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Abstract: Laboratory tests are essential to assess the
health status and to guide patient care in individuals of all
ages. The interpretation of quantitative test results requires
availability of appropriate reference intervals, and refer-
ence intervals in children have to account for the extensive
physiological dynamics with age in many biomarkers.
Creation of reference intervals using conventional ap-
proaches requires the sampling of healthy individuals,
which is opposed by ethical and practical considerations in
children, due to the need for a large number of blood
samples from healthy children of all ages, including neo-
nates and young infants. This limits the availability and
quality of pediatric reference intervals, and ultimately
negatively impacts pediatric clinical decision-making.
Data mining approaches use laboratory test results and
clinical information from hospital information systems to
create reference intervals. The extensive number of avail-
able test results from laboratory information systems and
advanced statistical methods enable the creation of pedi-
atric reference intervals with an unprecedented age-related
accuracy for children of all ages. Ongoing developments
regarding the availability and standardization of electronic
medical records and of indirect statistical methods will
further improve the benefit of data mining for pediatric
reference intervals.

Keywords: data mining; indirect methods; pediatric refer-
ence intervals.

Introduction

Laboratory tests are a ubiquitous tool for health assessment
in modern medicine and support diagnostic and therapeutic
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decisions in patients of all ages [1]. The interpretation of
quantitative laboratory test results requires knowledge of the
distribution of test results in healthy individuals, and the
effect of both physiological and pathological factors that in-
fluence test results [2]. Therefore, most laboratory test results
need to be reported together with the so-called reference in-
terval, which represents the central 95% range of physio-
logical test results in a group of individuals that is
comparable to the person in which the test was performed [3].

Direct methods to create reference
intervals

The classical approach (so called direct method) to create
reference intervals is both straightforward and challenging:
laboratory testing is performed in a sufficiently large group of
healthy individuals, and the 2.5 and 97.5th percentiles of test
results are reported as lower and upper reference limits [3, 4].
Different statistical methods exist to calculate percentiles,
and the appropriate technique depends on sample size and
sample distribution, and may require mathematical trans-
formation of the dataset [5]. The number of samples required
for sufficiently accurate and precise reference intervals de-
pends on the distribution of test results, and minimum
sample sizes of 120—400 samples are generally recommended
[6]. To account for factors that influence test results, reference
intervals have to be stratified by the relevant covariates,
which depend on the measured analyte, and in most cases
include at least sex, age, and the used measurement method.
In practice, the recruitment of a sufficiently large number of
healthy individuals while accounting for the relevant cova-
riates is the critically limiting factor for practical, logistical,
and financial reasons [7].

Challenges when using direct
methods to create pediatric
reference intervals

When reference intervals for children need to be estab-

lished, ethical considerations additionally complicate the
recruitment of healthy individuals. Blood drawing from
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children -especially young infants and neonates- is asso-
ciated with pain and stress, and results in blood loss (albeit
minor), without individual benefit for participating healthy
children in case of reference interval studies. These factors
restrict the availability of high-quality reference intervals
that stratify perfectly for all relevant covariates [7],
although the Canadian CALIPER study and others have
dramatically improved the situation [8—10]. Due to the age-
dependent physiological changes in children, precise
stratification for age is essential in many analytes, but is
directly opposed by the resulting increase (i.e. multiplica-
tion per age group) in necessary blood samples. Impor-
tantly, this especially concerns the most vulnerable
pediatric populations -neonates and young infants- which
exhibit the most dynamic changes in many biomarkers
with age [7, 11, 12]. Ethical considerations are particularly
pronounced in these very young children, who are
considered to require the highest possible level of protec-
tion from interventions from which they do not directly
benefit (i.e. blood drawing for the establishment of refer-
ence intervals). This results in the dilemma that for the
most vulnerable pediatric subpopulations, which are
overrepresented in clinical-decision making due to their
disproportionate share in pediatric morbidity and mortal-
ity, availability and quality of reference intervals are worst.

