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1 Abstract

The determination othe transfer of undesirable substances and contamindndsn oral
exposure of farm animalsto food of animal origifis essential to human risk assessment and
managementThe aim of this thesiwasto developphysiologicallybased toxicokinetic (PBTK)
models that can be used to predict the concentration of specific contaminants in food of
animal origin, based on the concentration in feed. Three groups of toxins were considered in
the modelling approaches: polglorinated dibenzep-dioxins (PCDDs) and polychlorinated
dibenzofurans (PCDFEsYor short “ioxins; polychlorinated biphenyls (PCBs); and
quinolizidine alkaloids (QAs). As the first two groups, dioxins and PCBs, are quite similar from
a kinetic point olview, they have been evaluated togethemd separately from the QAs.

To gain a better understanding of the current state of research on the transfer of dioxins and
PCBs to cd [ milk, a review of the literature was first compileshd published in two parts

This showed that although many modelling approaches have loeseloped sufficiently
complex models are often based on limited data sets. Therefore, there is still an urgent need
for PBTK models that have been validated withifisient data to accurately predict the
transfer of dioxins and PCBs into milk and tissue. Within the framework of this, tivesiwell
parameerised PBTK models were successfully developed on a broad basis of experimental
measurements. The firgiublishred model is based on data derived from a PCB contamination
incident and describes the distribution of three ndioxinlike (ndl) PCBs in various tissues
and milk of an adult cow during two lactations and one dry period as well as in their calves.
This als includes the transfer of the investigated HICBs from the adult cow to her calf via
placenta and milkOf particular note is the ability of the model to distinguish between
placental transfer and milk transfer through suckhigh 10-14 % of the amouhof congeners

in calvesat slaughter was due to placental transf&everal parameters were derived for risk
assessmenguantifying theses transfer and distribution processes. $heondpublished

model uses data from a feeding study in which dairy cowsewed a mixture of numerous
dioxins and PCBs at different time intervals during their negative energy balance (NEB) and
positive energy balance (PEB) phases to assess the effects of different metabolic states on the
transfer of contaminants into milk. T was done with a threeompartment model that was
parametersed separately for the NEB and PEB phases and reliably predicts the concentration
time (ct) profile of the investigated contaminants in milk and bldbds particularly worth
mentioning that ®sme of the parameters derived here were reported for the first time.
Comparison of the parameters obtained in the different energy balance phases revealed that
the transfer rates of the investigated contaminants are significant higher in the PEB phase
than]v 8Z E % Z ¢ X "Pv](] v8 J((E v « A E o} (}Juv (JE }38
half-lives, but to a much lesser extent.

In the second part of the thesis, the knowledge gained from modelling approaches with
dioxins and PCBs in cows was usedaeetbp a model describing for the first time the transfer
of three ndPCBs from feed into tissues of fattening pigs. The PBTK model was based on a



feeding study in which fattening pigs were fed with4R{LBs contaminated feed at different
stages of theifattening period. The model consists of a liver and a fat compartment, which
allows to describe the concentration of AECBs in the most relevant tissues for the
consumer,i.e., muscle (based on its fat content) and liver. In addition, various transfer
parameters were derived, which allows the quantification of the extent of transfer of these
contaminants to these tissues under realistically changing feeding conditions and animal
growth. The lowest transfer rate was obtained for REBwith 9.57 % and the highest transfer
rate was obtained for PGB53 with 77.2 %.

In the final part of this thesis, QAs in dairy cows wineestigated which are kinetically
completely differentin their behaviourin comparisorto dioxins and PCBQAs are potentially
toxic plant secondary metabolites from lupins, a hgybtein crop.Based on a feeding study

in which dairy cows were fed subsequently with different amounts ofcQ@taining lupins, a
PBTK model was developed to investigate the transfer of QAs into milk and its dose
dependencyAs QAsare eliminated much faster from the body of the cows than dioxins and
PCBs, aspects such as milking time and feeding time had to be taken into accoareth8in
ct-profile of QAs in milk during the depuration showed a biphasic behaviour, a-three
compartment model was developed that induces a biphasic depuration phase in milk. This
made it possible to describe the measured data quite well despite the kgability of the

data points.The size of the experiment and the limited difference between the doses applies
allowed ro conclusiorregardinga possibledosedependent transfer. Several risk assessment
parameters were derived, including transfer ratesging from1.05 % for angustifoline to
2.92 % for isolupanineand r-half-lives ranging from 0.26 d lupanine to 0.28 d
hydroxylupanine However, the very low concentrations covered by thiealf-lives are not
expected to be relevant for risk assessment.

In summary, in thescopeof this work, several PBTK modeisre successfully developed that
describe and quantify the transfer of various contaminants to dairy cows, calves and
fattening pigs To make these models accessible to risk assessorsyithég implemented

in the web tool BfRConTrans.



2 Introduction

The transfer of environmental contaminants anddtscialrole in risk assessment are central
themes in understanding and addressing the multifaceted challenges posed by these
substanceswith potentially negative effects on human healthhe exposuref humans to
environmental contaminants occurs through variqaethways, as these substances traverse
diverse environmental mediums. One such pathway is via the food chain. Subsequently, as
contaminantscanaccumulate in foogporoducing animaland the products derived from them

the complexity of their journey neceasates a thorough investigation into tiremechanisms

and pathways of transfer from thenvironmentvia food pralucing animalsand into the
human food chain Assessingontamination of food of animal origibecomes crucial in
evaluating potential risks thuman health, as the concentration of contaminamtshe food

chain directly impacts the extent of exposure. Therefore, comprehensive studies on the
transfer dynamics, accumulation patterns, and exposure pathways are esfentagkessing

and managingheriskthey pose

Environmental contaminantare a growing concermor nature and humanitysince theycan
causedetrimental effects orthe health oflivingbeings[1]. Contaminantsare defined asany
physical, chemical, biologicalr radiological substance or matter that adversely afeit,
water, soil or living organismf]. They enter the environment either accidentally or
deliberately, often but not always as a result of human activity. Some haga produced
intentionally because fotheir usefulindustrial properties, others are simply byroducts of
industrial activitystill others occumaturally, and theiabundance may or may not be altered
by human activity1-3].

