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Abstract

Before beingapproved for usepesticides undergo ecological risk assessrtERA) to identify ary
adverse effectthey mayhave omontarget specieg-or terrestrialmammalsdietarytoxicity studies
on laboratory animals, lasting up to two years, are used to absesitoxicity. Howeversuch studies
arelimited intheir ability to assess ecological rigisconstantietaryexposurdo pesticide®ver long
periodsis anunrealistic scenario in the fielth silico modelshavelong been suggested as a way of
addressing the limitations déaboratory testingby simulating the processes underlying toxicity
Toxicokinetictoxicodynamid TK-TD) modelssimulateboth theuptake of &hemicai nt o an ani ma
body, and theresulting stresson biological processeshich leadsto obsened effects. This thesis
comprisesa series of studiga which TK-TD modelsveredevelopedo simulate thesffects of dietary
toxicity on thegrowth of rodentsand plicationsfor ERA andthe reduction of animal testingere
exploredUnpublished raw data from regulatoryi@okinetics and toxicity studies several pesticides
were provided by Syngent&irst, a protocol for TKTD modelling with regulatory dasetswas
developedThis produced TKID modelsthatsuccessfully prediedthe growth ratef laboratory rats
exposed to various pesticides atetarydose levelsThese TK-TD models were then used to facilitate
comparisons betweeim vitro and in vivo toxicity data While no predictive relationshipswere
identified, this studydemonstratetiow in vitro andin silico methodsmay becombined to obviate the
need for animatesting in future Finally, a new method for converting observieiding data into
growth model inputsvas developedmproving model accuracy and realisfis enhances the ability
of models to separate the effects of toxicity and feedirmidance on body weigha valuable insight

for assessing ecological risk.



List of Contents

Y 0153 1 = o S PP PR PP P PP PP
(IS ) O] 1 (=] 0 £ P PSP O PP PPPPPPPPRPIC: SO
[ 0 1= o[ PSP PPPPP PO PR - §
IS Ao o U = PP SURRRRR 1 § P
AdItIONAlI CONENT.......uiiiiiiiiiiiie e emcmmmmm s 1 e e e e s L
ACKNOWIEAGEMENLS........ceeiiiiiiiiiiiicmmmmmmmme e e e e e e eeeeeeessmmmmmmmmr e s e s ebeessnss s smmmmmmmms s e e eeeeeaeessssmmmmmmmmrssssssss L
D =Tod =T = 1[0 ] o P OO PP P PP PP PPPPPRP I/
Chapter 1- INtrOAUCTE ON.......cooiiiiiii e eceeeeec e smmmmmmmme e e e e e e e e e e e e e s mmmeemnns s s s s s s smmmmmmmme s LD
1.0 OVEIVIBW.....eeiiiiiuiiiiiee e cmmmmmmms sttt e e mmmmmmmms et e 44 s mmmmmmmms et e e 41t ssmmmmmmmms e e e e e e nnnne e LDhae

1.2 Objective 1: Develop TR D growth model for rodents to address the limitations of pesticide

FISK @SSESSIMENT.....eiiiiiiiiiiiie e immmmeeee sttt mmmmmm et e e sk mmmmmmmms et e e e s et e s smmmmmmmns e e e e e e LD
1.2.1 Limitations of current longterm risk assessment measures............cccccceeevmmmmeeeenn . 15
1.2.2 Modelling approaches for ecological risk assessment..............ccooiiccccceeeevevvvvvnnnnns 18...
1.2.3 Modelling growth in MammalS............ccoooiiiiiimmmmmmmeieieeeeeee e s smmmmmmmmevveeeeeeee e smmmmmmmmn 20
1.2.4 Modelling toxicokinetics and toXiCOAYNaMICS................oovvvieeemeemmennieeeeeee e cmmmmmmnne s 22
1.2.5 Obstacles to longerm Toxicity Modelling ...........ccccuvviiiiiimmecce e 223,
1.2.6 Knowledge gaps and NEXt STERS........uuuuuuuuuiiimmmmmmmeeeeeeeeeeeee e s emmemmeemsessnnns e smmmmmnnn 20

1.3 Objective 2: Use TR D growth model to facilitatein vitro z in vivoextrapolation of sublethal

tOXIC EffECES ON TOUBNES ... eee e ettt emmmmme s e e e e e e vmmmmmmmn s e e e e e e e rmmmmnen DO

1.3.1 Animal testing and the three RS..........oovvviiiiiiceeeee e emmeeee 20

1.3.3In Vitro TK MOdelling...........uuummeeii e 28

1.3.4 REVEISE DOSING....eeeiiiiiiiieeiiiiimmmmmeesieeeeeeeeeeeesemmmmmmmms b s e e e e et smmmmmmmms bbb s e D D

1.3.5 Knowledge gaps and Next STEPRS........uuuuruuuiiiiccccce e eee e e e e eeee e emeeeeeemee e e e emmmmmmaei3 0
1.4 TRESIS SUMIMAIY.....eeiiiiiiiieeeis s immmmmmnnsseeeeeeeeeeeesemmmmmmms st beesee e e e e s smmmmmmmms s sssss e s e s smmmmmmmm e a9

Chapter 2- Canmon ground between growth models of rival theories: a useful illustration for

Lo T2 011 0] 1= € PSSP PPPPPPPPTRRNG 1



B2 R = =T o] PSPPSR PPPPPPPP. £
P o 611 - Lox P PO P OUPPPPP P PPPPRRPRPPEC 1 O
2.3 INETOTUCTION ....eeeeeiiieee e e e e emmmmmmeme ettt e e e e s emmmmmmmma ettt e e e s emmmmmmmms ket e £ DA
2.4 COMMON GIOUNG........uiiiiiiiiiitinemmmms et e e e et ammmmmnns e e e s s e e s emmmmmmmmt e s s bse e e e e s smmmmmmnme s 10 i3

2.5 What Differences ReMAINT2............uiiiiiiiiimmeccmmmiieee e e st immmmmmmms e e smmmmmmnnsee e e e nnnn e il s
2.6 CONCIUSIONS. ...ceiiiiiiiiiiitmmmmmmmme ettt e e e e e e s smmmmmmmms e ettt e e e e e e s smmmmmmmms s ssss s e e e e e e s smmmmmmmm e e D D

Chapter 3z Toxicokinetic-toxicodynamic modelling of the effects of pesticides on growth of

RALIUS NOIVEGICUS ......ceeiiiiiiiiemmmmmmme ettt e e e e e e e s e s smmmmmmmns s eeeeee e e e e e s emmmmmmmms s ssssnnse e e e s smmmmmmmm s GEOL
I e 1 7= o] PP P PP PPPPPPPPPPPPRR” L B
B Y 01 - Lox P PP PP PUPPPPPPRRPPPPPPPPPPPPRRPRY | 0 B
IR BN | oo [0 Tox 1 o o PSP PP PPP R TPPPPRRY” X B
B V1= 1 o o K PP PP PPP PP PPPPPPPPPPPPRRPRY'. 1C

R I I - = PO PPPPPPPRUPPPPPRY” 1 I
3.4.2 TOXICOKINELIC MOUEL........ciiiiiiiieie e mmmmmmme e e e e e e e AL
3.4.3 Growth MOAEl.......coiiiiiiiii i eeeeeee e emmmmmmmm e e s smmmmmmnne D)
3.4.4 ToxicodNamiC MOEL............uuuuuiuiiiimmmmme e ceeeeeer e s e e e e e eeene DL
3.4.5 Model iImPlemMENTALION............uuiiiiiiiie i e e emmmmmme e e e e e RO
G 2 T I 1Y, o o 1= T o A PP UUUUUPTRY L
3.4.7 TKTD Growth MOdelling...........uuuumiiiiiiiimeccmme sttt cmmmmmme e mmmmmmme e e e e D L
B D RESUILS. ..ttt e mmmmne ettt emme DB
3.5.1 TOXICOKINETICS......uuveiiiiiiiiiie e immmmmmmme ettt e e et s e SO
3.5.2 GIOWEN...ceiei e et emmmmmneme e D0
3.5.3 TOXICOAYNAIMICS.....uuuuuueiuiiiie s immmmmmcme e e e e e eeeeeeeesmeeemmmesss s eseessmmmmmmmmsssesseeessssssmmmmmnnid [
3.6 DISCUSSION......uutiiiiiiiiiiee s emmmmmmm ettt e s emmmmmmmm sttt smmmmmmm s £+ 141 e s mmmmmmmmt e e e e e e e e e enes D 2t
3.6.1 Predicting @Gowth Under Chemical Stress..........oooee i B2,
3.6.2 Feeding Rate vs Toxicant INgeSHON.............ooueveeeeeeemree e e e vmmmmmmemeee e e e D2
3.6.3 Model LIMItatiONS ..ot e e vmmmmmmmmr e e e e e e e e e e emmmn DO
3.6.4 Implications for DEB theOrY...........ccuiiiiiiiiimmmmeeiiiieeeeeee e e e DD

G T A O (o1 1= [0 1 1O PTRPTRRN o 1 I



Chapter 4- Can TKTD modelling bridge the gap between in vitro and in vivo mammalian toxicity
(0 OO PP PUPRPROPPPRRY 4

I e = =T ol PP PP PP OPPPPPPPPPPRRRPRY 4 0 B
Y o111 T PP P PPPPPPPP AP PPPPPRPRPRIY 4 0 B
4.3 INTFOTUCTION ......uutiiiiiiiiii i e e emmmmmmm e s e st smmmmmmmm e+ 122 n s mmmmmmmme e e e e e oo e e s dl L
4.4 Materials and MethodS............oooiiiiiimmecemmiee e emcmmmenr e cmmmmmmne e emmen
4.4.1 PreExisting Models and Data@...............ooiuummmmmmmmeeeeeeeeeee s smmmmmmmmsseeeeeeee e e e e s emmmmmmmme e L
4.4.2 TSt COMPOUNDS......cceeiiiiiiiicmmmmmmmmreeeeeeeeeesssssmmmmmmmmsssseeeeeeeeeessmmmmmmmms s ssssnsneeesssemmmmmnnd 4
4.4.3 Cell CUIUIE......oeiiiiiiiiii i emmmeeeee et smmmmmmmme e mmmmmmmm e e mmmmmmmms e LD
4.4.4 Model IMpPIemMEeNtation.............uuviieeiiimeeme e mmmmmme e mmmmmmme e e e e e e e e e (b
4.4.5 Modelling effects otonstant internal eXposurein Vivo.............oooeeeeeiiiceeeeevvvnnnnns 75..
4.4.61In Vitro TOXICOKINEtIC EXPEIMENTS. ... .uuviiiiiiieeeeeesimmmmmmmmserereeeeeeeeesemmmmmmmm s eesnneseeeeemne (O
4.4.71n Vitro Toxicokinetics Model and Reverse DOSIiNG..........cooeeeeiiiicmeeeevvvvvvnnnnvmnnc oL
4.4.8 Cell proliferation and CytotOXiCity €XPEerMENTS.........ccceeeirririiimmmmmmemreeeeeeeeeeeeessmmmmmmend O
4.5 RESUILS. ....eeiiiiiiiiie e emmmmmmme ettt ettt ammmmmmmm st s 11 el O.
4.5.11N Vitro tOXICOKINELICS.......eeviiiiiiiiiiiscmmmmmmeme ettt e e smmmmmmmme s e mmmmmmmm s sneeeeee e e QU
4.52 REVEISE UOSING .....uuuuuiiriieieeesimmmmmmmm s e e s mmmmmmms s e e e ek emmmmmnmt e e e e e e e e e rmmmmneees QO
4.5.3 Effects on cell proliferation..............oooo om0 OO
4.5.4 Effects on cell MOrtality...........coouiuiiiiimeeeece e eemmmmmme e e smmmmmeens e O
4.6 DISCUSSION.....cceiiiuiiiiiee s s iemmmeams ettt e e ek mmmmmmms et e e e 4 a st emmmmmmmns et e+ e e e et emmmmmmmms e e e e e nnnees DDha
4.6.11In VItro TK MOGEIIING....ccvviiiieiiiiiiicemmemmmme et smmmmmmmms et e e emmmmmmmma e Q0
4.6.2 Cell proliferation and mortality.............o.oooiiiii e vmmmmmmmme e e e smeeeeeD T
4.6.3 ObStacles t0 QIVIVE ... i eeeeeeeesr e s e s s e e e e eeeeeeeee e O B0es
4.6.4 FULUIE WOIK .....oii i e e e e e e e e e e e e e s s s smmmmmmmm e 22 D0

Chapter 5- Modelling effects of variability in feeding rate on growtty a vital sep for DEBTKTD
LT o 1= 11 T PO PPPP PPN ©

LT = (=Y = T < PP PTTPTN. © 1
LIV A 0 5] £ = U1 TR PRPROPRUTRUPRE © 1o 0

L TRC T 10 o [ o 1 o o TR © 7 S



5.4 MEENOUS ...t et e e e e e e e e emmmmmmnnr e e e e e e e e e eeeen DD
S I T = PP PPPPPUPPPRPPPPPPPRIN | o IO
5.4.2 Theoretical basis of the bioenergetic model...............cooimemviiiiieeeiev i 97
5.4.3 MOUEI NOTALION......ciiiiiiiiiiii e immmmmeeme et cmmmmmmms et mmmmmmmms e mmmmmmnns DO
5.4.4 Growth MOdel........ccuvviiiiiii e emmmmmme e smmmmmneee s OO
5.4.5 Methodsfor calculating f.............ooooiiiiiiimmmmmemeeeeeeeee e emmmmmmmme e emmmmmmm e LAL
5.4.5 MOdel 8SSESSMENL..........uvviiieiiiemmmecms sttt e e e mmmmmmmms e e smmmmmmmmsse e e e e eeneeeeeeik 0D
5.4.6 Model ImpPIemMENAtION...........cvviiiiiiieiimmmmmmmeiireeeeee e e e e emmmmmmm e e s smmmmmmmm e LOD)

5.5 RESUILS. ...ttt et eemmme et emmcmmmmmt e ammmmmmnnr e e e s smmmmmmnnn e e e s nneeee e L.
5.5.1 Calibrated Grovth CUIVES.............cuuviiiiiiimccme et e emmeneeme oo e LOD
5.5.2 Summary analysis of food consumption and body weight data....................ccc.... 107
5.5.3 Feeding Rate PrediCtioNS............coouiiiiimmmmmemreeeeeeeeeeeeesemmmmmmmmviseneeeeee s smmmmmmm 0. LO8
5.5.4 Growth curve validation...............ooeiiuiimmmmmmmmreeeeeeeeee e s s s smmmmmmmmsseeeeeeeeeeee s smmmmmmmmseeeee s l09
5.5.5 Biological RealiSM.................uuviieemmmmmmieseeeieeeeeeeecmmccccmeeeeeeeesveese s emmmmmmms s e e e eeeeeeeeesmack L1
5.5.6 Impact of real timef calculations...............ccooiiiiimmemiiiiiieeeee e L1

5.6 DISCUSSION. ......uuiieiieeiiitiememmms et ee e st mmmmmmmms et e e e e ettt smmmmmmmms e e e 22 nnssne e e emmmmmmmmeeeeeennnees LD
5.6.1 Accuracy and generality...........ccccuuvvvrimmmmmccceeeeeee e e eemmmeemree e e e e e e e e e e e smmmmmmemeseeeeees L1O
vBe8¢ ! AAOAOOET C..0EA...QQLI x.AAlL L. AEEAALALT
5.6.3 Biological realiSM...........cciiiiiiiiiimmmmemeiiiieeeeee e s emmmmmmmm e ammmmmmms e emee kLT
5.6.4 What ISSUES FE€MAINT.......cuueiiiiiiiiieimmmmmmiiniiieeeeeesammmmmmms s ssssnnnee s emmmmmmmme e e e LLOL

5.7 CONCIUSIONS. .....ooiiiiiiiiiiie s immmemeee ettt e e e vmmmmmmms st e e e s mmmmmmmms s sse e e e e e ensn s smmmmmmmnsseeeeee0n D20

Chapter 62 ThesiS CONCIUSIONS...........ccoiiiiiiteemeeeee e mmmmmmeme et e e e e e e e smmmmmmmms s sneeeeeeee e L 22

6.1 Identifying Suitable MethodS............uuueueiii e e 122

6.2 Modelling growth with abundant dataz an opportunity and a challenge..................... 123.

6.3 Experimental design limits toxicokinetics models..............cooo e 125

6.4 Modelling growth under chemical stresg a promising first attempt................ccevvvieens 126

6.5 Mismatch in dose route hindersn vitro z in vivoextrapolation of growth effects........... 127

6.6 Final thoughts.........oooiiii e emmmmeeee s 128

Appendix Az Supporting Figures for Chapter 3...........coooviiiiiimmmmeeemeeieeeeeeee e smmmmmmemeivveeeeeeee . 230,



Appendix B- Supporting Information for Chapter 4.............cciiiimccccccee oo 183
Appendix Cz Supporting Figures for Chapter 5............ooooviiiiiceceeeemrcciiceee e emmmmmmeme e, B8

(RS LS =] (ST TTRPRPPRPRNRN I o o



List of Tables

Table 2.1 List of parameters used in each growth model and their dimensions (b.m. = body mass).
Thick borders divide parameters relating to (from top to bottom) conversion efficiency, resource
SUPPlYy and MAINTENANCE COSES...........uuuuuiiereeimeccmme e s e be s mmmmmmme e e e s e s s mmmmmmmme e e e e e e e eeeeens 23 Dhnes
Table 3.1 contains a full list of model parameters. Parameter values marked with*aare default
values suggested by Jager, Martin & Zimmer (2013)...........ouvveiiiiimmmmmmeiieeeeeeee e A8
Table 3.2 Toxicodynamic parameters used to model the effects of ela compound on male and
female rats. The percentage of predictions (in terms of absolute body weight and effect on body
weight relative to the control group at each time point) within one standard deviation of the

I AGAOOGAA T AATh AOA PEA®ARS8 BRQERREOCBGAD EI1 xQGOAATh
AOA OET x1 ET Al OA xEEI A OET OA Fombp AOA EECEI EC
fitted to only one treatment group.pMoA best fitting physiological Mode of Action................ 58.
Table 4.1 A summary of observed and predicted recovery of each compound at the 24h and 48h
timepoints, normalised as a percentage of the mean total recovatat 3h in each treatment. The
overall mean is based on all data points from all treatments (n=16), also shown are the lowest
and highest mean uptake in a single treatment (n=4). Colour coding denotes whether model
predictions were within one standard devation of the overall mean at both (green), one (yellow)

or neither (red) of the tIMEPOINTS. ......uuiiiiii i eemmmmmms e e e e e e e e e s s e e eeeee e B 20
Table 4.2 Summary of reverse dosing. The calibrated absorption and elimination rate constants
for each compound are represented in the fornkin_xand kou xrespectively, with x denoting the
relevant model compartment. The target intracellular concentration and themedium
concentration required to achieve this, as calculated by the in vitro TK model, are also sho®8.
Table 5.1Fitted parameter values, selected observed and modelled endpoints, and goodness of
fit measures for each method of calculating the scaled feeding rate,....................cieeeeeeeee.... 106

Table 5.2 Summary data based on mean observed body weight and food consumption at each

1141 00 o | PP PPP PP POPPOPPPPPPPPPRRR 1 O <
Table 5.3 Selected measures of the accuracy of each method when used to predict independent
0 1 > PP PPPP P RPPPR £ 0|
Table 5.4 A comparison ofmaximum wet weight of structure, ® , estimated from data and
calculated from model parameters............oeoeeiiiiiicemmmc e mmmmmmmm 113

Table 5.5 Calculations of saled feeding ratef, using Methods 2 and 3 for the same hypothetical
0 - USSR I



Table 5.6 Food consumption,0 , and growth rate, Yo , ascalculated from predicted body
weight, @ , as calculated from predicted body weight, and observed scaled feeding rat&,using
Methods 2 and 3. This approach was not used in this study due to positive feedback........ 115
Table 5.7 Scaled feeding ratef, and growth rate,Y& , calculated from predicted body weight,
® , and observed food consumgon, U , using Methods 2 and 3. This is the approach used in this



10

List of Figures

Figure 2.1 The same general formula for conversion of resources to biomass is followed by both
the MTE and DEBKISS growth MOGEIS.........uiiiiiiii i eememmmm s e a0 0 3D
Figure 3.1 A graphical representation of the DEBkiss model. The value kfdetermines the
proportion of resources assimilated from food allocated to maintenance and growth or maturity
and reproduction. Processes outlined in ré are those that can be subjected to stress.......... 46
Figure 3.2 Stress increases with internal toxicant concentration beyond a threshold&Vhere S is
dimensionless stressandcE O OEA OO1T 1 AOAT A Ay x Maski A HOOHeRECT T 6 |
determines the point at which stress exceeds zero whil&ris the increase inGn: corresponding to
an increase inSof 1. This means the gradient obis 1/ Cr when Gnexceeds theNEC...............: A1
Figure 3.3 Plots showing how growth model parameters respond to internal toxicant
concentration when stress is appliedA. The maximum assimilation rate) , decreases linearly
with stress until it reaches zero whenS=1. B.The maintenancerate, U , increases linearly with
stress and is doubled wherS=1. C. The costs per unit of tissue synthesis increase linearly with
stress, doubling whenS=1. At this point conversion efficiencyw is halved as it approaches zero
ASYMPLOLICAIY ...t s e e mmmmmmmr e e e e e e e e e e e e D
Figure 3.4 Growth modelled based on feeding rate only (lines) and observed growth (circles) of
male rats. The control group and those dosed with 20,000 mg x (g)-* fludioxonil are shown.
The proportional breakdown of the observed reduction in body weight of treted rats vs controls

at the end of testing is represented in a bar chart................ooo i eeeeeeemricieiee e D90
Figure 3.5 Bar charts showing the proportion of observedweight reductions relative to the
control group attributed to reduced feeding rate and/or toxic stress by the growth model. All
treatments in which a weight reduction was evident at the end of the analysed period are
included. Xaxis labels denote the obarvation date and dietary dose, in some cases treatments
were duplicated between studies. No bar is displayed where there was no reduction in weight.
Note that bars are the same size regardless of the magnitude of the observed effect........... 6.1
Figure 4.1 Plots showing predicted effects on growth in response to various internal
concentrations of prosulfuron. These predictions are based on gngh and toxicodynamics
parameters estimated using experimental data in Martin et al. (2019)...............cceevvvieeeeeeennn LD
Figure 4.2 Model outputs showing observed (circles) and predicted (lines) concentration in
medium, cells and on plastic over time. Solid lines and circles denote treatments used for model
calibration while dashed lines and hollow circles denote treatments used for validation....... 81
Figure 4.3 Percentage recovery by compartment for each compound at 48h. Results shown are

an average from all treatments normalised apercentages of the total recovered at 3h in each



11

OOAAOCI AT 08 )1 1T1TA AAOA OEA O1 OAI OAAT OAOAA AO 1
constant,Ky, is given inatm X mB X MOIL @t 25°C......uuuiiiieiiiiie i B3

Figure 4.4 Mitochondrial activity (determined by CellTiter 96® AQueous One Solution Cell
Proliferation Assay) normalised against vehicle control treatment at ezh time point, over 72

hours exposure to pesticides. Lines represent the mean for each treatment (n=5), with error bars

showing 95% confidencCe INLEIVAIS.................uviviiicemmmmmmie e ee e e ee e e e e e s e mmmmmmmms e O
Figure 5.1&1 I xAEAOO EI 1 OOOOAOET ¢ OEA bDi OEOEOA EAAAAA
when area specific is calculated directly from data as in Martin et al. (2019)..........ccccceeennccd 96..

Figure 5.2 A graphical representation of the DEBkiss model used when assimilation is sufficient
for growth. The value ok determines the proportion of resources assimilated from food allocated
to maintenance and growth or stored for reproductive investment....................... cccceeeee...... 100
Figure 5.3 Plots i & ii show observed (circles) and modelled (line) daily food consumption vs
surface area, a, of males and femalesspectively. Raw data are plotted in light grey while mean
values are plotted in black. Method 3 uses equation 5.15, fitted to mean data to model food
consumption per day,0 . Plots iii & iv show observed (circles) and modelled (line) area specific
feeding rate 0 vs surface area, a, of males and females respectively. Raw data are plotted in light
grey while mean values are plotted in black. Models plot the fitted formula fob divided by
S U] g = (1< IE= | (- = VT 1 A 72
Figure 5.4 Plots showing models (solid line) fitted to observed mean body weight of group A
male and female rats over 2 years (circles). The shaded area under the model curves shows
structure (dark grey) and reserve (light grey) while dashed lines represent observeghean + SD.
The results of Method 1 are shown in plotsii, Method 2 in plots iii-iv, and Method 3 in plot wvi.
..107.
Figure 5.5 Plots comparing independent data (circles) to predictions (lines) of area specific
feeding rate,0 vs surface areaa. Raw data are plotted in light grey while mean values are plotted
in black. Data for males and females in group B are shown in plots ii&espectively while data
for males and females in group C are shown in plots iii & iv respectively...............ccccesceeeea 09
Figure 5.6 Plots showing pedicted (black lines) and mean observed body weight of female rats
over 2 years (circles), using Method 1 to calculate the scaled feeding rdtelhe shaded area under
the model curves shows structure (dark grey) and reserve (light grey) while dashed l&s
represent observed mean + SD. Results for group B and C are shown in plots i & ii respectively.
...110.
Figure 5.7 Plots showing predicted (black lines) and mean observed body weight of female rats
over 2 years (circles), using Method 2 to calculate the scaled feeding rdtelhe shaded area under

the model curves shows structure (dark grey) and reserve (light grey) hile dashed lines



12

represent observed mean = SD. Results for group B and C are shown in plots i & ii respectively.
...110.
Figure 5.8 Plots showing predicted (solid line) and mean observed body weight of rats over 2
years (circles), using Method 3 to calculate the scaled feeding rafeThe shaded area under the
model curves shows structure (dark grey) and reserve (light grey) while dashelihes represent
observed mean + SD. The results for males and females in group B are shown in pleis i
respectively while the results for males and females in group C are shown in plots-im
(TS 01T 1)Y= PPN I I
Figure 5.9 Plots showing mean + SE body fat percentage (left hand axis) recorded in rats of
various ages by Tekus et al. (2018), Reed et al. (2011) and Rojas et al. (2018) ealibrated
model simulations of® as a percentage ofo over time (right hand axis) for male (plot i) and
female rats (plot ii). * denotes that data were available for male animals only.................... 112..
Figure 5.10 Observed area specific feeding rat@, , of male rats in group A plotted against surface
area,a. Raw data are plotted in light grey while mean values are plotted in black. The dashed line
shows the relationship required for scaled feeding rate,= 1 if digestive efficiencyw , is fixed as
a primary parameter. Maximum area specific feeding rat@ , is assigned the value of the highest

0DSErVation IN the JAtASEE..........ieee it ecemme ettt e et ememmmr e e e re e s e et ammmmmmamt e e enreennneeromeeel 18

Additional Content
%BAAI /EE 1 Martin ALD4015310 AP arafetersand2 A O O1 O ddudds Gub dnodel

parameters and results for every dataset used in Chapter 3.



13

Acknowledgements

Many thanks to the Biotechnology and Biological Sciences Research Council (BBS&Gunding

this research.Also,to OE A b Ordésthidl Aaér@r Syngenta forproviding additional funding

and resources andto all the staff at Syngentawho lent metheir time and insightsduring my visits

01 * AAIl Thedksdo he talf &ttheé5 T EOAOOEOU T Aife(add MOEAIS2iAMOdS E OA 6 O
Department for accommodating myexperimental work, especially David Chau, Ewelina Hoffman,

Marios Konstantinidis and Lee Rixon for providing training and assistanceand Victoria Hutter

for providing supervision. Though he was not directlyinvolved in the project, | amvery grateful

to Tjalling Jager for the resourceshe has made freely available on his websitefhese were

invaluable toolsfor learning to build modelsin Matlab andgetting to grips with DEBtheory.

Special thanks go to myacademic and industry supervisors. Roman Ashauey for your
contribution throughout, both as an academicand industry supervisor; Pernille Thorbek, for
helping to get the project off the groundand for your supervision in the first 18 months; Helen
Thompson for stepping in as industry supervisor andproviding much needed support for my
experimental work; and Mark Hodsonfor taking over as academic supervisorand offering
support during an unusual and challenging 2020All of your expertise,ideas,feedback andadvice

havebeen instrumental, and have made me a better scientisbver the last four years.

A big thank you to my partner Rosa fosupporting me throughoutand for sending me theproject
advert way back in Autumn 2018 ) 1 EQAOAIT 1T U AT O1 Al Srbhalyg h&an® AT T A
you to my family foralways encouraging me to pursuemy scientific interests, even when a career

in insurance looked lke the more likely option.