Although reference intervals established using direct
methods are considered the gold standard, they do not
necessarily reflect a unique ground truth, but are influ-
enced by the choice of statistical methods and in- and
exclusion criteria. Recently, Hickman et al. showed that the
choice of outlier exclusion criteria (e.g. Reed-Dixon or
Tukey) can have a substantial effect on the resulting
reference intervals [13]. Similarly, the strict inclusion
criteria employed when using direct methods can lead to
the selection of a “super-healthy” minority of individuals,
especially in the elderly, where the prevalence of comor-
bidities is high and a majority of individuals take pre-
scription medication. Direct methods exclude these
individuals and result in reference intervals that are based
on samples from the minority of elderly patients without
any comorbidities and prescription medication, which has
resulted in the exclusion of up to 80% of screened candi-
dates in major studies [2, 14]. It is therefore unclear whether
these reference intervals are appropriate for the population
in which they are ultimately used, or whether they are
inadequately narrow and lead to unnecessary flagging of
essentially “normal” test results. Finally, the challenges
associated with creating reference intervals using direct
methods often result in reference intervals that do not
stratify as accurately as required for all relevant covariates,
resulting in the use of inappropriate (e.g. not adequately
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age-matched) reference intervals due to the lack of more
appropriate alternatives.

Indirect methods as a complement
to direct methods

Due to these concerns, so-called indirect methods or data
mining methods have been developed as a complement or
alternative to conventional reference interval methods [4,
15-17]. The intent of these methods is to use test results that
have been obtained during patient care to create reference
intervals, and a prerequisite for their application is there-
fore that the analyzed dataset indeed contains a subset of
physiological test results. Thus, the challenge of all indi-
rect methods is the identification of the physiological
samples (or of their distribution) in the mixed input data-
set, which contains both physiological test results and
abnormal values.

Basically, two strategies that are not mutually exclu-
sive exist towards this goal: metadata-driven strategies
apply filters to the input dataset, or more specifically to the
associated metadata, to selectively include and exclude
test results. A non-exhaustive list of typical filters includes
patients’ diagnoses, performed procedures, treatment
units (e.g. outpatient vs. inpatient, intensive care units),
medical specialties, number of test results per analyte in a
given time range, or test results in other analytes — the aim
of these filters being a selective enrichment of physiolog-
ical values of the analyte under consideration. The per-
formance of this strategy depends on the availability and
quality of the available metadata and the validity and
completeness of the assumptions that are used to construct
the applied filters.

On the other hand, primarily statistical approaches are
used: the basic assumption of statistical indirect reference
methods is the presence of a “major” distribution of physio-
logical test results, which can be identified despite a
“contamination” by abnormal test results. More specifically,
the vast majority of statistical indirect methods relies on the
presence of a range of test results in the input data set, in
which the contamination with abnormal test results is
negligible, and use the shape of the (truncated) distribution in
this range to estimate the parameters of the distribution of
physiological test results (see Figure 1 for an example as
implemented in the kosmic algorithm). In most cases, these
methods assume a specific distribution type (typically a
Gaussian distribution or a Box-Cox-transformed Gaussian
distribution) for the physiological test results. The range of
uncontaminated test results is identified either using
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visualization by a human operator using an appropriate
graphical representation, or using a mathematical optimiza-
tion method. A variety of indirect methods have been
implemented and are currently used for estimating reference
intervals, the most recent or historically important include the
visual Hoffmann approach [18] and the Bhattacharya method
[19], Arzideh et al.’s Truncated Minimum Likelihood (TML)
method [20-22], Wosniok et al.’s Truncated Minimum Chi-
square approach (TMC) [23], a modified version of the TML
method by Zierk et al. called kosmic [24], and most recently
the refineR algorithm by Ammer et al. [25] (See also Haeckel
et al. for a review of different methods [16], although kosmic is
only briefly discussed and refineR was published after that
review). These methods have been applied to clinical data-
bases and the derived reference intervals are used for clinical
decision-making, however, a comparative in-depth evalua-
tion of their performance has not yet been performed. kosmic
has been evaluated in various benchmarking datasets,

Raw test results

Cumulative density of test results D
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showing valid reference intervals in the presence of up to 20—
30% abnormal test results in simulated scenarios, and in real-
world datasets even if samples with a high proportion of
pathological test results (e.g. blood counts from intensive
care units and hematology/oncology) were included. refineR
has been shown to outperform kosmic under most conditions
in simulated datasets, and outperforms even the direct
method (n=120) in the published simulation studies,
although no real-world data were analyzed for both com-
parisons. Despite these results, a more comprehensive
benchmark and head-to-head comparison of indirect refer-
ence interval algorithms is required, and would clarify and
strengthen the role of different indirect as well as direct ap-
proaches. Importantly, a benchmark study should support
individual laboratories when selecting indirect methods for
reference interval estimation or validation by providing
guidance on the minimal number of samples and the
maximum proportion of abnormal test results.

Optimization of a cumulative density
function F and a truncation interval T
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Figure 1: Estimation of reference intervals in a “contaminated” dataset using the statistical approach implemented in kosmic (example using

simulated hemoglobin test results).