A group of environmeral contaminans that has come into the spotligtdre persistent
organic pollutants (POP$)OPs are organic chemic#isit persist in the environment for a
long time after releae and often acaumulate alongthe food chainuntil they may eventually
reachconcentrations that can have harmful effects on human health and the environment.
They can be transported by air, watepil organism®r migratory species and reach regions
where they have never been produced or us@d6]. Praminent members of this group
include polychlorinated biphenyls (PCB®olychlorinated dibenzep-dioxins (PCDDspnd
polychbrinated dibenzofurans (P®E), Dichlorodiphenyltrichloroethane D7), poly- and
perfluoroalkyl substance@PFAS) and many more (ddéfor a more exhaustive list).

Another important group of undesirable substances with potential negatiadthesffects in
humans are secondary plant and fungal metabolites, such'%tetrahydrocannabinol,
pyrrolizidine alkaloids, mycotoxins and quinolizidine alkaloids ([JR$ome of them can also

be transferred from oral exposure of animals into foods of animal origin, thus becoming an
exposure source for humanfrom the diet. This work is mainly concerned with QAs from
lupins, a crop grown for its high protein conteartd used in dairy cow nutrition

This work focuse®n three groups of substance®CDD/B, PCBsand QAs. Bch ofthese
groupsconsists of several congenanscompoundsvith a common base structure. Congeners



in chemistry are substances related to each other by origin, structure, or function. PCDD/Fs
and PCBs havearying numbers and positions of the chlorine atonitie compounds
belonging to the group of QAshare a quinolizidine structure with various chemical groups
attached.

2.1 Polychlorinated dibenzp-dioxins (PCDDs) and dibenzofurans (PCDFs)

Figurel: General structure qfolychlorinated dibenzp-dioxins (PCDDs) (a) and dibenzofurans (PCDFs) (b).

PCDDs ahPCDFs arsvo groupsof tricyclic aromaticcompoundsgiving rise to 75 and 135
congenersrespectivelyFigurel) [8]. They are als@olloquiallyreferred to asioxins, as will
also be done in this dissertation The most extensively studied member %3,7,8
tetrachlorodibenzep-dioxin (TCDD)t became known as a contaminant in Agent Orange, a
herbicide used in the Vietnam WH], andhas the highest toxicity equivalency factor among
the dioxing[10, 11]

The moststrikingchemical features aflioxinsare their high lipopHicity (log kw>3 )[12] and
high chemicalstability, resulting in longpersistencen the environment This is reflected as
half-lives of severalyearsin soil[13]. Some dbxins are the result athermal processes that
can occur naturally, such as forest fires and volcanic activity. Howevdry mass, most
dioxinswere produced unintentionally as a result of humativity involvingcombustion
processes, such as in industry or waste incinerati@ghl7]. Therefore,the concentrationof
dioxinsin the environment also heavily depends on the geographic locatiath higher
concentrations near irdustrial and urban areasompared to rural areas|[14]. Peak
concentration of dioxins in the atmosphemere foundaround 1970830s, when industries
started reducing their emission of dioxingelto coming into forceof policies regarding flue
gas treatmen{18]. Furthermore, theStockholmconvention on persistent organic pollutants
of 2001[4], which came into effeanh 2004, requires thereduction or prevention of emission
of dioxins into the environment as far asgsible by applying the best availatbdehnologies
This likely caused change in practices, dbat nowadaysthe emission of dioxins from
industrial sources iactuallylower than from norindustrial source$l6, 19] Howevergven
if emission of dioxingould be completely stopped todathey would remain relevant for
human healthfor many decadedue to their persistence in the environment



2.2 Polychlorinated biphenyls (PCBs)

Figure2: General structure of polychlorinated biphenyls (PCBS).

PCBs areoublering structures thatare chlorinated to varying degrees. Depending on the
number and position of chlorine atoms attachemlthe bphenyl structure, 209 different PCB
congeners can be formggigure2) [20]. However not all these congeners can be analytically
guantified at onceso that frequentlyonly a subset of theses analysed In most caseshese
are the 7 indicator PCBs (28, 52, 101, 118, 138, 153 andabh8tthe 12 so called dioxlike
PCBs (77, 81, 105, 114, 118, 123, 126, 156, 157, 167, 169 af2l1189nilar to dioxins, PCBs
also exhibithigh lipophilicity(log kw>3) [12] and longpersistencein the environmeng with
half-lives in soibf several year$22]. The moleculaconformation allows dividing PCBgo
coplanarand nonplanar. Thismolecularfeature strongly correlats with the toxic mode of
actionof each congeneiso that coplanar congeners have dioxin like (dl) action andpianar
ones have nowlioxin like (ndl toxicity. Thisis discussed latein more detail.Unlike dioxins,
PCBsare not natural substancedut were mostly deliberately producedommerciallyfor
their desirable chemical properties such as thermal stability, low water absorptiomamd
combustibility[23-25]. They were produced in large quantities between the 1930s and 1980s
and were commonly useals mixturesnarketed as AroclofMonsantg USA), Clophen (Bayer,
Germany) Phenoclor (Caffaro, Italyr Kanechlor (Kanegafuchi, Jap§2§]. These mixtures
were used in a wide range of product®cluding dielectric fluids in transformers and
capacitors, heat transfer fluids lubricanf] and paint[28]. Due togrowingpublicawareness

of PCBs adverse effects on human health dredr ubiquitous presencén the environment
their production was greatly reduced wovilide in the 1980$29]. In addition, since 2004, the
production of PCBs has been prohibited under the Stockholm Convention on[4#O&s a
result of these efforts, environmentatlease of PCBwas been reduced in recent decadas,
30]. However, due to their psistent nature their use in products thaare still in use today
and their appearance as products[31], they can still be found in the environment aafflect
human health.

2.3 PCBs andioxins in humans

2.3.1 Effect of PCBs anmtibxins on human health

Longterm exposure to dioxins and PCBs can have harmful effects on human Naflh.
respect to their toxicitydioxins and PCRB=n be broadly categoed into two groupsdioxirn
like (dI) PCBs andan-dioxinlike (ndl) PCBsThe toxicity ofdl-PCBss well studied, asit is
strongly but not exclusivelelated to theirability tobind to thecytoplasmidAryl hydrocarbon



receptor (AhR) a ligandactivated transcription factof32-34]. In contrast, ndlPCBs do not
exhibit such affinity for AhRyecausetheir non-planar structue doesnot fit into the specific
pocket in the AhR35].