14

Declaration

| declare that this thesis isa presentation of original work and that | am the sole author. In
AEAPOAOO DPOAOGAT OET ¢ A@PAOEI AT OO AT A AAOAnh ) EAO
these chapters were written either for publication, or in preparation for publication, and so
acknowledge the involvement of my supervisors and others. The work within this thesis has not

previously been presented for an award at this, or any other, University. All sources are

acknowledged in the References section. The table below reports the paperssag from this

thesis.
Thesis
Title chapter Status Journal
Common ground between growth Published
models of rival theories: A useful September Ecological
illustration for beginners 2 2019 Modelling
ToxicokineticzToxicodynamic Published
Modelling of the Effects of Pesticides on November Chemical Research

Growth of Rattus norvegicus 3 2019 in Toxicology




15

Chapter 1 - Introduction

1.1 Overview

Mechanistic effect models (MEMSs) are viewed as potentially important tosifor chemical risk
assessment(Grimm and Martin, 2013, Ducrot et al.,, 2016) Such modelsaim to approximate
biological processeswith sufficient accuracy to predict responses to scenarios such axposure
to toxins. Mechanistic, rather than empirical, predictions are of greater value for extrapolation
from laboratory to field and from individuals to populations and ecological systems. It itherefore
argued that modelling methods can provide more relevant proxies for risk assessment than the
results of laboratory testing on individuals(Grimm and Martin, 2013)and, if utilised effectively,

can improve chemical safety outcomes while reducing the need for animal testiGdpger, 2016)

This project focusses on the development ah silico models able to accurately simulate the
growth of rodents exposed to pesticides in their diet for period of up to two years. Prior to this
project, there had been very few attempts to develop such models for mamméBesforges et al.,
2017). This task involves modelling the processes of resource assimilation and allocation
involved in growth, the exposure and uptake of pesticides, and the stress this places on the

organism.

The first aim of this project is to develop a model that can contribute to pesticide risk assessment.
For example, as an analytical tool, providing new insight into the results of laboratory toxicity
studies, or as a means of extrapolating from laboratory datep untested, ecologically relevant
scenarios. Secondly, we will investigate how toxicological models can facilitate comparisons
betweenin vitro and in vivo data. This could allow the prediction of organism level effects from
experiments on cultured cells potentially reducing the need for animal testing in chemical risk

assessment.

This chapter provides a literature review with respect to each of these broad objectives,
identifying the knowledge gapsthe project aimsto address, potential obstacles to oveome, and

suitable methods for doing so. The chapter concludes with an overview of the thesis structure,
providing a chapter-by-chapter summary of how our objectives were approached over the course

of the project.

1.2 Objective 1: Develop TK-TD growth model for rodents to address the
limitations of pesticide risk assessment

1.2.1 Limitations of current long-term risk assessment measures
Predicting the longterm effects that a chemical, such as a pesticide, will have on wildlife when
OOAA ET OEA AT OEOITIi AT O EO A 1 AET O AEAIIT AT CAS
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we would have to test it @n every species, include the féects from all other natural and
anthropogenic stressors, assess effects on populations and ecosystems in all regions and under
all environmental conditions of concern, and use endpoints for quantifying risk that would
perfectly indicate whether or not the effect on the environment is acceptabl§Grimm and Martin,
2013). Clearly, this would not be feasible for a number of reasons. In reality, ecological risk
assessment (ERA) relies on studies conducted on just a few species, for one chemical at a time
and under standardconditions. Such assessment may on occasion fail to highlight the adverse
effects of pesticides. For example, pesticide risk assessment in the USA is criticised for its lenience,
with 72 pesticides which are banned in the EU for their impacts on human halth or the
environment - still approved by the Environmental Protection Agency(Donley, 2019).
Conversely, it is also possible that stringent risk assessments may overestimate the risk of a
chemical by investigating only the effects of constant exposure, an unlikely scenario iretfield
(Ducrot et al., 2016) In such cases, chemicals which could benefit food production without
damaging the environment may notbe approved. Through addressing the gap between

laboratory and field, ERA can be made more realistic, avoiding either kind of error occurring.

At a 2005 workshop devoted to long term risk assessment of pesticides to birds and mammals,
five main obstacleswere identified. The first was relating toxicity endpoints measured in
laboratory testing, which are generally reported as summary statistics, in a relevant way to
animals living in the field. The second was accurately predicting sensitivity to a chemidabm
one species to another. Third was estimating the exposure of animals which are free to move in a
dynamic environment. Next was accounting for the mismatch in exposure between laboratory
and field. The final challenge was evaluating effects at popuian level when laboratory testing

only provides data on individual level effects(Hart and Thompson, 2005)

While these obstacles were identified fifteen years ago, they remain relevant and are worth
bearing in mind when considering the current framework for assessing long term toxicityf
pesticides in mammals and the ecological risk this poses. The subacute to chronic toxic effects of
new active ingredients are assessed with repeated oral dose studies lasting from 28 days to 2
generations. The laboratory bred form of the brown ratRattus norvegicugPalm, 1975), is the
most common subject although a few other mammalian species may be ugdtineau, 2005). The
highest dose should induce toxic effects but not severe suffering or death and generally dose
levels decrease as test duration increases. Many guaints are monitored; these include body
weight, reproductive output, reproductive defects, responses to neurological stimuli and organ
damage or malformation (OECD, 1998) These data are then used to determine a number of
reference doses. The no observed effect level (NOEL) is the highest dose at which there are no

statistically significant effects on any endpoin{EFSA, 2006) The no observed adverse effect level
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(NOAEL) is the highest dose at which any observed effects are not deemed biologically or
ecologically relevant(EFSA, 2009b) The lowest observed adverse effect level (LOAEL) is the

lowest dose atwhich biologically relevant effects are observedEFSA, 2009a)

Whether the collecton of summary statistics is appropriate for ecological risk assessment (ERA)

is the subject of much debate among scientis(Murado and Prieto, 2013, Green et al., 2013, Jager,

2012, Jager, 2011, $mhezBayo, 2012) One of the issues with this approach identified by

regulators themselves is how to interpret the ecological relevance of effects in tests that were

designed to protect human healtEFSA, 2006)( Oi AT 06 A @bi O Owgpkalyésultb AOOE AE
from accidental ingestion or inhalation by workers handling them ¢hronic or acute exposure) or
consumption of pesticide residues on food (chronic exposure). Neither of these scenarios are
particularly representative of the fluctuating exposure faced by wdlife. Moreover, some of the

endpoints monitored in toxicity studies are difficult to relate to ecological impactsAccording to

COEAAT AA EO OEI O A AA AT 1 OEAAOAA OxEAOEAO OEA A

however this still leaves aAACOAA 1T £ OOAEAAOEOEOU AT A OANOEOAO

A A OERSA, 2009b)

Tier 1 risk assessment aims to determine the risk to species that inhabit agricultural land by first

AAl AOI AGET ¢ OEA AAEI U AEAOAOU AT OA j$$$Qofi £ OCA
the species at risk. These species should be small in body size and abundant in the relevant crop

type in the area of interest. For example, the wood mous&podemus sylvaticugnd the field vole,

Microtus agrestis are commonly considered in European isk assessment(The Danish
Environmental Protection Agency, 2014, EFSA, 2009b)

The full calculation of DDD is as follows:

4 drr1t4H by 1)

I+

mmwim

Where ARis application rate (kga,. X Hal), RUDis the mean residue per unit dose resulting from
an application rate of 1kg/Ha (mgx Kgrod® X kgar! X Ha?), FIRis food intake rate (gx day?), PTis
the proportion of diet from the treated area,PDis the proportion of the affected food type in the

diet and BWis body weight (kg). In practice, thedaily dietary dose is initially calculated as
000 6'Y "Y1 0 @GOG O6®HO 060 (1.2)

using a shortcut value for the crop/generic species of interest and wherBWAis time weighted
average factor andMAR, is the multiple application factor. The chronic toxicity exposure ratio

(TER is then calculated as:
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g g =g
1rd —— (13)

The NOAELvalue used is the lowest from the 2 generational studfas a daily dosemga x kgesw?!

x d1). If theDDDis greater than one fifth of the NOAEL (TER < 5) then this stage of assessment is
failed, and further risk assessment must be conducted. THRUDis calculated as the average
residue over a 2kday period assuming that the pesticide in question has a 10 daglf-life (DTso),

that is the time taken for half of the chemical to degrade in the environment. The 21 day and 10
day periods are selected arbitrarily(EFSA, 2009hb)

While TERbased assessment is certainly protectivébased onNOAEL derived from two year
exposure, far longerthan would be expected in the field) there are clear areas for improvement
with regard to ecological realism and the obstacles identified bydart and Thompson (2005)
There is a major disparity in the exposure patterns used to derive the values that determine the
TER TheDDDis calculated for exposure over 21 days while the NOAEL is derived from constant
exposure over2 generations. Moreover, the trueDTso of a pesticide is not considered, instead it
EO AOOOI AA O61 AA pn AAUO8 &ET AT 1 Uh OEEO [ AOET A ¢
the external dose and ignoring the internal processes of absorption, difbution, metabolism and
elimination (ADME) despite data on these processes often being availalfle=-SA, 2009b) Finally,
this method also assumes that the species used in laboratory testing is representative of the focal
species in the field. This assumption is more difficult to avoidithout testing on a wider range of

species, an undesirable solution for mitiple reasons.

1.2.2Modelling approaches for ecological risk assessment

In toxicity studies, the toxic effects of a chemical are generally related to the administered dose;
this may be aningested, dermalor inhaled dose for terrestrial species or toxicant concentration
in water for aquatic specieg OECD, 2020)However, the biologically effective dose is the portion
of the administered dose that reachs its target within the organism (Pelkonen and Turpeinen,
2007, Tsaioun et al., 2016) Toxicants may vary greatly in the rate at which they are takeup or
eliminated and so there is a clear advantage to relating toxic effects to internal rather than the

external concentration.

41 AT EET AGEAO j4+q OAEAOO O1 A AEAITEAATI 80 AAOI (
a biological system. TK modsl mathematically describe these processes and so are able to

translate an external concentration into an internal concentration over time and viceersa

(Tsaioun et al., 2016) Toxicodynamic (TD) models meanwhile predict how the internal
concentration will impact upon biological processes. The effect on these processes is then related

to endpoints such as growth, reproduction or survival. When used in combination, the resulting
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TK-TD models are able to predict toxic effects of exposure to a toxicant, which may vary through
time (Ashauer andEscher, 2010)

TK-TD models work at organism level and are a part of a broader class of predictive models
known collectively as mechanistic effect models (MEMs). This term refers to models that simulate
the mechanisms by which chemicals affect variousevels of biological organisation, from
individuals to eco-systems(Grimm and Martin, 2013). These are a valuable tool for extrapolating
from laboratory to field scenarios and it is considered that making MEMs an integral part of
chemical risk assessment will make the process more comprehensive, ecologically relevant & cost

effective while redudng uncertainty (Hommen et al., 2016a)

ERA is generally concerned with higher levels of biological organisation such as populations and
communities. However, experimental data collection at these levels is highly impractical and the
resulting data are difficult to interpret. In order to make higher level predictions, the level of the
individual is vital because it is compatible with expenmnentation and has direct relevance to
population level effects(Jager, 2016) Individual level data are of particular relevance to risk
assessment for birds and mammals, as guidelines state that no mortality associated with pesticide
use should be accepte(EFSA, 2009b)

The potential of TKTD modelling to enhance ERA is gredh a workshop organised to investigate
how MEMs can be applied in ERA, researchers were provided with data sets on hypothetical
pesticides that had failed tier 1 risk assessmerniHommen et al., 2016a) Modelling techniques
were then used to address specific protection goals from the EFSA guidance. While the data used
in these case studies were artificial, they were also realistic and interd to explore the capacity

of modelling to improve ERA. Among the applications identified were using TK modelling to
predict internal pesticide concentration in skylarks and wood mice feeding in crops, and to
identify the residue levels that would cause muality (Ducrot et al., 2016) Another study used
the general unified threshold for survival (GUT$ model to provide survival rulesin individual
based population models (IBMs) for three important aquatic arthropod specieDohmen et al.,
2016).

The European Food Safety Authority (EFSA) has long recognised that TK models can be a
powerful tool and may serve to reduce the need for animal testing in pesticide risk assessment
(EFSA, 2009b) More recently, TKTD models based on the GUTS framewo(Bager et al., 2011)
were recommended for use in ERA for aquatic invertebrate(EFSA, 2018) However models
based on dyamic energy budget (DEB) theoryKooijman, 2000) - which are able to predict

sublethal effects on graded endpoints such as body weight and reproductive outpi#shauer et



20

al., 2011)- are currently deemed unsuitable for use in ERA. This is due to the current lack of user
friendly modelling tools (EFSA, 2018)

$AOAT T PET (Koolralban® Beddux, 1996bj O $+904'$ 6  [(Shéroin®et al.,
2020) suitable for use in ERA is now an active aseof research with renewed interest in
simplifying the framework (Jager, 2020) Up to now, very few studies have developed DEB<TD
models for vertebrates(Zimmer et al., 2018, Sadoul et al., 2018putside of this project, only one
published study applied this approach to a mammalian species, the American minkylgstela

vison), producing promising results despite limited data(Desforges et al., 2017)

1.2.3 Modelling growth in mammals

Bodyweight is an important endpoint in mammalian risk assessment and making predictions on
how this will be affected by toxicant exposure over time requires a suitable growth model. The
growth of many species follows a sigmoid pattern and three mathematical models which have
been frequently applied to mammalian growth are the logistic, Gompertz and Von Bertalanffy
models. In order to compare the abilities of these three models to predict mammalian growth
Zullinger (1984) fitted all three models to growth data for 49 species from across mammalian
taxa. The Von Bertalanffy had the lowest residual sum of squares for the growth curves of 27 of
these species, Gompertz for 8 and logistior 14. The differences in model performance were
reduced for larger data sets and it was concluded that in general the models are all reasonably

well suited to empirically describing mammal growth.

Of these, only the Von Bertalanffy curve was developddr the purpose of modelling animal
growth. In the original form of the equation, growth was defined as the difference between

OAT AATT1 EOI 8 AT A OAAOAAT T EOCIi 68 4EAOA DBOI AAOGOAO
suggestion that the anabolism wold be proportional to surface area while catabolism would be
proportional to volume has also been criticised. With this in mind, all three models can be
regardedas purely empirical models(Ricker, 1979)and therefore not suitable for extrapolation

to novel scenariossuch as restricted feeding or expsure to toxins.

While the biological rationale of Von Bertalanffywas heavily criticised, models have since been
developed that make use of its general form while ascribing new biological theory. When
modelling toxicity, these give the advantage that toxic effects can be modelled as stress on specific
biological proces®s rather than simply the growth rate. One such theory is the Dynamic Energy
Budget (DEB)(Kooijman, 2000). DEB theory considers body mass toebdivided into structure
(bones, muscles, organs etc.) and reserve (stored lipids, carbohydrates etc.). The thaerigased

on the principle that certain processes, such as somatic maintenance, are limited by volume while

others, such as feeding and assimation, are limited by surface area (e.g. surface area of feeding
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appendages, gut surface area). The theory also relies on the wallown scaling relationships
wé 0 6%00Q & Mand Yo I "ODiOWdwé & 6 B QO 'Q & Meprovided body shape remains
the same (isomorphic growth). While the DEB model equations are much more complex and the
biological rationale much more thorough, the DEB growth model can be reduced to the form of

the Von Bertalanffy curve.

One of the criticisms commonlylevelled at DEB is that it contains many parameters, particularly

when reserve is considered, which cannot be directly measured or even easily estima{gdn der

Meer, 2006a) An alternative growth model that claims to address these issues is that of the

metabolic theory of ecology (MTE)YBrown and Sibly, 2012) The central equation of MTE states

thatad Qo OO¥ @D ¢ Doxdi ix EOE | CAT AOAIT | BARMABRACT AA +0 KAA Ad
law (Kleiber, 1932)8 - 4% DOT OEAAO A AEIT 11T CEAAI OAOQEITAIA
vascular systems of plants and vertebrats supply resources to cells at a rate which scales with

body mass to the powe#f4 (Brown and Sibly, 2012, West et al., 2001, West et al., 199Hpwever,

this proposed scaling relationshp has faced some strong criticisniKozlowski and Konarzewski,

2004).

The resulting growth model is considerably simpletthan that of DEB in terms of the number of
speciesspecific parameters. Most parameter values are taxorspecific, based oninterspecies

trends, so are fixed across related speciedHowever, despite the difference in theory the growth
AOOOGA EO OAOU OEI EI AO8 31 ,OEMTE bréwih modelal€drediceE | E O
to the Von Bertalanffy equation. For all thelebate around scaling exponents, this change has little

effect on predictions (Sibly et al., 2013) In fact, the same data have been employed to
demonstrate both a% (Karasov, 2012)and (Kearney and White, 2012)scaling relationship

between mass and gut surface area of mammals.

While MTE may offer some advantages, it has many of the same drawbacks as DEB and some of
its own. Whilethe MTE growth model does have only three basic parameters, and so claims to be
more efficient than DEB(Marquet et al., 2014) it is debatable whether their values are truly
measurable. All are derived through fitting various model equations to interspecific dat@oses

et al., 2008) Moreover, the mathematical and biological basis of MTE has also received significant
criticism (Kerkhoff, 2012, Painter, 2005, Kozlowski and Konarzewski, 2004, Van Der Meer,
2006b). The greater number of parameters in DEB is not necessarily a negative for the purpose
of TK-TD modelling, as this provides greater scope for hypothesising how the toxicant acts.
Additionally, DEBKkiss, a simplified version of DEB, was developed more recgn{Dager et al.,
2013). DEBKkiss contains fewer parameters and omits reserviereby avoiding the most complex

elements of DEB theoryvan der Meer, 2006a) The first published study to use DEBkiss to model
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toxic effects on growth and reproduction in mammalgDesforges et al., 2017produced good fits
to data. Goodfits do not necessaily validate the theory underlying a modeMoses et al., 2008)
independent data must be predicted successfully in order to test a theory. Nevertheleasimpler
version of DEB may provide a good starting pot when exploring new applications for TKTD

modelling.

1.2.4Modelling toxicokinetics and toxicodynamics

One of the challenges of modelling toxicokinetics in terrestrial mammals is that the primary route

of pesticide uptake is oral consumption and so irggtion rate is a major consideration. This
challenge may be approached using body burden models (BBMs) or more complex
physiologically based toxicokinetic (PBTK) models. Body burden models treat the whole body as
a single compartment, with the gutaddedad OAADIT 08 AT 1 PAOOI AT O AOT I xE
be absorbed before it is truly considered inside the body. In this way, internal concentration can
be predicted from oral dosing over time. BBMs are relatively simple and provide general
suitability for t oxicants that distribute evenly throughout the body of an organism without a
specific target site(Bednarska et al., 2013a) PBTK modelgNichols et al., 1991, Li et al., 2017,
Louisse et al., 20154ivide the body into a number of compartments, corresponding to organs
and tissues, and predict the concentrations in those different compartments. Such modele
more mechanistic butrequire a great deal of information about the speies physiology, the

Ol EAAT 060 AAEAOET OwnilePBTK mibdels hatebdet deteiop@dfar A Gt
(Lietal., 2017, Louisse et al., 20153tandard tocity experiments (OECD, 2010are not designed
with model validation in mind and are limited in terms of sample size and dose regimens. This
makes it challenging to demonstrate the advantass of PBTK modelling over simpler modelsnl
ecotoxicology, where many species and chemicals are considered, such an approach is often not
possible nor necessary(Jager, 2015a) Indeed, for the purpose of wildlife risk assessment, a
stronger need is felt for simplicity, generality and flexibility of modelg(Hunka et al., 2013)with

total body burden often deemed sufficien{Bednarska et al., 2013a)

Toxicodynamics describes how a dose metric, for example the internal concentration, of a
toxicant is linked to effects on the endpoints of interest. A commoassumption in quantifying
these processes is that of thresholdglager, 2015a)AweltET T xT  AAACA ET O1 gEAT 11

dose makesOEA DPT EOTT16h T AATEIT ¢ OEAO All OOAOOAT AAOh
at high enough concentrations within the body(Paracelsus, 1565, Trauhann, 2005). The TD

module of DEB4 +4$ [ 1T AAl AOOOIi AO OEAOh A O AT U @ATTA
AT TAAT OOAQGET T8 j.w#q AAl T x xEEAE EO AAOOAO 11 (

similarly named NOEL or NOAEL, the NEC is time indepemd and therefore has no relationship

with duration of exposure. This assumption allows us to focus on the toxicant only by postulating
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that all other xenobiotics within the organism are below their respective NEC8Vhen the toxicant

exceeds its NEC,it HAAO OOOOAOOE 11 1TTA T O Ii1TO0A AET 1T CEAAI
Ol EAAT O AAUITA EOO OEOAOGET 1T A EAO OEA OAI A AEEA,
xEOE OEOAOEIT |1 A6 OAlI AOET T OEEDPh xEOE sdoEsthdtEmea® OOA OO
that the effects on the endpoint will also show a linear relationship, this depends on the role of

the stressed parameter in the model of growth, reproduction or other endpoin{Jager, 2015a)

4EA OAI A POETAEDPI A T AU Al 01 AA OOAA ET OOOOEOAI
to die increases linearly when damage (a function of internal toxicant concentration) gaes a

threshold (Ashauer et al., 2015) If there is evidence that stress on a biological process does not

show a linear relationship with toxicant concentration, then other relationships can be modelled.

For example, if stressncreases exponentially as toxicant concentration increases beyond its NEC,

or if the stressed process has a maximum or minimum rate. Equally, this approach to modelling

chemical stress could be applied to models which are not based on DEB.

The threshold gproach is not without disadvantages though. Its simplicity is beneficial from a
modelling perspective but not entirely representative of responses to toxicantd-or example,
hormesis describes a bphasic response to a chemical whereby low doses bring albeneficial
effects while higher doses are toxi¢Mattson, 2008). Additionally, thresholds may themselves be
altered by chemical exposure through changes to chemical tolerang®ietrzykowski and
Treistman, 2008, Mille, 2001).

1.2.50bstacles to longterm Toxicity Modelling

So how well do TKTD modelling approaches compare to other methods for addressing the five
obstacles to longterm pesticide risk in mammals identified earlier (Hart and Thompson, 2005y
The first obstacle identified was the relevance of endpoints collected as part of chronic toxicity
testing (Mineau, 2005). The published summary statistics like NOAEL and LOAEL are heavily
criticised as they are external doses which are time dependent and so vary depending on the
length of exposure(Jager, 2012, Murado and Prieto, 2013)lt is also argued that the testing
procedures in standardised conditions provide too little information on the role of biotic and
abiotic factors that will undoubtedly play a role in the field. Indeed it has been argued that the
laboratory testing procedures should be totally rethought in order to make risk assessment more
ecologically relevant(Bednarska et al., 2013band also to provide data required by models rather
than models be designed around the available dafdager, 2016) TK-TD models can be used to
derive more relevant endpoints such as average or peak interhaoncentration and the no effect
concentration (NEC). Published data are generally of limited value to modellers but the raw
datasets contain a great deal of useful information recorded on an individual basis. This includes

many measured endpoints and o&n data on recovery after treatmen{OECD1998, OECD, 2008)
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Greater access te@xisting raw data can thereforebe of great benefit to model developmentDue

to the commercial sensitivity of such data this requires cooperation with industry. If modelling
were to become an integral part of ERAJager, 2016, Grimm and Martin, 2013, Hommen et al.,
20164, Forbes et al., 2009then those working in industry would be the users. As such they would
always have access to full data sets rather than only the published figures, thus removing this
obstacle.

Another difficulty is the extrapolation of toxicity between species. A widly used measure is the
species sensitivity distribution (SSD). This involves plotting the sensitivities of different species
to a toxicant (in terms of NOAEL or other reference dose) against the proportion of tested species
affected. By fitting a curve tlhough the points a dose can be determined at which only X% of
species will be affectedShaw-Allen and Suter, 2016) The data requirements are normally only
met for acute toxicity tests on vertebrates since chronic testing more costhpoth in terms of
animal use and man hoursThis method & also not suitable for extrapolating to a specific focal
species as it can only make predictions about the proportion of species in a community affected
by a particular dose. An alternative method is interspecies correlation estimation (ICE), this
involves plotting known reference doses of two species against each other and determining the
relationship in sensitivity between them (Raimondo et al., 2007) This agproach can be used to
make predictions from one species to another, however only if both species have undergone the
same testing for a selection of chemicals. This rules out predictions for any wild species not used
in animal testing and the required pairael data are generally unavailable for chronic toxicityCao

et al. (2014)developed a method of predicting equivalent doses between species based on scaling
of metabolic rate with body size within taxa. These predictions appear reasonably accurate,
however testing this method relies on paired data and again this is generally only available for
acute toxicity testing. TK modelling offers a more mechanistic approach by incorporating an
I OCATEOIi 60 OOOEAAA AOAA O O11 0i A OAdiighted OT 11 A
gut, lungs, or skin, it can reasonably be postulated that the rate of absorption is governed by
OO0O0OEAAA AOAA8 /T AA AAOI OAAA ET xAOAOh OEA ET OAOI
volume or mass. This approach was used/ltsergs et al. (2016}o predict the effects of exposure
on survival of the freshwater planktonic crustacearbaphnia magnaat different life stages. Using
the same TD parameters, and so assuming that individls of different sizes are equally sensitive

to the same internal concentrations, survival was predicted reasonably well. While in this case
the method was used for intraspecific predictions, using it to make predictions between species
would in principle be no different to using allometric relationships Though, this would rely on
the assumption that body size is the only variable and differences in morphology and physiology

between species have no impact on sensitivity to a toxicant
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The next major obstale was how to address the mismatch in exposure between laboratory and
field when relating exposure to effects. The approach used when calculating a TER is by using a
time weighted average whereby the average pesticide residue over 21 days is determined
assuming it has a D¥,of 10 days. Naturally, the time over which exposure is averaged has a major
effect on this figure and should have some justificatio(Fischer, 2005)however 21 day averaging
time and 10 day Do are selected arbitrarily (EFSA, 2009b) TK modelling avoids this issue by
making dynamic predictions of how internal concentration vaies throughout the period of
exposure. One approach is to link TK predictions such as maximum internal concentrationn{g

or total internal exposure, calculated as the area under the curve (AUC), to time dependent
reference doses such as NOAKEGajewska etal., 2014) TD modelling takes a different approach,
instead linking internal concentrations to the stress on biological processes in real tim@ager,
2015a). TK-TD models can then make more appropriate predictions with regard to toxic effects,

either using the same assumed consumption as in the TER calculation or more detailed data.

Quantifying pesticide exposure in field conditionds a very complex task. It has been noted by
scientists that the current measures fail to capture the true dynamics of exposure in time and
space (Di Guardo and Hermens, 2013)Several criticisms of the daily dietary dose estimate
(equation 1.1) have already been discussed, chiefly the lack of ecological relevance of the time
periods considered. There is though, a great deal of pertinent information that is overlooked by
this calculation, as identified by Crocke(Crocker, 2005). For examplepesticide residue may vary
between food types or in space, and animals may show a preference to forage in untreated areas
(these are approximated by the parameter®Tand PDin equation 1.1). Another consideration is
that, depending on the length of expose considered and the life stage of the focal species, an
ET AEOEAOATI 60 AT AU xAECEO 1 AU AEATCA OECI EZEEAAT (
exposure as well as other temporal considerations can be captured by a-Ti® growth model,
however describingspatial variation is beyond the capability of this approach. Fully accounting
for spatio-temporal variation would require either careful calculation of exposure or the use of

an individual based model within which a TKTD model could be implementedLiu et al., 2014)

The final hurdle identified in assessing long term pesticide risk to mammals was how to make
predictions at the population level(Sibly et al., 2005) Again, this is beyond the scope of TKD
modelling. However, as has been mentioned, several studies have already begun exploring the
potential of TK-TD submodels to enhance the predictions of IBM§Gergs et al., 2016, Liu et al.,
2014, Ashauer, 2010, Hommen et al., 2016b, Dohmen et al., 20183 both methods improve, the
prospect of using them in tandem to improve our understanding of population levelisks of

pesticide use is highly promising.
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1.2.6Knowledge gaps and next steps

Many limitations of the current ecological risk assessment of pesticides have been identified and
it has already been demonstrated, at least in principle, that modelling approbes can address
many of them. TKTD modelling is capable of accounting for many of the temporal differences
between exposure in the laboratory and those expected in the field. It can also relate exposure to
toxic effects in a more direct way than summargtatistics provided by laboratory tests designed

to protect human health. While bodyweight is an important endpoint in mammalian chronic
toxicity testing, TK-TD models able to predict toxic effects on mammalian growth are in their
infancy. Such capabilityvould significantly aid interpretation of dietary toxicity data and help to
relate findings to the exposure of wild mammals in the agricultural landscape. Numerous hurdles

remain but these are not insurmountable given recent improvements in modelling meths.

DEBkiss has shown good fits to growth and reproduction of American mink under toxic stress
(Desforges et al., 2017)However, due to limited data, many parameters were fitted or assigned
default values. Our study on the othehand will use raw data from standard laboratory studies,
provided by Syngenta, which will provide individual measurements of dosing, body weight, and
feeding rate throughout the test period and data on recovery after exposure end®ECD, 1998,
OECD, 2008) This will present an unparalleled opprtunity to test predictions and theories. In
particular, detailed feeding data will facilitate the generation of higkresolution inputs

representing feeding rate and pesticide ingestion, giving new insight into laboratory data.

This project aimsinitially to develop a generic TKTD growth model for rodents that is suitable
for use in pesticide ecological risk assessment and able to address some of the limitations of
laboratory testing. Using raw data from dietary toxicity studies on 6 pesticidesye will develop a
framework for model calibration and validation. We will identify any remaining issues and

suggest how they may be addressed in future work.

