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INTRODUCTION

Exposure and effects models used in risk assessanergenerally characterised by high uncertaintssiting
from: (i) uncertainty of model parameters andlék or uncertainty of input data.

Exposure and effects models require indeed mamnpeters that describe the physical, chemical dogical
behaviour of stressors in the environment (e.gndfiex Factors to biological compartments like vabks,
milk, animals... Degradation and Diffusion rates..Heit potential transformations during human procesu
(e.g. Elimination rates during cooking...) and theghaviour in the human body (e.g. Toxicokinetites). For a
given exposure model as defined by its structueanfrartments and processes), a major source ofutpato
uncertainty arises from the uncertainty of thesg j@rameters. To address this problem, severaladstlike
Weighted Bootstrap approach, Bayesian approach@sQ@AR are developed in the 2-FUN's WP2 (see 2-
FUN'’s Deliverable 2.3).

Exposure models use also input data regarding nfisseons of pollutants from anthropogenic actiiti@.g.
from industrial plants) and/or concentrations afdralous substances in the environment (measurestiarated

in water, air, soil or biological compartments). Wtver, the accurate treatment of such data befoee t
introduction in exposure models is difficult. Indedor many hazardous substances that are reldased
present in the environment at trace or ultra-triseeels, their analytical determination is cost- aedource-
intensive and thus, for many environmental stresstire number of useable data produced by mongtorin
programs remains low. To date, such uncertaint@ge hlgenerally been ignored in exposure assessmagnt,
commonly data on emissions and/or concentrationthénenvironment are (i) either averaged (from gy ve
limited set of data), or (ii) censored or misintetied. The latter is often the case for valueswoele analytical
detection limits, or outliers (i.e. values that sasurprise in relation of the majority of the dety. However, the
occurrence of temporal and/or spatial peaks caof hégh concern for health risks of individuals.€refore, on
one part, when these data are ignored, exposuessasents can lead to under- or over-predictionspbuhe
other part, a single outlier can completely updat tmean and variance of the dataset and lead to
misinterpretations.

The term “statistical methods” is generally undeost as “methods of classical statistics” that arengly
sensitive (in some cases non-robust) with resgestrong data uncertainties and/or outliers fretjyanet in
environmental datasets. More robust methodologiesten needed to improve the ‘upstream’ datarnreat
before their introduction in exposure models, irtipalar to:

» robustly interpret limited sets of data (typicadlylimited set of measurements of a given pollutaran
environmental media);

* include in the data treatment semi-quantitative daich as values below the detection limits;
* incorporate in the data treatment values whickcaremonly censored (e.g. outliers);

- fill data gaps from correlations with environmenfaktors (typically correlation between a well-
monitored pollutant and a bad-monitored pollutaspectively).

Some methods that potentially provide rationale &@mebry-based information for each of these comcret
guestions were tested, compared and discussedeipridsent report. In order to give a wide overvieiw
potential approaches applicable to small samplesgrofigly dispersed data, both robust statisticathods and
an alternative mathematical approach were testddllastrated on different sets of data.

BRIEF DESCRIPTION OF TESTED METHODS

1. Requirementsto data treatment methodsfor HRA

To select some methods able to satisfy needs cotymuet in environmental and health risk assessmanise
pragmatic requirements were previously defined:

1) The methods must be available in the computeriaau,fas a software package;

Date: 18/03/08
D1.4 robust data treatment report v6.doc Security: PP
Page: 4/22



2) The methods must serve to both general and spesals of the HRA:
a) to solve both one-dimensional (marginal) problemd multi-dimensional (MD-) problems;
b) to be efficient in application to small samplegiafa;

c) to be objective, not relying on subjective a prassumptions on features of the data and/or of
observed processes;

d) to not rely on special requirements to ways ofemihg and measuring data like randomness,
independence, stationarity or homogeneity of data;

e) to be applicable to making use of information bdogeéncompletely defined data (low- or up-
censored data, interval data);

f) to respect finiteness of the real world by effi¢ciestimating and using the finite bounds of data
domains;

g) to characterize the data samples not only by theation and scale, but also more completely
by their probability and density distribution fuists.

3) The methods must be robust with respect to “bathl,dahich can be of different nature:
» Outliers (extreme data or data from the non-homegas subsamples),
» Inliers (inner disturbances or noises of data sas)pl

4) Distinguishing between “good” and “bad” data folledvby adequate discrimination and evaluation of
the data quality is a desirable feature of the tta@ment method.

1.1. Selection of methods to be tested

To test computing methods, one needs usable fursctionning on a computer (according to the fir#teda

previously defined in 1.1). However, the way fromidea of a method to such a computerized fundidang.

An algorithm is to be created and converted inppagram. Successful application of the programdsrend on
setting of some parameters. Moreover, some probtédratability and/or reliability of the functionso appear.
The setting and operation problems should be oweeday the method’s author or at least under hisrsugion.

When a user U wants to compare methods of two euthd and A2 without having their authorized progsa
he must try to create his (U’s) program realizatdthe methods. In the case of some negativeteesiihis test,
he will face a risk of being subjected to (may beprounded accusation for biasedness or for a edeg

realization of the Al's or A2’s idea. This is a goreason to compare only authorized methods predes
programs of functions. It is worth mentioning howop is the choice of such functions applicable initthe

famous commercial computing systems in spite ofthendance of the theoretical literature.

It remains thus to rely on the “invisible hand b&tmarket” that the methods accepted by the conafigrc
available data analysis systems are the most reeowfable. This is the reason why methods alreadjabla
under S-PLUSwill be applied below to test and compare severethods.

1.2. Statistical kernel methods available under S-PLUS

The standard probability distributions assumedtatigtics need some parameters to be completeipetif
Their applications are sometimes called “parameatistributions”. This is not quite precise becaa#lenon-
standard methods of estimating the probability dexsity distributions need some parameters, at tkascale
parameter, to be applicable.