AhR is expressed in various tissues and plaympartant role in various biological proces.
After binding, AhR is translocatedm thecytoplasnto the nuclets, where it forms a complex
with the AhR nuclear translocator (ARNI2, 34] among others, and regulates the expression
of several arget genes, includinthose encoding enzymes tfe cytochrome P450 family, 1
i.e. CYP1ABNd CYP1BZ1canonical pathways[36-40]. Furthermore,it is known that AhR
interacts with other receptormediated signalling pathways (noncanonical pathways)
including nuclear facterf ~H& U vp o E ( S} Eela@Gab@®}(NRF2), and
estrogen receptowsignalling[36-39]. As a result, AhBan playa significant role in regulating
cell growth,differentiation [41], andimmune responsg38, 39] Hence, any disruption or
alteration in the activity of AhR can potentially have adverse effects on human héaits,
it is not surprising thiadioxins and dPCBs can cause developmamlisorders, damage to the
immune system, impairment of thyroid and steroid hornabbalance, ad also cancg42,
43]. TheWHOclassifies dioxins ard-PCBs ag Iv}Av Zpu v & J44).Fusthermore,
it hasbeendiscovered thatnenexposed in infancy or prpubertyto TCDDnay have impaired
sperm qualityresulting in a reducedeprodudive capacityf45]. Reduction in sperm qualitg
currently considered the most sensitive endpgiahd isthus basis for theTolerable Weekly
Intake (TWIpf 2 pg TEYkg body weightset by the European Unidd6]. Besids theirlong
term effects high doses of dioxins and-BICBs can have also acute tefiectson e.g, liver
and skin(chloracng [47]. However, these acute effects require much higher doees
reached from the backgroundontamination of the environmentsud high dosesare
associated withocal high releasevents such as the Seveso incidgtd] or the Yoshuncident
[49].

As the toxicity of dioxins and-&ICBs is related to their affinity for the AhR dhely occuras

a mixture, their toxicity is in most cases ri#rivedseparately for each congendsut rather
for the mixture. For thispurpose,each congener is weighted witlh toxic equivalency factor
(TER, which is directly related to its affinity for tHeumanAhR. The toxicity of the mixture is
then assessedising the TEReighted sum which is presumably toxic ewalent (TEQ)
amount of TCDD, which has TEPé The strongest affinity to AhR is associated whid
congeners 2,3,7;8CDDand 1,2,3,7,8eCDD and subsequently all other congeners are
weighted with values less thame[11].

Since ndPCBs do not interact with AhR thegnnotbe assessed together wittioxins and
dI-PCBs using a TH# general, ndPCBs are considered to less toxic than dPCBs and are
therefore less studied in this respefi0]. However,the toxic effects of somadl-PCBsare
known and thenegative impact on human healthof others is under studif1]. In longterm
animal studiesndl-PCBs have showardverse effects on théhyroid, liver, nervousystem,
immune systemgendocrine systemand reprodwction [52]. Additionally, the International
Agency for Research on Cancer (IARC) assessetbB@B "possibly carcinogenic” in 2015
[53]. Because of the uncertaintiesirroundingthe toxicity of ndiPCBsmaximum levels for



these were not derived based on toxicological consatiens but rather following the ALARA
(As Low As Reasonable Achievable) prin¢lé

2.3.2 Fate ofdioxins and PCBs in humans

Generally, the primargexposurepathway for dioxins and PCBs in humans is through the
consumption of higHat foods, particularly animal products like meat, milk and eggs. Although
other exposurepathways exist, sucasinhalative[55-57] or dermal[58], their contribution to
overall exposure is relatively insignificant compared to dietary inthddeed, more than 90%

of human dioxins exposure occurs through food consumpifi]. Due to their lipophilic
nature, most dioxins and PCBare wellabsorbed from the gastrointestinal tract (GIT), as
lipophilicity correlates well with permeation through the gut wall and subsequently with the
extentof absorption[60]. After entering systemic circulatiothesecontaminantsare strongly
distributed into the adbose tissudeading to high bioaccumulatiollthough slow61], there

are two possible routes of elimination of dioxins and PCBs from the human body, either via
lipid excretion or metabolic degradationBiotransformation occurs through complex
metabolic pathways tdwydroxylated sulphatedand glucuramidated and other metabolites
Hydroxylation occurs via the cytochrome4B0 (CYP@nzymesijn particular by CYP isoforms
belonging taCYP1, CYP2 familiggerestingly, CYP enzymes induced by AhR are also involved
in the metabolismof some congeners potentially resulting am autcinduction of their
metabolic degradationMetabolism rates ofPCBsare generally higher for congeners with
fewer chlorine substitutions; however, the position of the substitutadso plays significant
role in thisrespect[62]. In addition to metabolic degradationthese compoundsan be
eliminated from the human body through the excretiowith fat. Fat is excretedmainly via
feces, and it ipossiblethat dioxins and PCBs diffuse through the intestinal aadl into the
feces[63]. Bilary excretion may also contribute to excretion of thesenpounds into he
feces, but this process is ndépendent orthe fecal fat concentratiof64]. Another important
pathway fa the fat excretionis via lactation. During lactation, milk excretion is the most
effective way for the mother to excretfat and is therefore a very effective way of eliminating
dioxins and PCBs from the body of the breastfeeding mds&l However, this also means
that these lipophiliccontaminantsaretransferred to the child through breast milk, presergin

an exposurepathway [65, 66] Sinceduring breastfeeding infants consume mother's milk
almost exclusively, is crucial tomake sureheir concentrationin u} s Z @ilkeis minimized
Indeed the TWI for dioxins and €@CBs is set to ensure that the concentratiothinursing
mother's milk is low enough to avoid adverse effects on thansed children.e., areduction

of their sperm qualityj46].

2.4 Dioxins and PCBsfarmanimals

Since humarexposure to dioxins and PCBs occurs mainly through the consumption of fatty
animal productsit is key tounderstandtheir transferin farm animas.