1.3 Objective 2: Use TKTD growth model to facilitate in vitro T in vivo
extrapolation of sublethd toxic effects on rodents

1.3.1 Animal testing and the three Rs

As has been discussed, animal testing plays a major role in the risk assessment of pesticides. This
is also true for many other chemicals used in industry or available to the general publgych as
clothing dyes, adhesives or cleaning products, which may pose a risk to human health or the
environment (ICCA, 2011) Despite its importance to product safety, the use of animal testing has
long been the subject of intense scrutiny due to the surrounding ethical concerns. In particular,
animal testing of beauty products has been the subject gfeat opposition and is how banned in

the EU. From 2013 even the sale of cosmetic products tested on animals anywhere in the world
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was prohibited in the EU (European Commission, 2013a) This is part of a general drive to

minimise the practice even where it can be more easily justified.

The UK government is committed to the replacement, reduction and refinement of animal testing

i OEA OE@dnd Offtd @0q7)and there is demand for the development of alternative
methods from across industries and scientific disciplines. This is because, in addition to ethical
issues, animal testing is slow, financially costly and limited in its predictive abilityAs an example,
the cost of advancing a new pharmaceutical drug to phase 1 human trials may reach $100 million.
Failures at this stage are hugely expensive and the differences in kinetics between humans and
animal test species account for many of thesél'saioun et al., 2016) To account for these
interspecies differences,PBTK modelling has bcome a crucial toolin the pharmaceutical
industry (Zhuang and Lu, 2016)Meanwhile, the average research and development costs of a
new pesticide are $286 million(Phillips McDougall, 2016) The sheer number of animals required

is a large part of what makes animal testing so costly and contentious. Acrake EU, 28.8 million
animals were used in experiments from 201582017 (European Commission, 2019vhile the most
recent figures show 3.4 million animals were usedh the UK in 2019 along(Home Office, 2020)

In anticipation of the EU ban on animal tested cosmetics, an expert panel was convened in 2010
by the European Commission to review the capabilities of vitro methods (Adler et al., 2011)
The report concluded that the integration ofin vitro and in silico (virtual modelling) methods is

essentid for quantitative in vitro to in vivoextrapolation (QIVIVE).

1.3.20Dbstacles to quantitative in vitro to in vivo extrapolation

Even without the use of modelling, toxicity responses vivocan, to a degree, be predicted from
in vitro results. For example, literature reviews have found good correlations between the
reference doses in fish and cultured fish cell¢Castano et al., 2003, Schirmer, 2006 Such
correlations cannot always be relied upon thoughin vitro assays generally show low absolute
sensitivity and there may be significant differences in behaviour of different assays. One possible
reason for this is that in cultures of a sing cell type there will bearelatively low number of target
sites for toxicants to act upon. Another is that cells will not function in the same waw vitro as
they would in vivo, so transport proteins, enzymes and receptors may be present at different
levels (Schirmer, 2006, Groothuis et al., 2015)More complex assays can be constructeto
compensate for these differences however they are more complicated to work with and so reduce
throughput (Astashkina et d., 2012).

An additional contributor to low sensitivity and inter-assay variation is inappropriate choice of
dose metric. Like in toxicity testing with live animals, where administered dose is most commonly

linked to effects, the dose metric chosen torpdict effectsin vitro is often not the most suitable
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The commonly used nominal concentration refers to the amount of toxicant added to the medium,

divided by the volume of the mediumiIn vitro, a chemical can meet a number of fates including
metabolism, binding to proteins in the medium, adsorption to the plastic container, evaporation

if volatile or precipitation if insoluble (Tsaioun et al., 2016) The composition of the culture

i AAEOI AEEEAOO AAOxAAT AAIT TETAO AT A O O1 gEAAI
too. Naturally, this can result in contrasting results between ssays with the same nominal
concentration because the toxicant is present in different concentrations at its target site. The

toxicant concentration within the cells would therefore be the most appropriate metric. Even if

intracellular measurements are notfeasible there are external measures that arpreferable to

the nominal concentration. For example,the free concentration in the medium, that which is

unbound to medium proteins and therefore available for uptake by cell&roothuis et al., 2015)

1.3.3In vitro TK modelling

Once again, TKID modelling can be applied to this prolem. It has already been discussed how
TK-TD modelling is able to relate toxicant exposure to internal concentration and resulting effects
at the organism level. This alone however is insufficient to circumvent animal testing. A vital
missing component isthe ability to make predictions at the cellular levelwithin an in vitro
environment. In order for QIVIVE to be successful, a thorough understanding of Bith in vitro
and in vivo is vital. Specialisedin vitro TK models are therefore required to predictthe
intracellular toxicant concentration that results from a given nominalconcentration (Tsaioun et
al., 2016, Hamon et al., 2015)

Thein vitro TK models developed byilmes et al. (2013)and StadnickaMichalak et al. (2014)
both take a similar approach, alhough the latter is more simply formulated. Both consider the
relative concentrations of the toxicant in 3 compartments, namely, the culture medium, the cells
and the plastic to which the toxicant may bindHamon et al., 2015, Wilmes et al., 2013)n the
case of volatile compounds the airspze in the container may be added as a fourth compartment
(Stadnicka-Michalak et al., 2014) With a known initial pesticide concentration in the medium, the

intracellular concentration at equilibrium can then be modelled.

Due to differences in cell properties and composition of the culturenedium, in vitro TK modek
must be calibrated to the specific cell line and the chemical being tested. One approach is to
dissolve known quantities of radiolabelled pesticides in the medium and use liquid scintillation
counting to quantify the amount of he sample in the medium, absorbed by cells and adsorbed to
plastic over time (StadnickaMichalak et al., 2014) Model parameters can then be fitted to
toxicant concentration in each compartment over time. Repeating this process for enough

different chemicals with a range of chemical propgies may demonstrate trends in model
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parameter values. These values may eventually be reliably predicted from chemical properties,

such as the octanol water coefficient, without the need for experimental work.

1.3.4Reverse Dosing

TK models can be usedot predict intracellular toxicant concentration at equilibrium based on
initial concentration in the culture medium. This is not necessarily a on#vay process though; TK
models can also be used in reverse to derive the initial conditions required to resuft a desired
intracellular concentration. This is known as reverse dosing and is a crucial step toward QIVIVE.
Reverse dosing may be performed usinig vivoor in vitro TK models depending on the aim of the

study.

Some reverse dosing studies have been cameted with the laboratory rat as their subject,
attempting to predict in vivoreference doses based oim vitro results. For example, Louisset al.
(2015) and Liet al. (2017) have adopted this approach with increasing success to predict effects
of a pharmaceutical and a fungicide respectively. In both studieig vitro tests were used to
determine the intracellular concentration at which 10% of rat stem cells failed to differentiate.
This was taken as a proxy for thén vivobenchmark dose at which évelopmental malformations
occur in 10% of individuals (BMD10). A PBTK model for the laboratory rat was then used in
reverse, to calculate the oral dose at which the same concentration would be reached in the blood.
The predicted doses were roughly one stk (Louisse et al.Jand one third (Li et al.) of the BMD10
published in vivo studies. While this approach is certainly relevant to current developmental
toxicity testing, the relevance of time dependent reference doses like BMD10 to ecological risk is
guestionable (Hart and Thompson, 2005, Jager, 2011, Jager, 201Regardless, the reference
doses used in chronic toxicity studies, such as NOAEL, are not dependent on the proportion of
subjects showing a response but depend on the level of response. As such, it would be more
beneficia to extrapolate the size of the effect resulting from a given level and duration of

exposure.

StadnickaMichalak et al. (2015) usedin silico and in vitro methods to predict the effects of two
fungicides on fish growth.In vivodata came from fish early life stage (FELS) tests on two species,
the fathead minnow and therainbow trout. An established PBTK mode(Nichols et al., 1991,
Nichols et al., 1990, Stadnicka et al., 201@jas used to predict toxicant concentrations in the gills

of fish in FELS testsReverse dosing was then used to determine the experimental conditions
required to achieve the same intracellular concentration in cultured rainbow trout gill cells. Cell
population growth under these conditions was then observed over a few days and extrapted
through time using the Von Bertalanffy growth curve. Over the same durations as the FELS tests,

the predicted growth inhibition (relative to controls) matched closely with in vivo observations.
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These results demonstrate the potential oiih vitro testing and reverse dosing as an alternative to

animal testing able to predict toxic effectsn vivo.

1.3.5Knowledge gaps and next steps

As yet, the approach used to extrapolate toxic effects on the growth of fish framvitro results
(StadnickaMichalak et al., 2015)has not been adapted for rodents and this presents a great
opportunity to contribute to the three Rs. According to EU figures, around 1.12 milliofish were
used in experiments in 2017. However, this was only 12% of the 9.39 million animals used in
total, rats and mice accounted for 73%European Commission, 2019)In the UK, over 224,000
rats and mice were used for regulatory testing, with one third of regulatory procedures
concerning chemical toxicity and safetyHome Office, 2020) Since long term animal testingises
the most animals and is most costl{Hartung and Rovida, 2009) it is logical to focus on endpoints

measured in chronic toxicity testing like bodyweght.

In vitro z in vivoextrapolation of rodent growth under toxic stress will involve addressing several
challenges and knowledge gaps. The first is the development of the-TR growth model itself,
which was discussed in the previous section. Even withTeK-TD model, the procedure developed
to extrapolate effects on the growth of fish will not be simple to replicate. For example, relating
intracellular in vitro and in vivo intracellular concentrations to one another presents a greater
challenge when congiering rodents. A major difference between the toxicity testing frameworks
for fish and mammals is the dosing method. While fish in regulatory tests are exposed to constant
concentrations of pesticides in their water(OECD, 2014) mammals are dosed via the diet in
longer studies (OECD, 1998, OECD, 2008, OECD, 200Iherefore, the internal pesticide
concentration reached depends on feeding rate relative to body size, which fluctuates
substantially as animals grow(Laaksonen et al., 2013) Moreover, dosing may impact food
consumption which will in turn alter the daily ingested dose andontribute to observed effects
on body weight over time.These issues present major challenges for any comparisoniofvitro
and in vivo data. A further challenge that has not yet been covered is the identification of a cell
line suitable for use as an assay for rodents. The specific gill cell line used3tgdnickaMichalak

et al. (2015) is derived from gill cells of healthy fish. Most mammalian cell lines tend to be

transformed and/or cancer derived and so are less representative of the organism.

This project will explore the role that TK-TD modelling can play in facilitatingin vitro z in vivo
extrapolation of toxic effects on rodents and so helping to achieve the three Rs. OurTB growth
model will be used to simulate the effects of constant internal exposure to pesticides on et
growth in vivo. This will provide a scenario that is comparable to cultured cells exposed to a

constant pesticide concentration via their mediumIn vitro TK modelling will then be used to
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determine the experimental conditions required to matchin vivointracellular concentration. The
results of these experiments will then be analysed to determine whether they indicate the level

of growth inhibition predicted in vivo.

1.4 Thesis summary

The rest of this thesis is separated into five chapters. Chapters®2each represent a standalone

article or research paper. Chapter 2 presents a sie®y-side comparison of the MTE and DEBkiss
growth models in their simplest forms, allowing the most fundamental differences in their theory

and assumptions to be identifiedand scrutinised. This exercise was initially conducted in order

to determine which modelling framework was most suitable for use in this project. This formed
the basis of a short article, providing an entry point for beginners to this subject, which was

published in Ecological Modelling.

Chapter 3 is a research paper describing the development of a - growth model using data
from dietary toxicity studies on rats. This was among the very first attempts to model sublethal
toxicity in mammals. Additionally, having access to unpublished raw data meant that this study
provided a novel implementation of existing modelling approaches, with high resolution model
inputs representing pesticide intake and food consumption over time. This was published as a

researcharticle in Chemical Research in Toxicology.

In Chapter 4 is a research paper in which the potential of FRD models to act as a bridge between
in vitro and in vivo data is investigated. The TKID growth model developed in the previous
chapter was used tomodel the effects of constant internal concentrations of five pesticidefn
vitro TK models were calibrated using experimental data and then used to design cell
proliferation experiments. The results were analysed to determine any relationships between ite

population growth and in vivogrowth rate under chemical stress.

Chapter 5 is a methodological study focussing on how feeding data are converted into model
inputs. This was conducted to address remaining issues with the growth model developed in
Chapter3. A novel method for deriving feeding inputs was proposed as an alternative to that used
in Chapter 3 or the method conventionally used in DEB models. Models using each of the three

methods were assessed in terms of accuracy, generality, and biologicalism.

Finally, Chapter 6 draws conclusions from the thesis as a wholeflecting on how successfully

project objectives were met and identifying areas for future work.
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Chapter 2 - Common ground between growth models of rival theories:
a useful illustration for beginners

2.1 Preface

One of the first taskd faced in this project was the identification of suitable modelling techniques.
With respect to growth modelling,| considered methods based on two metabolic theoriesthe
metabolic theory of ecology(MTE), and dynamic energy budgef{DEB) theory. These theories
represent two different schools of thoughtwithin the metabolic modelling community, and
several papers havebeen written debating the merits of one over the otherl researchedthe
growth models of each theoryand found thatcomparing them intheir simplest forms highlighted
both the considerable overlapand the fundamental differences between theml felt that such a
comparisonwould be very usefulto any newcomersto the subjectarea butwas missing from the
literature. This exercisewas written up and subsequently published as a discussion article in
Ecological Modelling Thisarticle is presented below.

2.2 Abstract
Dynamic energy budget theory (DEB) and the metabolic theory of ecology (MTE) both seek to

qguantify the processes of resource acquisition anallocation but differ in their underlying
mechanisms and assumptions. Some-itiepth comparisons of the theories hag been conducted
in the literature but require a level of knowledge that is likely to be beyond most newcomers to

the topic.

We reduce the theories to their simplest forms, their models for growth under optimal conditions,

and present aside-by-side comparison of the model equations and key assumptions. This shows
considerable overlap in how both theories characterise growth rate while also highlighting

£O0T AAT AT OA1 AEZEZAOAT AAOh OOAE AO -4% 60 OO0A 1T &£ O
MTE in this way provides an accessible platform to help beginners gain a better understanding

from the existing literature.

2.3 Introduction

DEB(Kooijman, 2000) and MTE (Brown et al., 2004b)are both well-known theories which aim

to quantify the processes of acquisition and use of resources, to explain biological patterns. These

theories differ fundamentally in their underlying assumptions and mechanisms. DEB assumes

that resource assimilation scales with the surface area over wth resources are absorbed into

OEA AT Aus 4EEO 1 AAAO O A OAAIT ET ¢ OAI AOGET 1 OEET
a species during isometric growth, in which body shape remains constafiKooijman, 2000). MTE

meanwhile, proposes that fractally branched vascular networks, possessed by plants and many
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animals, deliver resources to cells at a rate which scales with body mass to the ¥ moBrown

and Sibly, 2012, Brown et al., 2004b)This scaling relationship and its underlying mechanism

faced strong biological and mathematical criticisnfKozlowski and Konarzewski, 2004)however

EO xAO AT 1 OAT AAA OEAO OEEO AOEOEAEOI xAO AAOAA 1
(Brown et al., 2005) In any case, neither mechanism precludes the oth@viaino et al., 2014) It

is possible, perhaps likely, that vascular supply networks and the surface area to volume ratio

both play a role in limiting energetic supply rates.

The two theories have rarely been directly comparedMaino et al., 2014) leading to a lack of
understanding acoss them and researchers often working only with one or the othefKearney

and White, 20128 4 EEO OEOOAOQOEIT EO O i1 AxEAO A®atthdd AO xEO
theories should be complementary since they have different strengths and applicatioiiBrown

et al., 2004a)

Those comparisons that have been carried out focus on theoretical differer&ceand
inconsistencies(Marquet et al., 2014, Kearney and White, 2012, Van Der Meer, 2006imspiring
spirited debate between proponents of the theoriegKearney et al., 2015, Houlahan et al., 2015,
Marquet et al., 2015) Theconversation,however, is often inaccessible for newcomers to the topic.
We suggest that a different approach may be beneficial in this regard, focusing first on the
similarity between the theories. The theories are most similar toone another when used to
predict growth under constant conditions. We therefore use their most basic growth model as a
starting point to clearly highlight the similarities and then isolate the core differences between

them.

2.4 Common Ground

Both theories seek to mechanistically model the processes involved in metabolism. Research on
DEB began around 198@Kooijman, 2000) while the precursor to MTE was published in the late
1990s (West et al., 1997) The growth models of both theories produce a sigmoid curve, as is
observed in many species, and follow very similar biolgical rationale. The central equation of

MTE states that metabolic rate B) scales with total body massw) (Brown and Sildy, 2012):

e (2.1)

Where6 EO OEA 1 AOAATTEA OAAI ETC Al AZEEZEAEAT O AT A
metabolic rate scales allometrically(all parameters and dimensions are given in table 2.1)
Assuming constanttemperature and ad libitum food availability, the resulting growth model is

expressed as:
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T; E " o "Di:::- (2.2)

Where 6 is the maintenance rate per unit mass an@® represents the energetic cost per unit
growth (Kerkhoff, 2012). The energetic supply term in this model is the metaboliate, defined

in equation 2.1, since this represents energy that must be supplied for survival and growth.

Unlike that of MTE, the DEB growth model explicitly divides biomass into reserve (stored
resources) and structure (functional body massjKooijman, 2000). Therefore DEBkisgJager et
al., 2013), a simplified version of DEB which does not consider reserve, is a better chotce

illustrate the parallels with MTE. Under the same constant conditions, the basic growth model is:
L ©® _
T, ‘p=! LH:_ oz ko (2.3)

Where w represents conversion efficiency of assimilates to structurek is the portion of
assimilates allocated to structural maintenance and growth) is the maximum assimilation rate
per unit area and0 the maintenance rate per unit mass. It is cleaat this point that both models

can be characterised in the same way, illustrated ifigure 2.1.

dw 1

MTE Bow - B, wF)
Growth Rate = [ Conversion Eff1c1ency X Supply Flux Maintenance Flux )
DEBKiss E = ya(kKJ 4y w3 I’ uw)

Figure 2.1 Thesame general formula for conversion of resources to biomass is followed by both the
MTE and DEBkiss growth models.

Both models describe the conversion of resources into body mass, though their dimensions differ.
While MTE considers the energy content aissimilates from food, DEBkiss considers their mass

since food consumption is typically measured in terms of mass rather than energy. However,
DEBkiss assumes constant composition of structure (and therefore a constant conversion factor

between mass and Bergy) so both theories ultimately consider energy fluxes, regardless of the
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units. This difference is somewhat trivial then, but important to note before comparing the model

parameters.

A full description of the model parameters can be found ibtable 2.1. Except fork and J| (both

dimensionless), parameters relating to resource supply, maintenance or conversion efficiency

have equivalent dimensions, differing only in how resources are measured.

Table 2.1 List of parameters used in each growth model and their dimensions (b.m. = body mass).
Thick borders divide parameters relating to (from top to bottom) conversion efficiency, resource

supply and maintenance costs.

Parameter Theory Explanation Dimensions

= DEBKkiss New biomass per unit of| Massy.m). MaSesources)t
resources used

_ MTE New biomass per unit of| MasSp.m). Energyresourcesyt

[jml
energy used

k DEBKkiss Proportion of resources| Dimensionless
allocated to growth &
maintenance

: DEBKkiss Maximum assimilation rate | MaSSresources). Masg.my23. Timel
per unit of surface area

1 MTE Scaling exponent of energy Dimensionless
supply with mass

Bo MTE Supply rate per unit of| Energyesources) Masg.myt. Timel
biomasst

by DEBKkiss Maintenance rate per unit| MasSresources) Masg.my?. Timel
of biomass

Bm MTE Maintenance rate per unit| Energyresources) Mass.my?l. Timel
of biomass

- OAE AEOAT OOOA EAO AT 1T AAOT AA xEAOEAO 1 AOGAATI1 EA
or ¥ (Brown and Sibly, 2012, White and Kearney, 2014, White and Seymour, 2008Yhile MTE
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1

OAl Oerkhot, 2912, MGsEseOal., 28, Brovd an&SighA A
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produced (Kerkhoff, 2012) and may be considered preferable in terms of mathematical simplicity

(Sibly et al., 2013) This means that the ultimate body mass (W can be exprased:

= ||||— (2.4)

Substituting this into equation 22 means that the growth rate can be expressed in the form of the

Von Bertalanffy growth equation:

..,v; — oo r— _Z -

(2.6)

By combining equations2.3 and2.6 the DEBkiss growth model can also be expressed in the form:

-—4 ‘-|-|-=|'19J_| B L Z (27)

Equations2.5 and2.7 are mathematically and conceptually equivalent, further demonstrating the
considerable overlap between the two growth models Parameter values could therefore be
transferred between the two models to produce the same growth cue: However, their values

would not be consistent with the estimation methods of both theories.

2.5 What Differences Remain?

The growth models may have a great deal in common but, even at this most basic level, important
differences remain. The parameters of DEB are generally specigsecific and full parameter
estimation requires growth and reproduction data, preferably under warying conditions
(Kooijman et al., 2008, Lika et al., 2011A growing, curated database containing DEB parameters
for almost 2000 species has been made freelyailable (Marques et al., 2018, Kooijman et al.,
2019) as has software to carry out parameter estimatiorfMartin et al., 2012). Nevertheless, an
understanding of the underlying equations and how parameter values are derived still requires
significant investment of time and effort(Jager et al, 2013). One of the goals of MTE was to make
this process simpler and less data demandin@Brown and Sibly, 2012) but the devil is in the

detail.

It was initially suggested that the cost of growth in MTH:y, should bemeasured as the energy

content of tissue (West et al., 2001) however such a simple measure negates any additional
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Moses et al(2008) using the growth cuves of animals in early life stages, when it is assumed that
maintenance costs are negligible as virtually all energy is devoted to growth. Such data
requirements are not dissimilar to those of DEEKooijman et al., 2008) so the energetic cost of

tissue synthesis remains a property that is not easilymeasured or estimated.This could

potentially be measuredin vitro using assays measuring energy metabolisZhang et al., 2012)

in combination with cell proliferation assays. However, to simplify the process, generic values of

En are recommended for taxa such as mammals, birds and fish, on the basis that alternative

methods (Sibly and Calow, 1986b, Moses et al., 200Bave produced similar estimates for these
groups(Sibly et al., 2013)

AsataxorODAAEZEA | AAOOOAR - 4 %8 OB lishdided bylitthdeqiafioAl ET C A
1 to data on the metabolic rates (measured as respiration) of related species ranging in size
(Brown and Sibly, 2012) As such the value dB, does not scale with the ultimate size of a species.
For some this is an oversimplification as it assumes that variation in ultimate mass heten
species results solely from interspecific differences in maintenance rat&, (equation 2.4). By
extension, this means thafthe maintenance costs of a lizard are much higher than those of a baby
crocodile of the same sizé(Van Der Meer, 2006b) Instead, DEB suggests that the maintenance
rate per unit of structure is probably very similar among related species. Therefore, differences
in the ultimate mass of species are influenced more by interspecific variability in assimilation rate
(Van Der Meer, 2006b)In principle, this debate could be settledby measuring the growth and
caloric intake of related species. The energy requirements of an adult lizard vs a growing

crocodile of the same size wouldeflect their respective volume specific maintenance costs.

Finally, the kapm rule in DEB states that, for any species, a constant proportida(ranging from
0-1), of available resources are allocated to maintenance and growth. The remainderKLLis
invested toward maturation and reproduction (Kooijman, 2000). An equivalent parameter would
be redundant in the MTE growth model, as the supply term describes only the energged by
cells for growth and maintenance rather than the total assimilated. As a wider theory MTE does
EAOA A OEiIi EI AO 0OO1I Ah AOOOIiEIT ¢ OEAO OAOI OOAAO AO
growth and reproduction. However, unlike in DEB, it is also assugd that these proportions are
constant across all speciegSibly, 2012), a simplification which has major implications. As a
speciesspecificparameter in DEBK plays an important role in capturing interspecific variability

in ultimate mass (equation2.6) and reproductive output when this is included model predictions.
Estimates ofk for different species vary almost across théull range possble, from 0.0388 for the
Humboldt squid (Kooijman, 2018)to 0.996 for the frilled anemone(Kooijman, 2020).
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2.6 Conclusions

Ultimately all models exist to provide a simplified representation of complex processes and this

requires compromise between realismand ease of use. DEB provides a powerful framework for

modelling organism life cycles but the data requirements for full parameterisation are
substantial, as is the investment needed to fully understand model equatio3ager et al., 2013)

MTE aimed to simplify further by utilising interspecific patterns to derive taxonspecific

parameters. The only specie©O DAAEAEA DAOAI AOGAO ET -4%60 CcOIl xOE
Bm) can be calculated from the ultimate weight of a new species of imest. However, subsequent

work has detailed how DEB parameters can also be estimated using only the ultimate size of a

species if necessary, by scaling the parameter values for a related spe¢lsoijman et al., 2008)

In both cases though, such simplicity comes at a cost in terms of accuracy sinceapgeter values

are, in reality, individual specific and vary within and between species.

While our comparison has focused on growth, the purpose of these theories is not simply to mimic
observed patterns (for which the Von Bertalanffy equation would suffie) but to provide a
mechanistic basis for predictions in novel scenarios and at higher levels of biological organisation.
Implementation within individual based models (IBMs) of populations has highlighted the scope
for model development in both theories.MTE successfully predicted observed patterns in the
mass density of tree seedlings provided there was little competition for nutrients and water but
not when these resources were limited(Lin et al.,, 2014) DEB meanwhile has been used to
successfully predict population level patterns observed ifDaphnia magnabut it was found that
predictions were just as accurate if reserve was omitte(Martin et al., 2013). This finding inspired
the development ofthe DEBkiss modelJager et al., 2013yvhich, as we have demonstrated, offers
comparable simplicity to MTE. In addition, the DEBtox frameworkooijman and Bedaux, 1996b)
uses DEB as the basis for predicting the effects of toxic exposure on biological processes. This has
now been used to predict observed effects in several invertebrat@shauer and Jager, 2018nd
vertebrate species(Desforges et al., 2017, Zimer et al., 2018)demonstrating the ability of DEB

to realistically respond to environmental change.

The aim of this article was to compare DEB and MTR a way that is targeted to beginners and
currently missing in the literature. While DEB is indeed a complex theoretical framework, since
the creation of MTE it has been developed to offer similar simplicity both in terms of model
equations and parameter stimation. At this point, the distinction between the two theories
hinges on the underlying mechanisms and assumptions. We hope that, by providing an accessible
introduction to this ongoing discussion, this article helps newcomers to the topic to better

understand the arguments and feel equipped make their own model choice with confidence.
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Chapter 3 z Toxicokinetic -toxicodynamic modelling of the effects of
pesticides on growth of Rattus norvegicus

3.1 Preface

3UT CAT OAB8 O Elishrojectplesehtéd@ raie bppddtinity in terms of data availability.
| was provided with the unpublished raw data from toxicokinetics and dietary toxicity studies on
sevenpesticides Havingidentified methods to model growth, toxicokinetics and toxicodynarnts,
the challengewas then deciding how tobest makeuse of such an abundance of data had met
xEOE O1 GEAT 1 1 CE 00 and disaussediyipiGal patfes that dited ARekgkdin
dietary toxicology studies Through these discussions ibecame cleathat feeding rate is a crucial
factor influencing the growth rate and the ingested pesticide dose over timdherefore, properly
utilising food consumption data would ke absolutely vital tomodel the effects of dietary toxicity.
With such an abundance of dataanother question waswhich data should be usd to calibrate
model parameters or to test model predictions. The process ofmodel development with
regulatory datasets formed a research paper which was published in ChemicaResearch in

Toxicology and is presented below

3.2 Abstract

Ecological risk assessment is carried out for chemicals such as pesticides before they are released
into the environment. Such risk assessment currently relies on summary statistics gathered in
standardised laboratory studies. However, these statistics extract only limited information and
depend on duration of exposure. Their extrapolation to realistic ecological scarios is inherently
limited. Mechanistic effect models simulate the processes underlying toxicity and so have the
potential to overcome these issues. Toxicokinetitoxicodynamic (TK-TD) models predict the
internal concentration of a chemical over time andhe stress it places on aimdividual organism.
TK-TD models are particularly suited to addressing the difference in exposure patterns between
laboratory (constant) and field (variable) scenariosFew studies have sought to predict subethal
effects of pesticide exposure tomammals in the field,although such effects are of particular
interest with respect to longer term exposure. We developed a FRD model based on the
dynamic energy budget (DEB) theory, which can be parameterised and tested solely using
standard regulatory studies on rodents. We demonstrate that this approachis effective in
predicting toxic effects on the body weight of rats over timgl xub T &£ T AOAOOAOQEIT 1
predicted to within one standard deviation of the mean ir28 of 34 datasets Model predictions
separate the impacts of feeding avoidance and toxic action, highlighting which was the primary
driver of effects on growth. Such information is relevant to the ecological risk posed by a

compound because in the environment alternativedod sources may or may not be available to
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focal species. While this study focused on a single endpoint, growth, this approach could be
expanded to include reproductive output. The framework developed is simple to use and could
be of great utility for ecobgical and toxicological research as well as to risk assessors in industry

and regulatory agencies.