Methods getting distributions directly from datee athen called “nonparametric’. The needs of practic
motivated development of such methods among wieltkernel estimates” play an important role.

The idea to apply additively composed kernels (gna prescribed form and located above the indalidata
locations) to estimation of probability density @tions was firstly published by E.ParZelthough new in
statistics, such an idea was previously known @othtical physics and theory of differential eqoasi as the

1 S-PLUS is a registered trademark of Insightful CoBeattle, Washington, USA
2 Parzen E.: On estimation of a probability denifyction and mode, Ann. Math. Statistics 35 (198255-1076.
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method of Green'’s functions and in linear systemety as Duhamel’s or convolution integrals. Howetleere

is an essential difference between the Parzen’stlamdorevious methods related to the form of kexnid
application to physics, e.g. to the problems of diffsision, the kernels’ form was uniquely deterednby the
physical parameters of the gas. In application oh&@mel's integral to e.g. vibration of a stringe tkernel’s
form resulted from mechanical features of the gtrlinlike this, Parzen’s kernels had a relativelyiteary form
constrained only by the requirement of converganceormal distribution in the case of increasing ttumber

of data. Parzen has established such conditionspamgéed the convergence under these conditions. The
principles of the kernel approaches are the folhguwi

If X1, X, ..., Xy ~ f IS @an independent and identically distribuieidd.) sample of a random variable, then the
kernel density approximation of its probability dég function is:

f (X) :I\TSZK(X—KJ

S

whereK is a kernel function and is the bandwidth (smoothing parameter). The detextion of a kernel

density function needs thus the definition of tleerlel function and of the bandwidéhThe kernel function must
result in a probability density function, and thtssintegral is one. Besides, the kernel functiosuzes that the
average of the corresponding distribution appros¢imelimit case) that of the sample used.

In S-PLUS, there are four forms of kernel functibns

1,

o GaussianK(x) =ie_EX (the kernel used in Fig.1.).

v 2amn
o Cosine:K(x) :ECO{T_ZT'XJ if |x| <1, else 0.

o Rectangular: K(x)= 1 if [x] < 1, else 0.

o Triangular: K(x) =|1— x| if |x| <1, else 0.

Data of a sample can have different spread, chexiaet by the scale parameter S. Variable x infdhneulae
above can be thus written as XxS, where X is tha ilam’s value. Scale parameter thus determire&emel’s
width (the bandwidth of the smoothing).

The form of kernel density can lead to functioneganting a variable number of modes accordingedénnel
function andwidth selected for the analysis. The only kernel defiaad differentiable over the entire interval
from 0 through infinity is the Gaussian. Its apgtion to the sample of seven real data is showrigrl. for
different values of the parameigidth.

Application of all the kernels available in S-PLUS the same data sample with the default width is
demonstrated in Fig.2.

A certain problem is that the number of kernelshie satisfying the Parzen’s conditions is infirdated there is
no recommendation related to the optimum form. Arusas to choose the kernel's form on his respditgjb
without a hint of an optimization principle.

In S-PLUS, the user has also to choose not onlyfdira of the kernel but also its width. There ao#dwing
recommendations given with respect to the parametith of the window:

This may be a numeric value, a function to applx.tevhich returns a bandwidth, or a character

string specifying, which built-in bandwidth methoduse. Available bandwidth methods are histogram
bin (hb), normal reference density (nrd), biasessrvalidation (bcv), unbiased cross-validation

(ucv), and Sheather & Jones pilot estimation ofivdgives (sj). The standard error of a Gaussian
window is width/4. For the other windows, widthtli® width of the interval on which the window is

non-zero.

3 Venables, W.N. and Ripley, B.D. (199pdern Applied Statistics with S-PLUSecond Edition. Springer-Verlag.
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Figure 2 Kernel estimates of density function for logarithmic data

1.3. Robust estimation of the regression models

To fill data gaps from relationships with environmted factors, it is classical in HRA to use regir@ssnodels.
However, in the presence of outliers (as in martg damples used in HRA), ‘classical’ least squastsnation
can be biased and are not robust. As in many daisegrecisely the outliers that are of interesy( peaks in the
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emissions or concentrations of pollutants in thérenment), robust methods, using alternative estir® of the
error of the regression, are needed.

S-PLUS system makes robust statistical modeldablai of the M-type by means of the functioeg, which
calls several auxiliary functions. The name of thethod reminds the powerful statistical method akimum
likelihood, which can be here generalized to othexximum-likelihood type’ estimators.

The routinerreg uses iterative Reweighed Least Squares methogpmemate the robust fit, with residuals
from the current fit passed through a weightingcfion to give weights for the next iteration. Thare several
possible weighting functions, and the user is freereate own function. Theeightfunctions (frequently called
influence functions) that are available axet.andrews , wt.bisquare , wt.cauchy , wt.fair hampel , wt.huber ,
wt.logistic , wt.median , wt.talworth , wt.welscBame of the names of weighting functions remindpealities
of their famous authors, who not only published angthods but also recommended values of some funisti
parameters.

The weight is a positive number usually less or equal to dapendent on the error of an equation of the
equation system in the current iteration. The weiglyiven to the equation to decrease its impacthe result.
The forms of the weighting functions are based ames statistical assumptions related to the datarfes All
weighting functions have the form af = f(resid)whereresidis a vector of residues/equation errors normalized
by the scale parametscale = median(abs(resid))/0.6745.

There are only five continuous and differentiableight functions among ten mentioned statisticalsoréve
non-differentiable functions are shown in Fig.3.eTtlassical (OLS, Ordinary Least Squares) methodhbea
considered as a special case applying fixed weghe&jualing one.

