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Abstract

Objectives: Although there are several indirect methods
that can be used to verify reference limits, they have a
common weakness in that they assume a low proportion of
pathological values. This paper investigates whether a
Gaussian decomposition algorithm can identify the non-
pathological fraction even if it is not the main subset of
mixed data.

Methods: All investigations are carried out in the R pro-
gramming environment. The mclust package is used for
Gaussian mixture modelling via the expectation maximiza-
tion (EM) algorithm. For right-skewed distributions, loga-
rithms of the original values are taken to approximate the
Gaussian model. We use the Bayesian information criterion
(BIC) for evaluation of the results. The reflimR and refineR
packages serve as comparison procedures.

Results: We generate synthetic data mixtures with known
normal distributions to demonstrate the feasibility and
reliability of our approach. Application of the algorithm to
real data from a Nigerian and a German population pro-
duces results, which help to interpret reference intervals of
reflimR and refineR that are obviously too wide. In the first
example, the mclust analysis of hemoglobin in Nigerian
women supports the medical hypothesis that an anemia rate
of more than 50 % leads to falsely low reference limits. Our
algorithm proposes various scenarios based on the BIC
values, one of which suggests reference limits that are close
to published data for Nigeria but significantly lower than
those established for the Caucasian population. In the second
example, the standard statistical analysis of creatine kinase
in German patients with predominantly cardiac diseases
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yields a reference interval that is clearly too wide. With
mclust we identify overlapping fractions that explain this
false result.

Conclusions: Gaussian mixture modelling does not replace
standard methods for reference interval estimation but is a
valuable adjunct when these methods produce discrepant or
implausible results.
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Introduction

According to current guidelines, it is mandatory that labo-
ratories verify the reference limits obtained from external
sources before using them for routine clinical care [1, 2].
This is especially true, when a laboratory introduces a new
or changes an existent analytical method. For this purpose,
the application of indirect methods based on retrospective
data from the laboratory information system has been
recommended [2, 3]. Although these methods are much
more practicable than the direct procedures, which require
carefully selected reference individuals [3, 4], they have a
common weakness in that they assume a low proportion
of pathological values.

In general, this requirement may be met by laboratory
values from routine clinical tests, but there are certain
situations where a high proportion of pathological values is
unavoidable. These values may distort standard reference
interval (RI) verification methods, especially if there is a
large overlap between pathological and non-pathological
results.

To alleviate this problem, we hypothesized that statis-
tical learning methods for distribution mixture modelling
should provide indications of the existence of strongly
overlapping clusters and thus enable better estimation of
reference intervals. Among the various solutions available
in the R environment [5], we chose the mclust package [6]
because it is able to automatically predict the best Gaussian
mixture model for laboratory data. The key question is
whether mathematically motivated fitting would lead to
medically plausible models.
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Materials and methods
Data

In this study, we use both simulated and real-world labora-
tory data for establishing and validating our methodological
approach. We create synthetic mixtures of normally
distributed random samples with known reference limits by
calculating the means and the standard deviations of the
respective distributions from their 0.025 and 0.975 quantiles:

mean = (q 5 + qo.975)/2

sd = (o975 — Go02s)/3-92

For lognormal distributions the same equations are
applied to the logarithms of the quantiles.

Retrospective real-world data are retrieved from the
laboratory information systems of Synlab Nigeria and the
German Heart Center Munich. Ethical approval for the use
of routine laboratory data has been approved by the
National Health Research Ethics Committee (NHREC) in
Nigeria (19/12/2008a; Health Research Committee assigned
number: ADM/DSCST/HREC/APP/6420) and an ethics vote in
respect of the use of routine data for quality control is given
by the Technical University Munich (10/21 S-KH).

Data preparation

The data sets are filtered so that only the first (i.e. the oldest)
value per patient is included in the analysis [7]. Apart
from value, age and sex, the evaluation records do not
contain any personal information about the patients. The
Nigerian study encompasses 26,779 adult female out-
patients (18-75 years of age) with no preselection by diag-
nosis, whereas the German study is conducted with 8,799
hospitalized men aged 55-80 years with a history of cardiac
diseases such as heart failure or myocardial infarction.
Patients with highly pathological values (hemoglobin <5
and >20 g/dL, CK>500 U/L) are excluded from this study to
make the graphics easier to read. Values far outside the
reference interval under consideration are removed by the
standard procedures anyway and therefore do not influ-
ence the results.