3.3 Introduction

Before chemicals can be registered fause,they undergo ecological risk assessment (ERA), this

process is particularly rigorous for agricdtural pesticides, which are designed to be toxic to pest

species (EFSA, 2009b, van Leeuwen and Vermeire, 2007l is not practically possible to

AAOAOI ETA A AEAI EAAI 60 AAT 1T CEAAI Ei PAAO A@DPAOE
AOOADPI 1 AGETT »&EOT T 0OO0i i AOU OOAOEOOEAO OOAE AO O
generated for a fewspecies in standardised laboratory studiegGrimm and Martin, 2013).

However, such statistics should only be extrapolated with caution as they do not account for the

processes that lead to toxic effects and are dependent on duration of exposudager, 2012,

Murado and Prieto, 2013) Moreover, they are generated in controlled (supposedly optimal)

conditions - regulated temperature and freely available food and watefOECD, 2001} that are

unrealistic in the field. The resulting lack of ecologial realism in current standard risk

assessment methods is problemati¢European Commission, 2014)

Mechanistic effects models (MEMs) aim to simulate the mechanisms by which chemicals affect
individuals, populations and communities and therefore eable us to predict how they will
respond in untested and more ecologically relevant condition€Grimm and Martin, 2013). This is

an appealing prospect with great potential for use in ERA of pesticidéiSorbes et al., 2009, Forbes
and Calow, 2012) By focussing on the underlying processes, modelling techniques can add
ecological realism to extrapolations and een reduce animal testing requirements(Jager et al.,
2006).

Accounting for the mismatch in exposure between laboratory and fieldFischer, 2005) was
identified as one of five key obstacles to long term risk assessment of pesticides for mammals
(along with selection of suitabletoxicity endpoints, extrapolation of toxicity between species,
exposure assessment and evaluation of population level effedtdart and Thompson, 2005). In
chronic toxicity tests rats or mice are exposed to a constant concentration of a pesticide in their
diet for periods as long as 2 yeargOECD, 2008, OECD, 1998, OECD, 20@ych constant
exposure is unrealistic in the field where pesticides are not applied at a constant rate all year
round. This disparity can be addressed through the use of toxicokinetioxicodynamic (TK-TD)
modelling (Jager et al., 2006) TK-TD models work at the individual level, predicting an internal

measure of chemical concentration over time (toxicokinetics) and the stress this places on an
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organism (toxicodynamics). As such, the effects on a given endpoint resulting from time varied

exposure can be predicteqJager, 2016, Nyman et al., 2012, Ashauer et al., 2017)

The use of TKTD modelling has now been recommended for certain regulatory purposes, such
as predicting survival of aquatic organismgEFSA, 2018) However, European protection goals
for birds and mammals state that there should be no visible mortality associated with pesticide
use (EFSA, 2009b)so sublethal effects are more relevant with respect to realistic exposure.
SubletrAl  AEEAAOO AAT AA DOAAEAOAA OO&bognarbdad 0% %" C
Bedaux, 1996b, Kooijman and Bedaux, 1996agombining TKkTD modelling with the Dynamic
Energy Budget (DEB) theoryKooijman, 2000). DEB is an established metabolic theory which has
beenapplied to a range of taxgMarques et al., 2018) mathematically describing the processes
of energyacquisition and allocation that determine the life history of an organism. Using FKD
modelling to place stress on these processes can produce predictions of effects on sublethal
endpoints such as growth and reproduction. Very little research has concesd mammals
however, as DEBtox studies have thus far mainly focused on invertebratésshauer and Jager,
2018) and more recently fish(Zimmer et al., 2018, Sadoul et al., 2018)

At present DEBtox is limited to research applications as it is not regarded as user friendly enough

for use by regulators(EFSA, 20183 417 OEEO AT Ah A OEIiI pi EAXZAEAA OAOO
developed in which only structural body mass (bones, muscle, organs etc.) is considered with no

reserve storage(Jager et al., 2013) The model retains many DEB principles but with fewer

parameters and model equations. It was developed for applications where simplicity and ease of

use are important, such as the analysis of toxicity dator for use within individual based

population models. The only published study to date in which TH'D modelling has been used to

predict sublethal effects in mammals utilised DEBkiséDesforges et al., 2017)Although limited

data were available, the model accurately simulated observed effects of environmental toxicants

on growth and reproduction in the American mink Mustela visoi). These results suggest that this

simplified framework may be sufficient for practical and reguléory applications.

Here we tested the utility of DEBkiss by working with raw data from repeated dietary dose
toxicity tests and modelled the effects of several pesticides on rats. As the first study to use
regulatory data for this purpose, we adopted th@ractice of beginning with the simplest possible
methods and identifying areas where more complex techniques may be required. Internal
pesticide concentration was modelled with a one compartment model and a single endpoint, body
weight, was modelled over ime using the DEBkiss growth modelWe only considered a single
endpoint for simplicity as we aimed to establish a practical procedure for the parameterisation,

calibration and validation of DEBtox models using regulatory data and to assess the qualitydan
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utility of predictions. With an established procedure in place, other endpoints can be considered
in future studies. Furthermore, we aimed to improve the interpretation of standard toxicity
studies by extracting novel, meaningful information using modeihg. In this regard, keeping the
number of state variables in the model to a minimum provided greater clarity. The data used in
this study only came from unmated animals, so reproduction was not omitted from the model, it

simply did not occur during the olservation period considered.

3.4 Methods
3.4.1 Data

All data used here were made available from existing regulatory studies (Syngenta, unpublished)
carried out according to 94/79/EC (European Commission, 1994) investigating toxicokinetics
and chronic toxicity of acibenzolarSmethyl (benzothiadiazole; fungicide, insecticide and plant
activator (PPDB, 2019a), azoxystrobin (strobilurin; fungicide (PPDB, 2019b), fenpropidin
(unclassified; fungicide (PPDB, 2019c), fludioxonil (phenylpyrrole; fungicide (PPDB, 2019d),
mandipropamid (mandelamide; fungicide (PPDB, 2019€¢) and prosulfuron (sulfonylurea;
herbicide (PPDB, 2019f) and thiamethoxam (neonicotinoid; insecticide (PPDB, 2019g) in

laboratory rats (Rattus norvegicus

The toxicokinetics studies followed OECHBest no.417 (2010) guidelines. Animals were treated
with a single oral (gavage) dose of &#Cradiolabelled pesticide with total radioactivity found in
various tissues and excreta monitored over a period of days. The animals were allowed free

access to certified standard diet.

Data sets differed between pesticides but followed a common framework. At least two dose levels
were studied with typically three male and three female animals in each treatment group. The
reports include data detailing the proportion of the initial dose excreted in faeces, urine and bile
over ~48 hours after a single oral dose, providing an average percentage of the dose which was
absorbed into the body. Pesticide concentration in the blood of animaisas measured over ~48
hours following a single high or low dose. Pesticide concentrationasalso measured in different
body tissues from animals terminated at ~4 time points following a single high or low dose.
Details of dosing, including exact dose (mg)), body weight (g) at the start (and in some cases the

end) of testing and achieved dose (mg, x kgew,) were provided for each individual animal.

Chronic toxicity studies lasting 28 days (OEC2st no.407 (2008)), 90 days (OEC@est no.408
(1998)) or 2 years (OECDest no.416 (2001), 451 (2018a) or 452 (2018b)) were carried out
according to OECD guidelinesAnimals of around 57 weeks in age were provided witha diet

containing pesticide and multiple toxicological endpoints monitored over the study period.
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Animals were kept in standard conditions with food and water available ad libitum. Each study
provides individual weekly observations of body weight (g) and food consumption (ge) x day

1). Sample size was typically 5 animals per sex per treatment in 28 day studies, 10 animals per
sex in 90 day studies and 5@0 animals per sex in 2 year studies. The mgared concentration of
pesticide in the diet of each treatment was also reported. Each study comprised a control group
and at least 3 treatments fed diets containing different concentrations of pesticide. As study

duration was increased dietary doses wergenerally decreased.

3.4.2 Toxicokinetic model

&1 0 AAAE OiI geAAT O j AATT OAA O61')8 &I O AAOGEOA ET CO
using a one compartment TK model with first order kinetics. The internal concentration here

refers only to toxicent present in body tissues at a given time and excludes any in the gut which

has not yet been absorbed. As terrestrial mammals are primarily exposed to pesticides via the
AEAOh OEA OiI oEAAT O Ai 1T AAT OOAOGETT EIT OEAOGOO x/
compartment. This was a very similar approach to Bednarsket al. (2013a) but we also account

for change in body size by including dilution by growth and changes to surface area to volume

ratio as per Gerget al.(2016). The model equations are shown below.

08 0 & YO (3.1)

0 w

WhereYOET AEAAOAO AEAT CA ET OEA Al AU x Kbpf&idant; AAT T O/
over time (Massayx Masssw)™ X M) and subscriptsGutand Int denote gut and internal

respectively; | is toxicant ingestion rate (Masgy x Massew)' X t'); Frepresents bioavailability
(dimensionless);ka and ke represent the rate constants of toxicant absorption from the gut and

toxicant elimination from the system respectively (t1); WA AT T OAO AT AWisccRaeggE O AT A
in weight over time; L is volumetric length (the cube root of body volume) and_y is the ultimate

volumetric length of the test species.

DEB states that volumey, surface areaa, and volumetric lengthL, scale suchthato 0 o 0
and® ! .Thus, thesurface area to volume ratio can be calculated a$ ¢ 0, sod j O gives
AT AT Burfaké ae@ relative tothat of a fully grown adut. Uptake and elimination are area
mediated processes while internal concentration is determined relative to volume oweight.
Multiplying the uptake and elimination terms by0 j 0 therefore accounts forchanges to these
rates that occur as animals growThe final term of equations 3.1 and 3.2 accounts for dilution by

growth, that is the change to concentration that occurif there is no uptake or elimination but the
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compartment changes in sizeEgestion is not explicitly considered in this modellnstead,fitted

elimination rate constants areassumedto account for elimination by egestion.

3.4.3 Growth model
Growth was modelled with the DEBkisgJager et al., 2013yrowth equation:
Yo ® Q0 ® z0 o (3.3)

7 E A OMirepsesents the change in total body weight\{V) over time,> represents theefficiency
with which assimilates are converted to structural mass (Massw) X MasSassimilates)t), K is the
proportion of assimilates allocated to the somaf, is the scaled feeding rate (unitless)y is the
maximum surface area specific assimilabin rate (MasSassimilates) X Massswy2? % t-1) and 0 the
mass specific maintenance rate (MagSsimiaesy X Masssw)® x t1). The DEBkiss model is

represented graphically in figure3.1.

Endotherms are also subject to surface area specific maintenance costs, accounting for heat loss
to the environment. However as long as the ambient temperature is within the thermoneutral
zone of a speciegKingma et al., 2014these are assumed to be zerasheating costs are at their
minimum so are simply part of volume specific maintenancélLika et al., 2011) Laboratory
guidelines require rodents to be kept at 22+3°C, as this wasonsidered to be within the
thermoneutral zone of the rat(Poole and Stephenson, 1977More recent research has suggested
that this temperature rangeis below the thermoneutral zone of the ratLe and Brown, 2008)but

for simplicity it was assumed that heat loss could be omitteddmitting heating costs would have
minimal impact on model predictions themselves but wouldmpact on the relative values ofv

and 0 . However, any costs near the thermoneutral zone would be minimal.

Food > Faeces
)

Assimilates

Mobilisation

[ Somatic Maintenance ]

Structure

Maturity &
Reproduction
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Figure 3.1 A graphical representation of the DEBkigmnodel. The value of k determines the
proportion of resources assimilated from food allocated to maintenance and growth or maturity
and reproduction. Processes outlined in red are those that can be subjected to stress.

The parameterk represents the proportion of assimilates allocated to maintenance and growth
with the remainder (1-k) going towards maturation and reproduction. DEBKiss theory states that
Op O DPOAAOOUh OEAOA OAOT OOAAO AOA Omdldctiodd AO A
AOEEAOS AOOET ¢ b O@ae Gtlal., 2013 Thid Bubldr & Eyénkrdlly used to
represent mass for egg production which is notapplicable to mammals. Additionally, as
reproduction was not modelled in this study, the r@roduction buffer would serve no purpose
other than as a reserve for use under starvation. As there were no data for body length, there
could be no distinction between growth and weight gairas fat so all body weight wassimply
modelled as structure.This necessitated the assumption thal-k branch continues to be used up
as the animals develop into sexually mature adults (at #®0 days of aggTacutu et al., 2018)
and then to maintain maturity, a process which can also be included in DEBk{Sager et al., 2013)

Only un-mated animals were included in this study, so body mass was not impacted upon by

pregnancy.
If food intake is reduced such thatQQ ® 0  but the total assimilation rate
N w 0 w (i.e. in a situation where food intike is sufficient to maintain homeostasis

but not to grow), then¥&»  Ttas available resources are diverted from the-k branch to meet

maintenance costs. If the total assimilation rate is insufficient to meet maintenance costs, that is

N W 0 ), then the growth rate becomes negative as tissue is metabolised to meet

maintenance requirements.

Yo O o z0w IO (3.4)

Wherew is conversion efficiency of structure to assimilates. The value kbtherefore determines

the point at which the feeding rate becomes insufficient for growth but does not impact the onset

of weight loss.While it would be possible to model the effects of starvation on survival using the

GUTS framework(Jager et al., 2011)there is a lack of data on the topic as the experiments

required would be unethical Any treatment that induced drastic reductions in feeding would be

AAAT ATTAA AO COEAATETAO OOAOA OO EWAG ADAGEECHEAAIED IC
1998, OECD, 2008

3.4.4 Toxicodynamic model

Finally, the DEBtox toxicodynamic mode{Kooijman and Bedaux, 1996b, Kooijman and Bedaux,

19964, Jager, 2015byvas used to link internal toxicant concentration to stress on growth. It is
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assumed that for any xenobiotic, there exi€@ A O1 1 A ££A ANBQ Below ihkh iDOAOET 1
causes no stress to any biological processes. TNECis a time independent threshold and

therefore has no relationship with duration of exposure. Assuming that every molecule of toxicant

beyond itsNECcrAAOAO OEA OAI A AT 616 1T £ OOOOAOGOGS 1 AAAO

which can be modelled quite simply figure 3.2):

S =max(0, Cin:- NEC) /Cr

NEC NEC + Cine
Cint

Figure 3.2 Stress increases with internal toxicartoncentration beyond a thresholdVhere S is
dimensionless stress andcE O OEA OOT 1 AOAT A x WMdsewp)A HeteQlie DIEG 1
determines the point at which stress exceeds zero whils @e increase in & corresponding to an
increase in S of 1. This means the gradient of S is W@&n G exceeds the NEC.

Qu
—
1

)yl 160 ApPOiI AAER OOOAOGO AAT AA APPI EAA O TTA 1,
I £ A f&o6djrhah 8nd Bedaux, 1996a, Alvarez et al., 2006ach of which respond differently

to stress, theseare the maximum assimilation rate,0 , the maintenance rate,0 , or the

conversion efficiencyw (figure 3.3). The proportion of resources allocated to the som&, could

theoretically be affected by a toxicant, but data on reproduction would be required to distinguish

this from effects on assimilation and such effects are not well documentédager, 2015b)Details

of all TK-TD and growth model parameters are included in table 3.

MoA: Assimilation costs MoA: Maintenance Costs MoA: Growth Costs

4 Jaam = Jaam * max(0, 1-S) 4 Mu=Tu*(1+9) yva =yva/(1+S)

Yva

Jaam

0 i 1 | 1 > 0 1 i L
NEC NEC +Cr NEC NEC +Cr NEC NEC +Cr
Internal Conc. Internal Conc. Internal Conc.

v
(=]
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Figure 3.3 Plots showing how growth modglarameters respond to internal toxicant concentration

when stress is applied. The maximum assimilation ratgd

,decreases linearly with stress until it

reaches zero when S=1. Bhe maintenanceate, U , increases linearly with stress and is doubled
when S=1. Qhecosts per unit of tissue synthesis increase linearly with strdespling when S=1.

At this point conversion efficienay

is halved as it approaches zero asymptotically

Table 3.1 contains a full list of model parameters. Parameter values marked with ae default
values suggested by Jager, Martin & Zimn(2013).

Name | Explanation Value Dimensions

Growth

k Fraction of assimilates for growth| 0.8* -
and maintenance

0 Maximum assimilation rate per unit| Fitted to data O(Assimilates)X OBW)”
of surface area 23 xt-1

0 Maintenance rate per unit of biomasg Fitted to data O(assimilates)* GBW)”

1xt-1
W New biomass per unit assimilates 0.45 (as pe Sibly and Calow| gew)XQassimiates)
(19864a))
W Yield of assimilates per unit biomass| 0.8* O(assimilates)X Oaw) L

Toxicokinetics

F Proportion absorbed from gut Calculated from data -
Ka Absorption rate constant Fitted to data t-1
Ke Elimination rate constant Fitted to data t1

Toxicodynamics

NEC

No effect concentration

Fitted to data

mgan Xkgew)'™

G

Tolerance Concentration

Fitted to data

mgan Xkgew)'™

Other Parameters

Scaled feeding rate

Calculated from data

Pesticide ingestion rate

Calculated from data

Mg an Xkgew) xtM

L Volumetric Length W13 cm

Ly Ultimate volumetric Length Wy 13 0 cm

Lm Maximum volumetric Length W13 0 cm

Wy Ultimate structural body mass 782 (as perHubert et al. (2000) | g
or Ly3

W Maximum structural body mass Lm3 g

State Variables
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Cout Pesticide ~concentration in gut| < U ;6 O mgan ¥kgew) " xt-1
Y6 & Yo "
Gt Internal pesticide concentration 0 ; 06 "0 0 ; 06 mgay xkgew)xt-1
5 Vo
W Structural body mass Y O QA ® 70 © OewXt-L

3.4.5 Model implementation

All models were implemented in Matlab (ver. R2016b). TK and FKD growth models were
developed with the BYOM(Jager, 2019)flexible model platform (ver. 4.1), several additional
functions and scripts were also developed as part of this study. All fitted parameter values were
derived using the Nelder Mead simplex algorithm to maximise thekielihood function, given the
observed data(Pan and Fang, 2002)Likelihood profiling was also used to check that initial fits
were not local optima (Kreutz et al., 2013) TK model parameters were fittedco mean internal
pesticide concentration over time while growth and TD model parameters were fitted to mean

body weight over time.

Toxicodynamic modelling also required selection of a physiological mode of action. The best
fitting physiological mode of acton was determined using the Akaike information criterion
(Burthe et al., 2010) As the alternative models were not nested, the likelihood ratio test would

be inappropriate however the AIC has no such requiremeriMurtaugh, 2014).

3.4.6 TK Modelling

3.4.6.1 Parameterisation

The percentage of the dose which was absorbed into the body was reported in excretion studies.
This data provided the value of the parameteF in the TK model (eqn. 1 & 2)If the percentage
absorbed was very high (>90%) ther-was assigned tle value 1 as this represents the worstase
scenario. For single dose studies the value bivas zero while the starting gut concentration was
the average achieved dose for each treatment. If body weight was recorded at the beginning and
end of testing then 3W was calculated aghe linear growth rate observed in each treatment. If
not, it was assumed thagW = O as dilution by growth has a minimal effect on the model over the

short testing period, typically 48 hours.

Ultimate length was calculated as theube root of 782cn® which is the average ultimate volume
of male Sprague Dawley rats with ad libitum food availabilityHubert et al., 2000) assuming that

average wet tissue density is equal to that of watdt.ika et al., 2011)
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3.4.6.2 Calibration

Having determined the other model inputs directly from experimental datatwo free TK model

parameters were left to be fitted to data, the absorption and elimination rate constantis, and ke.

The best time course data for internal toxicant concentration (highest number of time points)

came from the blood as it can be sampled without terminating animals. Inraer to ascertain

whether pesticide concentration in the blood was a suitable proxy for overall body burden, the

Pearson correlation coefficient was used to determine if it was significantly correlated with the
concentration in all other sampled tissues.££ OT h OEAT Al TT A AT bodyAT OOAOQET
were deemed representative oG (in mgx kgewy?d AT A AT O1 A GA@nNQOWHere 01 £E O
available, whole carcass concentration could be used as an alternative however, fewer data points

were available.

Data were first inspected to determine whether there were obvious differences in kinetics
between males and females. Properties considered were the mean peak concentrati@qaf), the
time after dosing at which it was reachedTmax) andthe time taken to eliminate the pesticide from
the blood. If clear differences were evident then models were calibrated separately for males and

females.

For some pesticides, the same individual animals were sampled for the whole observation period
after dosing, for others only partial time course data were available for each individual. Where
complete time course data were available, the model was first fitted to data for each individual. A
multi-way ANOVA was conducted to determine whether there were sigitant differences in
fitted values ofksand keassociated with sex, dose level (both discrete) or weight (continuous). If
more than one radiolabel was used then this was also included as a facfbhis was to determine
whether data needed to be separatk for calibration or the dataset could be used as a whaqle

which would be preferable in terms of sample size.

If sex was the only factor to have a significant effect, then the model was calibrated to males and
females separately. If both sex and weight wershown to have significant effects, then a Mann
Whitney U test was used to determine whether there was a significant difference in weight
between males and females. If so, then the ANOVA was repeated with the data separated by sex.
If no effects were fourd within each sex then the model was simply fitted to males and females
separately. If the rate constants were significantly affected by factors other than sex then this was

noted along with the full TK results.

Finally, models were calibrated to mean (a¢ach time point) blood concentration observed in the

high and low dose groups simultaneously. Where appropriate, this was carried out separately for
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males and femalesParameters were not fitted individually and then averaged as this was not

possible forall compounds due to data availability.

3.4.6.3 Validation

As part of the bxicokinetics studies pesticide concentrationwas measureddifferent body tissues

of animals terminated at different time points following a single oral dos€elhese tissues included
the blood. Blood samplesfrom these animalswere arranged to provide an independent time
course data set of internal toxicant concentration. These were thensed to assess the model
performance by comparingto the internal concentration predicted by the model with fixed

parameters.

Generally, these data covered the same two dose levels as the calibration data set so could not
provide validation per se, since lte model inputs (i.e. dose levels) were virtually the same. Any
differences in achieved doses were generally very small so differences between observed
toxicokinetics were primarily due to individual variability. This did however provide an
indication of how well the true average response was represented by the calibration data set and

therefore the calibrated model.

In most cases blood concentration data sets included only three samples for each time point and
responses could be highly variable between gividuals. We did not carry out any quantitative
assessment of predictions because this would be misleading due to the low sample size combined

with strong inter -individual variability

3.4.7 TK-TD Growth Modelling

3.4.7.1 Parameterisation
The full TK-TD growth model comprises all the model equations (eqns3.1, 3.2 & 3.3) and
simultaneously predicts toxicant concentration in the gut (mgy X kgew?1), internal toxicant

concentration (mganxkgew)) and body weight (g).

The growth parameter k describes the proportion of resources allocated to maintenance and
growth. When only modelling growth, its precise value is not crucial (only its product with the
fitted parameter 0  contributes to the mode) so this was fixedat its default value of 0.8Jager

et al., 2013)which estimates suggest is reasonable for the specié€ooijman, 2015, Rakel and
Gergs, 2018) Physiological studies suggest assimilated energy is converted to new tissue by
homeotherms with an efficiency between 0.4 and 0.&ibly and Glow, 1986a)so the parameter

w was fixed at 0.45. If strong evidence were provided suggesting different values for either of

these parameters,0t and 0 would simply need to be adjusted by the appropriate correction
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factor. Stress functons would continue to have the same impact and so would not need

adjustment.

)T OAPAAOAA AT OA O1 GEAEOU OAOOO AAAE ATEI AT 60 xA
weekly for some or all of the study periodOECD, 2001, OECD, 1998, OECD, 2008k0me cases,

food consumption was recorded per cage, so the values provided were an average per animal but

each weight measurement had a corresponding measurement of food consumption. The achieved

toxicant concentration in the diet of each treatment group was also measurethis allowed the

growth parameter f (scaled feeding rate) and the TK parametelr (toxicant ingestion rate) to be

calculated directly from the data.

The maximum feeding rate at a given food density is assumed to be proportional to surface area.
The scaledfeeding rate,;, EO ANOAIT O Al ET AEOEAOAI 60 AAOOAI A
divided by the maximum feeding rate for its size and therefore ranges from 0 to(Iager et al.,

2013).

Measured food consumption per day wasonverted into surface area specific feeding rate by
dividing by the associated body weightaised to the power 2/3. Dividing these values by the
maximum feeding rate recorded in the study group (separated by sex) provided scalédalues
between 0 and 1 6r each individual in each week of the study period. A matrix was then produced
containing average weekly feeding rates for each treatment group, these provided the valuef of

for each treatment in each weekly interval.

Multiplying the achieved toxicant caxcentration in the diet (mgai X Kgaiert) by the mass specific
daily feeding rate (kgaiet) * kgew)t x d1) provides the ingested dose (mg,) X kgew) X d1). Again,
a matrix was produced, this time containing the weekly averages of daily ingestedse for each
treatment. This provided the values of the toxicant ingestion ratéwhich fluctuates with feeding
rate throughout the study period. All other TK parameters remain fixed at the values determined
during TK model calibration (kaandkewere multiplied by 24 to convert them from hourly to daily

rates).

3.4.7.2 Calibration

The data from 90 day toxicity studies (OECD 408) were intermediate in terms of sample size and
dietary dose levels. Thus, these data were more representative than the 28 daydies (OECD
407) while the observed effects on growth were generally larger than in 2 year studies (OBC
416, 451 or 452. For this reason, the 90 day studies were used to calibrate the ITKO model.

Calibration of the growth and TD parameters was conducteseparately for males and females.
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The two free growth model parameters0 and 0 , were fitted to the growth data from the
control group and then fixed. Next, the model was run for all treatments but with no stress
applied. This step wasised to identify the lowest dose group in which observed growth was lower
than predicted by the growth model based on feeding rate alone (i.e. the lowest dose group in
which chemical stress occurred). The initial value for the estimation of the TD parametBlECwas
then set to half the average internal concentration predicted by the TK model for that treatment.
Only two treatments (the lowest affected treatment and the top dose) were used for fitting as this
allowed more of the data to be used for testingnedictions while still providing a wide range of

internal concentration predictions.

The TD parameterdNECand G were then fitted to the lowest affected treatment and the top dose
group simultaneously, this was repeated for each physiological mode of &ot. The fit which
produced the lowest AIC value was selected. The physiological mode of action and resulting TD

parameter values were then fixed.

3.4.7.3 Validation

For verification, the resulting model was then run for all treatments in the 90 day studgroducing
interpolations to the intermediate dose groups.This was to show how the model could be
validated with data from only one study.Then, the model was used to predict growth in the 28
day and two year studies. Only the first 124 weeks of growthdata from two year studies were
used to test model predictions. The reasons for this cudff point are addressed in detail in the

discussion.

Matrices containing weekly averages of feeding ratd, and toxicant ingestion rate,l, were
generated from the dita as described previously. While the TK and TD parameters remained
fixed, it was necessary to repeat the fitting of growth parameters)( and0 ) to the control group
data. This was important so that the effects of feeding rate on growth weregalicted relative to
the control group of each study rather than to that of a separate study in which conditions

(laboratory rat strain, feed, average temperature) may have differed.

All model parameters were then fixed and the model was used to predictfects on growth in all
treatments. Predictions were compared to observed data for each treatment at each observed
time point. Predictions were considered in terms of animal weight (g) or the proportional effect
on body weight relative to the control group (mean weightgeameny X mean weightcontro1).
Predictions were deemed accurate if they were within one standard deviation of the mean
observed value at each time point as this measure takes into account the individual variability

within the data. The percentage of predictions that were accurate was reported and any
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exceptions were noted. Exceptions were used to determine the limitations of the model and to

infer the underlying reasons why they arise.

3.5Results

Results are summarised in this section however, due to the number of studies used to calibrate
and test models, it was not practical to include all tables and figures here. These can be found in
the Appendix A

3.5.1 Toxicokinetics

For all the pesticideshe concentration reached in the blood was significantly correlated with that
in all other tissues sampled (p<0.01) except for the concentration of fenpropidin in fat which was
not significant (p = 0.0574). However when one outlier (residual > 3 s.d. fromean) was removed

from the analysis, the correlation was highly significant (p<0.001).

All the compounds exhibited first order kinetics, producing blood concentration time curves
which could be reproduced by fitting of a one compartment TK model. In songases adjustments
to the modelling procedure were required which will be described in turn.

For thiamethoxam (fig. A6), global model fits at both high(Rz = 0.83 for males and 0.74 for
females) and low dose levels(Rz = 0.68 for males and 0.71 for femalesglosely matched the
observed data. When model predictions were tested against independent blood concentration

data, the predicted curves again closely emulated the observed data.

For four of the compounds, acibenzalr-S-methyl, azoxystrobin, fludioxonil and fenpropidin(figs.
Al-A4), the global model fits better represented blood kinetics in the high dose group
(0.65<ReS 1t 8 ,Wwith modelled curves not reaching the peak blood concentratiorCax) observed

in the low dose groups(-0.48<ReS0.37). In all these cases this same pattern was observed when
model predictions were tested against an independent blood concentration data set. The likely
explanation for this phenomenon is that, as pesticide concentration in the gu$ increased,
absorption rate becomes saturated and reaches a maximuf8jovall et al., 1985) However, with
only two dose levels tested in most toxicokinetics studies, generally differing by a factor of at least
100, it is not possible to estimate the point at which this occurs or to determine whether it is a
gradual process or happens suddenly.ower model accuracy at low internal concentrations has
little impact upon eventual predictions of effects, and none at all if below thEC As the high
dose levels were more relevant to the dietary ingestion rates associated with effects on body

weight, these parameter values were accepted.