As inhumans.exposure tadioxins and PCBs in farm animals occurs predominantliyofdle
main source of oral exposurettse feed, but passive uptakef soil can also play an important
role, depending orthe speciesand husbandry condition$7]. In addition, other less common
sources of oral exposuresuch as lickingontaminated paint [68], can also significantly
increase he exposureof the animal Once ingestegthe congenerenter the GlTwhere they
are absorbedmainly in theintestine. Non-absorbed congenerstay inthe feces and get
excreted from the v]u dpdy. Althoughthis principleholds true for all animalghere are
majorinterspecies differenceis the physiology/anatomy of the GIT and hence the fztthe
contaminants For examplecows and other ruminantshave several stomachsncluding a
rumen, where many substances undergo biotransformatiorlowever,in regard to dioxins
and PCB¢here is no evidencéhat degradation occurs in the rumgi9]. After they have
reached thantestine,the contaminantsare rapidly absorbed to systemic circulationThere

is evidence that these compounds enter the bloodstrearhonlyvia first passbut also enter
the systemic circulation via the lymphatic system due to their hgdphilicity[70]. From the
blood, the distribution ottongenersnto all tissues of the animal occurs, whereby theéent

of distribution strongly correlates wittihe fat content of the respective tissue. This is also the
reason why the current limits for dioxins and PCBmsimalmeat arebased on the fat content
[54]. Once distributed ito tissuesdioxins and®CBgan also be eliminated from the bodye
eliminationrates and also the routemrestronglyspeciesand sexdependent. Howevethere
are two potential pathways that are present in all species and seretabolic degradation

in the liverand excrefion together withfat e.g, viafeces In addition, therealsoexistspecies
and sexdependent fat excretion pathways like milk excretion in mammals and the laying of
eggs in chickefv1]. Milk excretion is the main route of faixcretion in dairy cows. wodern
high yielding dairy cow can excrete o000 L of milk containing350 kg of milk fatin a
single lactation period72]. Although the excretion of milk and the laying of edugslps to
reduce thebody burdenof these animals, milk and eggs are extensively used as human food
and present therefore a maj exposuresource for humansthe growth of the animal carnlso
help to reduce the concentration of contaminants in the animal's tissues by diluting; tinesn
effect is particularlyapparent in fatteninganimals slaughtered during or immediately after
their main growth period, such as fattening p[@8] and chicken$74] or calveq68].

To help reduce ando understand theexposureof humans with dioxins and PCBEsis
necessary to be able to predict thransferof dioxins and PCBsm oral exposurénto animal
tissues or products for human consumptj@uch as milkTodo thatit is essential to consider

all relevant processes that influence thetransfer. As there are several such processes
involved, it is necessgrto describe them comprehensively to ensure accurate predictions.
This can be donbky using secalled physiologicallpased toxicokineti¢PBTKinodels.



2.5 Quinolizidinealkaloids (QAS)

Figure3: Quinolizidindbasestructure always contained in quinolizidine alkaloids.

Quinolizidine alkaloids (QAS) are a grougafins whose structure contaire quinolizidine
ring. Amost 400 QAs have been identified Kigure 3) [75]. They are secondary plant
metabolites and are mainly found lagumes. The highesbccurrence of QA found in se
called primitive legumes of the generdupinus, Ulex, Cytisus, Sophora, Gengstal
Orphanodendror{75]. Lupins Lupinug in particular are of interestas they havea long
tradition as a source of protein in animal feed and therefore represents an alternative to
soybeans More than 500upin species have been identifiedith varying levels of QAZ5-

77]. They can be divided into bitter lupins, where the total QA content is up to 8% of the dry
matter, and sweet lupins, where the total @&ntent should not exceed 0.05% of the dry
matter [78]. Only the latter ar¢o beused in animal feed, where it is also recommended that
the total QA content should not exed 0.02% of the dry mattdi, 79}

QAs are weakly basic, which favours their vascular permeabditgbling hem to be
transferred into milk. As QAs have toxic effects and can therefore have a negative impact on
human health, they are important for risk assessmerawever, past investigationshad
mainlybeendone withthe QAssparteine and lupaningAtoxicity is related tdahe inhibition

of acetylcholine receptors and voltaggted ion channels at the motor end plates of neurons

in the central and peripheral autonomic nervous systems. This may result in acute toxic
effects such as respiratory depressi, vomiting and tachycardigy,79]. However, no toxic
endpoint has been identified for chronic exposuyirg

Limited data are available on kinetics of QAwstly forsparteine and lupanine. In cattle, QAs
have been shown to be absorbed from the gastrointestinal tract, but the velocity and extent
of absorptionappears to be congespecific[7, 80-82]. They are eliminated from the cow's
body much more rapidly than diaxs or PCBs, with hdifves measured in hours rather than
days or monthg$7, 80-82].

2.6 Physiologicalthasedtoxicokinetic (PBTK) Models

PBTK modelare mathematical models that describe tfete of toxic chemicals through the
body based on the principles okinetics describing the absorption, distribution
metabolizaton and eliminatiorof these toxicchemicalg83]. Alternatively, when considering
pharmaceuticalproducts such models are called physiologicdigsed pharmacokinetic
(PBPK) modelsvhich are conceptually the samBBTK and PBPK models (PBK models for
short) take into account the physiology of the organism, the properties of the chemical, and



the exposure route to predict the distribution of the chemical throughout the body and its
elimination from the body.

The devéopment of PBKmodels can be traced back to thi®30s when researchers began to
use mathematicaiodellingto study the distribution and elimination of drugs in the bdéy,
85]. In the early yearsof PBKmodeling, the approach wasseverely limited by the
computational capabilities of th&me, which only allowedhe use oflow complexitymodels
under certainconditions such asteady statg85].

As computer technology advanced, so too did the capabilitid®3Bimodelling With better
computational capabilitiesnot only more complex modeglcould beused but also more
complex procedures for derivinthem could be appliedsuch as fitting approaches or
Quantitative/Qualitative Structure Activity Relationship (QSAR) methods to derive model
parameters[86]. This trendcontinuesuntil today, especially with use of more sophisticated
machine learning approaches and will probably also contintgetire future.

Today, PBRmodels are widely used in toxicology, pharmacology, and environmental health.
They are used to predict thiecal internal exposuref chemicalgas an aid to understand
potential toxicity) optimize drug-dosingregimens, and evaluate exposure scenarios. With
ongoing advancements in computational power and data availability, PBK models continue to
evolve and improve, providing a valuable tool for understanding the complex interactions
between chemicals and the bg.