Methods

To estimate reference limits with standard statistical
methods, we apply the R packages reflimR [8] and refineR [9],
and for the mixture deconvolution approach described here,
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we use the R package mclust [6]. In their simplest version, all
three methods can be called with a single line of code,
namely reflim(x), findRI(x) or Mclust(x) where x represents
quantitative laboratory results to be analyzed for RI
verification.

Theoretical part

The application of the new method is based on the assumption
that distributions of laboratory values measured in healthy
reference individuals are either symmetric or right-skewed
and can be modeled either by a normal or a lognormal dis-
tribution [1, 10]. Left-skewed distributions are assumed to
represent a mixture of normal distributions with a notable
proportion of slightly decreased values.

The first group of analytes mainly includes blood con-
stituents such as hemoglobin, sodium, albumin or glucose
that fulfill a physiological function in blood and are there-
fore strictly controlled by the organism. The second group of
analytes is much larger and comprises substances such as
metabolites (e.g. bilirubin, creatinine) or compounds from
damaged cells (e.g. ALT, CK), which are released into the
blood stream without having a specific function there.

The distribution of values measured in the context of
patient care is complex, due to the overlap of physiological
and pathological processes. This forms the basis of our
hypothesis that such distributions can be modeled by several
overlapping normal (Gaussian) or lognormal distributions.
If this assumption is correct, one of the distributions iden-
tified by the algorithm should reflect the healthy reference
cohort, while the others represent patient cohorts, which
have no significance for the verification of reference
intervals.

The challenge of the new approach is visualized in
Figure 1. It shows a mixture of simulated hemoglobin values
resembling those measured in a population with a high
prevalence of anemia. The dataset contains 500 normally
distributed values with a target reference interval of
12-16 g/dL for women [11]. Another 500 values are composed
of various normally distributed fractions with lower target
values resulting in a seemingly homogenous left-skew of the
total density curve. Compared to the expected limits, the
reference interval estimated with indirect methods is too
wide and shifted to the left (reflimR: 9.7-16.3 g/, refineR:
10.9-15.9 g/dL).

The crucial question is whether the machine learning
algorithm can define a mixture of Gaussian distributions,
which explains the left-skewed density curve mathemati-
cally and at the same time gives a medical explanation, why
the standard methods yield incorrect reference intervals.
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Figure 1: Distribution of hemoglobin (HGB) with expected and estimated
reference limits with reflimR.

The mclust package used in this study is a popular and
very powerful tool for model-based clustering, classification,
and density estimation [6]. It generates Gaussian finite
mixture models by fitting a range of distributions to the
underlying data. The likelihood of an initial fit based on
hierarchical clustering of the data is iteratively increased
using the expectation maximization (EM) algorithm. Its goal
is to find the parameter estimates (mean values and stan-
dard deviations) that maximize the log-likelihood of the
observed data under the Gaussian mixture model. To this
end, the two steps (expectation and maximization) are
repeated until convergence, i.e. until the parameter esti-
mates stabilize and the change in the log-likelihood becomes
negligible [6].

The optimal number of clusters with either equal or
variable variance is identified by the Bayesian Information
Criterion (BIC)

BIC = log(L)-0.5-p- log(n)

where log(L) is the log-likelihood of the model given the data
x [6], p is the number of parameters in the model and n is the
number of data points (measurements). A higher log-
likelihood indicates better fit, whereas a higher number of
parameters and/or data points reduces the BIC in the sense
of a penalty term to avoid overfitting.

The model with the highest BIC value is selected auto-
matically because it usually indicates the best trade-off
between model fit and complexity. However, the arguments
G and modelNames of the Mclust function can be changed
manually if the investigator feels that a model with lower
BIC fulfills medical assumptions better. For example, the
function call Mclust (data=x, G=3, modelNames=“V”) will
create a model of x with three clusters of variable variances
(model V3).
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Figure 2: BIC values for a total of 18 models, nine with equal (E) and nine
with variable (V) variance. The black rectangle outlines models with the
highest Bayesian Information Criterion (BIC) values.