Male rats administered a high dose (100mg x kgv 1) of fenpropidin appeared to exhibit a double

peak in the concentration reached in the blood. An initial peak was reached 1 hour after dosing
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with a second, lower ped& after around 8 hours. Double peaks have been attributed to variable
absorption in different regions of the gutenterohepatic recirculation or delayed gastric emptying
(Godfrey et al., 2011) Were the dose delivered at a more constant rate in the diet rather than as
a single large dose one would expect the overall rates of absorption and elimination to reach
equilibrium and so any of these mechanisms wodl have less impact on blood kinetics. As the
intended application of the model was to predict the effects of dietary dosing, it was decided to
fit the model for males with the data collected 2h, 3h, 4h and 6h after dosing excluded in the high
dose group. This allowed the model to fit a single peak in which the observe@na, the time at
which it was reached {Tmax) and time for total elimination of the dose were matched closely by the
model (fig. A3).

Following administration of a high dose, pak concentration of prosulfuron in the blood { ) x
O@lood)™) exceeded the body weight normalised doser{gay x kgew)™). Thiscould not be modelled
by our TK model (equations3.1 & 3.2) which usesblood concentration as a proxy for overall
internal concentration. However, blood only accounts for around 7% of body ma@sindstedt and
Schaeffer, 2002)s0 in reality only >7% of the dose needs to be present in the blood at one time
for this to occur. Nevertheless, this phenomenowas unusual among the chemicals included in

the study.

In order to address this, the relationship between prosulfuron concentration in the blood (eod)

and overall carcass concentration of terminated animals was investigated. Only male animals

were used in the tissue sampling experiments with three animals sampled at each of four time

points following a high or low dose. Blood and carcass concentratiowere strongly and

OECT EEZEAAT O1 U Al OOCATI AGAA j 0AAOOI T80 Al OOAI AGET 1
best fit, intercepting the y axis at zero, was derived by finding the least squares solution to the
equation Gsiooa= XGnt. The gradient, X=2.4337, was determined as the concentration factor by

which prosulfuron concentration in the blood exceeds that in the body as a whole.

A third equation, incorporating that concentration factor but otherwise identical toequation 3.2,

was then addedto the TK model to describe blood concentration over time as:

v

s @odxy;Qs o Y ;8 8 YO (3.5)

This determines that,Gaiooa= 2.4337>GtAO AT U CEOAT Ghvodelledbyégiaiom x EOE
3.2. Blood and whole body internal concentration could then be modelled simultaneously. The

fitted model produced curves matching the data well for both variables at the high dogB2 = 0.95

for Gaisosand 0.97 forG, fig. A.
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In contrast to other compounds the prosulfuron model predicted higher than observed internal
concentrations at the low dose level. This was the case for concentration in the whole body as
well as in the blood so the concentration factor was not the cause of the discrean In fact, for
the low dose group alone the concentration factor was higher than the overall figure. A possible
explanation in this case is that the elimination rate becomes saturated beyond a certain internal
concentration (Lesko, 1979, Caccia et al., 199Qhis would be consistent with the unusually high
internal concentrations measued in the high dose groups. The high dose in the prosulfuron
toxicokinetics experiments was around 450ngan x Kgew)'™, several times higher than the high
dose used for other chemicals included in this study (100 mg X kgew)'). Had the other
chemicals been tested at such high doses it is possible that a similar pattern would have been
evident. This meant that, of the compounds in this study, only thiamethoxam showed no dose
dependence in uptake. Yet agajronly two dose levelqin this casediffering by a factor of around
900) provide insufficient data to determine the maximum elimination rate and the internal

concentration at which it is reached.

With fixed parameters and independent data, the model again predicted higher prokuron
concentration in the blood than was observed at the low dose. The data were predicted well at
the high dose however. For both sexe&max and Tmax Were predicted with reasonable accuracy.
Elimination of the compound was slower than predicted in ferales, but the parameters were

deemed acceptable and the model was not fitted to males and females separately.

3.5.2 Growth

The fitted DEBKiss growth curve was able to accurately model growth of rats aged aroune26
weeks. In total, the model was fitteda 34 control group datasets comprising weekly observations
of body weight and food consumption rate. Modelled body weight was within 1 standard
deviation of the observed mean at all time points in 30 out of 34 cases and at >90% of time points
in 32 out of 34 casedfigs. A7z A40). The deviations were most pronounced in two data sets. For
the female control group in the 28 day toxicity study of fenpropidin, the modelled body weight
was lower than the observed mean by more than one standard deviation at weene only. As a
result, only 75% of the modelled weights were within one standard deviation. For the male
control group in the 90 day toxicity study of azoxystrobin, the modelled body weight was lower
than the mean by more than one standard deviation in geks two and four. This resulted in only
84.6% of the modelled weights being within one standard deviation of the observed mean. For
every data set, all predictions of body weight in the control group were within 10% of the mean

at all time points.
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3.5.3 Toxicodynamics

With the growth and toxicokinetic parameter values fixed, the toxicodynamic parameters, NEC

and G, were fitted to selected data as described in the methods section. Predictions were
interpolated to other treatments in the 90 day studies andextrapolated to 28 day and 2 year

studies.

YT OAOI O T &£ AT AU xAECEO I xub 1T &£ DPOAAEAOETT O xAOA
for 28 out of the 34 study groups. Interms oA £ZZAAO 11 AT AU xAECEOh | xub
within 1 standard deviation of observed means for 30 out of the 34 study groupslodel accuracy

was low for male and female rats given acibenzola®methyl over 28 days and males given
fenpropidin over 28 days. A summary of results is shown intable 3.2. For female rats
administered thiamethoxam or fludioxonil, TD parameters were fitted to a single treatment

group. This was because, in studies of both compounds, body weight reductions beyond those
predicted based on feeding rate were only evident in the top dose group. In the case of
thiamethoxam, significant body weight reductions were only observed in females dosed with
10,000mg/kgdier) Of thiamethoxam over 28 daygfig. A39). Females administered fludioxoriin

their diet did show significant body weight reductions. Howeverthese were predicted entirely

based on reduced feeding rate in all but one treatment, those dosed with 20,000mg(lsg) over

90 days(fig. A27). The consequence was that while thdECQwvas consistent with data from several

treatments, Cr was determined using data from only one treatment. However, since toxicant

ingestion rate was dynamicGr was fitted to a range of internal concentrations even within one

treatment.



Table 3.2 Toxicodynamic parameters used to model the effects of each compound on male and female rats. The percentage of predi¢dons (h
absolute body weight and effect on body weight relative to the control group at each time point) within one standardtotevof the observed mean, are

OEi x18 0AOAAI OAGCAO tiwm AOA EECEI ECEOAA EI COAAT R OEi dikordngE THswer M
i AOEAA xEOE A 0Ocd xAOA MEEOOAA OI1 ysibldgical Modefof Aoto AOI AT O CcOil 6p8 b-1T1!1 g A
Compound Acibenzolar-Smethyl Azoxystrobin Fenpropidin
Sex Male Female Male Female Male Female
pMoA Maintenance Growth Efficiency Assimilation Growth Efficiency Maintenance Assimilation
NEC . 1.08E-06 7.93E07 1.20E04 4.62E08 1.40E07 0.21
(mg x kgew)™)
Cr . 507.4 79.99 424.77 270 24.02 31.86
(mg x kgsw)™)
Study 90d | 28d 2y 90d 28d 2y 90d 28d 2y 90d 28d 2y 90d | 28d 2y 90d 28d 2y
% weight
predictions 92% | 42% | 92% | 75% | 25% | 73% | 87% | 94% | 100% | 92% | 100% | 100% | 77% | 25% | 70% | 100% | 63% | 80%
+1s.d. of mean
% effects
predictions | 100% | 42% | 90% | 85% | 33% | 75% | 90% | 94% | 98% | 100% | 94% | 100% | 80% | 25% | 70% | 100% | 75% | 83%
+1s.d. of mean
Compound Fludioxonil Prosulfuron Thiamethoxam
Sex Male Female* Male Female Male Female*
pMoA Maintenance Maintenance Maintenance Growth Efficiency Maintenance Maintenance
NEC
. 7.32E11 38.09 1.01E06 3.26E-07 1.34E08 50.64
(mg x kgew)™)
Cr . 251.7 49.33 2676 561.5 656.3 154.6
(mg x kgew)™)
Study 90d | 28d 2y 90d 28d 2y 90d 28d 2y 90d 28d 2y 90d | 28d 2y 90d 28d 2y
% weight
predictions | 100% | 75% - 98% | 100% - 100% | 95% | 96% | 94% | 100% | 100% | 86% | 75% | 90% | 91% | 100% | 96%
+1s.d. of mean
% effects
predictions | 100% | 75% - 100% | 100% - 100% | 100% | 100% | 96% | 100% | 100% | 100% | 75% | 100% | 98% | 100% | 100%
+1s.d. of mean




Model predictions were also used to investigate the extent to which reductions in body weight
could be attributed to reduced feeding or direct toxic action. This was done by comparing
experimental data to model simulations in which nastress was applied, producing growth curves
predicted based solely on feeding rate. Comparisons between expected growth modelled twit
actual feeding rates and observed growth were conducted separately for every treatment group.
The observed and predicted bdy weights in each treatment were converted to proportions of
the control body weight (observed and predicted respectively) at each time point. The proportion
of any observed body weight reductions (relative to controls) that were predicted based on
feeding rate alone could then be calculated. The remainder was attributed to toxic action. If body
weight predicted based purely on actual feeding data was below that observed at a given
timepoint then any observed weight reduction (relative to controls) was atibuted entirely to
reduced feeding rate. Likewise, if body weight predicted based on actual feeding rate in a given
treatment group was higher than controls, then any observed weight reduction was attributed
entirely to toxic action. An example of this pocess is shown infigure 3.4; selected results for all

compounds are shown irfigure 3.5.
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Figure 3.4 Growth modelled based on feeding rate only (lines) and observed growth (circles) of
male rats. Thecontrol group and those dosed with 20,000 mg xdgg! fludioxonil are shown. The
proportional breakdown of the observed reduction in body weight of treated rats vs controls at the
end of testing is represented in a bar chatrt.

For azoxystrobin, prosulfuron, thiamethoxam and fludioxonil there appeared to be pattern
across the sexes, with reduced growth being driven more by feeding rate in females and by
toxicity in males (figure 3.5). This was most evident in the case of fludioxonil, which was
associated with significant body weight reductions in both sexe®Vhile reductions in male body
weight were attributed largely to toxicity, the reductions observed in females were predicted

based entirely on reduced feeding rate in all but the highest dose group across two studies. A
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similar pattern was seen for thiamettoxam. Once again toxic effects were only predicted to
impact upon female bodyweight in the highest dose group. In this case however, reductions in

female body weight were not observed in most treatments as feeding rate was not affected either.



Proportion of observed weight reductions
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Figure 3.5 Bar charts showing the proportion of observed weight reductions relative to the control
group attributed to reduced feeding rate and/or toxic stress by the growth model. All treatments in
which a weight reduction was evident at the end of the analysed gerére included. >axis labels

denote the observation date and dietary dose, in some cases treatments were duplicated between
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studies. No bar is displayed where there was no reduction in weight. Note that bars are the same size

regardless of the magnitudef the observed effect.

3.6 Discussion

3.6.1 Predicting Growth Under Chemical Stress

Raw data from chronic toxicity studies were used to test DEBtox predictions of sublethal toxic
effects in mammals. Weekly measurements of body weight and food consumptias well as
precisely measured dietary concentration provide good quality data with which to calibrate
models. As the regulatory framework requires several such studies, abundant data are available
to test predictions (OECD, 1998, OECD, 2008, OECD, 20@49 has been noted mviously, the
focus on novelty means that funding for academic studies is rarely allocated to corroboration
studies. Moreover, any such studies which are funded are also unlikely to pablished in the

scientific journals for the same reasor(Jager and Ashauer, 2018)

Our findings showed good agreement between predictions and data. With minimal modéting

(only selected treatments from 90 day study) observed effects on body weight were predicted

OAT EAAT U j1lxub T £ DOAAEAOEI T O AAAOOAOGA O xEOEEI
all studies for which data were available) in males and feates for four of the six chemicals

modelled. This suggests TK predictions were at least proportional to actual internal

Al T AAT OOAGEIT 1T OGAO OEI A AT A OEAO O8RAsbldeddnAAO DA

reasonable assumptions.

3.6.2 Feeding Rate vs Toxicant Ingestion

An obstacle when analysing the effects of dietary toxicant exposure is that the ingested dose
depends as much on the feeding rate of the study animals as it does on the concentration in the
diet. While a high feeding rate will havea positive effect on growth, the corresponding toxicant
ingestion will place stress on growth parameters. Understanding of this tradeff is important
(Thompson, 2007)as ingestion is considered the primary exposure route for terrestrial mammals
to pesticides in the field(Bednarska et al., 2013a)lthough it is argued that other routes should
receive greater attention(Mineau, 2011, EFSA, 2009b)n the modelling approach used here, both
the scaled feeding rate and pesticide ingestion rate were calculated as dynamic model inputs,
directly from the data. This allowed model preditions to separate the competing effects of
feeding rate and toxic action on growth. For example, male rats given 2500 mgike
thiamethoxam over 90 daysgrew larger than those given 1250 mg/Kgiey. This result was
correctly predicted by the model aghe higher feeding rate of the 2500 mg/kgier) group partially

counteracted the chemical stresgfig A35).
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Model predictions can therefore provide new insight into the observed data by comparing data
to model simulations in which no stress is applied. Sicpredictions only require the calibrated
growth model and data on feeding rate. Thus, even if toxic effects cannot be reliably predicted,
growth model predictions can indicate the degree to which observed reductions in body weight
were driven by toxicity or reduced feeding relative to controls. Such information is valuable for
assessing the risk that a chemical poses to terrestrial mammals in the field. If strong avoidance is
observed, then this may increase or decrease the risk posed depending on whethaimals would
have a choice of food items in the field scenari@&FSA, 2009b, Thompson, 2007The degree to
which reduced feeding can be regarded a toxic effect is an interesting question and dads on
the underlying cause. Reduced feedindue to nausea or suppressed appetite could be considered

a toxic effect but reduced feedinglue to palatability is simply a behavioural response

For several compounds there appeared to be a pattern across the sexes, with reduced growth
being driven more by feeding rate in females but by toxicity in males. This pattern was strongest
for fludioxonil and thiamethoxam and in both cases was reflected by large difference in the
values assigned to the NEC for each sex. This would suggest that while females exhibit a higher
tolerance for these compounds, at least with respect to growth, they show stronger feeding
avoidance. Such inconsistency in the toxaclynamic parameters of males and females may seem
surprising however, large differences between reference doses for each sex have long been
documented in rats(Calabrese, 1986) Moreover, the results were unequivocal with respect to
thiamethoxam, as females were unaffected at several dose levels which affected males. In several
cases, differences have been noted indlsensitivity of the liver and kidneys to toxicity(Calabrese,
1986, Seralini et al., 2007) possibly related to variable enzyme production beteen the sexes
(Moser et al., 1998) The liver and kidneys were identified as the target organs of these pesticides
in mammals so these results would appear consistent with previous findings (Syngenta,
unpublished). Given that such differences in chemical sensitivity can occur between thexes it
should not be surprising either that the models suggested different modes of action for several of
the compounds in males and females (tabl8.2). Mode of action in DEBtox refers to abstract
processes rather than specific chemical pathways so, thedmply implies that the effects on the

growth curve differed between the sexeg¢Jager, 2015b)

3.6.3 Model Limitations

A fundamental limitation to any model of a complexystem is the tradeoff between realism and
simplicity. As user friendliness is a significant consideration for regulatory us€éeFSA, 2018)
DEBkiss was selected as the simplest possible approach to investigate how raw lab data should
be utilised to parameterise and calibrate modls with data from dietary toxicity studies. Another

reason for prioritising simplicity was so that potential issues could be clearly identified at this
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early stage for future models to develop, with scope for further elaboration if necessary. Several

suchissues were highlighted by our results which are discussed in this section.

While our results demonstrate that DEBtox is a useful framework, predictions of growth under
chemical stress were not reliable in all cases. The effects of fenpropidin and acibelaz-S-methyl
were predicted accurately in several treatments, but overall model accuracy was lower than for
the other chemicals. When consideringn vivo effects, any observed deviations from predictions
are unlikely to result from measurement error, moreoften, individual variability is the cause. This
represents a hurdle to predictive modelling, even for genetically similar laboratory strains kept
in controlled conditions. Indeed, individual variability in growth is still evident in studies using
genetically identical springtail (Folsomia candida clones kept individually and provided
unlimited food (Jager, 2013) As such, we cannot know for sure how treated animatgould have
grown without a toxicant in their diet, so growth parametersfitted to the control group must be
fixed across treatments Consequently, models provide predictions of mean body weight over

time under specified conditions but do notaccount forindividual variability in parameter values

Another consequence of individual variability is that it can be difficult to identify the underlying
causes of model inaccuracy. For example, several treatment groups of female rats fed lower
dietary doses of acibazolar-Smethyl grew larger than controls despite feeding at a lower rate.
This is clearly a result the model would not predict and could simply be the result of variability

in average growth parameters between treatment groups. Alternatively, this couldeinterpreted

as evidence of hormesigMattson, 2008), the phenomenonby which lower doses of a chemical
have the opposite effect of higher doses on a given endpoint. If this were the case, then the stress
function rather than the growth parameters would require alteration, but we cannot be sure
which. In a few treatments he opposite issue arose when the animals fed at a relatively high rate
but did not grow as expected. Since feeding rate was calculated based on actual body size rather
than predicted size, modelled growth continued at a higher than observed rate. For these
treatments, model predictions far exceeded observed growth. This issue could be somewhat
resolved by calculating feeding rate relative to the predicted body size over time. However, it is

likely that variability in growth parameters also played a role.

Furthermore, growth is not the only modelled property subject to individual variability.
Tolerance to a toxicant(Barata et al., 2002)or the rates at which it is taken up and eliminated
(Bednarska et al., 2013a)may be highly variable among individuals in a population. Inter
treatment differences in any one or more of these properties could result in observed effects not
being uniformly correlated with internal concentration and are therefore difficult to predia

without further knowledge. This was evident for mandipropamid; results were not reported as
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the data were not suitable to test model predictions. In the 90 day study, males in the highest dose
group grew larger than those at a lower dose despite feedirgt roughly the same rate. Females
meanwhile grew larger than predicted based on their feeding rate in all dose groups. The highest
dose groups in the 28 day study were terminated early due to unacceptable reductions to feeding
rate, while reduced growth was not observed in the 2 year study so toxicodynamic predictions

could not possibly be validated.

Poor model accuracy (<50% predictions accurate to within one standard deviation) only
occurred when predicting the effects of 28 day dietary exposure. Thisti®t entirely surprising as
there are several factors making these data sets more challenging to model. In 28 day studies
sample size was lowest, with only 5 individuals per sex and only four time points observed so
naturally, individual and temporal variability would be expected to have a larger impact.
Moreover, in the early weeks of dietary studies feeding rate can be highly variable between
treatments and over time, as animals react behaviourally to a novel ingredient added to their diet.
In all 3 datasets for which predictions were poor, growth predictions in the highest dose groups
were substantially lower than observed.This may have resulted from internal dose being
overpredicted as dosedependent uptake was apparent for these compoundnother possibility

is that the default value ok played a rolehere. If this value were too lowthis would stop growth
when it could still occur, though this would be almost entirely compensated for in the fitting of
other growth parameters. Including the reproduction buffer could have delayedthe need to
metabolise structure (Jager et al., 2013) but using up the buffer would still correspond to a
reduction in overall body weight.Moreover, the model only predicted starvation to occutin the
early weeks of testing At this point, the rats were around the onset of pubertyRakel and Gergs,
2018) when the buffer begins to accumulatdJager et al., 2013)so any buffer amassety this

point would be almost negligible.

It is quite possible that the dual stresses of reduced feeding and toxicity elicit compensatory
physiological or behavioural responses not prdicted by the model. Reduced body temperature
has been documented as a response to starvation in rafSakurada et al., 2000)meanwhile
chemical stress has been shown to induce reductions in body temperature and activiBuwalda

et al., 2001) Such responsg would likely correspond to a reduction in the maintenance ratev ,

and should be considered in future models of physical and chemical stress.

Individual variability was also evident in the toxicokinetics data. Individual responses varied with
regard to the toxicant concentration reached in the blood and the speed with which it was
absorbed and eliminated. The low sample size of three individuals per treatment meant that mean

observations for each time point, to which the models were fitted, could Heeavily influenced by
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variability on either axis. As an example, even if three individuals exhibited a single peak with
very little variability in Gnax, the average data could show a double peak if just one individual
peaked later than the other two. Morever, both peaks would likely be lower than theGqaxof any
individual. Even simple quantitative assessment of model fits, such as whether model predictions
were in the observed range for toxicokinetic statistics such aGnax, TmaxOr area under the curve,
were therefore problematic. Besides, which of these statistics would be more relevant for
predicting the internal concentration resulting from prolonged dietary exposure is debatable and
none of them they are used by TRD models to predict effects. Neveheless, TK model
predictions provide plausible estimates of internal concentration resulting from the recorded
time varied ingestion rates, with parameter values fitted to the best available data. It is likely that
the predictions are at least proportiond to the true values and therefore form a credible basis for

the fitting of TD parameters.

While it is not possible to separate variability in TD and growth parameters, future model
iterations could incorporate stochasticity in growth parameters by utilisng the wealth of control
data available from studies onR. norvegicugJager, 2013) This would also be possible for TK
parameters although low sample size would preent a challengeAn alternative would be to fit
the TK model individually (where appropriate data are available) and use the average parameter
values, rather than fitting to average dataHowever, suitable individual data were not available

for all the canpounds in this study.

3.6.4 Implications for DEB theory

In this study, precise food consumption data were available, rather than simply food availability.
This allowed the mean surface area specific feeding rate to be calculated on a weekly basis for
eachtreatment in a study, before being scaled as a proportion of the maximum value in each data
set. Consequently, the growth parameters were fitted to controls in each data set to account for
variability in feeding rate within and between studies. Previouslyit has been assumed that the
scaled feeding ratef, is equal to 1 when food is availablad libitum (Desforges et al., 2017)For
certain purposes this is a reasonable and necessary assumption. When modelling growth in the
field for example, detailed data are unlikely to be available and so feeding rate must be estimated
as a fraction ofad libitum feeding in laboratory studies However, this was not satisfactory in this
study as variability in feeding rate over time and between treatments was an important driver of
effects. Moreover, several treatment groups fed at a higher rate than controls, so it was important

not to assumethe maximum value off as the default.

Growth ceases at the ultimate weighiWy ,as this is the point at which the maximum assimilation

rate can only match the maintenance requirements of the organisfdager et al., 2013)Assuming
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f = 1 means thatWy is equal to the theoretical maximum weightWm, when food is availablead
libitum (see table3.1). However, a marked trend in the data was that, even with unrestricted
access to food, feeding rate relative to surface area declined as the anisngdew. This presents a
clear issue in that it places an additional limit on the assimilation rate and ensures that the growth
curve reaches a plateau befor®Vn is reached. In many cases, by week 4131 of observation, the
value of f was well below the maxmum and so the theoreticalWn based on fitted parameter

values was unrealistically high.

Recent DEBtox studies of toxic effects on rainbow trout have also sought to account for variability
in f, however this has focused on differences between study groupsther than within treatment
changes over timeg(Zimmer et al, 2018, Sadoul et al., 2018 Much effort has gone into deriving
standard DEB parameters for gecies of interest(Rakel and Gergs, 2018, Marques et al., 2018,
Kooijman, 2015). However, lifetime variation inf must be onsidered for these to be compatible
with time varied feeding data rather than the constant food density. For laboratory strains of
R.norvegicughis could certainly be addressed; due to their extensive use in regulatory testing
there exists a vast databas of growth and food consumption in control conditions. If the
relationship between feeding rate and body size were described mathematically, this could be
utilised for scaling observed feeding rate such that the maximum feeding rate decreases with size
and the resulting value off remains roughly constant over the lifetime.

Although longer term data were available, predictions of toxic effects on body weight were not
reported beyond around 1214 weeks of dietary exposure for the two year studies. Beyonthits
point the intervals between body weight and food consumption observations increased. Since
observed feeding rate was used as a model input, this reduction in data resolution would be
expected to adversely affect predictions. There were also more fundamtal reasons behind this
cut-off. While sigmoidal curves such as the Von Bertalanffy growth model (to which DEBkiss
simplifies (Jager et al., 2013)can approximate the growth curve of rats, there are distinct stages
where observed growth ceviates from such a model. It has previously been reported that the
Gompertz functionz also sigmoidz matches data closely when fitted to the first 76105 days of
rat growth but that longer term predictions are problematic (Pahl, 1969) When fitted to the full
two years of control data the DEBkiss curve also showed systematic errors. For both males and
female rats, predicted body weight was lower than observed for roughly the first three months,
higher than observed until around month 14 and then lower than observed for the final 10

months.

A possible explanation is thatk (the allocation to soma and eproduction), does not remain

AT 1T OOAT O OEOT OCET OO OEA OAO8O0 1 EAAODPAT B8 ! 11 GCEAA
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may be allocated to growth earlier in life with more energy used for sexual maturation during
puberty. Indeed, it has been pdsilated that k may change in humans at pubertgooijman, 2000).

It is also likely that reserve dynamics become more important in adult rats,sacontinued ad
libitum food availability allows animals to develop significant reserve stores after structural
growth has ceased. The full DEB model which, unlike DEBkiss, models reserve as well as structure

may therefore be better able to address this ise.

Another issue with long term predictions is that there is insufficient knowledge regarding
recovery after inhibition of growth in rats. By default, after a stressor is removed, modelled body
weight may theoretically reachWn if feeding rate is high emugh. Based on our analysis, this
assumption appeared sound for rats up to around 23 weeks of age. Model predictions agreed well
with data in cases where 90 day studies included four weeks of recovery for the highest dose
group. However, skeletal growth isknown to stop in rats at around 26 weeks of age, the
underlying processes are complex but appear to be related to age rather than s{Boach et al.,
2003). Logically, if growth has been suppressed up to a critical age then a full recovery, relative
to controls, will not be possible as growth will cease befordvy, let alone W, can be reached. We
hypothesise that this occurs because, beyond a certain age, energy is allocated to processes other
than growth, such as maturation and reproduction. This would correspond to a reduction in the
parameter k, resulting in a reduced growth rate and, crucially, a lowekVy for animals that had

experienced stresgJager et al., 2013, Kooijman, 2000)

Realistic constraint of recovery is essential for long term predictions to be of use. Otherwise, to
match observed data, TD parameters must continually stress growth even when it is no longer
possible, and so exaggerate the toxicity of a chemical. Recovery may be limited as a function of
the (structural) weight reached by a critical age. However, determining rules by which to
accurately decrease the value df thereafter would likely require significant experimental work.
Removing a given stressor at different timepoints may identify the age at which a full recovery
becomes impossible. However, subsequent experiments would still be required to examine how
potential for recovery is affected by thedvel of stress as well as the duration. Such experimental
work was beyond the scope of this studyln any case, for regulatory purposes such long term
predictions are of limited relevanceas pesticides are not applied at constant rates for years at a
time. The 1214 week exposure periodsmodelled in study go well beyond the 21day exposure
consideredin ecological risk assessmentEFSA, 200930 should be sufficient for extrapolation

to realistic exposure scenarios
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3.7 Conclusions

This study shows that DEBtox modelling with DEBKkiss can pvide an effective and simple to use
tool for predicting toxic effects on growth in rats. We show how time varying model inputs for
feeding rate and pesticide ingestion rate can be calculated directly from data generated in
standard chronic toxicity studies, providing additional insight into data by indicating to what

extent body weight is impacted by feeding rate or toxic effects over time.

We also identify several difficulties which future models should aim to overcome. Individual
variability presents a significant obstacle to assessing model accuracy. Our models simulate
toxicokinetics, toxicodynamics and growth, all of which may be subject to variability. In most
cases predictions were accurate to within one standard deviation of the observed mean armal s

provide useful estimates of the mean but not exact projections including variability.

Our findings support DEB theory as an effective basis for predictions of siéthal toxic effects in
mammals. However, some issues became apparent regarding its compdity with chronic
toxicity data. Given the extensive use dR. norvegicusn laboratory testing and the resulting
wealth of control data, these complications can be addressed. Further analysis of lifetime
variation in feeding rate and energy allocation @ the soma may improve model accuracy and
realistically constrain recovery. Such adjustments would broaden the range of applications for

which DEBtox may be used.
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Chapter 4 - Can TK-TD modelling bridge the gap between in vitro and in
vivo mammalian toxicity data?

4.1 Preface

The aim of this chapter was to build on research b8tadnickaMichalak et al. (2015) whichused
TK-TD modelling andin vitro assays to predict toxic effects onthe growth rate of fish. As an
experimental study, this chapter is very different to the others in the thesis, but the models

developed in Chapter 3 were an integral part of the methodology being tested.