WEIGHTING FUNCTIONS WITH AN EDGE
Robust regression (lterated Least Sq.)
1.2
Weighting
functions:
= 1
.0
“6 —_—
=)
8-0-8 wt.fair
]
E=
L0s6 wt.talworth
c
a
=
3’04 wt.hampel
= 0.
2
Q
wt.huber
= 0.2
wt.median
0
-3 -2 -1 0 1 2 3
Equation’s normalized error

Figure 3: Five non-differentiable influence functions oétlobust statistics

Three of these (wt.talworth, wt.hampel and wt.hlilagaply the full weight 1 to equations, the errbmdnich is
within a fixed interval. This introduces an artifica priori discrimination of data into “perfecthd “imperfect”.

Method wt.mediancompensates the influence of the worse data bingjithe weight of 1/|error| to the data
having a small absolute error.

Methodwt.fair also has a singularity for a zero error. Howetxgo, points are worth mentioning:
a) The rate of decreasing the weight of this methazkess that of all others statistical methods alvkgla
in S-PLUS;
b) Just this method gave the best results of thedestdistical methods.

Effects of the continuous influence functions dfuset statistics are shown in Fig.4.
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Functionswt.andrewsandwt.bisquarecoincide; they are marked by the red line andicarmarks in Fig.4. All
the demonstrated continuous functions have a ficuterature for all data errors and differ only e tlocal
forms and especially by the drop of the weight.

CONTINUOUS WEIGHTING FUNCTIONS

Robust regression (lterated Least Sq.)

Weighting
1 functions:
c -
.0
=]
z 08 wt.andrews
g -
(]
< 0.6 wt.bisquare
ge) —
c
g wt.cauchy
©0.4 -
=
=) wt.logistic
Q
=0.2 :
‘---- | —
0 wt.gnostic

Equatlon s normallzed error

Figure 4: Continuous influence functions of rokststistics and of mathematical gnostics

An alternative weighting function based on the gicagpproach described below is also shown in Figs4form
was theoretically proved and published in the paper

1.4. Robust correlation methods available under S-PLUS

Correlation coefficients play an important rolesiatistics especially in connection with lineamat&ns between
variables. Quality of estimates of correlation neas is a limiting factor in tasks like regressiproblem,

principal component analysis, factor analysis aisgramination analysis. They also can be appliedhtticate

that a certain similarity or even causal relatioiists between variables or data samples. Howe\assical

(Pearson’s) estimates are unrobust because thdyaaesl on unrobust statistics (the first and setaistical

moments). Moreover, their application and testisguanes the Gaussian distribution of data.

Robust statistical alternatives to classical catiehs were found among nonparametric (distribufier)
methods. Two of such methods are available in S®ldystem represented by the functicor.test. By
choosing a parameter of this function, one canuastalone of three versions of correlation coeffitseand test
the coefficient’s value statistically:

1) Pearson’s (classical) correlation coefficient,
2) Spearman’s rank correlation coefficient,
3) Kendall's rank correlation coefficient.

Unlike the classical methods, the nonparametrichodg can be applied without some rigid assumptiorgata
models and not only to metrical (measurable) gtiastibut also to rank data subjected only to ander

4 Kovanic P.: A New Theoretical and Algorithmical Bagor Estimation, Identification and Control, Amatica22, No.6
(1986), 657-674
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1.5. An alternative method available under S-PLUS: tladhmmatical Gnostics

The gnostic theory of uncertainty in individual @aand small data samples was created in Czechéslova
Academy of Sciences and published in a seriesretthapersalready in 1984. Presentation at the IX-th IFAC
(International Federation of Automatic Control).goess resulted in an invitation to publish thevaboited
paper in the official IFAC journal. A brief introdtion into the approach follows.

Data uncertainty can be seen as a distance ofdteei®m’s observed value from the true one with sign
showing the direction of the deviation. Way of meawy distances is thus a matter of geometry.

To measure data uncertainty manifested by datasgrotassical statistics applies the Euclidean gggm
Unlike this, the robust statistical theory (e.gtraducing some ‘“influence functions” in its M-esttes
mentioned in 1.5) gives different weights to eletaeaf data errors in different points of the dgtace. This is
equivalent to application of a geometry of the Ra@mian type.

The problem of geometry is in Gnostic theoryimdividual uncertain data solved by the mathematical line of
reasoning based on the first axiom, which assurhasthe data item resulted from a proper measuring
counting procedure. (“Proper” means “consistendtisfying the conditions formulated by the measwerin
theory developing already since von Helmholtz’séfimUnlike the measurement theory assuming an icese
of no uncertainty, Gnostic model considers the ttage data as points of a bi-dimensional plane, rehtee
image of an observed data item is driven by itsediain component along a path, the form of whicprizved
and shown to have extreme features of the Minkaawvskircle. Nonlinear formulae of data error ancada¢ight
are attached to the points of the path. This pathrtwal movement from the true to observed dathu® is the
model ofquantification (of the measuring or counting process). The wagpdimum estimation of the true data
value (theestimation path) is then found so to minimize the effecttof tincertainty. Models of quantification
and estimation enable the formulae of entropy,rmftion and probability of the individual data item be
derived. An equation of mutual entropy-to-inforneaticonversion is also proved.

To apply the theory of individual data to tlsamples of uncertain data, the problem ofuncertainty
composition law has to be solved. This is done by the second axidmiike statistics, which composes data
(and their products and squares) additively, adgeliiomposition of other nonlinear functions of deteors and
weights is accepted. The formulae valid for thaéngstion process differ from those of the quantifica. A
different kind of robustness result for composedaddhe estimating formulae ensure the robustnetis w
respect tooutlying data, while their quantifying versions are robusthwespect toinliers such as inner
disturbances or noise of the data sarhple

The formula of probability density of an individuddta item can be viewed as a Parzen’s kernel. Menvéhe
form of this kernel is uniquely determined by theedry. To compose individual uncertain data to get
characteristics of a sample of uncertain data ihemaatically proved to be of two complementary kind

A) Additive composition of kernels producing the sdiehlocal distribution function.
B) Normalized additive composition of kernels resgtin global distribution function.