Figure 2 illustrates the BIC analysis for the above
hemoglobin data. Two clusters with either variable (V) or
equal (E) variance, have nearly identical BIC values of —3,987
and -3,990, respectively. However, models with three and
four clusters perform only slightly worse, with BIC values
ranging from -3,999 to —4,005. This indicates that, from a
statistical standpoint, models with three and four clusters fit
almost as well (V3, E3, E4).

Figure 3 compares four top models with two to four
clusters in terms of their shares in percent and reference
limits in g/dL. The algorithm automatically selects model V2
(two clusters with variable standard deviation), reflecting
about equally large pathological and non-pathological frac-
tions. The reference interval of 11.6-16.0 g/dL. comes much
closer to the target values of 12-16 g/dL than those obtained
with reflimR and refineR. Among the other models, V3 and
E4 each contain a fraction with similarly fitting reference
intervals, but E4 splits the non-pathological fraction into two
almost identical clusters. This can be interpreted as a sign of
overfitting.

Results

In the first part of this study, we investigate the question to
what extent the statistical learning method described here is
suitable for explaining unplausible results of the standard
methods when the underlying sample contains a high per-
centage of pathological values. The statistical background of
this choice is that hemoglobin values of healthy individuals
can be modelled Gaussian, and the medical background of
the experiment is the known prevalence of low hemoglobin
results in the sub-Saharan African population [12].
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Figure 4 demonstrates that the hemoglobin concentrations
measured in Nigerian women do not change very much
throughout life so that there is no need for partitioning the
data by age. Compared to the reference limits commonly
used for the Caucasian population (about 12-16 g/dL) [11], the
maximal density of the African measurements (dark region
in Figure 4) is around the lower limit rather than in the
middle of the reference interval for women.

The results of the analysis with reflimR and mclust are
summarized in Figure 5. The reflimR algorithm yields a
reference interval as wide as 8.1-14.5 g/dL. The red bars in
the upper left graphic indicate that the divergence from the
Caucasian target values significantly exceeds the medical
tolerance range [8]. With 8.9-14.2g/dL, the respective

HB (g/dL)

age (yr)

Figure 4: Two-dimensional density plot of hemoglobin values measured
in Nigerian women as a function of age. Horizontal green lines represent
Caucasian reference limits.

(graphic not shown). Application of the mclust algorithm
resolves the overall density into three largely overlapping
clusters with variable standard deviation (model V3) that
support the medical hypothesis of a high proportion of
anemic women in Nigeria. One of these clusters with a share
of about 30 % and a reference interval of 10.5-14.1 g/dl could
represent the healthy female population in Nigeria, while
the other two clusters with proportions of about 20 and 50 %
would correspond to populations with mild and severe
anemia, respectively (see discussion).

Although this suggestion of three clusters sounds plau-
sible from a medical point of view, the BIC values calculated
by the mclust algorithm are very similar for a wide range of
models (Figure 5, bottom left graphic), indicating that from a
statistical point of view other models with two, four or more
clusters fit almost as well. As shown in the bottom right
graphic of Figure 5, in the five-cluster model, mclust splits
the collective of the presumably healthy women into two
almost identical clusters with reference intervals of 9.8-14.2
and 9.7-14.1g/dL. This is a typical case of statistical over-
fitting without substantial gain of information. This finding
makes it clear that mclust’s proposals, which are based on
statistical criteria, are not suitable for making automated
estimates of reference limits.