Having built TK-TD models to predict the growth of rats under toxic stress, | began to consider
how they might be used to develogn vitro z in vivo extrapolation methods for rodents. The
dietary dosing route, used in studies onterrestrial species, means that ingested dose and the
resulting internal concentration can be highly variable over time. Therefore, any direct
comparison betweenin vitro and in vivo data is notmeaningful, so model predictions of growth
under constant pesticide exposure must serve as @oxy for in vivo observations. With this in
mind, | formulated anin vitro/in silico approach andplanned experiments todetermine whether
toxic effects onin vivogrowth could be predicted Thesewere carried out in labs at the University

Hertfordshire. Chapter 4is a research papedescribing this study.

4.2 Abstract

Repeated dietary dose testing is used to assess longer term toxicity of chemicals, such as
pesticides, to mammals. However, the internal pesticide concentration varies significantly as
feeding rate relative to body size fluctuates over time. Toxicokinetitoxicodynamic (TK-TD)
models estimate internal toxicant concentration over time and link this directly to observed
effects on growth rate of laboratory rats. Using TRID models it is therebre possible topredict
the effects that would result from a constant internal concentration of a pesticide. This presents
the possibility of comparison with data from in vitro experiments, potentially facilitating
guantitative in vitro to in vivo extrapolation (QIVIVE). We usedn vivo TK-TD models to identify
relevant internal concentrations and then estimated the experimental conditions required to
replicate these in cultured cells, usingn vitro TK models. Cell population growth was measured,
with a view to extrapolating through time and comparing effect sizes witlin vivo predictions.
However, observed cell proliferation was not significantly affected(p>0.05) by the tested
concentrations of any of the five pesticides in this study and so extrapolatiamas not possible. In
light of this negative result, we highlight areas for future work toward QIVIVE of graded sublethal
effects in mammals. The most pressing objective is to improve the accuracy iof vivo TK
predictions. The inclusion of a dietary dosgroup in regulatory TK studies would facilitate this

by providing calibration data better suited to predicting internal concentration in dietary toxicity
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studies. If the current issues can be addressed, THD modelling may yet serve as a vital bridge
between in vitro and in vivo data, enabling accurate QIVIVE methods for mammals. This would

represent a major step toward the reduction and replacement of animal testing.

4.3Introduction

Though it is an important part of chemical safety testing, the use of anal testing has long been
the subject of intense scrutiny due to ethical concerns. The European Uniq&uropean
Parliament, 2010)and many national governments including those of the UgkHome Office et al.,
2014), and US(EPA Press Office, 2019are committed to the replacement, reduction and
OAEET AT AT O 1T &£ AT EI AI OAOGOEI ¢ | OEA ¢ 2680Qq OEOIC
However, the push towards new methods is not driven solely by policy makers, there is also
demand from across industries and scientific disciplines. This is because, in addition to ethical
issues, animal testing is time consuming, financially costly and limited its predictive ability for
human safety. In the development of a new pesticide for example, an average of $29 million is
spent on toxicology assessmeniPhillips McDougall, 2016) Meanwhile, the cost of advancing a
new pharmaceutical to phase 1 human trials, may reach $100 million and failures at this stage are
often due to differences in drug kinetics between humans and animal test speci@saioun et al.,
2016).

4EA TAAA £ O EECE OEOI OCEDPOO Al OAOT AGEOGAO O1 Al
REACH lgislation, requiring many more chemical products to undergo risk assessme(Rovida

and Hartung, 2009AT A OEA 53 %0! 60 OAAAT O bpi AACA O AT A £
(EPA Press Office, 2019)To this end, the adverse outcome pathway (AOP) framework has been

developed (Willett, 2019), seeking to mechanistically link processes that lead from molecular
interactions to adverse outcomes at higher levels of biological organisation. this framework,

non-animal methods such as quantitative structureactivity relationships (QSARS) andn vitro

assays may be used to identify potential hazards associated with a compound. This can reduce

the need forin vivoassays through targeted testingHowever, the risks posed at organ, organism

and population level cannot yet be quantified withoutn vivodata (Sewell et al., 2018)

Quantitative in vitro-in vivo extrapolation (QIVIVE) could eventually obviate the need for testing
on animals. However, there are many obstacles to overcome before this can be achieved
(Blaauboer, 2010) Although correlations have been observed between reference doses
determined in vitro and in vivo (Castano et al., 2003, Schirmer, 20063uch simpe relationships
cannot be relied upon. Cultured cells generally show low absolute sensitivity and there may be
significant differences in behaviour of different cell lines. One possible reason for this is that in

cultures of a single cell type there wilbe a relatively low number of target sites for toxicants to
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act upon. Another issue is differences in cell function between different cell lines and betweien
vitro or in vivo assays, specifically with regards to metabolic clearance and toxic metabolite
formation (Schirmer, 2006, Groothuis et al., 2015)

Another essential consideration is the dose metric. Im vitro studies,the nominal concentration

(simply the amount of test compound divided by the volume of the medium) is often linked to

effects. However, this measure is inappropriate for extrapolatiorfGroothuis et al., 2015) For

example, the same nominal concentration is not necessarily even an equivalent dose between two

cell lines requiring diEZAA OAT O AOI OOOA 1 AAEA AOA O1 AEAI EAAI
affinity for proteins and lipids in each medium will likely vary, leading to different free
concentrations available for absorption by cells in each assdlfischer et al., 2017) Additionally,

differences in absorption and clearance rates of the cells themselves will result in further
AEOPAOEOU ET OEA OiI geAAT 060 Al 1T AAT .0O@iteedidar AO EOO
concentration is therefore a more appropriate dose metric for comparison of responses between

different cultured cell lines and betweenin vitro and in vivo assays but, is more complex to

measure.

A further complication is that the risk posed to an organism by a compound depends not just on
the dose level but also the duration and route of exposur@roothuis et al., 2015, Jager, 2011)
This is a particularly important issue in respect to chronic toxicity, generally leading to graded,
sublethal effects such as reduced growth rather than binary endpoints such as mortaligshauer
etal., 2011) This is a keyhurdle to the development of alternative methods for the ecological risk
assessment (ERA) of agricultural pesticides. Due to the nature of these products, it is inevitable
that wildlife will be exposed and so it is vital to identify application rates at wich they are
effective against their targets without causing adverse effects to wildlife. For birds and mammals,
European guidelines state that no mortality should occur as a result of pesticide application
(EFSA, 2009b)so chronic xicity data is essential for decision making. The benefits of
alternatives to long-term in vivostudies, lasting up to two year{OECD, 2001)are clear as these

are the costliest in terms of animal use, man hours and resources.

A potential solution to the issues outlined above is to combinen vitro assays within silico
modelling of toxic effects(StadnickaMichalak et al., 2015, Adler et al., 2011, Lietal., 2017, isse

et al.,, 2015) Toxicokinetictoxicodynamic (TK-TD) models predict an internal measure of
toxicant concentration over time based on exposure rate (toxicokinetics) and use this as the basis
for prediction of effects (toxicodynamics)(Jager and Zimmer, 2012, Ashauer et al., 201I)his
method accounts for exposure duration and profile, allowing for prediction of effects resulting

from prolonged, constant or fluctuating exposurédNyman et al., 2012, Martin et al., 2019, Ashauer
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et al., 2017) In recent years models have been developed for the prediction of graded sublethal
effects in vertebrate specie¢Zimmer et al., 2018, Sadoul et al., 2018, Martin et al., 2019, Desforges
et al., 2017) Crucially, the use of internal concentran as a dose metric means that THD
models can play an important role in linkingin vitro and in vivo data to facilitate quantitative

predictions of in vivoeffects based onn vitro observations.

Usingin vivoandin vitro TK modelling,StadnickaMichalaket al.(2015) designed experiments in
which predicted pesticide concentration in the gills of fish in regulatory toxicity studies could be
replicated in cultured gill cells. The effects of two pesticides oim vivo growth rate could be
accurately predicted from observed cell population growth over a few days. While many fish are
used in animal testing, they are not the most common test subjects. In the UK, mice and rats were
the subjects in 69% of all experimental procedures using animaia 2018 (Home Office, 2019) A
means of predicting effects on rodents fronmin vitro data coud be a major step towards the
reduction and replacement of animal testing. However, differences in exposure route between
fish and rodents present an additional hurdle. While fish in regulatory tests are exposed to
pesticides at a constant rate in wate{OECD, 2014) mammals are dosed via the diet in longer
studies (OECD, 1998, OECD, 2008, OECD, 200mherefore, internal pesticide concentration
depends on feeding rate relative to body size, which fluctuates subsiigally over time (Martin et

al., 2019) Moreover, any effects on feeding rate associated with dosing, such as avoidance of
feeding, also contribute to observed effects on body weight over time. These issues present major

challenges for any comparisorof in vitro andin vivodata.

In this study we investigated the potential of QIVIVEnethodsto predict the effects of pesticides
on growth in rats. We employed similar methods to StadnickMichalak et al. (2015). However,
adaptations to the approach wererequired to account for dietary dosing in mammalian toxicity
studies. An important additional step was the use oin vivo TK-TD modelling to simulate a
constant exposure scenariaccomparable toin vitro dosing. This step also allowed the prediction
of effects at internal concentrations relevant to regulatoryin vivo test conditions, without
interference from effects on feeding rate. We aimed to determine whether the intracellular
pesticide concentrations predictedin vivowould also inhibit cell population growth in vitro. Any
consistent relationships betweenin vitro and in vivo effects could form the basis for predictions
across the two scales This would represent a promising step towards QIVIVE and, more
immediately, a useful early screen for toxic effés which could be applicable as an alternative to

dose setting studies.



74

4.4 Materials and Methods
4.4.1Pre-Existing Models and Data

This study made use of toxicokinetig¢oxicodynamic (TK-TD) models developed by Martiret al.
(2019) and existing data made available from regulatory testing of several pesticides (Syngenta,
unpublished). These studies investigated toxicokinetics, subhronic and chronic dietary toxicity

in laboratory rats (Rattus norvegicusaccording to 94/79/EC (European Commission, 1994)

4.4.2Test Compounds

The pesticides included in this study were acibenzolag-methyl (benzothiadiazole; fundcide,

insecticide and plant activator (PPDB, 20194a), azoxystrobin (strobilurin; fungicide (PPDB,

2019b)), fludioxonil (phenylpyrrole; fungicide (PPDB, 2019d), prosulfuron (sulfonylurea;

herbicide (PPDB, 2019f) and thiamethoxam(neonicotinoid; insecticide (PPDB, 2019¢). These

compounds covered a range of octanol: water partition coefficienB, with log(P) values from -

ngpo O 18pc ATA All xAOA 1 EL3N1e7 addix k@B &£ OU j ( A
25°C). Analytical grade amples were purchased from Sigma Aldrich while radiolabelled!{C)

samples of each pesticide compound werprovided by Syngenta. Pesticides were dissolved in

dimethyl sulfoxide (DMSO) before being added to culture medium such that the medium DMSO

content of the experimental media was always 0.3%.

4.4.3Cell Culture

The L6 (ATCC®RCRpb T v WAQq OAO O EldiheAvésidlectéd@odthis shudyARat skeletal

i OOAT A AAT 10O j,¢ AAITT10O0Qq xAOA coOl xT ET .OTAITTA 4
between passage numbers 2 and 12 from purchase. L6 cells were maintained in a humidified
atmosphere at37 °C wth 5% viv CO, AT A AO1 OOOAA ET EECE CIiI OAT OA sC
Medium (DMEM), containing 10% v/v heat inactivated fetal bovine serum (FBS)L00 IU/mL

penicillin-100 pug/mL streptomycin solution and 2 mM Lglutamine (Sigma Aldrich). Cells were

routi nely sub-cultured when 70-80% confluent and seeded onto 96 well plates.

4.4.4Model Implementation

All models were implemented in Matlab (ver. R2016b) and were developed with the BY (Qager,
2019) flexible model platform (ver. 4.1) TK model rate constants were fitted to mean pesticide
concentration in medium, cells and on plastic over time. The fitting procedure was the Nelder
Mead simplex algorithm to maximise the likelihood function, given the observed da{®an and
Fang, 2002) Likelihood profiling was also used to check that initial fits were not local optima

(Kreutz et al., 2013)and to calculate parameter confidence intervals.
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4.4.5Modelling effects ofconstant internal exposuren vivo

Dietary toxicity studies (OECD, 1998, OECD, 2008, OECD, 20049 not provide constant
exposure to test compounds. While test diets contain a constant concentration of test compound,
body weight specific feeding rate and resulting ingested dose vary significantly over timas well

as temporal variability, inter-treatment effects on feeding rate are common, particularly in the
early stages of testing as animals react to a novel ingredient in the di@artin et al., 2019). This

presents a major obstacle for any comparisobetweenin vivoandin vitro data.

Models were used to remove the inherent noise from experimental data sets. We used the TK
models developed by Martiret al.(2019) to simulate a scenario in which all treatments fed at the
same rate as the coimol group and internal pesticide concentration was constant for each
treatment. For each treatment group, the average internal concentration predicted under test
conditions was calculated (as the mean of all values predicted by the TK model over the test
period) and used as a constant input to the TD model. This produced growth predictions within

the range observed (figire 4.1) which were suitable for comparison within vitro data.

In Martin et al.(2019), the data used to calibrate TK models were pesticide concentration in the
blood. For all the pesticides in this and the aforementioned study, pesticide concentration in the

blood was significantly correlated with that in all other tissuesso was demed a suitable proxy

A O 1T OAOAI T ET OAOT Al Ai1AAT OOAQEIT 10 OAIT AU ADOOA

experiments, it was necessary to estimate the corresponding pesticide concentration in the
muscle. Correlations between pesticide concdration in the blood and muscle were highly
significant (p<0.0001), and linear relationships were assumed and fitted to these datéaple B1
and figure BJ). This enabled estimation of target intracellular muscle concentrations to be

replicated in vitro.
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Figure 4.1 Plots showing predicted effects on growth in response to various internal concentrations
of prosulfuron. These predictions are based on growth and toxicodynamics parameters estimated
using expennental data in Martin et al. (2019).

4.4.6In Vitro Toxicokinetic experiments

To assess thén vitro kinetics of the pesticides in this study, liquid scintillation counting was used

to determine the quantity of radiolabelled pesticide in the medium, in cells and adsorbed to

plastic over time. Sampleswere addedty |, ($0% ( ET CA # ADaléngwith OA | 0A
4 ml Ultima Gold* scintillation cocktail (Perkin Elmer). The total radioactivity in each vial was

then measured in decays per minute by a scintillation counter. The radioactivity could then be

converted to quantity, and ultimately concentration of pesticide based on the known specific

activity of the radiolabelled samples.

Cells were seeded in 96 well plates in complete culture medium at a density of 1.56 % &6llsxcm

2in 100 uL complete cell culture medium and incubated &7 °C, 5% v/vCQ. After 24 hours, cell
culture medium was removed and replaced with 100 pL cell culture medium containing 2.5% v/v
FBS, 0.3 % v/iv DMSO and radiolabelled pesticidéa designated high or low concentration (these
concentrations were different for each est compound) FBS content was reduceftom 10% in
order to maintain cell viability but limit proliferation . This was to ensure a roughlyconstant
number of cells overthe 48-hour observation period (supporting figure B2, appendix B. All
solutions werefiltered through a 0.22um filter syringe to ensure sterility prior to addition to cells.
After 3, 24 and 48 hours, 100 pL supernatant was removed and added to 4 mL scintillation fluid
for analysis. Cells were then incubated with 5QL trypsin-EDTA (0.1 % w/v) for 10 mins and then
scraped with a pipette tip to ensure detachment. The trypsin solution and detached cells were
transferred to 4 mL scintillation fluid for analysis. Finally, 200 ul DMSO was added to each well
and incubated atroom temperature to dissolve any pesticide adsorbed to the plastic. After 15
mins the DMSO was transferred to 4 mL scintillation fluid for analysis. Each pesticide was
assessed using four individual samples for each treatment, at each timepoint. The expent was
repeated a second time with adifferent cell passage numberThroughout, the CellTiter 96®
AQueous One Solution Cell Proliferation Assay (Promegaas performed on duplicate plates z

containing unlabelled pesticides z to confirm cell population Sze remained relatively constant.

No toxicokinetic studies for these pesticides have been performed in mammalian cell culture in
vitro previously, therefore the concentrations of pesticide used for this study were deduced from
previous studies in fish. Readtionships between pesticide logP) and uptake by fish gill cells have

been identified by StadnickaMichalak et al. (2014). These relationships were used to estimate
appropriate nominal concentrations for these studies, albeit provisionally as this study used a

mammalian cell line, requiring different conditions (culture medium, incubation temperature).
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For eachtest compound the aim was to estimate the nominal concentration that would result in
the highest intracellular concentration predicted in the musclen vivo and use this as the high
concentration treatment. Preliminary experiments had indicated that the dose levels in these

experiments were not sufficient to result in cytotoxicity.

4.4.71n Vitro Toxicokinetics Model and Reverse Dosing
To modelin vitro toxicokinetics, a threecompartment model based on StadnickaMichalak et al.
(2014) was used,modelling pesticide concentration in culture medium, in cells and on plastic

over time. The model comprised the following equations:

-E-QD ) P o w ®n P x %
—.-7— W jJw Q o o] ] w Q o] (4.1)
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Where Gis concentration, with the subscript denoting the compartmenfmass<xcm23 Gnedium& Ceell
and massccm2 for Goasiic), t is time, kin_xand kout xare the rate constants of uptake and elimination
in each compartment (time?), Vi is volume of a compartment (cm) and A is surface area of a

compartment (cmg).

As pesticide moves into the medium from the cells, or vice versa, the change to Gigsiumis equal

to the corresponding change t&.imultiplied by Veew' Vmedium(dimensionless ratio). This accounts
for the different volumes of the compartments relatve to the amount of pesticide exchanged.
Similarly, in order to model uptake from medium on to the plastic surface, the change @astic iS
multiplied by VmedApiasic (cm3/cm2 = cm). This accounts for the relative sizes of the two
compartments and perfams the necessary unit conversion from masscn3xt-1to mass<cnr2xt-

1, Likewise, as the test compound is eliminated from the plastic into the medium the change in
Grediumis multiplied by Agiasid Vmeda(Cm2/cm 3= cm?) which performs the opposite converson. The
volume or surface area of the respective compartments were known, as were the starting
concentrations. The rate constants were fitted to the first LSC dataset. As there was some
variation in starting concentration between repeats, the data from theepeated LSC experiments

were used to test model predictions with fixed parameters.
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Using the calibrated model parameters, it was then possible to calculate the initial value@f:gium
to estimate the nominal concentration required to result in a desiredntracellular concentration
(Ceen)) at equilibrium. For each pesticide the nominal concentration required to match the highest
intracellular concentration predicted in vivowas estimated as the referenceloseto investigate

the effects on cell populatiorgrowth.

4.4.8Cell proliferation and cytotoxicity experiments

Cells were seeded at 3.1 x *@ellsxcm2 (104 cells per well) in 100 pL cell culture medium and
incubated at37 °C, 5% v/v CQ. After 24 hours, medium was removed and replaced wittomplete
cell culture medium containing 10 % v/v FBS and 0.3 % v/v DMSO, and 0.5, 1, 2.5, 5 ox the
referencedosefor each pesticide, identified by reverse dosing. Cell proliferation and percentage

mortality were assessed after 24, 48 and 7Bour incubation times with pesticide solutions (=5).

Cell proliferation was assessed using the CellTiter 96® AQueous One Solution Cell Proliferation
Assay. In this colorimetric method, the tetrazolium compound (34,5-dimethylthiazol-2-yl)-5-
(3-carboxymethoxypheny) -2-(4-sulfophenyl)-2H-tetrazolium, or MTS) is metabolised by viable
cells to a coloured formazan product. The amount of formazan produced in a given time period is
guantified as absorbance at 490nm with anicroplate reader. This absorbance is often assued

to increase linearly with viable cell count. However, the metabolic rate of cells can be affected by
test compounds, so no such relationship was assumed here. Instead, the assay was used to
identify proportional effects on overall mitochondrial activity between treatments, as an
indicator of effects on cell proliferation. The assay was conducted in accordance with the

i AT OEAAOOOAOBO POT OTAT18 #11001T10 EIT bPI AAA O E
medium without cells and untreated cells lysedvith 0.5% v/iv TritonX-ptmt j 1T | o8
Significant effects of pesticide treatment on mitochondrial activity relative to the vehicle control
treatment - were identified by analysis of variance (ANOVA) and pairwise comparison (Tukey's

honest significance tat) at each timepoint. Linear modelling was used to identify significant

relationships between initial pesticide concentration in the medium and mitochondrial activity.

Cytotoxicity was monitored using the The CytoTo¥x . %A (1 1 1T CAT AT 0O - Al AOAT /
Assay (Promega). This fluorometric assay quantifies the proportion of neriable cells in the well

by measuring the release of lactate dehydrogenase (LDH) from cells with compromised
membrane integrity. The enzymatic reaction results in the conversion of regurin into resorufin

which can be measured by aicroplate reader as fluorescence with an excitation wavelength of

560nm and an emission wavelength of 590nm. The assay was carried out in line with the

in three wells were lysed with 0.5% v/v Triton X 100 to establish fluorescence corresponding to
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100% cell mortality while accounting for differences in cell number between treatment$Smith

et al., 2011) This allowed cell mortality to be calculated as a percentage using equatié#.

(4.4)

PO¢i O0wa@amd 5

Results were analysed using the bootstrapping method &mith et al. (2011) For each treatment,

at each timepoint, percentage mortality was computed by entering every combination of
experimental (n=5), medium background (n=3) and 100% mortality wells (n=3) into equation
4.4, producing a sample of 45 values. Mean percentage mortality was calculated as the mean of
these 45 values. Next, the sample was used to generate 200 random bootstrap sk®n=>5, the
number of experimental wells per treatment), from which 95% confidence intervals were
derived. If the lower confidence interval of an experimental treatment was both positive and
higher than the upper confidence interval of the controls, thisvas deemed a significant effect on

cell mortality.
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4.5 Results

4.5.11n vitro toxicokinetics

Initial pesticide concentration in the medium was determined as the mean total recovered at the
3h timepoint - rather than from samples taken immediately aftemedium preparation - to control
for sample loss due to additional pipetting. Generally, pesticide concentration in medium, cells
and on plastic quickly reached equilibrium and modelled uptake matched well with observations
(figure 4.2).

Due to low sample size (n=4 per treatment per timepoint), quantitative analysis of the model
predictions by treatment would be of limited value. By normalising data as a percentage of the
initial dose (the mean total recovered at 3h in each treatment) recovered fromach compartment

at each time point, all treatments could be aggregated into a larger dataset. This was a suitable
measure by which to assess model performancas the model parameters which were constant
across treatments- simply predict proportional uptake at equilibrium (determined by ratio of
rate constants) and speed of uptake (determined by magnitude of rate constants). The purpose
of the TK model in this study was to determine the initial conditions required to achieve a given
intracellular concentration at equilibrium. As such, the 24h and 48h timepoints (at which all

models had reached equilibrium) were of greatest relevance.

Predictions at equilibrium were compared to the mean recovery of each compound by
compartment across treatments at 24h andi8h (table 4.1). Uptake by cells was predicted to
within one standard deviation of the overall mean at both timepoints for thiamethoxam,
prosulfuron & acibenzolarSmethyl and at 24h for azoxystrobin and fludioxonil. For both
fludioxonil and azoxystrobin, uptake by cells was underpredicted at 48h, suggesting that these
compounds exhibited slower kinetics and had not fully equilibrated by this point. Due to practical
constraints, it was not possible to verify this with a longer observation period, howeveiin both
cases it appeared that uptake had slowed and that substantial increases in intracellular

concentration were unlikely.

Mean percentage sorption to plastic was predicted to within one standard deviation at both
timepoints for thiamethoxam, prosulfuron and fludioxonil, at 24h for acibenzola¥rS-methyl and

at neither timepoint for azoxystrobin. Sorption of azoxystrobin was predicted to within 0.6% of
the observed mean at both timepoints but, due to low variability in the data, still differed by more
than 1 standard deviation. Recovery of acibenzolaBmethyl from plastic decreased with time
(figure 4.2 & table 4.1) suggesting that soaking in DMSO may have been insufficient to remove

sample adsorbed to the plastic after longer periods.



81

Medium Cells Plastic
- = ~ 5 x107
£ ':L L . B : 200 l:-_-‘_ L =—6.4 mg/L med
< = 5] o —3.1 mg/L med
g = a, 150 5—__'“ 1! == 9.62 mg/L med
2] v = St == 3.76 mg/L med
g g 5 S 100 R S G  feceveccecececcccenaanas
= s 3 1
B a R ) : 0 S 055 "
:E § ] 50 B o > :__J_ (. ......................
= 3 ‘ 3 2 oL
E ob+0onu-v--v--ew-———3 o - - - - = 0 -
- 0 10 20 30 40 0 10 20 30 40 & 0 10 20 30 40
T'ime (hours) T'ime (hours) Time (hours)
<107
~ 20, ~ 3( o
20 =] 200 L:' v —12.5mg/L med
= c=l. 3 < —6.2mg/L med
e - 154 2 200 | g.l‘ | == 14.95 mg/L med
E ) o Baia LR Ha S S e NP L g i i D W & == 6.42mg/L med
_— 8 o 2 .
= O -] . s R e S e e N 3 9
2 % 10 S 100 S 1 0 3
= = 5 - - - »
-9 = L < Z
2 5L . . . . (&} 0 N - - - -~ 0 - . . .
= 0 10 20 30 40 0 10 20 30 40 & 0 10 20 30 40
Time (hours) T'ime (hours) Time (hours)
-4
3 025 o & 3ol
-] 5 -] ¥ B e —0.24 mg/L med
- = = i {3 R . 9 —0.12 mg/L med
'g = 02 27 E,_f_‘ | == 0243 mg/L med
: 2 = A =% = = 0.0958 mg/L med
7] s 0.15 o g 8 ¢
= S L § s  se—— g
g SR commrror e
- L | & Eem— DEEE— g 2 e [ : .
< 3 3 Z
3 005t . . . - S " . > A = 0 . - -
< 10 20 30 10 0 10 20 30 40 . 0 10 20 30 10
‘ime (hours ‘ime (hours Time (hours
I (1 ) I (t ) I (k )
=
= o~ = —_ <10~
T — 0.15 4 1 -~ 4 =
o o0 b s - =] —0.08 mg/L med
E = S . : ~—0.045 mg/L med
i ~ 5 @ 3 2 3] == 0.144 mg/L med
(’R 2 . = S (e e - = 0.0727 mg/L med
= 3 — s 2f g 2y
£ TH < YN & et e * g & il bbb 3 1
=) = 005} = ' (&) [ — —
N E . ° w e e S < o 1f
5 = = . .. B . 3
o5 v [ 3 .
2 s 0! - - v - o 0 - - - - ~ 0 - -~ - -
7] 0 10 20 30 10 0 10 20 30 40 m 0 10 20 30 40
< l'ime (hours) Time (hours) TI'ime (hours)
o 107
0 0 ~ 80 B 3
":l‘ 6 | = = . —0.091 mg/L med
- -y ) S  |4meccccccccccaccacanaas ; 7 =0.047 mg/L med
B ¥ eahfoco e o a 60 - N -- 0.5 mg/L med
i 2 - = 1 b N - = 0.21 mg/L med
e 3 s 40} g 05}
5 C s ER R
S 8 %o geeeeenas SR Lo et A o b
= = L = LR . 2 a
3 3 P g
2 o= " — S o - — - = 0 B —
0 10 20 30 10 0 10 20 30 10 0 10 20 30 40
I'ime (hours) Time (hours) Time (hours)

Figure 4.2 Model outputs showing observed (circles) and predicted (lines) concentration in
medium, cells and on plastic over time. Solid lines and circles denote treatments used for model
calibration while dashed lines and liow circles denote treatments used for validation.

Pesticide retention in the medium was predicted to within one standard deviation of the overall
mean at 24h and 48h for all compounds except acibenzol&methyl. AcibenzolarSmethyl was

the only compound for which losses of over 5% (as evaporation or atinwise unrecovered) were
observed. This was the most volatile of the compounds tested and was also the second most
lipophilic. In all treatments, medium concentration dropped below model predictions, as the

model assumes all of the initial dose remains ithe system. However, losses were smaller in the
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treatments used for model calibration and predictions of uptake by cells were not adversely

affected.

Table 4.1 A summary of observed and predicted recoveryeath compound at the 24h and 48h
timepoints, normalised as a percentage of the mean total recovered at 3h in each treatment. The
overall mean is based on all data points from all treatments (n=16), also shown are the lowest and
highest mean uptake in a sgie treatment (n=4). Colour coding denotes whether model predictions
were within one standard deviation of the overall mean at both (green), one (yellow) or neither (red)
of the timepoints.