In dependence on the required kind of robustnedsarthe type of estimating or quantifying formubgaplied,
four distribution functions can be obtained:

Theestimatingocal distribution function (ELDF) is universally appdible to all data samples. It is very flexible;
it can fit arbitrarily spread dafa by setting its suitable scale parameter. Thecehof the scale parameter is
dependent on the task. This is essentially a smaptbperation. Inevitably there is a trade-off beéw bias in
the estimate and the estimate's variability: |ssgale parameters will produce smooth estimatesntagt hide
local features of the density. It is similar to thecision on resolution power of an optical insteutn to observe
stars, one needs a telescope, to see structunmaftar, a microscope is applied.

5 Kovanic P.: Gnostical Theory of Individual Dat&#roblems of Control and Information Theory 13 (198%)259-274.
Kovanic P.: Gnostical Theory of Small Samples ofIR¥ata, Problems of Control and Information TheoBy(1984), 5,
303-319. Kovanic P.: On Relations between Infornmatomd Physics, Problems of Control and Informatidwedry 13
(1984), 6, 383-399

5 Helmholtz H.von, Zaehlen und Messen erkenntniesititisch betrachtet, in Philosophische Aufsaetdaakl Zeller
gewidmet, Leipzig (1887), s,17-52.

” An example: “normal” (good) products have sizesiattng from the norm only slightly and a qualitys@ssment control
does not undertake any actions with respect to .th#wever, it must react when a deviation excebdgdlerance. Such
a system should be robust with respect to inlyiagnd increasingly sensitive to the “outliers”.

8 Data samples including both outliers and inliersvall as composed of several homogeneous subsample
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The estimating globalistribution function (EGDF) provides unique estimate of the probability distribution
function and its density in application to a homugegus data sample because its three parametets (sca
parameter and the lower (LB) and upper (UB) bouwrfdbe data support) are estimated automaticalteuthe
condition of the best fit of the Empirical Distritoan Function. This optimal estimation is robusthwiespect to
outliers. The EGDF is unimodal when applied to anbgeneous data sample. Appearance of another mode
signals the data sample’s non-homogeneity. Thigifeaenables reliable homogeneity test to be peedr To
estimate the EGDF, only data are needed.

The quantifyingversions (QLDF and QGDF) of both distribution funaot differ from the estimating ones by
their robustness: they suppress inliers and ppefepheral data..

The choice of the kind and type of the distributfanction depends on the formulation of the tasla global
view on the data sample, uniqueness of the didiob's parameters and testing the data’s homoggerigit
required, the EGDF is applied. To show the strictfra non-homogeneous data sample, ELDF is tosbd u
with a scale parameter corresponding to the reduiesolution power of the analysis. If the robustaith
respect to inliers is asked, the QGDF and QLDFlmampplied. A preliminary version of the Gnosti¢tsare
supported by the S-PLUS package along with a @etadiuide exisfs Its first (introductory) part is submitted as
an Appendix to this report.

Gnostic solution of the regression problem is adsailable by using the Weighted Least Squares mdetho
mentioned above with the Gnostic version of thegiiing function shown in Fig.4, the form of whiclasv
theoretically proved to be optimal.

The third class of tasks subjected to tests, agetation, also has its Gnostic solution worttbéomentioned in
some detail: statistical definition of the corr@at coefficient is based on deviations of the deg¢gtor's
components from their mean. These represent datarsé measured by application of the Euclideanngety.
Mean product of such error vectors are then nomedliby products of their Euclidean lengths. Unlikis,

Gnostic evaluation of an relative error (data utaiety) of a true positive data valué, observed as a positive
Z applies a quantitis calledestimatingirrelevance:

_ (vq-Q _ (2/9)
h= (l/Q+Q) whereQ = (ZLO)

and whereSis a scale parameter. (Data, that can be negatizero, must be transformed onto the interval of
positive numbers before substitution into the folaey Irrelevance has thus values between -1 an@dngl
equals zero for a precise data itBnTheestimatiorweight wis related with the irrelevance by the formula

w=-/1-h?
while probabilityp of the data item to have value less or equal i®
p=(-h)/2.

Gnostic correlation coefficient is then determiriadthe same way like the statistical one but indteé the

Euclidean data error, Gnostic errops—% are used. There also are quantifying versionf@fifrelevance and

data weight determined by formulae differing frome testimating ones. They ensure the robustnesssiv@o
that of estimating versions.

A more detailed introduction to Gnostic theory ¢mnfound in the first part of the mentioned Guisighmitted
as an Appendix of this report. Source programs mdsc functions implemented on S-PLUS reveal athds
of the Gnostic algorithms.

Many examples of applications of the Gnostic meshaXist resulting from the long-term experience.
Specifically, solution of different problems of éronmental data analysis can be found in the Galdag with
examples of other application fields. Many examml&applications to the economical and financialpems
have been published in bod%and were also addressed in the yet unpublishekf-boo

® Kovanic, P.: Guide to Gnostic Analysis of UncamtBiata, Institute of Public Health, Ostrava, Czecp.R@008), 439 pp.

10 Kovanicova D., Kovanic P.: Treasures hiddenctoantancy (in Czech), Part Il.: "Financial statet@ralysis”, Polygon,
Prague: 1-st edition (1995), ISBN 80-85967-07-03) p., 2-nd edition (1996), ISBN 80-85967-07-3, 3D, 3-rd
edition (1997), ISBN 80-85967-56-1, 303 pp., 4-titied (1999), ISBN 80-85967-88-X, 303 pp.
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TESTSON TYPICAL CASESMET IN RISK ASSESSMENTS

The selection of relevant input data and of thatartainty can be classically difficult becauseha structure of
the dataset available. The following problems cateed be met:

» the number of data is very low (typically less tH4)) if monitoring constraints prevents the colieat
of large datasets;

» some data belonging to the dataset are underkedédetection (and can thus be considered as sem
guantitative/censored data);

» some peripheral data (outliers) can decrease thestoess of the analysis;

» the dataset is composed of well-monitored and baudipitored pollutants respectively, and suspected
correlations between both could improve the knogtedbout the latter ones.