At the core of @PBKmodel is a system of differential equations that represent the flow of
chemicals between different compartments of the body, such as the blood, organs, and
tissues These equations are based on physiologically relevant parameitehsas blood flow
rates, tissue volumes, and chemisglecific properties such as binding affin[87]. The
complexity of these models can vary greatly, from simple, linear;comepartment models
with very limited physiological representation, to very complex models with mamlinearly
interacting compartments representing many different parts of the bdety. low complexity
models the distinction between d@oxicokinetic TK model andPBTK model can bkard to
make,as the transition is fluid. The decision on how complex a model Gmmpoundshould

be depends on many differeféictors such as the purpose of the modelg, which tissusor
procesgsneed to be predictedanother factor is thevailable dataas more complermodels
require more datathe last factor isvhat processs have asignificanteffect on the overall
kinetics of the compound

In the case of dioxins and PCBs& knownthat two-compartmentTKmodelsare sufficient to
describe the concentratiotime curveof milkin feeding studie®f lactating cowsccurately
[88]. This is mainly due to the highly lipophilic naturedaixins and PCBs, which causes them
to accumulate in fat tissydrom which they are only slolywreleased. Therefore, dioxins and
PCBsnside the animatan be broadl divided into two compartmentse., thosecontained in
fatty tissue and those notontaned infatty tissue. This twacompartmentbehaviourcan be
observed particularly well during the depuration phase ageposureof the animal. The
concentrationtime profile will resemble a biexponential function, i.e.



%P L %A SE %A-¢ &)
with %&g Pr, && Or and %P being the concentrationat time t after start of

depuration. Visually,under semi logscale this haracterized by an initial rapid decline
followed by a slower, sustainetecline.

However, despite the fact that the concentratitime curve of dioxins and PCBs can be
accurately described by a taambmpartment PBTK model, there are several reasons why a
more detailedmodel may be useful. One reason could be that the conceioinan a specific
edible tissue needs to be predicted and therefore needs its own compartment. Another
reason for using a more complex model may be to improve ¢sgmation of model
parameters. This mas it easier to specyf model parameters based on thanimal's
physiology and the contaminagtchemical propertiesThis can also make it easier to account
for changes in the physiological properties of the animal dige to the growth of the animal

or extrapolate between animale (g.different breeds).

Converselya less complex model, i,eone compartment modelcan alsobe used as it
requires even lesglata. However, doing so will result angeneraly less accurate moddbr
dioxins and PCBsne that may be accurate for some tissues and time points, but inaccurate
for others) Therefore such modelshould ony be used ithe paucity of the data makes it
necessary.

The most challenging part of developing such a model is usuallgstimationof the model
parameters. These parameters includhose describing only compound unspecific
physiologicaprocessessuch as blood flows or compartment volumesich are reusable for
different compoundsut also compound specific parameters such as partition coefficients or
clearance rates. As the compound specific parameters have wstimatedseparately ér

each compound, they tend to be the most difficult égtimate However, much effort has
been put into developing methods testimatethese parameters experimentally via in vitro

or vivo experiments, but alsisom purely in silico methodssuch as QSARG6]. However, in

silico prediction of parameter such as metabolic degradation remains a big challenge up to
thisday.

In generalthese models cabecomevery complexHowever, it should always bept in mind
that "everything should be as simple ssan, but not simpler”(often attributed to Einstein)
and "all models are wrong, but some are useful" (quote frGeorge Edward Pelham Box,
British Statistician, 1919013. This means that not all processes need to beoaated for in
such a model if they do not add arglevantimprovement to the predictive capabilities of the
model.In the case of dioxins and PCBe eliminationis so slow thaprocesses like milking
and feeding can be considered as a continuous nati@n discrete events. Including the time
of milking would not improve the model significantly. contrast to dioxins and PCBs, other
undesirable substancesuch as QAs are eliminated fratow's body relatively quickly],
making it important to consider the exact exposure time and milking time



3 Objective

Predicting the concentration of contaminants in food is a necessary prerequisite for risk
assessmento estimatethe potential riskfrom human consumption of contaminated food
caused byoral exposure of the animalwith undesirable substance©ne possible tool to
achieve this is PBTK modelling, which afl@wynamic timedependent prediction of the
contentin specific tissues antbncentrations irproducts of animabrigin.

The main objective of this worksto developsuchPBTK modelfor PCBsdioxinsand QAsN

farm animals As the main route of elimination of PCBs and dioxins is strongly linked to fat
excretion such as lactatiomn importantfocus is on developing PBTK madelr lactating

dairy cows The developed PBTK models allmwdescribe the transfer of PCBs and disx

from animal feednto edible products of these animassich as milk or muscle tissud® this

end, a comprehensive reviewascarried out to summarize the available literature describing
the transfer of dioxis and PCBs from feed to milkcows The knowledge gainadthen used

to develop two PBTK models for lactating cows. One of these models focuses on the transfer
of many different PCBs and dioxins into nolkhigh yieldingdairy cows where it is also
investigatedwhether the metabolic status of the animals hawmeaningfulimpact on the
overall transfer. fie other model goes one step further and additionally describes the transfer
via milk and placenta into the calf, but only for a small subs¢he$e PCBsIn the second

part of the study, core concepts regarding the transfer of dioxins and PCBs into cows were
adapted toa monograsticspecies, nmely fattening pigs. This adaptation enabled the
derivation of PBTK models describing the transfadiokins and PCBs into the edible tissues

of fattening pigs

Finally,a PBTK model for a group of undesirable substaricat are physicochemically
different from PCBs and dioxinse., QAs from lupinsis derived. QAsre not known to
accumulatg7] in the animal, but they ar&ransfered into the milk ofdairy cows



4 Mathematicabackground

4.1 Analyti@al solution offirst-order TK models

As already mentioned in the introduction, TK models are typidaiégribedvia compartment
models, which in turn can kakescribed irterms of differentialequations In the following case
we assume firsorder kinetics, i.e.
a a
#OP L | #PB= yF#;PLGE | = yMEP @
vasd- U Y@pa- U

for all ED <s& d =describing the amounts in thé compartments with 4; P&y (&3 R 1
for all BFD <s& d =Here #;R r describes the amounts in compartmert = (describes
the transition rate from compartmentio E Ggdescribes the elimination rate immmpartment
Eand +; Ris the input into that compartment from outside the system (e.g., via feed) at time
PD 9. If one assumes that:P L :+:P & &y :P, .l 1, then it can be deduced that the
system is never gaining massch that

a a ®)
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The system described in equati¢®) can also be described viaatrices i.e.