Percentage Recovery by Compartment
24hr 48hr Model
Chemical Compartment Overall Lowest | Highest| Overall Mean| Lowest | Highest| Prediction
Mean £ s.d. | Group | Group | +s.d. Group | Group | at
Mean | Mean Mean | Mean | Equilibrium
Thiamethoxam| Medium 100.994+8.93| 94.31 | 108.63 | 94.15+13.01 | 87.47 | 99.36 | 97.81
Cells 2.26+0.48 1.79 2.67 2.30+0.55 2.25 2.38 2.04
Plastic 0.19+0.089 | 0.12 0.27 0.19+0.082 | 0.18 0.20 0.19
Prosulfuron Medium 99.28+8.06 | 95.54 | 107.30 | 105.03+10.42 95.79 | 113.62 | 97.75
Cells 2.12+0.53 1.73 2.68 2.22+0.48 1.93 2.57 2.03
Plastic 0.25+0.15 0.19 0.35 0.17+0.11 0.12 0.19 0.22
Azoxystrobin | Medium 90.87+8.67 | 85.57 | 94.20 | 89.03+#11.13 | 74.98 | 96.70 | 93.75
Cells 4.14+0.67 3.69 4.64 4.86+0.67 4.35 5.58 4.10
Plastic 1.52+0.35 1.37 1.66 1.66+0.22 1.51 1.83 2.11
Acibenzolar Medium 65.60+15.55| 50.22 | 83.58 | 73.43+#15.87 | 57.61 | 91.18 | 93.85
S-Methyl Cells 1.99+0.54 | 1.62 | 2.54 2.11+0.47 1.83 | 2.62 2.20
Plastic 2.93+1.40 | 2.13 3.74 1.33+0.66 0.67 1.77 3.96
Fludioxonil Medium 72.17+7.39 | 64.39 | 80.39 | 69.25+6.33 | 62.71 | 73.82 | 74.50
Cells 21.6142.75 | 19.18 | 24.32 | 24.59+2.69 | 22.39 | 28.19 | 21.34
Plastic 4.13+1.00 | 3.06 4.93 4.03+0.96 3.22 4.88 4.20

The percentage uptake by cells and plastic increased with hydrophobicity (figu#3). Both were
strongly (r = 0.98 and 0.87 respectively) and significantly (p<0.0001) correlated with octanol:
water partition coefficient, P. A more comprehensive data set ay yield a predictive relationship
betweenPand TK parameters. However, with only five compounds in total and substantial losses

of one of those, any relationship derived from this data set would be questionable.
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Figure 4.3 Percentage recovery by compartment for each compound at 48h. Results shown are an
average from all treatments normalised as percentages of the total recovered at 3h in each
treatment. In one case the total recovered at 48@AAAAAA OEAO OAAT OAOAA
constant, K, is given imatm x n® x mol! at 25°C.

4.5.2Reverse dosing

The calibrated models were then used to determine the nominal concentration required to result
in a desired intracellular concentration. For each pesticide, the target concentration was the
average predicted in the highest dose group im vivo dietary toxicity testing, using the models
developed in Martinet al. (2019). The model parameters and experimental conditions derived

from reverse dosing are shown in table}.2.

Table 4.2 Summary of reverse dosing. The calibrated absorption and elimination rate constants for
each conpound are represented in the formnkand k. xrespectively, with x denoting the relevant
model compartment. The target intracellular concentration and the medium concentration
required to achieve this, as calculated by the in vitro TK model, are sitsmwn.

Compound kin_cell kout_cell I(in_plastic kout_plastic Target Required
(h-1) (h-1) (h-1) (h-1) Intracellular | nominal
Conc. (ug/g) | medium
concentration
(mg/L)
Thiamethoxam | 113.9 | 9.676 0.005532 | 2.827 62.70 5.443
Prosulfuron 128.0 10.91 0.005374 | 2.419 213.7 18.63
Azoxystrobin | 16.71 0.6770 | 0.05167 | 2.295 45.57 1.998
AcibenzolarS | 111 5 | garg |01277 |3.027 | 4.583 0.3702
Methyl
Fludioxonil 277.5 1.715 0.03200 | 0.5675 26.02 0.2155

4.5.3Effects on cell proliferation
Linear modelling showed a significant negative relationship between concentration of

acibenzolarSmethyl and mean mitochondrial activity of cells after 24 hours exposure (p =
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0.0013). However, this pattern did not persist beyond this timepoint. The onlyther significant
relationships between chemical concentration and mitochondrial activity were positive. These
were thiamethoxam (p = 0.012) and fludioxonil (p = 0.049) at 48 hours exposure NOVAand
pairwise comparison showed that after 72 hours exposure,mitochondrial activity was not
significantly reduced, relative to the vehicle control treatment, by any dose of any of the
compounds tested. As such, these data were not suitable for extrapolating effects on groivth
vivoj OAA O$EOAOOOES).T16 A O I 1 OA AARAOAE
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Figure 4.4 Mitochondrial activity (determined by CellTiter 96® AQueoudSne Solution Cell
Proliferation Assay) normalised against vehicle control treatment at each time point, over 72 hours
exposure to pesticides. Lines represent the mean for each treatment (n=5), with error bars showing
95% confidence intervals.

4.5.4Effects on cell mortality

After 24 hours exposure, anomalous background fluorescence (untreated medium, no cells)
exceeded that of several experimental treatments. This resulted in equatiof4 producing
theoretically impossible negative values of percentage nmtality for most treatments, including
controls. Additionally, the fluorescence of maximum LDH release wells also was low relative to
background at this timepoint (due to cell number still being low shortly after seedingmeaning

%00 i OOAI
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timepoint were not considered reliable and were excluded from further analyses. Significan

increases in mortality were recorded in two azoxystrobin treatments at 48 hours (2.5x and 10x

the reference dose). Mortality was also significantly increased in the highest prosulfuron

treatment and two fludioxonil treatments (2.5x and 5x the reference dse) at 72 hours only. The

highest average mortality was recorded at 72 hours exposure in the highest prosulfuron dose

group, with a mean value of 13.5%.
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4.6 Discussion

4.6.11In Vitro TK Modelling

Achieving specific pesticide concentrations in the medium was challenging due to unpredictable
loss of pesticides during sterile filtering. Samples were measured before and after filtration and
losses were quite different between experimental repeats. Theecond experimental run was
intended to assess the repeatability of results and increase sample size but in most cases the
achieved nominal concentrations were substantially different from the first run. However, as
concentration was measured in all caseshis was not a problem for the aims of the study. In fact,

it increased the range over which model predictions could be tested.

For all compounds, the threecompartment model used was able to predict uptake by cells with
reasonable accuracy. However, ithe cases of azoxystrobin and fludioxonil the intracellular
concentration at equilibrium may have been underestimated as the data suggested that these
compounds had not fully equilibrated after 48 hours. Sorption to plastic and retention in the
medium were also generally well predicted by the model. The most notable exception was
acibenzolarS-methyl for which inaccurate predictions appeared to be caused by loss of the test
compound, most likely due to evaporation. The TK model could be adapted to consider
evaporation (StadnickaMichalak et d., 2014) but, as intracellular concentration was accurately

predicted across treatments, this was not deemed necessary for the purposes of this study.

Intracellular concentration at equilibrium was the endpoint of greatest interest in this study.
Model predictions of this endpoint result from the ratio of absorption and elimination rate
constants. However, it is the absolute values of these model parameters that determine the time
taken for equilibrium to be reached. Azoxystrobin and fludioxonil showedlower kinetics but for
the other three compounds, equilibrium appeared to have been reached by the first data point at
three hours after exposure. Due to practical constraints, it was not possible to collect data at
multiple observation times shortly after dosing or beyond 48 hours after exposure. Both would
have been desirable in order to improve the accuracy, particularly in terms of absolute value, of

fitted parameter values and this should be considered in the design of future kinetics studies.

Another consideration for future studies is the role of FBS concentration. The concentration of
FBS in the medium was reduced to 2.5% during TK experiments in order to minimise cell
proliferation, however, it has been shown that increased FBS concentration cardieee the free
concentration of test compounds and, therefore, uptake by cel(sischer et al., 2018) In fact, this
process of serum mediated passive dosing stabilizes cell dose and compensates for chemical
depletion as a result of cell proliferation. It would have been preferable then to have kept FBS

concentration constant at 10% for all experiments. As a result of changing the FBS concentration,
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intracellular concentration was likely overpredicted in thecell proliferation experiments (at 10%
v/iv FBS). However, none of the relationships between cellular uptake and FBS concentration
reported by Fischer et al. (2018)were linear, a twentyfold (0.5% to 10% v/v) increase in FBS
concentration led to a maximum 4.5old reduction in cellular uptake. Therefore, at the very ledas

it is likely that >2.5 times the intracellular concentration predictedin vivo was achieved in our

cell proliferation experiments.

The compounds in this study were not selected for their range of chemical properties but because
in vivo experimental data for these pesticides had previously been made available for the
development of a TKTD model(Martin et al., 2019). However, asvas expected based on previous
studies (StadnickaMichalak et al., 2014) cellular uptake and sorption to plastic were correlated
with octanol: water patrtition coefficient, P. This suggests it may be possible to estimate model
parameters from chemical properties in future. A similar studyncluding more compounds and a
broader spectrum of chemical properties could uncover significant patterns from which
parameter values could be accurately predicted without further experimental work. As well as
hydrophobicity, volatility should also be corsidered. A previous study found this posed no issues
for compounds with low volatility (K4 < 1 x 108 atm x m? x mol?) in culture with fish cells at 25°C
(StadnickaMichalak et al., 2014)however, evaporation of acibenzolarSmethyl (Ky =1.3 x 107
atm x m3 x moltat 25°C(PPDB, 2019a) did occur within our test system where mammalian cells
are cultured at 37°C. This may place limits on the estimation of parameter values from chemical

properties and highlights the influence of temperature ornin vitro toxicokinetics.

Finally, because cultve medium needed to be resterilised after the radiolabelled samples were
added, it was difficult to achieve a specific nominal concentration. To avoid this issue in future, it
would be preferable to have a sterile workspace designated for dispensationraidioactive stocks.
However, as previously mentioned, this was not a major problem because concentration was still

measured with LSC in this study.

4.6.2Cell proliferation and mortality

Cells were cultured for 72 hours in medium containing up to 10x theeference dosez identified
by reverse dosingz of each pesticide. Due to culture medium containing0 % v/v FBS in these
experiments, the intracellular concentrations achieved were probably lower than expected
(Fischer et al., 2018) However, in the highest dose groups, intracellular concentration was likely
>2.5x the highest concentrations predictedn vivo in dietary toxicity studies (associated with
body weight reductions of >10%(Martin et al., 2019)). At only one time point, for one compound
(acibenzolarSmethyl at 24 hours), was a significant negative relationship between pesticide

concentration and mean mitoclondrial activity found. After 72 hours exposure, mitochondrial
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activity was not significantly inhibited by any pesticide treatment, indicating no effects on cell

proliferation.

In some treatments, significantly increased cell mortality was observed. Forath to be suitable
for extrapolation, any observed effects must be significant, consistent over time and exhibit a dose
related response so that they can be attributed to the presence of the test compound. Additionally,
doses should be below the thresholébr effects on mortality so that cytotoxicity can be discounted
from effects on cell population growth(Stadnicka-Michalak et al., 2015) No chemical in this study
met these criteria and as such it was not possible to use these data to predict effectsiowivo

growth.

4.6.30bstacles to QIVIVE

There are seeral possible factors that may underlie the negative results of the cell proliferation
experiments. First is simply that the sensitivity of the chosen cell line to the compounds in this
study did not represent that of the whole animal. The rationale for decting of the L6 cell line was
twofold. As muscle accounts for 35.3% of rat body mass, the largest proportion of any tissue
(Lindstedt and Schaeffer, 2002) it was deemed the most appropriate tissue to investigate
chemical effects orgrowth. Additionally, with a lack of information as to the role of metabolites
in the toxic mode of action of each pesticide, it was assumed that effects are caused by parent
compounds. As such, a cell line with limited propensity for biotransformation wa desirable in
order to test this assumption. In past studies using the L6 cell line, concentration dependent
responses to known toxins have been demonstrated using the same assays employed in this study
(Kalam et al., 2011, Cybulski et al., 2015However, these studies were investigating large effects
on cell viability rather than simply reduced popuhtion growth. This would agree with previous
observations of low absolute sensitivity in cultured cells, possibly the result of few target sites
being present in a single cell type relative to an organisifischirmer, 2006, Groothuis et al., 2015)
The sensitivity of L6 cells relative to other cell lines varies in the literature, depending on the test
compound(Kalam et al., 2011, Cybulski et al., 2015However, unlike other cell lines, L6 did show
higher sensitivity to membrane damage by certain chemicals than reduced mitochondrial activity
(Cybulski et al., 2015which could present an obstacle for separating effects on cell proliferation
and cell death. Many mammalian cell lines are available and naturally this choice will impam
the observed responses to chemicals. As was noted by Stadnicka e{2015), one advantage of
the RT-gill-W1 is that it is derived from healthy gill cells whereas mammalian cell lines, such as
L6 (Yaffe, 1968) are often established by exposureotcarcinogens. The E®3 cell line, derived
from embryos of Mus musculus;ould be a suitable candidate for future studies. This cell line was
not cancer derived(Doetschman et al., 1985and has produced promising results in the pagfLi

etal., 2017, Louisse et al., 2015Vhile biological rationale can be applied in theelection of a cell
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line, any issues will not become apparent before experiments begin and finding a cell line with

the desired attributes could be a timeconsuming task involving a degree of trial and error.

A related issue is that metabolites of the copounds may contribute significantly to the toxicity

of the compoundsin vivo (Pirmohamed et al., 1994) and these metabolic pathways are not
necessarily replicatedin vitro (Coecke et al., 2006)For example, thiamethoxam is mostly
excreted untransformed but its main metabolite, clothianidifFAO and WHO, 2011)s more toxic

to mammals than the parentcompound (PPDB, 2019g, PPDB, 2021for the fitting of TK model
parameters, total radioactivity was converted to concentrations on the assumption it
corresponded © the presence of the parent compound, without accounting for
biotransformation. One reason that a muscle cell line was selected over tissues involved in
biotransformation, such as the liver, was in order to meet this assumption. Previous studies have
also made this assumption(StadnickaMichalak et al., 2015, Li et al., 2017yet found close
relationships between doseresponse predictions based oim vitro data and observedn vivodata.
The assumption may be necessy because proposed metabolic pathways would be impossible
to replicate in vitro. For example, of the compoundm this study, prosulfuron, azoxystrobin and
fludioxonil are broken down into at least 14, 15 and 20 metabolites respectively, with significant
differences observed between the sexedEuropean Commission, 2013c, European Commission,
2009, European Commission, 2006 Models ofin vivo toxicokinetics would need to predict the
uptake of the parent compound, biotransformation into toxic metabolites, and elimination the
metabolites and paent compound.If impacts on growth are not predictable without accurately
accounting for biotransformation in vitro, this method may not be a viable alternative to animal
testing due to requirements for detailed data orin vivo metabolism andbecause othe number

of chemicals with complex metabolic pathways.

It has been demonstrated that observed effects on fish growth can be predicted by replicating the
intracellular toxicant concentration and usingin vitro data to calibrate a growth model before
extrapolating through time (StadnickaMichalak et al., 2015) However, it may not be possible to
directly predict mammalian growth in this way due to the relativesize of observed effects in
toxicity testing using fish versus mammals. The highesh vivo doses of cyproconazole and
propiconazole caused average body weight reductions in fish of 49% and 77% respectively,
relative to controls (StadnickaMichalak et al., 2015) In mammalian chronic toxicity studies, body
weight reductions relative to controls rarely reach 20% by the end of testinf/Vang et al., 2019)
Logically, prediction o smaller effectsin vivo requires the detection of smaller effectan vitro,
which can be challenging due to variability in data. It may instead be necessary to induce larger
effectsin vitro before extrapolating to realistic intracellular concentrationsor effect sizes and

investigating the relationships between predictions andn vivodata. This was part of the rationale
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for aiming to achieve 10 times the intracellular concentration predictedn vivohowever, this was
not high enough to induce significaheffects. Another consideration is that cells are neither male
nor female yet chemical effects on endpoints such as body weight can vary greatly between the
sexes in animals(Calabrese, 1986, Martin et al., 2019)Such differences will be extremely
challenging to predid from in vitro data so it will be necessary to account for this uncertainty

when interpreting any future extrapolations fromin vitro data.

Finally, and perhaps most crucially, it may be that then vivo TK predictions, from which target
concentrationswere derived, were not sufficiently accurate. Although than vivomodel had been
used to produce accurate TKID predictions,the requirements for QIVIVE are different. A TKID

model only requires that predicted internal concentration is proportional to the actual value at

OEA OAOCAO OEOA j Ascs OOAAI AA ET OGh@bdél), adthed AAT O

fitting of TD parameters will compensate for the difference(Jager and Zimmer, 2012) To
comparein vitro andin vivo effects however, it is important that the intracellular concentrations
actually match(StadnickaMichalak et al., 2015) Predictions of chemical concentration imuscle
tissue were derived from simple observed correlations with blood concentration. This may
appear a simplistic method but, at equilibrium, more complex physiologically based TK models
also predict that chemical concentrations in different tissues arsimply multiples of one another

(Li etal., 2017, Louisse et al., 2015No matter how simple or realistic the TK model, predictions
are only as good as the data used for calibration and this is an area that could be improved.
Animals in regulatory toxicokinetics studies are generally given a single gavage do&eECD,
2010). Whilst this does represent an oral exposure, it is not representative of the dietary dosing
used in longer term toxicity studies(OECD, 2001, OECD, 1998E0D, 2008) Toxicokinetics may
vary substantially between gavage and dietary dose grougBoster et al., 2015, Vandenberg et al.,
2014, Kapetanovic et al., 2006) Additionally, equilibrium is never reached in single dose
treatments because the intake is not sustained. A major advantage of the testing framework for
fish is that the route of exposure is consistent throughout testing with animals exposed to a
constant toxicant concentration in ther water (except in the case of hydrophobic compounds for
which dietary exposure is more relevant)(OECD, 2012, OECD, 2013, OECD, 1984, OECD, 2019,
OECD, 2014)The inclusion of dietary exposure in mammalian toxicokinetics studies would be
the surest way of improving the accuracy of TK modelling, ich will be crucial if the

methodology is to help replace animal testing in future.

4.6.4Future Work
While it was not possible to extrapolatein vivo effects on growth fromin vitro data, this study
demonstrates how, in principle, TKTD models can act as a bridge between vitro and in vivo

data from mammalian dietary toxicity studies.

@)
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Before further attempts are made to develop QIVIVE methods using TKHO models it is worth

evaluating the place of such methods within wider efforts to find alternatives to animal testing.

4EA AOOAAI EOEI AT O T &£ 11/700h xEEAE TETE 111AAOI AO
adverse effects at higher levels of biological organisation, has réeed a great deal of focus at

policy level (Willett, 2019) . At lower levels of organisation, predictive QSARs amdvitro methods
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vivo assays are still required. At present, the information gainedrom AOPs is generally

gualitative and more suited to identify hazards presented by a compound rather than quantifying

the environmental or health risk it poses(Sewell et al., 2018) A need for quantifying thresholds

for progression from one key event to the next has been identified as well as the need to account

for level, duration and route of exposure in quantifying risk. It is for these purposes that TRD

modelling is particularly well suited because TKITD model parameters have &iological or

chemical interpretation. Further, linking toxic responses at cellular level to responses at the

organism level can be aided by models that allow parameterisation from bioassays at either level
(Stadnicka-Michalak et al., 2015, Ashauer and Jager, 2018)

Previous studies using mammal cells have shown thaenchmark doses, or BMDgj.e. the dose
required to induce a given effect) can be predicted to within threefold of observed values using
in vitro and in silico methods (Louisse et al., 2015, Li et al., 2017However,BMDs are time
dependent measures and their value to assessing risk has been questior{@dger, 2011, Jager,
2012). As such, a method of predicting the degree to which graded endpoints, such as growth rate,
are affected by a give level and duration of exposure would be an extremely valuable tool.
Promising results with fish cells(Stadnicka-Michalak et al., 2015)suggest this may be possible

but there is still some way to go in order to replicate that success for mammals.

Reliable in vivo TK-TD modelscanbe developed using existinglatasets from regulatory toxicity
studies on mammalsbut these do not require precise TK predictions TK models that can
accurately predictinternal concentration will be required. For thisto be achieved more relevant
data with which to calibrate and vdidate models must be collected. While this would represent
an increase in the number of animals used in toxicokinetics studies, such studies have small
sample sizes(OECD, 2010)and the resulting data could facilitate major progress towards
alternative methods in future. Models have been developed which can be parameterised using
without in vivo data (Li et al., 2017, Louisse et al., 2015However, their validation still requires
animal data.Developing the capability to model kinetics following dietary exposurein rodents
could fulfil a crucial role in improving the utility of non-animal methods in the AOP framework

going forward.



92



93

Chapter 5 - Modelling effects of variability in feeding rate on growthi a vital
step for DEB-TKTD modelling

5.1 Preface

One of the aims statedit the start of the projectwas to explore applications of TK-TD modelsin
ecological rik assessment, such axtrapolating the effects ofrealistic pesticide exposureon wild
rodents. However, despite some success in separating the effeat§ toxicity and feeding rate on
the growth of rats, Chapter 3 highlightedmportant issues around the way model inputsvere
derived from feeding data Without accurately modelling growth based on feeding rateany
inhibition that results from chemical toxicity cannot be diffeentiated from the effects of reduced
feeding. Thereforetoxicodynamic parameters cannotaccuratelyreflect the toxicity of a diemical,
limiting their value for extrapolation. Therefore, | felt that the final research chapter should

return to the growth model and address the issueglentified around feeding inputs.

In Chapter 36, an alternative methodof deriving feeding inputswas briefly outlined. Chapter5
presents a research paper in which this newpproachwas fully developed, and comparedto the

previously employed methods, both in terms ofmodel accuracy and theoretical consistency.

5.2 Abstract

A major limitation of dietary toxicity studies on rodents is that food consumption often differs
between treatments. The control treatment servess a reference of how animals would have
grown if not for the toxicant in their diet, but this comparison unavoidably conflates the effects of
toxicity and feeding rate on body weight over time. A key advantage of toxicity models based on
dynamic energy hudget theory (DEB) is that chemical stress and food consumption are separate

model inputs, so their effects on growth rate can be separated.

To reduce data requirements, DEBonvention is toderive a simplified feeding input, f, from food
availability ; its value ranges from zero (starvation) to one (food availablad libitum). Data show
that the feeding rate of rats does not scale with body sizecontradicting DEB assumptions
regarding. Relatively little work has focused on addressing this mismatch, but agrately
modelling the effects of food intalke on growth rate is essential forthe effectsof toxicity to be
isolated. Thiscan provide greater insight into the results of chronic toxicity studies allowing

accurate extrapolation of toxic effects from laboratory data.

Here we trial a new mehod for calculatingf, based on the observed relationships between food
consumption and body size in laboratory rats. We compare model results with those of the
conventional DEB method and aother method from a previous study Our results showed that

the new methodimproved model accuracy(R? | 11 Whery calibrated) while modelled reserve
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dynamicscloselyfollowed observed body fat percentagever time (closest to independent data
at six out of seven timepoints) The new methodassumesthat digestive efficiency increasesvith
body size Verifying this relationship through data collectionwould strengthen the basis of DEB

theory and support the case for its use in ecologicakk assessment.

5.3 Introduction

Mechanistic effects models (MEMs) aim to simulate the mechanisms by which chemicals affect
individuals, populations and communities (Grimm and Martin, 2013). This is an appealing
prospect with great potential for use in ecological risk ssessment (ERA) of chemicals such as
pesticides(Forbes et al., 2009, Forbes and Calow, 201Bimulating underlying processes confers
several advantages over traditional analysis of data from laboratorpased toxicity studies and
extrapolations to field scenarios based on summary stetics. Mechanistic modelling enables the
prediction of toxic effects in untested, ecologically relevant conditions. This can add ecological
realism to extrapolations and potentially even reduce animal testing requirement&lager et al.,
2006).

Accounting for the mismatch in exposure between laboratory and field is a key obstacles to long
term risk assessment of pesticides for mammald-ischer, 2005) For example, in chronic toxicity
testing of pesticides, rats are exposed to a constant concentration of tesingoound in their diet
for up to two years (OECD, 2018b, OECD, 2018a, OECD, 20(ych constant exposure is
unrealistic in the field as pesticides are not applied at a constant ratdl gear round. This disparity
can be addressed using toxicokinetitoxicodynamic (TK-TD) models(Jager et al., 2006) These
are a class of MEMs that work at the individual level, predicting an inteah measure of chemical
concentration over time (toxicokinetics) and the stress thé places on an organism
(toxicodynamics). As such, the effects on a given endpoint resulting from realistic, time varied

exposure can be predicteNyman et al., 2012)

The use of TKTD modelling has now been recommended for certain regulatory purposes, such
as predicting survival of aquatic organismgEFSA, 2018) However, for birds and mammals
sublethal effects are most relevant at realistic exposure levels, as no mortality associated with
pesticide use is accepted under European regulatiofEFSA, 2009b3 4 EA O $ %"-404 42666 |
modelling framework (Kooijman and Bedaux, 1996b, Kooijman and Bedaux, 1996a, Sherborne et
al., 2020), combining TKTD modelling with the Dynamic Energy Budget (DEB) theorKooijman,
2000) provides a means of predicting sublethal toxic effects. DEB is an established metabolic
theory, mathematically describing the processes of energy acquisition and allocation to predict
endpoints such as body size and reproductive output. DEB has been appliecatavide range of

taxa, with parameters available in the Add My Pet (AmP) libraryMarques et al., 2018) The
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majority of DEB-TKTD studies thus far have focused on invertebratgg\shauer and Jager, 2018)
and more recently fish(Zimmer et al., 2018, Sadoul et al., 2018\ith very few studies concerning

terrestrial vertebrates (Martin et al., 2019, Desforges et al., 2017)

A particular advantage of DEBIKTD modelling is the ability to separate the effects of feeding rate
and toxic action on growth rate. This is particularly important in dietary toxcity studies, where
ingested dose is directly related to feeding rate. This property is relatively unexplored but, in fact,
it is crucial for TD models to accurately reflect toxicity and therefore to be of use for extrapolation
to novel scenarios. Temporahnd inter-treatment variability in feeding rate is a crucial driver of
observed growth so any observed effects on body weight cannot simply be attributed to toxic
action. Moreover, the extent to which a compound induces feeding avoidance may increase or
decrease the risk posed to wildlife, depending on whether animals would have a choice of food
items in the field scenario(Thompson, 2007) A previous study(Martin et al., 2019) developed
methods to account for variability in feeding while modelling the effects of dietary toxicity on
growth of domestic laboratory rats (Rattus norvegicus However, some important issues with

these methods were identified as areas for improvement in future.

In DEB theory, feeding rate is assumed to be limited by surface area (e.g. area of feeding
appendages in filter feeders), which is proportional to body mass to the power 2/3. Where data
are available, observed area specific feeding rate is divided by a maximwalue so that it can be
entered into the model as a dimensionless parameter ranging from zero to of#ager et al., 2013,
Kooijman, 2000). In Martin et al. (2019), we generated model inputs by scaling weekly area
specific feeding rate in each treatment relativeto the maximum observed rate within each

dataset. While this was a log@l approach, two major issues became apparent.

The first issue was that, in rats, area specific feeding rate decreases as animals gfoaaksonen
et al., 2013, Martin et al., 2019)As such, the scaled feeding rate entered into the model dropped
well below one in the latter stages of growth. This meant that, according to model equations,
animals could have grown to many times their maximum observed body weight if they had
continued to feed at the maximum observed rate throughout their lifetime. While this was a
theoretical rather than a practical issue, it must be addressed for models to festically represent

the processes involved in growth.

The second issue arose because area specific feeding rate was calculated relative to observed

(rather than predicted) body size. This meant that when predictions differed from observed data,

thiscoulA OAOOI O ET A DI OEOEOA EAkeSAAFEexdmplé, DardtO OOT |
with area of 40cnt? ate 20g food/day at timet this would be a feeding rate 0.5 g/cri/day.

However, if predicted surface area at time were larger than that obsered, say 50cr, then 0.5
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g/cmz2/day would equate to 25g/day. Therefore, the modelled growth rate in the next time step
would correspond to 25% higher food consumption than was observed, exacerbating the

problem with each time step.

Predicted body weight Predicted body weight
{| > observed body weight < observed body weight
attime t. attime t.
The observed area The observed area

Predicted growth rate > Predicted growth rate <

specific feeding rate = specific feeding rate =
observed growth rate observed growth rate
more food than was less food than was

for that time step. for that time step.

s W 4

consumed. consumed.

area specific is calculated directly from data ashtartin et al. (2019)

Here we investigate the potential of new methods to solve these issuesdathe implications for
DEB theory. As suggested inMartin et al. (2019), we look to mathematically describe the
relationship between feeding rate and body size in rats over the entire growth period and use this
as a reference for scaling observed area specific feeding rate. We assess the resulting models from
three standpoints: accuracy- how closely fitted models agreed with observed growth curves;
generality z how well independent data are predicted without additional fitting; biological
realism z how realistically the models simulate the processes underlying growth. We useveodel
based on the DEBkiss modelling frameworkJager et al., 2013} a simplified version of DEB,
following the same fundamental principles but with fewer parameters. It was desirable to
prioritise model simplicity in this study. Firstly, because eliminating complex reserve dynamics
from the model meant that the effects of different feeding inputs on model predictions could be
more easily analysed. Reproduction was also omitted for this reason. Additionally, the lack of
user-friendly modelling tools was recently identified as a barrier preventing the use of DEBKTD
models by regulators (EFSA, 2018)which has prompted renewed interest in DERiss (Jager,
2020).