Some examples are presented for each of these gagea comparison of methods previously described

1. Limited set of homogeneous data

To test and compare the probability density esionamethods, data from the Czech national monitpoih
Permanent Organic Pollutants can be used, spdhifisammary concentrations of PCDD/F shown in Tab.

Table 1: Concentrations of sums of PCDD/F in Czech andawian rivers (ng/l) in 2000

Code | Sum (PCDD/F)
4468 | 0.000688
4469 | 0.000610
4470 | 0.00253

4471 | 0.0183
4472 | 0.1052
4473 | 0.0228

4474 | 0.00503

Locations of the measurements were identified leycthde in the first column of the table.

Application of the statistical kernel estimationthoels

Kernel estimates of the probability density funooobtained by application of four statistical noeth
described in 1.4 are shown in Fig.5 for the defaalues of the parametaridth. Concentrations are positive
numbers but kernels applied to their measured sapertly reach the negative interval. A more réialis
representation can be obtained by application ef kirnel method to logarithmic data values, as was
demonstrated in Fig.2.

Kovanicova D., Kovanic P.: Treasures hidden imaotancy (in Czech), Part Ill.: "Financial contrdltbe growth rate of
a firm", Polygon, Prague, 1-st edition (1996), ISBBI85967-35-9, 280 pp., 2-nd edition (1997), ISBN85®67-58-8,
280 pp.

1 Kovanic P., Humber M.B.: The Economics of Inforroati Mathematical Gnostics for Data Analysis, unfalited, 728 pp.
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The Sum of PCDDI/F in Rivers
Probability density f-s by 4 methods
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Figure5: Statistical estimates of probability density ftions

Gnostic global probability and density function

Gnostic global and local distribution functions (BE&and ELDF) are in Fig.6 and Fig.7.

The Sum of PCDD/F in Rivers

Gnostic probab. and density functions
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Figure 6: Global distribution function EGDF and its dengitiythe summary PCDD/F

The same data were used, but instead of their sialhe middle points of the steps of the Empirigetribution
Function (EDF) are shown by yellow marks becauseBBDF is optimized to be the best fit of this EBffer
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estimation of the both bounds and of the scale rpeter, the algorithm computes the probability dgnsi
function defined as logarithrriicderivative of the probability function.

Bounds of the data support LB and UB estimated bgima of the EGDF's algorithm are also shown.

The Sum of PCDDI/F in Rivers
Gnostic local d.f. of probability
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S=2 s=1 $=0.5 $=0.15 Empir.d.f. Data bounds

Figure7: Local distributions (ELDF) with different scalammeter (S).

The Sum of PCDDJ/F in Rivers
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Figure 8: Distributions of the probability density (ELDF)itww different scale parameter (S).

It is seen in Fig.6 that the EGDF is rigid enoughnot adapt its form to individual data deviatimgrh the
smooth data fit. A filtering effect onto the dataat do not follow the general form of the distribut is

12 | ogarithmic derivative is used to ensure consistenf the density form with the logarithmic x-aipplied.
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exhibited. Unlike this, the local distribution ELBFlexibility is controlled by the scale paramésevalue to
reveal all required details of the data sampleaiscstire. Decreasing of the parameter S resultgminghing the
vertical distances of the probability function frahe yellow marks in Fig.8 and making the “Gno&genels” in
Fig.8 narrower.

2. Dataset containing semi-quantitative data (lower than the detection limit)

Data applied for the test of treatment of the datasured below the Limit of Detection (LOD) (thmv-
censored dataoriginated in a survey made by the team of théiodal Institute of Public Health, Prague,
Charles University, Prague and Institute of Publiéalth, Ostrava. Analysis of results were published

Eighty measuring of the 2378-TCDD within this stuggulted in 17 ‘properly’ measured values whileré8ults
appeared to be below the LOD. Results of the tespeesented in Fig.9 in the form of four EGDFs pated
under the accepted assumptions.

The goal of the test is to compare four methodseadting this mixture of ‘proper’ and low-censowdata:
1) To take into account only the ‘proper’ data anéytmre the censored ones;
2) To assume that the censored data had values eqihal LOD;
3) To assume that the censored data had values e LOD/2;
4) To apply the gnostic EGDF capable to make use tif ipooper’ and censored data.

Probability density functions corresponding to Bigre in Fig.10.

CENSORED DATA (2378TCDD)
63 LCD (below the LOD) from 80 data
1 : : j | :
QMEDIANS ... Probabili
0.8 T e S
2o O R B S
=
8
o 0.4 e 2 e e e
-
0. e s H S
0
-0.4 -0.2 0 0.2 0.4 0.6 0.8 1
Decim.log. of 2378TCDD's pg TEQ/g fat
— AII 80, 63 as LCD Only 17 data> LOD —— LCD =LOD LCD =LOD/2
‘ LB, UB ... the Bounds of the Data Support LOD ... the Limit of Detection LCD ... Low-censored Data ‘

Figure 9: Probability distributions of results of four appches to low-censored data

13 Cerna, M. et al., Levels of PCDDs, PCDFs, and PCBsénbibod of the of the non-occupationally exposesidents
living in the vicinity of a chemical plant in the €zh Republic, Chemosphere, Vol 67, Issue 9, 2382244,

doi:10.1016/j.chemosphere.2006.05.104
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CENSORED DATA (2378TCDD)
63 LCD (below the LOD) from 80 data
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‘ LB, UB ... the Bounds of the Data Support LOD ... the Limit of Detection LCD ... Low-censored Data

Figure 10: Density distributions of results of four approastio low-censored data

3. Dataset containing outliersor up-censored data

The fundamental problem of outliers is their reddgn: what value has the bound of the “proper” ajat
exceeding of which by a data sample’s item is tadrgsidered as outlying?