#6P L /# :P E +P @

with / L Kkl 0., P 92 12 peing the transition matrix, where
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and #:P, L :#;:P& &, :P;' the amount vector.
The solution for equatioi¥) is given by

¢ (6)
#P L+ AECC v B/aPE AE%:r;
4

for a starting vector#:r ;[[89], Chapter 4.7]If one assumes agaiiP,  r, then equation(6)
becomes
a @)
#PLAE% T, LI ASRY
Vs



for some U;D ' and RyD "' 2 is the eigenvector associated to the eigenvaliygD ' of / with
4 A&y Qr [Theorem 10.11 (i)[90]]. If one assumes that/ is invertible then for
+PB 7 KJ®doation(6) becomes

#:PLA#AEAESH: r: F#%a ®)

where #Ys the solution in steady state, i.e.

rL/#YE+ ©)

7 #9L F/ ?%4 (10
The assumption that is invertible is true if and only if is outflow connected [Theorem

10.11 (i), [90]), i.e. for every compartment ED<s& d = exist compartments
& & D<s& d =for someJ D3with =y &, v @ &y, \ &Gy P r.

In PBTK modelling, a common scenario involves slaughtering animals at the end of the study
after a long depuration phase. This can provide valuable experimental data on the
contaminant amounts in each model compartment at that specific time point. To derive model
parameters fromsuchdata, it is essential to understand how the transition matrix ieflaes

the ratios between contaminant amounts in different compartments. For, ihis assumed

that / is invertible and strongly connected (rreducible), i.e. for all pairs of compartments
EFb<sé d = there exist EBE&@& & Ds&@d = for some JID3 with

= 0 &0\ 0 8 &y, \ &y v P r. Then a good assumption for this is that the system s in
pseudo steady state, i.e. the amount vector lives @ =B ;, where R D924 is a
eigenvector associated to the largest eigenvaliye © 9, of / [Theorem 10.2 (iii, iv]90]].

This follows from equatiofv), i.e,

#:P L A2°R U, EKkA2¢0a D
Here U, Prif #:r; D92, <=ao seel P r first note that for any#:r; D92, if
U, O rthan there exdtsa PP rso that #5 P O rfor some ED <s& d =y. Therefore Uy R
rforany #:r; Rr.Nextlet #:r; D92, <then #:R P rfor any PP ras/ is strongly
connected. Now letA 8 &4, be the canonical base df? then AyL A8 RFavhere (D'
and ( D92 for all BFD <s& d =with at least A <& d =so that U* P r as all the
eigenvectors R& & are also a minimal base of2 and R D92, Finally let
#PL #R; L Ag#iR: AL Alg A= #yr; AL AeS R Adg#ur, f EKACS,
where # L :#;8 &, ; is the solution of (7) with #:r; L #:R; Pr for PL R ER and
RR& P raderer O A2 #.4r; UAQ ALz Ao s #yr; () £ Aocl, &



4.2 Derivingransferparameters

Beside this, the analytical solution of this problem can also be used to deawusfer
parameters relevant for risk assessment. One vergartant parameter, the transfer rate
during steady state §4..).dnto some animal product such as milk, which describes the share
of ingestedcontaminantsthat end up in the product. It can be derived using the steady state
solution #%defined in equation(10). For this letED <s& d =be the compartment in wizh

the excretion into the product of interest happeresg.,udder,then

_,,j#ld_QJ 4 12

64,4 R J?a 12
where +D 92, <U=is the constant input into the systenThe other frequently sought
parameters are the halives 13D 9. with D <s& d = It should be noted thain practise
PBTK models awten of such a form that theynduce eigenvaluesi; which do not have an
imaginary componentotherwisethe definition of halflives can be problematic. Indeed this
holds true if the longest circuit in the compartment model has at most lehgth[Theorem
12.6,[91]], i.e. there do not exist) P t distinctcompartments Eégéa & D <s& d =with
= @ =g g & ey, \ &g\ o P réa Furthermore, assume that/ is invertible
(e dyOrforall ED <s&é d Fthan the haHlives are given by

Zst;
a 13
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This follows directly from equatiok7). However, a big problem with multiple hdi¥es
describing the depuration of contaminant imeobe matrix § i.e.
a (14)
#:RLI AsyY
. .
with #Y D 9with ED <s& d =s that #“has a significant influence on the shape of the curve.

For example, some# could be very small compared to the other so that the Hiédf i
becomes practically irrelevant for rigkalysigven if i ijtself is quite large. Therefore, it would
be desirable to express the relevance of the individugthalf-lives For thefollowing, it is
assumed that/ is invertible and# :r;is the steady state. The most straightforward way
would be to normalizetV i.e.
U 1
#SL MLY a Y
Alas #
However, the influence of these parameters on theysé of the curve can be quite hard to
judge intuitively.Instead, it could be more useful to report the time intervals when each half
life is the most relevantj.e., the i.awith A =NC I'I%Déﬁéz%’)g% M In the case of

biexponential decaythis could be expressed via the transition tirsée.



19
s atA PLog#a P a7

_ &, as

Then igis more relevantdr PO Find igfor PP Avith i5 Olg

An dternative to reporting multiple parameters describing the depuration phaseld be to

try to condense this information into one single parameter. This could be done with the mean
residence time (MRT), which is the mean time a molecule of the contamstaps in the
system (based o[92]). Assuming agn / is invertible thenit can be calculated as

a T (19
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where +8 the normalized input vector.e., A%z 8L sand &gjs the canonical projection into

compartment Eln addition,/ 4 6 H.X ; could be interpreted as gype of average halfife.

4.3 Numericabrdinarydifferentialequation (ODE3olver

Although the analytical solutioim equation(6) of differential equation(2) can be very useful

it can be difficulto compute if the requirements of simplificatiork(P, ~ ? K J Bfd? equation

(7) are not meet. Furthermore, the problem to be solved often does not have the exact form
described by equatiori2) with the most common divergence from thizeingthat / is not
constant but rather timedependent as the animal physiology changes over time. In such
cases, a different approach must be taken. One possibiitiyout deriving a new analytic
solutionis by estimating/ with a piecewise constanmatrix /€. Then this problem can be
solved again using the analyicsolution described above. However, if this is also not
satisfactory, e.gwhen MichaelisMenten kinetics are assumed instead of purely fosder
kinetics [93], then a numerical approactwill often become necessary for solvingtépR, L

B: R¥: P, ;. Over the years, a variety of such methods have been developed, of which the Euler
method is probably the best knowj94].This method is based on the fact thttat the
derivative of a function defined as the limit, which is used to apipnake it, i.e.