Creatine kinase

In our second experiment, we want to test whether the
mixture modelling approach can also be applied to skewed
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distributions. As described earlier [10], we assume that the 20 50 150 500 1500 5000 15000 50000

right-skewed distribution of creatine kinase (CK) can be
approximated to a Gaussian distribution by taking loga- —
rithms of the original values. | —r—
Similar to hemoglobin in the previous experiment,
we first ensure that there is no major age dependence for
CK in our study cohort of patients (Figure 6). In contrast to
the hemoglobin study (Figure 4), the majority of the CK
values (dark region in Figure 6) is within the reference
limits of 39-308 U/L specified by the assay manufacturer.
Figure 7 confirms our assumption that the right-skewed delta = 0.221
distribution of the original CK values (black curve, quartile | | | | ] |
0 100 200 300 400 500
uiL
men
§ - Figure 7: Density curves and boxplots for the original creatine kinase
(CK) values (black) and their logarithms (blue) and corresponding
5 g > skewness delta.
3 o
¥ | -
° skewness of 0.224) can be modelled lognormal. The log-
o transformed values show a quite symmetric density curve
' ' ' and boxplot, with a quartile skewness of 0.003. The skewness
% %0 ® delta of 0.221 is above the threshold of 0.05 [10] thus indi-
age (yr) cating that the logarithms of CK values can be modelled by a
. ) . ) o Gaussian distribution. Consequently, we apply the Mclust
Figure 6: Two-dlmensilonal density plt?ts .of reaI-\{vorId creatine kllnase function to the logarithms of CK.
(CK) values measured in German hospitalized patients as a function of

age. The green lines indicate the target values provided by the assay

Figure 8 shows the results of the reference interval
manufacturer (2.5th and 97.5th percentiles for healthy men).

estimation for CK under these assumptions. The reflimR
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algorithm assumes 99.5 % unsuspicious CK values and esti-
mates an interval of 29-391 U/L. The corresponding results of
the refineR algorithm are 28-289 U/L with 91.3 % unsuspi-
cious values. The reflimR interval deviates markedly from
the specifications of the manufacturer. It is too wide and
shifted towards the side of the pathological values. The
reason is that only 0.5 % of all CK values are assumed to be
pathological. The refineR algorithm provides a better esti-
mate of the reference interval because it assumes 8.7 %
pathological values.

The mclust algorithm automatically decomposes the
overall density curve into five lognormally distributed
clusters, three of which fall into the target reference interval.
Since none of them confirms the limits specified by the
manufacturer, we take a closer look at the model perfor-
mance of the mclust analysis. With BIC values of —17,905
and 17,898, respectively, the three-cluster and five-cluster
models perform almost equally well, whereas two-, four- and
six-cluster models come out much less likely (Figure 8, bot-
tom left graphic).

Under medical considerations, the three-cluster model
is the most plausible one: it resolves the overall density
curve into a non-pathological cohort with a share of about
30 % and a reference interval of 19-265 U/L as well as two
pathological cohorts with shares of about 60 and 10 % and
upper limits of 285 and 516 U/L, respectively (Figure 8, bot-
tom right graphic). Although the specified reference interval

(BIC) values (bottom left).

0f39-308 U/L is not met exactly in this experiment, the result
is close enough to the target values to confirm our assump-
tion that the Mclust function can be successfully applied to
the logarithms of right-skewed distributions.

Discussion

The idea for the Gaussian mixture modelling method
presented here came up in 2009, when a team of French
veterinarians proposed to split a composite distribution
of routinely measured laboratory values into a normal and a
pathological subset [13]. Using an expectation maximization
(EM) method, they determined the probability of each value
to belong to either of the two subsets based on the assump-
tion that the underlying distributions can be modelled as
Box-Cox transformed normal distributions with different
means and variances.

Although this pioneering approach has been mentioned
in some recent reviews [5, 14], it is largely unknown in labo-
ratory medicine, probably because of the complexity of the
underlying mathematics and significant limitations in its
application to distributions with more than two subgroups [5].

In the present work, we show that the R package mclust
simplifies the use of EM methods for Gaussian mixture in a
way that specific problems in laboratory medicine can be
solved when the aforementioned R packages fail. After
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proving the basic feasibility of the approach with simulated
Gaussian distributions (Figures 1-4), we demonstrate its
practical usefulness in two real-life situations where high
proportions of pathological values limit the applicability of
the two standard packages reflimR and refineR.