In the most fundamental case of occurrence of suptoblem, in the theory of mathematical sets,nibtgon of

the membership problens applied: is an object x a “member” of the seinXhe sense of k1 X? The classical
set theory considers this problem as “primitiveephe. “everyone knows if x belongs to X or ndthlike this,

the fuzzy set theory introduces the notion of tremmbership function to quantify a degree of membprbl a

number. Another approach is used in statistics, in.quality assessment practice: the size (orrothermed”

guantitative characteristic of a product) is arlieuif it deviates from the mean value more thamkltiple of

the standard deviation of the “normal” productsl. thAtee mentioned approaches are based more oactivbj
judgement than on facts (data). Moreover, meanegatund standard deviations have a good sensearrdpiine
special probability distributions of data to attdlb probability to the data value.

Unlike this, the membership problem is solved ualgun Gnostics by using the notion of

data sample’s homogeneitya data item is an outlier if its inclusion infeethomogeneous sub-sample of the
data makes this sub-sample non-homogeneous.

An example can illustrate the problem (Fig.11):

Concentrations of emissions of pollutants were taoed in a Czech city in 1999. There are three dewhown
in Fig.11 enabling to classify the data as “norm@l™outliers”. (“Normal” means “usual”’, not Gauasiin this
connection.) The Gnostic bound determined 5 ousthieile 2STD were exceeded four times and the &ty
used deviation 3STD was exceeded only once. Corsegs of the subjectivity of setting the multigicof
STD are obvious here. Unlike this, the value of UB&s obtained objectively and uniquely, by datalysis
This corresponds to the idea “Let data speak famtelves”.

14 A data sample is considered homogeneous in Gsostien its probability density of the “bell” formaé only one
maximum or if its density of the U-form has two rima&. This test is robust due to the robustneshe&GDF.
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Time Series of PCB28-31
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Figure 11: Comparison of the Gnostic upper membership bal®B with two statistical ones

A remark is worth to be added on the up-censordd. dehese are defined as exceeding the LOR (Lifnit o
Range). It is easy to see that they might be aathkes well as the “proper” data: try to measurevbliéage at
home (e.g.220V) by a voltmeter the range of whicbrly 100V. The measured value (full scale) willyosay
that the voltage in the plug exceeds 100V. Howesach information can be of fundamental importaimce
environmental monitoring. The significance of propgeeatment of up-censored data lies its capabtiity
determinehat the LOR was exceeded but also to estirhate far the quantity reached.

4. Testsof regression methods

Data for the MD-test also originated in the sureégd in connection with the 2378TCDD.

In 2003, concentrations of altogether 17 PCDD/Fsgeners and 12 non-ortho and mono-ortho dioxin-like
PCBs were measured in the blood of 60 randomlyctsdeadults who lived in three settlements surrcuna
chemical plant that had been producing chlorinékexdbicides (mainly HCHs, HCB, pentachlorophenold,32

T) in the 1960’s; subjects consuming home-produaeitnal foods were chosen. Twenty blood donors with
similar characteristics from the locality with alb&é km distance were used as control subjects fadters that
influenced the dioxin levels were investigated ba basis of a questionnaire. The aim of the study tw find
out whether the residents living in the surroundinfithe chemical plant were at a greater expasskehan the
controls. To calculate TEQ values, WHO-TEFs weredusThe concentrations of four PCDD and six PCDF
congeners were below the LOD in more than 50% wipdes.

To reach the goal of the survey, classical staistuch as means, medians and standard deviatieres w
determined in the cited report. Instead, robusttirditnensional regression models will be appliedobeto
analyze impact of some quantitatively determinedabdes onto the accumulation of POPs in peoplee Th
dependent variables will be the total value of a8ypants found in blood of the individual persangantified in
pg TEQ/g fat. This variable will be denoted TotP@Re explanatory variables will be the following:

» Constant: “Intercept” (the part unexplained by thedet).

e X1 “Age” (years).

e X2 “Distance” (distance between the chemical ptart permanent residence in km).
e X3 “Alcohol” (grams of 100% alcohol consumed in@iar beer per a week).

o x4 “HealthSt” (sum of number of diagnoses and roadients permanently taken).

e x5 “BMI” (Body Mass Index in kg/m?).

e X6: “Smoking” (number of cigarettes smoked per @&kye

The regression model will include the explanataayiables linearly; only the distance will influenitee TotPOP
in a quadratic way, because this results in a bettelel than the linear form.
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All the eleven robust methods with their weightifighctions depicted in Fig.3 and Fig.4 were tested i
application to these MD-data along with the gnostmighting and with the classical (OLS, Ordinaryake
Squares) method, which can be considered as aaspase applying fixed weights all equaling one.

Results of the test are summarized in Table 2.

Quality of a multi-dimensional model is used to dugantified by the R-squared. It is a ratio of theiance
explained by the model and total variance. Squaot of the R-squared is known as the “multi-dimenai
correlation coefficient” or as “coefficient of deteination”. The last notion is applied in Tab.2.

Table 2: Results of tests of robust regression methods

Weighting function Cof. of deter mination Weighting function Coef. of deter mination
OLS (all weights 1) 0.701 wt.huber 0.715
wt.andrews FAILED wt.logistic 0.714
wt.bisquare FAILED wt.median FAILED
wt.cauchy 0.716 wt.talworth FAILED
wi.fair 0.824 wt.welsch 0.704
wt.hampel 0.705 wt.gnostic 0.930

5. Tests of correlation coefficients

Data for the comparison of the methods originatethé national monitoring program of the Czech Rdipuof
which is the Institute of Public Health, Ostrava tertified reference laboratory. Fourteen Permia@eganic
Pollutants and four inorganic ones were measuredcamrelations of their concentrations in the eonwinent

analyzed.