Based on the histogram of test results H, the cumulative density of test results D is determined. Subsequently, the cumulative density F of a
normal distribution is compared to D within a truncation interval 7, specifically the term KS. Using an optimization process T and the normal
distribution’s parameters y and o resulting in the minimum KS are identified to construct the estimated distribution of physiological test
results. This process is performed for different “skewness” factors A (prior Box-Cox transformation of test results using A) to enable the

estimation of non-normal distributions (Modified from Ref. [24]).
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Advantages of indirect methods in
pediatric laboratory medicine

While indirect methods have not been specifically devel-
oped to create pediatric reference intervals, the long-
standing gaps existing in pediatric reference intervals
together with the unique and extraordinary ethical chal-
lenges of drawing blood from healthy children have led to
their extensive use to create pediatric reference intervals.
The availability of large clinical and laboratory databases
enables the application of both metadata-driven indirect
methods and statistical approaches, and often both are
combined. Importantly, this enables the creation of refer-
ence intervals specifically for those very young age groups
where conventional methods are most limited, i.e. neo-
nates and young infants, as these children are over-
represented in laboratory databases due to their major
contribution to pediatric morbidity. Additionally, the
extensive availability of samples enables much more fine-
grained stratification by age, which better represents the
continuous dynamics of many analytes during physiolog-
ical pediatric development. The most precise representa-
tion of change with age in many biomarkers can be
achieved using continuous reference intervals and
percentile charts, which —although not specific to indirect
methods and first created using direct methods- have been
considerably pushed forward by indirect methods and the
resulting extensive availability of data points [4, 26].

Applications of indirect methods to
create pediatric reference intervals

Indirect methods have been extensively used to establish
pediatric reference intervals:

Loh and Metz have established continuous reference
intervals (represented using percentile charts) for children
from birth to 18 years in 22 biochemistry analytes [27, 28].
To this end, they used a metadata-driven approach and
included only test results from primary care providers and
from children in whom only one test result was available
during the one-year study period, under the assumption
that children who visited a primary care provider and in
whom no retesting was performed were most likely
healthy. The statistical methods subsequently used were
direct statistical methods typically used for creating
percentile charts (the LMS method by Cole and Green [29]).

Christenssen et al. have established a variety of
neonatal and young infants’ reference intervals that
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stratify for gestational age, an essential pediatric covariate
[30-33]. To exclude abnormal samples, they applied
elaborate exclusion criteria (e.g. exclusion of samples for
red cell reference intervals if children received red cell
transfusions, had a diagnosis of anemia, or if the mothers
had a diagnosis with a high probability of neonatal ane-
mia). Additionally, they reported a more narrow range (5
and 95th percentiles instead of 2.5 and 97.5th percentiles)
for their reference intervals.

Statistical indirect methods have for example been
used by Ahmed et al. to create pediatric reference intervals
for alkaline phosphatase and creatinine concentration in
Pakistani children using the TML approach [34, 35]. Simi-
larly, Chung has established pediatric reference intervals
for ionized calcium using kosmic and Bhattacharya anal-
ysis [36].

In the PEDREF study (Next-generation pediatric refer-
ence intervals, https://www.pedref.org/), we have used a
combination of metadata-driven criteria and statistical
approaches to create pediatric reference intervals. Our first
analyses included single-center data from the University
Hospital Erlangen only, and we have continuously
expanded the study with data from additional centers from
across Germany, with the current dataset containing
>20,000,000 test results from >1,000,000 children from 15
centers. We have used both the TML method and kosmic to
identify the proportion of physiological test results, and
employed retesting frequency as a surrogate for children’s
health status. In our first publication, we have shown that
the exclusion of patients from intensive care units and
hemato-oncological wards is not necessary in children
>3 months, as the used indirect method TML correctly
identifies the physiological sample distribution even in the
presence of samples from intensive care patients and
oncological patients [37]. In later publications, we removed
all test results from children with multiple measurements
(or repeat measurements within 50 days in children aged
<100 days) to reduce the fraction of abnormal test results in
the input dataset [12]. However, this filtering technique is
highly unspecific and results in unnecessary exclusion of
samples. More fine-grained filtering e.g. by diagnoses and
performed procedures obtained from the electronic medi-
cal record (EMR) would allow both more sensitive and more
specific sample exclusion, and therefore increase the num-
ber of test results available for analysis while reducing
the proportion of pathological test results. However, multi-
center analyses of EMRs (or any other datasets that contain
extensive metadata, like diagnoses and performed proced-
ures) are restricted in Germany and most other jurisdictions.
This is due to the fact that transfer of such high-dimensional
datasets is incompatible with privacy regulations because
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of an inacceptable re-identification risk even if directly
identifying information is removed. This also severely
restricts the applicability of multi-center data mining
approaches to premature neonates, a subpopulation of
particular pediatric interest, as information regarding
gestational age and birthweight is not available.