In the two examples shown in Figures 5 and 8, standard
methods estimate reference limits that are too wide and
shifted to the side of the pathological values. The reason is
that they include too many pathological values in the pre-
sumably normal collective. In both cases, the mclust analysis
suggests only 30 % of all values to belong to the normal
collective. This low proportion overtaxes all indirect
methods for reference interval estimation, which rely on the
assumption that the non-pathological values represent the
majority of all measurements [3-5, 8, 9].

In the haemoglobin experiment, mclust supports the
hypothesis that the lower limit set by the aforementioned
indirect methods is too low. This is due to a mixture of
strongly overlapping normal distributions that cannot be
decomposed. Many African countries suffer from a high
proportion of anemic patients [15], which is also true for
Lagos, Nigeria [16], where this study was conducted. For that
region, Akinbami et al. report a hemoglobin reference
interval as low as 9.9-14.7 g/dL [16], which is in good agree-
ment with one of the fractions identified by the Mclust
function in the present study (10.5-14.1 g/dL). Once again, we
would like to emphasize that mclust is not intended for
automatically estimating plausible reference interval
Instead, it offers different solutions for Gaussian mixture
deconvolution based on high BIC values. From these solu-
tions, a medically plausible explanation can be derived as to
why standard methods struggle with strongly overlapping
distributions. The decision of which model to choose is the
responsibility of the experienced medical professional, not
the software.

There is remarkable disagreement in the literature
about the exact reference limits for hemoglobin, even when
these were determined on relatively homogeneous Cauca-
sian populations [17]. It is therefore even more important not
to uncritically transfer the specifications of Western IVD
manufacturers to other continents [18]. Published reports
are scarce, and the results are divergent [16, 18-20]. With
respect to hemoglobin in Africa, published intervals range
from 81 - 14.2g/dL in rural Western Kenya [19] to
12.5-17.6 g/dL in Asmara, Eritrea. This enormous difference
may be partly due to genetic and nutritional factors in Africa
[12] and partly to the difference in altitude, as Asmara is
located over 2,300 m above sea level. These widely differing
conditions clearly indicate that reference intervals gener-
ated in Caucasians should by no means be regarded as
standard for the rest of the world.
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In our second example, we demonstrate on the one hand
that the mclust can also be applied to skewed distributions
and on the other hand that it can also provide useful results
when indirect methods for reference interval estimation
must be applied to hospitalized patients with a high pro-
portion of pathological values. We chose CK measurements
in a center with a high prevalence of cardiac diseases. Here,
mclust succeeds in splitting the patients into cases with
presumably normal, borderline and distinctly pathological
values.

Similar conditions will be encountered in many routine
situations in everyday medical practice, for example when
estimating reference intervals for point-of-care devices,
on which mainly pathological values are monitored, or in
special departments such as endocrinology where patients
with specific medical issues are examined.

Conclusions

The standard R packages reflimR and refineR are generally
sufficient for estimating reference intervals from the labo-
ratory values of mixed patient collectives, as long as the
proportion of pathological values does not exceed 25 % on
either side of the distribution [8, 9]. However, there are
situations in which this requirement cannot be met. This is
where machine learning with Gaussian Mixture Modeling
[6] can make a valuable contribution to pointing out any
inhomogeneities in the data that are not recognized or
cannot be resolved by the standard methods. In such cases,
mclust can estimate the proportions of the various fractions
and provide at least a rough idea of the correct reference
limits.

The BIC analysis of mclust automatically provides
the model with the best fit to the overall distribution of
measurements. But in many cases, there are several solu-
tions with similarly high BIC values. Therefore, it is highly
recommended to consider the absolute BIC values with
statistical and medical expertise and select the model that
best addresses the practical issue.

In particular, mclust often provides similarly good fits
for distribution mixtures with either equal or different
variance (models E and V). From a medical point of view,
“diseased” vs. “healthy” subpopulations would likely not
have the same variance as they stem from distinct states of
pathophysiology. Therefore, in case of doubt, the decision
should be made in favor of a model with variable variance,
even if this has larger overlaps between the fractions.

This brief discussion shows that Gaussian mixture
models are a valuable addition to standard methods for RI
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verification and should be further explored and improved in
the future.
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