (287–1,058)

955 (379–2,346)

41–45

52

30

22

826 ± 1,475

1,034 ± 1,242

406 (228–716)

533 (371–1,266)

46–50

52

14

38

490 ± 569

791 ± 1,620

346 (198–528)

399 (270–694)

51–55

70

28

42

1,091 ± 2,022

1,280 ± 1,988

527 (347–1,054)

622 (330–1,521)

56–60

96

39

57

1,273 ± 1,932

1,682 ± 3,192

602 (308–1,534)

608 (280–1,409)

61–65

151

51

100

1,371 ± 1,704

1,835 ± 3,749

863 (360–1,647)

570 (287–1,281)

66–70

139

53

86

817 ± 862

1,208 ± 2,307

422 (241–1,151)

503 (311–1,054)

71–75

162

64

98

1,200 ± 2,070

2,135 ± 3,912

459 (304–976)

625 (345–1,508)

76–80

115

40

75

1,133 ± 1,590

1,406 ± 3,250

534 (322–1,182)

506 (285–938)

81–85

91

33

58

1,431 ± 1,900

1,935 ± 3,745

747 (478–1,456)

668 (334–1,608)

86–90

46

22

24

1,950 ± 3,482

1,714 ± 3,600

848 (396–1,788)

666 (420–1,141)

91–95

11

5

6

767 ± 514

836 (420–1,348)

477 (359–1,292)

1,086

437

649

1,263 ± 2,156

542 (301–1,122)

532 (312–1,160)

Total

1,089 ± 819
1,092 ± 1,635

Female

Male

Abbreviations: Q1, first quartile = 25th percentile; Q3, third quartile = 75th percentile.
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Supplemental Data Fig. S1. Estimation of the erythrocyte sedimentation rate (ESR) reference interval by the indirect method from 951,497
measurements (N = 206,894
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Supplemental Data Fig. S2. Presepsin data from the laboratory information system. (A) Frequency of measurements plotted according to
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510< 50 years. (B) Frequency of measurements plotted by sex. (C) Mean and standard error of presepsin plotted per
month over a 1-year
period. (D) Data plotted according to hospital ward; the numbers indicate the ward along with other units.
510
Abbreviations: NA, not applicable; CCU, circulatory critical care unit; ER, emergency room; HICU, hematology intensive care unit; MICU, medical intensive
care unit; NCU, neurological intensive care unit; SICU, surgical intensive care unit.
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Supplemental Data Fig. S4. Proposed analytical process for reference interval (RI) estimation by the indirect method.
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