Methods to create continuous
reference intervals or percentile
charts using data mining

When continuous reference intervals or percentile charts
are created using statistical indirect methods, the most
common approach is a sequential procedure [11, 12, 37-39]
(see Figure 2): First, the input dataset is split into discrete
age groups of varying sample size and age ranges. Second,
an indirect method (e.g. TML or kosmic) is applied to each
group, resulting in age-specific reference intervals. In a
third step, these reference intervals are merged using sta-
tistical methods (e.g. using cubic smoothing splines or
fractional polynomials) to yield a single representation for
each reference limit. While this approach is straightfor-
ward, it has a major limitation: Due to the fact that refer-
ence intervals are estimated independently for each
different age group, the information available from the
input data set is not used as efficiently as possible.
Improved approaches should account for the fact that the
distribution of physiological samples changes continu-
ously with age, which would reduce the necessary samples
size and increase the precision of resulting reference in-
tervals. While such statistical approaches are firmly

Unfiltered dataset (A)

Calculation of age-specific
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established for direct methods (e.g. Generalized Additive
Models for Location, Scale and Shape [40]), corresponding
indirect methods are not yet ready for clinical application.
Hepp et al. have developed the first integrated indirect
reference interval method for a continuous covariate,
however, limitations in the model’s assumptions
(a Gaussian distribution of both physiological and patho-
logical test results, and a constant ratio of abnormal test
results and physiological test results across all ages)
restrict its applicability to real-world data [41]. Despite its
current restrictions, the availability of this algorithm is a
major step forward to an indirect algorithm that in-
corporates change with age at its core. Importantly, the
source code of this algorithm’s implementation -as well as
most other current indirect methods (e.g. kosmic, refineR,
TMC, TML)- is freely available under an open-source li-
cense, enabling further development and improvement by
the scientific community.

Summary and outlook

The availability of advanced indirect statistical methods
and large clinical and laboratory databases has enabled
extensive data mining of pediatric reference intervals.
Greater proliferation and ongoing standardization of elec-
tronic medical records will increase the quality and quan-
tity of available metadata to incorporate into data mining
approaches. As an example, the German Medical Infor-
matics Initiative (MII) is providing a standardized core data
set of laboratory test results, demographic data, diagnoses,
and performed procedures of all patients treated at German
university hospitals, with an infrastructure to access this
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Figure 2: Approach to create continuous reference intervals and percentile charts in the PEDREF study [12].

Test results (example for girls’ creatinine values) are retrieved from laboratory information systems (A), and the distribution of physiological
samples is identified using kosmic (see Figure 1) for each age (B). The determined age-specific distributions are subsequently merged to create
continuous percentile charts from birth to 18 years (C).
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dataset while respecting privacy regulations [42, 43]. A cur-
rent aim of the PEDREF study is to use this data to further
improve pediatric reference intervals, and to more precisely
stratify for pediatric covariates (e.g. gestational age).

Conclusions

Data mining approaches complement and extend conven-
tional reference interval approaches especially in pediatrics,
where ethical and practical considerations most severely limit
the applicability of direct approaches. This allows to improve
the availability and quality of reference intervals, with more
exact stratification for age and the establishment of
population-specific reference intervals in global settings,
where conventional population-based methods cannot be
used due to resource constraints. Ultimately, this enables us
to tackle the particular challenges when creating pediatric
reference intervals, which prevent the optimal use of labo-
ratory test results in children and adolescents.

Research funding: None declared.

Author contributions: All authors have accepted responsibility
for the entire content of this manuscript and approved its
submission.

Competing interests: Authors state no conflict of interest.
Informed consent: Not applicable.

Ethical approval: Not applicable.

References

1. Rohr U-P, Binder C, Dieterle T, Giusti F, Messina CGM, Toerien E,
et al. Thevalue of in vitro diagnostic testing in medical practice: a
status report. PLoS One 2016;11:e0149856.