#.PED F #:P, 21)

B:R¥:P: L #6P N
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for some smallDP r. Therefore, #: P, approximated iteratively given some starting point
#, L #:r;and

#i5 L B RA:; DE # (23

for DP r and some J D3 with DJ L Pand DEL Rwith ED < & &= Then #5 N #:P.
However, theEulermethod is often not precise enough whigwhy other methods are also
widelyused such higher order Rung@itta methodq95].

4.4 Fittingalgorithms

When developing PBTK models, it is often challenging to obtain direct estimates for a subset
of I P rparameters. These parameters may be unavailable due to missing measurements or
because they represent abstract concepts. In such cases, a common elppsotd select
parameter estimatesad /£? 92 so that the model predictions closely match the measured
data, i.e.

AD=NCDUs<Al (L;al=a (24

where | &\ 9%is the model prediction and¥92 92\ 9 describes the difference
between the measurementd D 92anda realisation of this model prediction.

However, finding thislais often a norAtrivial task,particularlyas | is often a complicated
function. Consequently, analytically solving this problsmoften not feasible. Therefore,
numerous numerical methods have been developed to approximét®©ne of the most
famousmethodsdoing so is the GagNewton method, which approximasa local minimum
of Nunder the Euclid norm Il i.e.it approximates

BD=NCUgye.5<dNL;!g= (25)
for some 6 P r, where N692 \ 9%is the residual. For this algorithm it is assumidd twice

differentiable in an open convex space around the local minimé@the Jacbian matrix ,5: &
of Nhas full rankl , which requires among other that R | and ! N & ! gis sufficiently small.

This methods an iterative approachi.e., for a sufficiently closeLPto the local minimum a
better candidate LP>® L L® E @for some @ B 42 is searched so that

B:LP: P B:LP>°; 4 (26)

where B:’; INL;!s To choose an appropriate candidate f@, the second Taylor
polynomial of “is considered, i.e.

BLPE@: NBL” EIBL . @E@ °BL>@ @
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Where | Bis gradient of Band 1 ® Bits Hessiarmatrix. @is than chosen so that it minimizes
locally = .o, which is equivalent to

rLieso@; (29
LTBL°; E I%B:LP; @ (30)

and 1%+ ,o:@;is positive definite. The positive definiteness Ibts . is derived from the
following estimation

' a (31)
1%B:L; L a:L! i, ET NG L;TONGL
Ugb
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and the assumption that,s: L; has full rankl .
Therefore, @is given by
@ L Fi®B:LP;?51B:LP;a (33

However, the computation 1°B:LP; can be computationally quite demanding and is
therefore estimated by, :L;' ,:L..

For more details se@6], where also the convergence of this algorithm is shown.

In practice, however, other algorithms are often used, of which the Leverldarguardt
method is the most popular. This algorithm is a combination of Ga&issNewton method
and the gradient descemhethod i.e, @is derived via the equation

Frall gL EP+@LIBLY; (34)
for & P r instead of equation(33) [97]. Hereby the choice of&" differs between

implementations. The Levenbelarquardt method is often chosen over tli@gaussNewton
method as it is more robust and tends to have better converg¢@cé9.

However, both methodsbovehave the problem that they only search for a local minimum.
This means that there are potentially other minima that minimge_; even further. This can

be especially problematic iB: L; has manyminima,and the fitting method gets trapped in
one localminimum. In such cases, global optimization methods are needed, which are more
computationally expensive, but estimate the best parameter set on the whole parameter
space A

One such method is the differential evolution method, which is a populaiesel method
that searches the entire parameter space iprababilisticmanner. The basic method is as
follows. First, the crossover probabilif 4b > &?whichcontrols the mutation rate, and the



differential weight ( B > & ? which controls the size of theutation, must be chosen. The
method is initiated by randomly drawin@ & P unumber of candidates of parameter sets
L& 4.C %from the parameters space/E Next, for one of the existing candidatds’ a
potential new candidate [d4s generated fromthe remaining population. For this, three
randomly selected candidates” 4" 4% are taken from the remaining population,e.,
H M K M H ME Furthermore, an index4 b <s& d =is chosen at random, where a
Aups S]}v_ ] Pu E VHe valjes pt@akh indexb <s& d =of the candidatelzare

given by

LS E(KL FLIOEB L FKN6 4P NL7:r &; (39)
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where 7:r&;is the uniform distribution. Then, iB:15 O B: LY replace LYis replaced byla

and otherwise s discarded. This is continued until some termination condition is rehche
such as number of evaluations or the size of the improvements. Note that the mutation

&L ]

operator LE E ( kLE F L& acan alsde swapped with other similar operators, see €400,
where also some convergence criteria are shown.

45 Residua

Besides the choice of the fitting method, the choice of the error functigalso important
for finding the optimal parameters for a model. Most commonly, the least squares error
function is used, i.e.

a (36)
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where NB9? 192\ 9 is called the residual describing theffdrence between the
measurement and the predictionsethods such aGausdNewtonrequire the error function
to have this form. To derive the residual from the given data for PBTK modelling there are
several options. The canonical approach would be the pointwise distance, i.e.

N Wdly L WF T @37
for each ED <s& d = However, in PBTK modelling, the data are mostly in the form of
concentrations or amounts, where the measured values chavgeorders of magnituden
the course of the study due to the exponential nature of these processessésd#®n4.l).
Therefore, often relative errors are used instead it is expected that the absolute error of
the model should be lower at lower noentrations. Furthermore, because of this in the
following it is assumed that all values are positive, Ne:92 1 92 \ 9 &Dnecommonchoice
for this is to normalize the pointwise distance by the model predicfi; 101] i.e.

N; UAT; L Lb'L_b o, S

However, a major problem with this approach is that the normalization itself depends on the
model, so if the model does not represent the data well, the normalization does not make




sense in context of the data. For example, if the model goredicts the neasurements by a
large factorTy' Uthan NN s butin contrast,if the model underpredicts the measurements
Ty (- Wthan N ( s In general, this tends to favor overpredictions. Alternatively, one could
use the measurements for normalization, i.e.

s L
but this may cause the measurement inaccuracy to have an undesirably large influence on the
residual and as with the previous residuals, this would cause the fitting method to favour
underpredictions. Furthermore, in both cases the differem@educed by Ndoes not fulfil the
definition ofa metric, i.e.sincein general

ATAS L A UAT; (40)
does not hold trueBecause of these shortcomings, a different residual is usually used in this
work. It was opted forthe log difference as the residual, i.e.