Values of correlation coefficients of mercury witte other pollutants evaluated by four methods ioret
above are shown in Fig.12 ordered by the unrolResarson’s) results marked by red color.

PCB180
PCB153

pp-DDE
PCB101
PCB52
pp.DDT
op.DDT
beta.HCH
pp.DDD

PCB28.31

Variable X in cor(Hg, X)

gama.HCH
Arsenic

Cadmium

pcei13s |

op.DDD |8

Pb

CORRELATIONS (Hg, X)

Comparison of Four Methods

alfaHCH |

0.2 -0.1 0 0.1

0.2 0.3 04 0.5 0.6

Correlation Coefficient

. Pearson |:| Kendall . Spearman |:| Gnostics

0.7 0.8

Figure 12: Comparison of four methods for estimation of etation coefficients
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DISCUSSION

1. Probability and density distributions

Statistical density estimates using basic kernels

Statistical kernel estimates using the four typk&ewnel functions programmed in S-PLUS obtainedthoy
function density(...)were shown in Fig.5 for the default value of theapaeterwidth. All four forms of
windows/kernels satisfy the requirement of convecgewith unlimitedly increasing number of data lut
application to finite data samples, the resultieggity function is not smooth and differentiablethinee cases
from four because of the non-smooth form of thenkésr. However, neither the Gauss kernel can bdeapn
the treated positive data directly because theltregulensity function is positive over the unrstiti negative
part of the data support, although concentratisasabvays non-negative. By application of the fimttensity
to data subjected to natural logarithmization, Fig. obtained. The continuous function applying @aussian
form of the kernels is red. It has three maximamtie default value of the parametédth is used. The effect
of different values of this parameter was demotestrén Fig.1.

It can be seen from the examples that there is nuuddjectivity in the described way of estimating th
probability density functions by means of stataitikernels:

1) There is no theoretical proof, which kernel is dpgimal choice from the infinite number of contirusoand
smooth kernels satisfying the Parzen’s convergeanditions;

2) Some of “proper” kernels make the resulting deniihction non-differentiable;

3) In case of outlier(s), the resulting density fuanttan unrealistically (and unrobustly) extend dbenain of
other data;

4) There is no recommendation to the optimality ofgheametewidth desirable for a global representation of
the data structure;

5) Data bounds (bounds of the data support, of theaffowf non-zero density of probability) is not exited
using the data but subjectively given by the ubgrHhis selection of the kernel's form and widthbgr his
setting of the procedure’s parametiecsn andto);

6) There are tasks for which the (cumulative) probgbiflistribution is needed. To obtain this function
integrals of kernels must be composed;

7) There are no tools provided to a direct evaluatibiine quality of fitting the true data distributio
8) Itis not obvious how to define a location paramefahe data sample;

9) Parametewidth is set by the user in an experimental way to fyatequirements to the detailedness of the
insight into the data structure but there is nauaeicriterion to decide if the data sample is hoanegus or
not.

Gnostic probability and density distribution furmis

Application of theglobal distribution function (EGDF) to the same dataraprievious examples is demonstrated
in Fig.6.

Both probability and density functions are estirdagmultaneously because both are needed for differ
applications, for example in testing some hypothe$@e discrete marks in Fig.6 are a direct reptatien of
the treated data. They are placed in the middletpaif the steps of the EDF (Empirical DistributiBanction)
used in statistics. It is known that these poinéswsed by the Kolmogorov-Smirnov statistical tefstitting the
data by a distribution function. In the case of BE@DF, distribution function’s parameters LB, UBda8 are
automatically estimated so to minimize distancesvben the continuous distribution and EDF. The stblyu
estimated bounds LB and UB are also shown in tgard. They offer a fundamental information on the
observed process: concentrations lower then LBexugeding UB are unexpected, estimated probabilidfe
such events are zero.
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To demonstrate features of tloeal distribution function ELDF, Fig.7 and Fig.8 arepéipd. Unlike the rigidity

of the EGDF resulting in an objective and uniquesth data fit, the local distribution function ELEZHows to
make a compromise between a smooth data repraeerdgat revealing the details of the data structérsmall
scale parameter S decreases the distance betveeEhEH and EDF in Fig.7 and makes the relief oflqueaks

of the probability density in Fig.8 more plastichi may remind of the effect of the parametédth in Fig.1.
However, there is a substantial difference betwherforms of kernels, because that of the ELDRé®tetically
proved as the “natural” one resulting from the matwf the uncertainty. This form ensures a smooth
representation of the data distribution due tostieoth link-up of individual kernels.

One of possible aspects of the choice of the quatameter is the number of peaks of the densityaei@ahe
local maximum is shown with S=2 (red line), fourthviS=1 (magenta line), five with S=0.5 (green liae)d
seven with S=0.15 (cyan line). Some edges can &e sp the cyan line, but this is only due to inisidght
number of the drawing points (400), the densitycfion remains to be smooth and differentiable ewdth
small values of S.

Goodness-of-fit of all Gnostic distribution funati® is quantified by evaluation of the distanceshef smooth
representation from the middle points of the EDRefE also is a Gnostic evaluation of the fit: th&ative
amount of information borne by the distribution ¢tion (an information efficiency of the data treatmh
measured in per cents of the all information bdmyn¢he input data). This result along with estinda$s LB, UB,
location and other numeric parameters and disidhugraphs form the output of the Gnostic functions
estimating the distributions.

There also is a disadvantage of the approach: dgimgmess with respect to time of computing causgedhb
necessity of optimization within a three-dimensiospace of S, LB and UB. However, progress of comesu
gradually diminishes this flaw that is compensdtgdanaximization of information obtained.