2. Horowitz GL. The power of asterisks. Clin Chem 2015;61:1009-11.

3. Jones G, Barker A. Reference intervals. Clin Biochem Rev 2008;
29:593-7.

4. Haeckel R, Wosniok W, Arzideh F, Zierk ], Gurr E, Streichert T.
Critical comments to a recent EFLM recommendation for the
review of reference intervals. Clin Chem Lab Med 2017;55:341-7.

5. HigginsV, Asgari S, Adeli K. Choosing the best statistical method
for reference interval estimation. Clin Biochem 2019;71:14-6.

6. CLSI. Defining, establishing, and verifying reference intervals in
the clinical laboratory; approved guideline, 3rd ed. Wayne, PA:
Clinical and Laboratory Standards Institute; 2008, Report No.:
CLSI document C28-A3.

7. Ceriotti F. Establishing pediatric reference intervals: a
challenging task. Clin Chem 2012;58:808-10.

8. Adeli K. Closing the gaps in pediatric reference intervals: an
update on the CALIPER project. Clin Biochem 2014;47:737-9.

9. Adeli K, Higgins V, Trajcevski K, Habeeb NW-A. The Canadian
laboratory initiative on pediatric reference intervals: a CALIPER
white paper. Crit Rev Clin Lab Sci 2017;54:358-413.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

DE GRUYTER

Hog M, Matthews S, Karlaftis V, Burgess ], Cowley J, Donath S,
et al. Reference values for 30 common biochemistry analytes
across five different analyzers in neonates and children 30 days
to 18 years of age. Clin Chem 2019;65:1317-26.

Zierk J, Hirschmann ], Toddenroth D, Arzideh F, Haeckel R,
Bertram A, et al. Next-generation reference intervals for pediatric
hematology. Clin Chem Lab Med 2019;57:1595-607.

Zierk ), Baum H, Bertram A, Boeker M, Buchwald A, Cario H, et al.
High-resolution pediatric reference intervals for 15 biochemical
analytes described using fractional polynomials. Clin Chem Lab
Med 2021;59:1267-78.

Hickman PE, Koerbin G, Potter JM, Glasgow N, Cavanaugh JA,
Abhayaratna WP, et al. Choice of statistical tools for outlier
removal causes substantial changes in analyte reference
intervals in healthy populations. Clin Chem 2020;66:1558-61.
Adeli K, Raizman JE, Chen Y, Higgins V, Nieuwesteeg M,
Abdelhaleem M, et al. Complex biological profile of hematologic
markers across pediatric, adult, and geriatric ages:
establishment of robust pediatric and adult reference intervals
on the basis of the Canadian health measures survey. Clin Chem
2015;61:1075-86.

Farrell C-JL, Nguyen L. Indirect reference intervals: harnessing the
power of stored laboratory data. Clin Biochem Rev 2019;40:
99-111.

Haeckel R, Wosniok W, Streichert T. Review of potentials and
limitations of indirect approaches for estimating reference
limits/intervals of quantitative procedures in laboratory
medicine. ] Lab Med 2021;45:35-53.

Obstfeld AE, Patel K, Boyd JC, Drees ], Holmes DT, loannidis JPA,
et al. Data mining approaches to reference interval studies. Clin
Chem 2021;67:1175-81.

Hoffmann RG. Statistics in the practice of medicine. ] Am Med
Assoc 1963;185:864-73.

Bhattacharya CG. A simple method of resolution of a distribution
into Gaussian components. Biometrics 1967;23:115-35.

Arzideh F, Wosniok W, Haeckel R. Indirect reference intervals of
plasma and serum thyrotropin (TSH) concentrations from intra-
laboratory data bases from several German and Italian medical
centres. Clin Chem Lab Med 2011;49:659-64.

Arzideh F, Wosniok W, Haeckel R. Reference limits of plasma and
serum creatinine concentrations from intra-laboratory data
bases of several German and Italian medical centres: comparison
between direct and indirect procedures. Clin Chim Acta 2010;411:
215-21.

Arzideh F, Brandhorst G, Gurr E, Hinsch W, Hoff T, Roggenbuck L,
et al. An improved indirect approach for determining reference
limits from intra-laboratory data bases exemplified by
concentrations of electrolytes. ) Lab Med 2009;33:52-66.
Wosniok W, Haeckel R. A new indirect estimation of reference
intervals: truncated minimum chi-square (TMC) approach. Clin
Chem Lab Med 2019;57:1933-47.

Zierk ), Arzideh F, Kapsner LA, Prokosch H-U, Metzler M, Rauh M.
Reference interval estimation from mixed distributions using
truncation points and the Kolmogorov-Smirnov distance
(kosmic). Sci Rep 2020;10:1704.