NG UAT; L Z %d; FZ %5 L Z* %y Ty a 4D

The log residual has the advantagestilf considering the relative difference, while the error
induced by it is a metrj@as it is among othepropertiessymmetric. Therefore, it does not
favour higher values in one of its arguments over the other.

All the residuals presented so far havecommon thatresidual at each point is independent

of the point of measurementaind are all measurements points are evaluated equdly
practice, however, this is often undesirable because there is often additional information
about some of theneasurement poirg, for e.g., when one measurement mat(exg. milk at
several time pointshas more measurement points @h the other(e.g. muscle meat after
slaughter) but the model should consider both matrices equally. To do thisaied weights

Ay D > &?with A‘E‘@; AL sare added to the residual so that
) . AT 161 1 &N .6 x (42)
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Therefore,

NAUATS L ¥ AN UAT; & “
Thus, measurements awith larger iighave more influence on the final parameter. In the

a . .
for all i

case of the two matrices mentioned above thaivechoice for iigwould be T

describing matrix one anela‘i—'él for all Eescribing matrix two, withl sand | gbeing the

number of measurement in matrix one and two, respectively.

4.5.1 Dealing with censored data
Another common problem in derivirttpe residuals is partial censoring of the measurement

results. This means that if a data point falls within a certain inteth@ exact value of the
measurement is unknown, but the interval containing the value is known. For concentration
measurements, the most relevant case is left censoring of the data, because due to analytical



limitations it is not possible to reliably quafly or even detect substances below a certain
threshold, i.e., limit of quantification (LOQ) and limit of detection (LOD). A common approach
dealing with this is to simply replace L@€nsored data with half the value of the LOQ. This
approach may work wkwhen using equatior37) for residues, as the absolute difference
between the actual value and the replacement value is small. However, if one uses a residual
that takes into account the relative distance, such asapns(41), this can be detrimental

as the relative distance between the actual value and the replacement value can be quite
large. Thereforea more sophisticatechpproach igreferable Such an alternative approach

for censored data could be as follows:

Let :=5&% 24 & =z&pith HD3and =5 R > R ® R =3 R >; D 9be the censored intervals
eg.,5L .13 %&5 L .1&and > L r. Furthermore let Nbe the residuunthat cannot
account for censored datand Bithat can.

Case L.TyN := &% 26 & & : =éx?

Then nothing changese., B WAl al N Udly

Case 2Ty D : =yaxFor some FD s& d4and D : 58%?

Then Bl UAT; L r as the prediction would yield the same results as the measurement.
Case3: TyD :=éxTor some FD <s& &d4and N : 5éx?

Then Bi6 YAl 8L « < » kU= 08\ Uix;  where the minimum is choseto ensurethat
Bla @T;; is continuous for everyly; b 9.

An further alternativeis to assumethat the datais distributed according tsomecensored
distribution, e.g., censored normal distriboh [102]. Then the maximum likelihood
estimationis used However, this approach was not used in this work as it computationally
more expensive usually requing to fully parametrize the distribution, i.e., also deriving
variance in the case censored normal distribution.

4.6 Model confidence

Fora proper riskanalysis and risk communicatioit is oftennot sufficient to derive only the
optimal parametersL D92 (1 P r) from the datalt is also crucial to express tlioertainty
of theseparameters Assuminghat our parameters are multivariate norrfigdistributed, this
could be expressed by the covariance matrix For J P s samples Ty assume
B:<Iy=1é :L& Jare independentwhere Bis the function that transforms a set of data
points into a parameter estimate- can beestimatedby

5
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where
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estimates Lalowever the direct use of thispproach inmodellingpresents some problems
First asingle data point is usually nsufficient to derive parametergather, a sufficiently
largeset of data points isequired Secondeven if it is possible to derive suaentically and
independent distributed samples the fitting algorithmon all samplesB: <I; & &ar; = will
provide a better estimate of Lthan B%s B:<T;51é :L&N J is presumably an imperfect
assumption which gets better with larger sample sizB: <T; & alg=1le L& J H for
r O HQ Jand distinctE & & D <sé &=

To deal with this problenseveral methods have been developed. Gvedl-known method is
the delete-d Jackknife methadwhich rearrangs equation (45) so it is possible to &s Bon
large subsets oKT; & 4Ty = The algorithm works as follows:

Let Abe the set that contains all possible subset<df& &l =containing J F @lements

therefore Acontains @sets.Thencalculate for eachP D ! the optimal parameter estimate

L BB N | B<T=4 o
P VI Fa@ T8
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Next calculate the average over &ll[sU ] X X
S . (47
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Finally, Ncanthen be estimated as follows
a N )
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Using this rethod, it is than assumed that1é :B: <I;& &, = 4%, distributed.

A commonly used alternative to the jackknife method is bootstrapping. However, the jackknife
method tends to perform better with small sample siZ£63].

4.7 Statisticamethods

For proper risk assessment and management, it is often necessary to evaluate whether a
certain criterion has a significant influence on a certain parameter relevant for risk
assessmentToevaluatethis, statistical tests are used, the most widely used of which is the
student ttest [104]. There are two versions of this teshe onesample and two sample t

test. In the one sample-test, it is testedwhether the mean &, of independentnormal
distributed : 2& & gy 1eé :5,&°%;is equal to certain valudii.e., the nulthypothesis * , is

a L &, In contrast the two-samplet-test testswhetherthe means &;and &g of two sets of



independent normal distributed : 28 &2 1€ :&4&°; and :2& &g 1¢e :4&°; are
equal, i.e., the nulhypothesis* 4is & L &

To test * 4 the test statistic has to be determined.tte variance &%is given then the test
statistic

__ YBE 3 (49)
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e
or
“HF 18 (50)
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is under * 4 standard normal distributedvith

« 5 xa¢ .
t‘ﬁL%Aﬁé’B:B for Gb< &4 = (51)
However, &%is usually unknown and has to be estimate
R4 .4 - B0 (52
J4Fs
or
(53)
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Notably this results in the test statistic
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under * ,being not standard normbl distributed anymore. They are nowdistributed with
J, F sdegrees of freedonin the case of the onesample ttest and J; E Jg F tin the case
of the two-sample ttest. * 4is then accepted if the realisation of thélies between theU t
and s F U t quantile of the respective-tlistribution. Otherwise, it is rejected, meaning the
difference is considered to be statistically significant. Héis the significancdevel and is
defined beforehand, oftenU L r & wAssuming that* 4is correct Uis the probability that* ,
gets nevertheles