2. Estimation of distribution functions of incompletely defined (censored) data

Realization of the classical kernel estimation rodtlin S-PLUS does not offer a way of incorporatthg
censored data in the analysis. However, such éafzeially those measured below the sensitivitystiwld of
the measuring) play an important role in environtakcontrol, because (a) they are the most desirabés and
(b) even a low level concentration of a pollutaah decome dangerous due to long-term accumulation i
organisms. Necessity of taking such low concemnatiin account brought analysts to application enfesal
substitutive methods cited in 2.2. Gnostic disttitnu function EGDF enables making use of informatimrne

by the censored data (low- and up-censored onesnégnyal data) owing to its robust estimation bé tdata
support bounds. Comparison of results of the timdect methods with the Gnostic one based on adviiby
distribution functions in Fig.9 and their densitiesFig.10 documents differences between the amges of
orders of magnitude.

The urgency of this problem can be confirmed bytation'® on its another recent “substitutive” solution: to
estimate the concentration of the unmeasurable T@PR0% of measurable PeCDD. This ratio was found a
average for the general population. However, thi®rcannot be accepted as a universal constanér ®alues
can be derived from other surveys.

3. Robust regression models

As results from Tab.2, methodst.andrews wt.bisquareas well aswt.medianand wt.talworth failed in
application to considered data. This is due tdfithiee domain of the weighting functions shown iigB: a large
equation error exceeding a domain’s bound causss@equation weight that is not accepted by tmetfan
minimizing the weighted least error squares.

Methodswt.welschandwt.hampelappeared to be only slightly more robust thanutebust method Ordinary
Least Squares. The rest of methods demonstrat@gness of application of robust methods, especialdlthe
gnostic one that gave the best result.

15 Needham L.L. and all.: Assigning concentrationueal for dioxin and furan congeners in human serunenw
measurements are below limits of detection, Chernerspi7 (2007) 439-447.

Date: 18/03/08
D1.4 robust data treatment report v6.doc Security: PP
Page: 20/22



Mean impacts on the sum of POPs found in bloo@stEt people can be evaluated using the regressidals.
Such values are shown in Fig.13 for the best twthaus (Fair and Gnostic) along with the resultsthaf
unrobust classical OLS.

IMPACTS ON ACCUMULATION OF POPS

Results of robust regression analysis

o]
o

[=2]
o

B
o

N
o

Gnostic

Relative impact on the sum of POPs (%)
o

Intercept Age Distance Alcohol HealthSt. BMI Smoking
Factors

Fig.13: Results achieved by two robust methodsin comparison with the unrobust one

Following conclusions can be inferred from the hessu
1) Application of the unrobust OLS method cannot lnmemended:

A) It yields obviously mistaken sign of the relatioptlveen the health status and accumulation of
pollutants: “the more POPs in blood, the bettetthga

B) The impact of BMI is obviously underestimated, hessincreasing personal weight surely results in
decreased concentration of pollutants.

2) The most important impact exceeding 60% is logyctiiat of the age, because amount of accumulated
pollutions increases with the exposure time.

3) Results of different methods can substantiallyediff

4) The least unexplained component of the amount oP@ organisms and the best value of the
coefficient of determination resulted by the Grnostiethod.

The robust statistical methods available in S-PlwkSe theoretically derived for some classes of dader
some assumptions on their features. However, thal id to have methods not only robust to somesuali
data but also to assumptions on data. It is urst@alio think of a completely assumption-free methiout the
assumptions should be as simple as possible andldke of ‘suitable’ data as broad as possibleidifalof
Gnostic methods is limited by the requirement af flist Gnostic axiom: data must have simple algiebr
features of the Abel's additive or multiplicativeogp to be consistent images of real quantitiehénsense of
the measurement theory. This is what can be siagiiyed as ‘real data’. Such a category is verpabtro
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4. Correlation coefficients

Tests’ results of four methods depicted in Fig.héalde following observations:

1. Classical (unrobust) results tend to overestimgteng correlations while failing in cases of weak
correlations.

2. Robust statistical estimates (Kendall's and Spaats) strongly differ from the classical ones, they also
substantially differ each from the others.

3. Gnostic estimates are in 10 cases from 17 betkeeadall’'s and Spearman’s while being in 14 casesf
17 closer to Spearman’s than to Kendall's ones.

Differences between results of four methods cambentified by calculating mean squared differenbes
between vectors’ components. These are shown ileBab

Table 3.: Comparison of estimating methods for correlation

Methodi | Method | D
Pearson Kendall| 0.049

(—

Pearson| Spearman 0.1f3

Pearson Gnostics 0.171

Kendall | Spearman 0.124
Kendall | Gnostics| 0.122

w N (NP (P
AW (WD

Spearman Gnostics 0.002

Closeness of the Gnostic results to Spearman’shar® confirmed in spite of the quite different tretaal
fundaments of both approaches. Another factor stipioe validity of the Gnostic approach to cottielass: it is
well-known that an important role in estimating frerameters of regression models is played by dhelation
matrix of the explanatory variables. As shown ib:Pathe weighting functions based on the Gnokgoty lead
to the best solution of the regression problem.

CONCLUSIONS

Tests of selected methods for the treatment of diaginated from monitoring programs were performBdth
classical and robust statistical methods were destel compared with an alternative (Gnostic) meti#ddthe
selected methods are available as functions suggbdny the American software package S-PLUS. Faksta
solution of which is frequently needed in the eamimental control, were subjected to tests:

1) Estimation of probability and probability densitigibution functions of a small data sample;

2) Estimation of true data values in case of measuipgrt of data below the detection limit by meaha
robust probability distribution function;

3) Estimation of parameters of a multi-dimensional slaaf impacts of living conditions of peoples orith
accumulation of pollutants;

4) Estimation of correlation coefficients between ptahts.

Summarizing the discussion to all four classe®sffst (3.1 — 3.4), it can be concluded that Gneséthodology
is suitable for application to considered problethgroves useful in robust yielding more infornaatifrom
small samples of uncertain data than the testedremally available statistical methods. Other rod#) such
as fuzzy logic or geostatistical methods exist mght be of use, but fall outside the scope of tlisument.
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