Ammer T, Schiitzenmeister A, Prokosch H-U, Rauh M, Rank CM,
Zierk ). refineR: a novel algorithm for reference interval
estimation from real-world data. Sci Rep 2021;11:16023.
Higgins V, Adeli K. Advances in pediatric reference intervals: from
discrete to continuous. J Lab Precis Med 2018;3:3.



DE GRUYTER

27.

28.

29.

30.

31

32.

33.

34.

35.

Loh TP, Antoniou G, Baghurst P, Metz MP. Development of
paediatric biochemistry centile charts as a complement to
laboratory reference intervals. Pathology 2014;46:336-43.

Loh TP, Metz MP. Trends and physiology of common serum
biochemistries in children aged 0-18 years. Pathology 2015;47:
452-61.

Cole TJ, Green P). Smoothing reference centile curves: the LMS
method and penalized likelihood. Stat Med 1992;11:1305-19.
Christensen RD, Henry E, Jopling J, Wiedmeier SE. The CBC:
reference ranges for neonates. Semin Perinatol 2009;33:3-11.
Christensen RD, Del Vecchio A, Henry E. Expected erythrocyte,
platelet and neutrophil values for term and preterm neonates. )
Matern Fetal Med 2012;25:77-9.

Christensen RD, JoplingJ, Henry E, Wiedmeier SE. The erythrocyte
indices of neonates, defined using data from over 12,000 patients
in a multihospital health care system. ] Perinatol 2008;28:24-8.
Christensen RD, Yaish HM, Henry E, Bennett ST. Red blood cell
distribution width: reference intervals for neonates. ] Matern
Fetal Med 2015;28:883-8.

Ahmed S, Zierk J, Khan AH. Establishment of reference intervals
for alkaline phosphatase in Pakistani children using a data
mining approach. Lab Med 2020;51:484-90.

Ahmed S, Zierk ), Siddiqui I, Khan AH. Indirect determination of serum
creatinine reference intervals in a Pakistani pediatric population
using big data analytics. World ] Clin Pediatr 2021;10:72-8.

Zierk et al.: Data mining of pediatric reference intervals —— 317

36.

37.

38.

39.

40.

41.

42.

43.

Chung JZY. Paediatric reference intervals for ionised
calcium - a data mining approach. Clin Chem Lab Med 2021;
59:e271-3.

Zierk ), Arzideh F, Haeckel R, Rascher W, Rauh M, Metzler M.
Indirect determination of pediatric blood count reference
intervals. Clin Chem Lab Med 2013;51:863-72.

Zierk ), Arzideh F, Rechenauer T, Haeckel R, Rascher W, Metzler M,
et al. Age- and sex-specific dynamics in 22 hematologic and
biochemical analytes from birth to adolescence. Clin Chem 2015;
61:964-73.

Zierk ], Arzideh F, Haeckel R, Cario H, Friihwald MC, Grof3 H-J, et al.
Pediatric reference intervals for alkaline phosphatase. Clin Chem
Lab Med 2017;55:102-10.

Rigby RA, Stasinopoulos DM. Generalized additive models for
location, scale and shape, (with discussion). ) Roy Stat Soc C Appl
Stat 2005;54:507-54.

Hepp T, Zierk ), Rauh M, Metzler M, Mayr A. Latent class
distributional regression for the estimation of non-linear
reference limits from contaminated data sources. BMC Bioinf
2020;21:524.

Semler SC, Wissing F, Heyder R. German medical informatics
initiative. Methods Inf Med 2018;57:e50-6.

Gehring S, Eulenfeld R. German medical Informatics initiative:
unlocking data for research and health care. Methods Inf Med
2018;57:e46-9.



	Data mining of pediatric reference intervals
	Introduction
	Direct methods to create reference intervals
	Challenges when using direct methods to create pediatric reference intervals
	Indirect methods as a complement to direct methods
	Advantages of indirect methods in pediatric laboratory medicine
	Applications of indirect methods to create pediatric reference intervals
	Methods to create continuous reference intervals or percentile charts using data mining
	Summary and outlook
	Conclusions
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (Euroscale Coated v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1000
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.10000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /DEU <>
    /ENU ()
    /ENN ()
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName (ISO Coated v2 \(ECI\))
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName <FEFF005B0048006F006800650020004100750066006C00F600730075006E0067005D>
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 8.503940
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /UseName
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [595.276 841.890]
>> setpagedevice