5.4 Methods
5.4.1Data
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All data used here were made available from existing regptory studies (Syngenta, unpublished)
required under 94/79/EC (European Commission, 1994) investigating chronic toxicity of
acibenzolarS-methyl, prosulfuron and thiamethoxam in Sprague Dawley laboratory ratsRattus

norvegicug (Palm, 1975)

Chronic toxicity studies lasting two years were carried out according to OECD guideling8ECD,
2018b, OECD, 2018a, OECD, 200Aphimals were kept in standard conditions with food and water
available ad libitum. Each study comprised a control group and at least three dogroups with
individual observations of body weight (g) initially at weekly intervals (later observations were
up to five weeks apart). Food consumption (goq) * day?!) was recorded alongside body weight
either individually or per cage (25 individuals), providing the average per animal per day.
Sample size was initially 80 animals per treatment per sex and only data for unmated animals

were included in this study.

5.41.1.Calibration dataset

The control group from the two-year dietary toxicity study of acibenzolarSmethyl was selected
as the calibration data in this study, as it was intermediate in terms of total food consumption for
both sexes. This dataset, henceforth referred to as group A, comprised observations of an initial
80 animals of each ex at 37 timepoints over 104 weeks (a total of 2659 observations for males

and 2678 for females). Animals in this study were fed a diet of Nafag 890 pelleted food.

5.4.1.2 Independent datasets

Independent datasets B and C were the control groups from theo-year dietary toxicity studies

of prosulfuron and thiamethoxam respectively. Initial sample size in both datasets was 80
animals of each sex. Animals in group B were fed a diet of Rodent Chow #5002 pellets and
observations took place at 37 timepointover 104 weeks. Animals in group C were fed a diet of
Nafag 890 pelleted food and observations took place at 36 timepoints over 103 weeks. Nafag 890
and Rodent Chow #5002 are similar in protein (1820%), fat (3-4.5%) and energy content (12
14kJ/g) although Nafag 890 is substantially higher in fibre(Ruhlen et al., 2011, Leonhardt and
Langhans, 2002, Silberbauer et al., 2000)

5.42 Theoretical basis of the bioenergetic model

To simulate rat growth, we used a slightly modified version of the DEBkiss modelling framework
(Jager et al., 2013)The model in this study employs the most basic rules for starvation and the

storage of assimilatesThe reason for this choice was to determine how accurately growth can be
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predicted using simple equations, if feeding ata are used to produce accurate and high

resolution model inputs.

All DEB(Kooijman, 2000) models are based on the principle that certain grcesses are limited by

OT1 61T A T O OO60FEAAA AOAA AT A OEAO AT ATEIAI 80 1Al
wé a 68NN £ NaNd "Yo 1 "OMIOW@ £ & 6 B QO Q& Miprovided body shape remains

the same (isomorphic growth).In DEBkiss(Jager etal., 2013) AT AT ETl A1 8 0w Q1T OAT x
is divided into structural (bones, muscle, organs etc.) weightp , and stored assimilates known

as the reproduction buffer,co . DEBkiss was developed with invertebrags in mind and so the

reproduction buffer is generally meant to provide mass for egg production. This function does

not apply to viviparous mammals, for which the main costs of reproductiog foetal development

and milk production- only occur postfertilis ation. Since reproduction is not modelled in this

study, this buffer is used only for its secondary function, as a reserve to maintain structure in

times of starvation. As such, it is more intuitive to thinkofo OETI DT U AO 1 AOO 1T & OOA
will be referred to as such throughout. In thismodel implementation, the term reserve simply

refers to stored assimilates and so its definition differs from that given in full DEB models

(Kooijman, 2000). DEBkiss assumes that juvenile animals allocate all available resources to

growth and maturation, and sow =0 until the onset of puberty. From this point on a portion of

assimilates are stored for reproductive investment(Jager et al.,, 2013) We make the same
assumption, with the distinction that assinilates are stored to cover the costs of reproduction or

maintenance as needed.

Wet weight is more practical to measure than structural volume). Assuming that average wet
tissue density,Q (g x cm3), is equal to that of water, that iSQ = 1(Lika et al., 2011) means that
in juvenile animals® @ 7p g x cm3. Rather than any specific measure of length, such as nose
to tail, the volumetric length, L, is defined as/!’3 and surface areaa, is equal toL2 or V23 It is also
helpful to estimate the density of structure gy(g x cm3), allowing conversion between dry weight
and volume such thatw ® Q and w W jQ w . Multiple studies have estimated
average tissue water content ofR. norvegicusas between 64% and 74%Reinoso et al., 1997)

suggestirg that 0.3 is a realistic value ofl, for this species.

5.43 Model notation

J- Flux or rate
y - Yield or efficiency

d - Density
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X-Food

Az Assimilates

M z Maintenance

R- Reserve

W z Weight or mass
V- Structural volume
a- Surface area

L - Volumetric length
w - Wet tissue

m z Maximum

5.44 Growth model

Assimilation of nutrients from food into the body occurs across membranes and so this process

is assumed to be mediated by surface area. Assimilation flubdjs defined as

00 D & (5.1)

where 0 is the maximum surface area specific assimilation rate {gsimiates) X cmuy2x d1) and V
is volume. The parametef EO OOAAT AA A£O0T AGET 1T Al (Jégkreed., 20aH 6 OfI
Kooijman et al., 2008 O OOAAI AA EAAAET ¢ OAOAS AAPAT AET C 111

between these two terms is detailed later.
Maintenanceflux, JM,is given as
V0 L (5.2)

Where 0 is the mass specific maintenance rate (@simiates) X M3 x d1). Endotherms are also
subject to surface area specific maintenance costs, accounting for heat loss to thegi®nment.
However as long as the ambient temperature is within the thermoneutral zone of a species
(Kingma et al., 2014)these are assumed to be zer@Lika et al., 2011) Laboratory guidelines
require rodents to be kept at 22+3°C, as this was considered to be within the thermoneutral zone

of the rat (Poole and Stephenson, 1977) More recent research has suggested that this
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temperature range is too low(Le and Brown, 2008)but for simplicity we assumed that heat loss

could be omitted.

It is assumed that a certain proportion of assimilates are allocated to structural maintenance and

growth and this is denotedk (dimensionless).

‘0L 6 0 () that is, assimilation is sufficient for growth and reserve storage

Yo & QOO0 D (5.3)
Yo p QOO (5.4)

Where 0 (Q(structure) X Qassimilatesy?) iS the yield of structure over assimilates (i.e.the efficiency
with which assimilates can be converted into structure). Puberty is estimated to begin in rats at
5-7 weeks of ag€Rakel and Gergs, 2018yhich is also the age of the study animals at thésst of
observation. As such, we assumed thab Ttinitially and begins to accumulate immediately.
Like the full DEB model, our model implementation divides wet weight into structure and reserve
(although reserve is more narrowly defined in this case). blvever, the model equations used are
unaltered from DEBKkiss and follow the simple assumption that any assimilates not required for

maintenance, or allocated to growth, are stored. This system is represented igure 5.2.

Food » Faeces
W Assimilation

Assimilates

Somatic Maintenance

Storage

Reserve

Figure 5.2 A graphical representation of the DEBkiss model used when assimilation is sufficient for
growth. The value of k determines the proportion of resources assimilated from food allocated to
maintenance and gowth or stored for reproductive investment.

Growth

Structure

At any constant value off, growth ceases wherb 0 . This is the point at which the ultimate
structural volume, @ , is reached, which can be calculated adQ"Q0j 0 . The theoretical
maximum structural volume,w , is reached when) 0 andf=1 such thatw QU ju LAt

alltimesYo Yo 7Q Yo butYow andYw depend on the value of.
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If'Q0 60 0 U dthatis, overall assimilation fluxJAis sufficient for homeostasis but not growth

then
Yo T (5.5)
Yoo 00 0D (5.6)

Maintenance is prioritised above growth, with the 1k branch utilised to pay maintenane costs
and any remainder stored as reserve. Equations5 and 5.6 also describe change in body mass
when 0 6 0 Dandw T In this scenario, the animal is starving, and) is maintained by

utilising reserve. BothYo and Yo become negative ashe reserve decreases.

Ifo 0 v bandw T, that is, reserve has been used up and assimilation is insufficient to meet

maintenance costs

~

Yoo 0d 00T (5.7)

v

Yo om (5.8)

where @  (Qassimilates) X MaSTstrucure)2) iS the yield of assimilates over structure i(e.the efficiency
with which assimilates can be extracted from structure). Therefore, structural weight is lost until

it can be sustained by feeding.

The values ofkk and w , 0.9472 and 0.7988 respectively, were taken from the most recent AmP
entry for R.norvegicus (Rakel and Gergs, 2018)while @ was assigned its default value of 0.8
(Jager et al., 2013)The maximum surface area specific assimilation raté, and volume specift
maintenance rate,0 , were fitted to data. The value of was calculated from data or food
availability. Various approaches to this calculation, and their theoretical implications, are now

summarised.

5.4.5Methods for calculating f

5.4.5.1Method 1: f = scaled functional response to food availability

The approach used most commonly in DEB literature is to calculate the valuefdfased on food
availability because, in most cases, detailed feeding data are unavailable. This approach uses the

Holling Type Il functional response
Q oo O (5.9)

where X denotes the density of food in the environment (god) X M2) and H (goos) X M2) is the

half-saturation food density at which food consumption rate0 (Qgooqy x day?) is half of its
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maximum. When food is availablad libitum,& Hband therefore™Q p (van der Meer, 2006a,
Kooijman et al., 2008, Jager et al., 2013)sing food availability as a proxy for observations of food
consumption in this way relies on the assumption thia when provided with as much food as they

can eat, animals eat as much as they can.

In other studies,f has been fixed to one during calibration and then estimated for independent
data (Sadoul et al., 2018) This approach was not followed irthis study as it is based on observed
growth rather than feeding data, so the mechanistic basis is unclear. An alternative would be to
compare overall average area specific feeding rate in the independent dataset to that of the
calibration dataset and adjst f accordingly. However, this would not test whether food
availability is a suitable proxy for feeding observations. Since feeding availability was alwagd
libitum in all datasets included in this studyf was fixed at its maximum value of 1 for all dasets

in this study.

5.4.5.2Methods 2 & 3: From scaled functional response to scaled feeding rate
The rate at which an animal can consume food depends on body size andshas no fixed upper

limit. Instead, it is assumed that feeding rate is limited by surface area so
0 @ 0 (5.10)

where U (Qggood) X CMyy2 x day?) is the maximum area specific feeding rate for a species and
isthA AT ET A1 80 OI 1 QladeOeddt R01B)AT COE | Al Q
0 0 jw (5.11)

where & is the yield of assimilates from food or digestive efficiency (@simiates)* Qrood)) and 0
is the maximum surface area specific assimilation rate (simiiates X M2 x d1). Sincew P,

0 provides the upper limit when fitting 0

Dividing equation5.10 by 0 gives

VIO (5.12)
where 0 is area specific feeding rate (gog X cmu2x day?). Solving forf gives

Q0T (5.13)

So, where0 can be calculated from observed data, it is more appropriate to calculataising
equation5pc AT A AAZET A EO AO OOAAI AA EAAAET ¢ OAOAG
Methods 2 and 3p) is calculated for each observation interval by dividing observed of daily food

consumption by the associated observation of wet weighdy ,raised to the power of 2/3. Strictly
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speaking, calculations ofy should be based on structural surface area,or \V23. However, since
Vis not quantifiable from observed dataw was used instead. While both Methods 2 and 3 use

equation 5.13, they differ is in how 0 is calculated.

5.4.5.3Method 2: lig = maximum observed area specific feeding rate

In this approach, previously employed in Martin et al. (2019),0 is defined as the maximum
individual observed area sgcific feeding rate within a dataset (separated by sex). In group @,
was 0.822g x cn? x day! for males and 0.715g x cra x day! for females. These values were used
for all datasets. Identifyingd in this way guarantees that scaled values do not exceed one for
the calibration data set. It is possible, though unlikely, fof to exceed one when using (mean)
independent data.This would require the average feeding in the independent dastto exceed

the highest individual observation in thecalibration dataset.

5.4.5.4Method 3: lim = predicted Li at a given body size, maximum food availability

In this method, obsewed daily food consumption,0 (geod) X day?), and area specific feeding rate,
0 (Qrood) X CMy2 x day?) with food available ad libitum, were described empirically as functions
of surface area (calculated aso 7 ). Visual inspection showed that, rather than continually
increasing as animals grewp roughly followed a sigmoid pattern when plotted against surface
area. The generalisedogistic function (Richards, 1959)was selected as a flexible sigmoid curve
which could meet the necessary conditions to modél as a function of body &e. It was specified
that the curve must pass through the origin, as an animal with zero mass would be unable to

consume any food.

One expression of the generalised logistic formula to descritdin terms of surface areaa, is
vt 0 —m (5.14)

Where Gis the lower asymptote (grog X day?l), U is the upper asymptote (Gooq x dayl), M is
inflection point (cm2) and B is the growth rate (cm?). The simplest way (minimum number of
parameters) in which this can be ajlisted to pass through the origin is as a symmetrical curve

with its inflection point at (0,0). This can be done by stipulating thatO "Yand®  Ttsuch that

o —— 7Y (5.15)

With only two free parameters,U and B, this function was then fitted to mearn) (at each unique
value ofa) in the calibration dataset (figure 5.3). The coefficient of determinationR2, was then
calculated. This showed that, for maledJ=26.03 andB=0.07693), 82% of variation in in mean)
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was explained by the fitted function of surface area. For femalét)=17.72 andB=0.1096), this
figure was 38% as data were more variable particularly at extreme body sizes with fewer
observations (figure 5.3 ii). In order to eliminate values of0 that were insufficient to meet
maintenance costs, any data collected after mean body size had peaked (day 539 for males, day

686 for females) were excluded. Area specific feeding rat@,, was then simply modelled as

SRV (¢ (5.16)

This explained 98% of variability in mean area specific feeding rate for males and females (fig

5.3 ii-iv). Modelledv , as a function of, was then used as the reference for scaling observéd

meaning that0 was redefined as predicted area specific feeding rate at a given body size, at

maximum food availability (equation’5.16).
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Figure 5.3 Plots i& ii show observed (circles) and modelled (line) daily food consumptiorvs
surface area, a, of males and females respectively. Raw data are plotted in light grey while mean
values are plotted in black. Method 3 usesguation 5.15 fitted to mean datato model food
consumption per dayv . Plots iii & iv show observed (circles) and modelled (line) area specific
feeding ratew vs surface area, a, of males and females respectively. Raw data are plotted in light
grey while mean values are plotted in black. Models plot the fitted formulalfodivided by surface

area,a.
Redefining 0  has several important theoretical implications.Since0 is no longer a true
maximum, the scaled feeding ratd, may exceed onéBecause) " this means0 no longer
represents the maximum area specific assimilation rateand is redefined as the area specific
assimilation rate at maximum food availability. Crucially, as per equatiof.11, if 0 remains
fixed but0  decreases as animals grow, then digestive efficienay, , must increase with body

size. Furthermore, & pCoO 0 , so the lowestpredicted 0  within the observed range

of body sizeprovides anupper limit for 0
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5455Addressing the 6snowball effectdé in Methods 2

To avoid the feedback loop described in the introductiofMartin et al., 2019), 0 was calculated
in real time from observed food consumptionp (g x day-1), and modelled surface area (cm?).
Surface areag, at timet was defined as modelld & * (in order to be consistent with how 0

was calculated from data). Mean observed food consumption,, at timet was then divided bya,
to yield 0 for the next time step. In Method 20 was simply divided by the fixed value of) to
give a value ofQat time t. In Method 3,0 was calculated by entering modelledh at time t into

equations5.15 and5.16 before using equatiorb.13 to yield f.

This meant that growth rate was modelled based on observed foatbnsumption rather than

observed area specific feeding rate over time.

5.4.5Model assessment

Initially, the growth model was fitted to wet weight data from the calibration dataset A using each
method of f calculation. To reduce the impact of heteroscedsisity, the square root
transformation was used during fitting. The accuracy of the model fits was then assessed in a
variety of ways. Overall goodness of fit was measured with the coefficient of determinatiore,
and the root mean square error, RMSE. Adibnally, the proportion of observations predicted to

within one standard deviation of the mean was calculated.

Next, the models were used to predict independent datasets B and C, without recalibration, to
assess the generality of the model parameters deed using each method. Again, predictions
were assessed usingR®2, RMSE and the proportion of observations predicted to within one

standard deviation of the mean.

The biological realism of each method was then assessed through comparison of the theowtic
maximum volume,® , and modelled reservew , to relevant literature data. Finally, the impact

of real timef calculation to avoid positive feedback was assessed with a worked example.

5.4.6Model implementation

All models were implemented in Matld (ver. R2016b). Growth models were developed with the
BYOM(Jager, 2019)flexible model platform (ver. 4.1). All fitted parameter values were derived
using the Nelder Mead simplex algorithm to maximise the likelihood function, givethe observed

data (Pan and Fang, 2002)Likelihood profiling was also used to check that initial fits were not

local optima (Kreutz et al., 2013)
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5.5Results

5.5.1Calibrated Growth Curves

The growth curve was fitted to mean wet weightw , observed over two years in group A, using
each of the three methods for determining the scaled feeding ratgfigure 5.4). Fitted parameter

values as well as various measures to assess goodness drfit given in table5.1. Goodness of fit
measures only relate to total body weightew , as this was the only model variable monitored in
the dietary toxicity studies which provided data for this investigation. For illustrative purposes,
the breakdown of modelled @ into reserve and structure is shown on plots. Modelled reserve
dynamics are assessed with respect to literature data in the Biological Realism subsectiénll

size plots of calibration results can be found Appendix C (figures €16 and C19C24).

Table 5.1 Fitted parameter values, selected observed and modelled endpoints, and goodness of fit
measures for each method of calculating the scaled feeding rate, f.

Sex Males Females

Observed maxw (g) | 839.0 486.2

Method 1 2 3 1 2 3

0 (gxcm2xdl) 0.2312 0.1196 0.1921 | 0.1775 0.07966 | 0.1313
0 (gxcm3xdl) 0.02794 | 0.004829 | 0.02183 | 0.02575 | 0.004295 | 0.01754
Modelled max.w (Q) 1006.6 781.4 847.3 560.0 460.4 518.0
Re 0.857 0.970 0.983 0.900 0.968 0.971
RMSE 79.55 36.35 27.53 33.67 19.13 18.18
% W observations | 61.11 86.11 91.67 66.67 86.11 88.89
modelled to within 1 SD

In Method 1,f= 1 for the duration of the study. This meant that a smooth curve was produced and
stored reserve,w , rose continuously. Consequently, this method produced the weakest fits to
mean body weightw , over time. For both sexes, this method produced thewest Re, the highest

RMSE and modelled the fewest observations to within 1 s.d. of the mean.

Method 2 defined)

calculated for mean®w over time (R2> 0.96). Modelled growth rate fluctuated in response to

as the highest observed area specific feeding rate in group A. Good fits were

variation in food intake over time and became negative toward the end of the study period,
matching observations. The overall shape of the curve was similar for males and females, showing
signs of sysematic error. Modelled growth rate lagged behind that observed until modelled body
weight overtook observations after around 911 weeks. This persisted until modelled body

weight fell below observations once again after 58 weeks (figure 5.4 iii-iv).
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In Method 3,0 was calculated as a function of surface area, The calculated fits to mean data
were slightly better, for all measures, than those of Method 2. Modelled growth rate was highly
responsive to fluctuations inf, becoming negative as agespecific feeding rate dropped in the late
stages. For both sexes, modelled body weights were very close to observed data for most of the
observation period, with significant deviations only occurring late in the study. Maximum

modelled @ was only 1% higher than the maximum observed body weight in males and 6.5%
higher for females

Male Female
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Weight (g)
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Figure 5.4 Plots showing models (solid line) fitted to observed mean body weight of group A male
and female rats over 2 years (circles). The shaded area under the model curves shows structure (dark
grey) and reserve (light grey) while dashed lines represent obserrexhn + SD. The results of
Method 1 are shown in plotsii, Method 2 in plots itiv, and Method 3 in plot-wi.

5.5.2Summary analysis of food consumption and body weight data

Based on mean observed body weight and food consumption at each timepoint,msuary
analyses were conducted to highlight broad differences between the data sets (talie). For
both males and females, total food consumption was highest in group B, intermediate in group A
and lowest in group C. Males and females in group A had tlwvest starting weight but were

intermediate in terms of maximum body weight and final body weight, with the highest weight
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gain (final weight minus initial weight) over two years. Weight gain, maximum weight and final

weight were lowest for males and femads in group C.

Table 5.2 Summary data based on mean observed body weight and food consumption at each
timepoint.

Sex Male Female

Dataset A B C A B C
(Calibration) (Calibration)

Total Food| 17.97 18.36 17.32 12.24 13.76 12.16

Consumption (kg)

Initial Weight (g) | 113.37 209.38 190.35 104.14 189.22 144.69

Max Weight (g) 839.04 859.78 695.08 486.21 559.79 433.77

Final Weight (g) | 742.35 784.36 672.11 464.31 549.12 430.20

Weight gain (g) 628.99 574.98 481.76 360.17 359.90 285.51

5.5.3Feeding Rate Predictions

As part of Method 3, the generalised logistic curve was fitted to mean observed daily feeding rate,
0 (g x day?), as a function of surface area, (cn®?) of male and female rats in group A. This
produced R values of 0.82 and 0.37 respectively. Dividm fitted 0 by a to predict, mean area
specific feeding rate at maximum food availabilityy) , produced R values of 0.98 for males and

females.

To assess the uniformity of the relationship betweed andaacross study groups, the predictions

of the calibrated curves were compared to independent datasets B and C (figig®). For males,
variation in mean 0 was well predicted by surface area withRe values of 0.90 for group B and
0.95 for group C. Observed in group B agreed closely vith predictions at medium body sizes
but exceeded predictions at large sizes and showed a decrease at low body size that was not
evident in the calibration data. Observed in group C showed a similar shape to the predicted
curve but was generally slifptly lower. The relationship was less consistent for females though,
Rzwas 0.68 for group B and 0.95 for group C. Observédin group B was higher than predicted,
particularly at larger body sizes. As was the case for males,in group C was shjhtly lower than

predicted for most body sizes.

The relationship betweenty and a appears less uniform among female rats. However, deviations

from predicted 0 may be reflected by a predictable increase or decrease in growth rate
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Figure 5.5 Plots comparing independent data (circles) to predictions (lines) of area specific feeding
rate,0 vs surface area, a. Raw data are plotted in light grey while mean values are plotted in black.
Datafor malesandfemales in group B are shown in plots i & ii respectively while data for mates$
females in group C are shown in plots iii & iv respectively.

5.5.4Growth curve validation

The calibrated growth models were used to predicindependent datasets B and C. The accuracy
of the predictions produced by each method was assessed by calculating RMSE and the
percentage of observations predicted to within one standard deviation (tablB.3). Full size plots
of all model predictions of independent data are included in Appendix C (figures €718 and C25
C36).

Table 5.3 Selected measures of the accuracy of each method when used to predict independent data.

Sex Male

Dataset B C

Method 1 2 3 1 2 3

Re 0.7749 | 0.9641 | 0.9434 |0.0889 |0.7311 | 0.8624
RMSE 86.25 | 34.44 43.23 137.7 74.82 53.52
% observations| 36.11 | 86.11 80.56 34.29 54.29 80.00
predicted to £1 s.d.

Sex Female

Dataset B C

Method 1 2 3 1 2 3

Re 0.8831| 0.9263 | 0.2609 | 0.5513 | 0.7970 | 0.6098
RMSE 40.25 | 31.95 101.2 54.55 36.69 50.87
% observations| 83.33 | 75.00 16.67 71.43 74.29 71.43
predicted to £1 s.d.
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Method 1 produced virtually identical curves for all datasets. This is because initial weight was
the only model input that differed from the calibration data. This method produced the poorest
predictions of mean body weight over time for males in both indpendent datasets and for
females in group C. For females in group B, Method 1 produced the highest proportion (83.33%)
of predictions within one standard deviation of the observed mean (figur&.6). However, had the
model continued to run, modelled body weight would have continued to increase, as reserve

accumulated indefinitely.

Group B Group C
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Figure 5.6 Plots showing predicted (black lines) and mean observed body weafifigmale rats over

2 years (circles), using Method 1 to calculate the scaled feeding rate, f. The shaded area under the
model curves shows structure (dark grey) and reserve (light grey) while dashed lines represent
observed mean + SD. Results for group B @are shown in plots i & ii respectively.

Method 2 produced the most accurate predictions (highed® and lowest MRSE) of mean growth
rate for males and females in group B. Body weight of both sexes in group C was overpredicted
for all but the early stages of observation. Despite this, Method 2 did produce the most accurate
predictions for females in this dataset (figire 5.7).
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Figure 5.7 Plots showing predicted (black lines) and mean observed body wesfifgmale rats over

2 years (circles), using Methaelto calculate the scaled feeding rate, f. The shaded area under the
model curves shows structure (dark grey) and reserve (light grey) while dashed lines represent
observed mean + SD. Results for groupn8l C are shown in plots i & ii respectively

Method 3 predicted growth of males in group B slightly less accurately than Method 2, and was

the most accurate for males in group C. In both cases, model predictions closely followed the
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observations until the late stages of observation. This was also the case for females in group C, for
which this method produced the second most accurate predictions. However, growth of females
in group B was poorly predicted. Modelled body weight was well above that observéalr almost

all of the observation period. These predictions are shown in figurg.8.
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Figure 5.8 Plots showing predicted (solid line) and mean observed body weight of rats over 2 years
(circles), using Method 3 to calculate the scaled feeding rate, f. The shaded area under the model
curves shows structure (dark grey) and reserve (light grey) while kblad lines represent observed
mean + SD. The results for males and females in group B are shown in4ilogspectively while the
results for males and females in group C are shown in plot ifespectively.

5.5.5Biological Realism

Although goodness of fit to observedy (the only model endpoint measured in toxicity studies)
guantifies model accuracy, it gives no information as to the biological realism of the model itself.
In order to address this question, literature data were utised to assess other model variables. No
data are available forw , as this represents stored assimilates from food. This would include not
only stored lipids but also carbohydrates stored as glycogen, and fabluble vitamins.
Nevertheless, observed bdy fat percentage ofad libitum fed rats is a useful, if not ideal,

comparator, as it would be expected to follow very similar temporal patterns.

Data from Tekuset al. (2018) provide reference values of body fat percentage of rats at various
ages up to two years. While the study used only male Wistar (rather than Sprague Dawley) rats,
other studies indicate that body fat percentage is similar across thevo strains (Reed et al., 2011)

and between male and female Sprague Dawley rafRojas et al., 2018) Figure 59 shows
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literature data plotted against calibrated model simulations (group A) ofv as a percentage of

modelledw .
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Figure 5.9 Plots showing mean = SE body fat percentage (left hand axis) recorded in rats of various
ages by Tekus et a(2018), Reed et al(2011) and Rojas et al(2018), and calibrated model
simulations ofw as a percentage ab over time (right hand axis) for male (plot i) and female rats
(plot ii). * denotes that data were available for male animals only.
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Method 1 assumes thaf = 1 at all times where food is availabled libitum, leading to constant
accumulation of reserve. For bth sexes, modelledo was around 50% of modelledw after 2
years, over five times the value reported at that age and more than double the maximum reported
percentage body fat. Using Method 2, the observed decline in body fat in the late life stages wa
reflected by model simulations.co peaked at 10.48% of modelledv of males and 11.22% for

females, only about half of the value reported by Tekuet al. (2018).

With Method 3, model simulations were relatively consistent with observations. For both sexes,
@ as a percentage ofo matched observed bog fat percentage at 6 months of age before
reaching a peak between the ages of 18 months and two years and declining thereafter. Réak
percentagewas 28.85% for males and 27.49%, slightly exceeding the highest mean body fat
percentage + standard erron27.33%) reported by Tekuset al. (2018).

The maximum volume of structurew , is a theoretical maximum calculated from model
parameters as Q0 j O . Multiplying @ by the density of wet tissueg, (assumed to be 1 g x
cm?3 (Lika et al., 2011) gives the maximum wet weight of struture, . Peak lean weight

would serve as a sensible proxy for comparison but is not measured in toxicity studies. Instead,
we can assume that the weights of structure and reserve peak simultaneously, meaning that

w can be estimated from datas
w A O O Qi TN WQ p Ad Qhé NRAQ ¢ 0E "8 o a7)

Using the relevant values from group A (used in calibration) and Tekust al., gives 839.04g x
0.783 = 656.97g ér males and 486.21g x 0.783 = 380.70g for femalé=sble 5.4).

Table 5.4 A comparison ofmaximum wet weight of structureg , estimated from data and

calculated from model parameters.

Sex Male Female
Estimatedw (9) 656.97 380.7

Method 1 2 3 1 2 3
Modelled w (9) 481.5 12910 579.1 278.3 5422 356.5
Model/ Estimate 0.733 19.7 0.882 0.731 14.2 0.936

Modelled w

estimated from data. Method 2 meanwhile produced very high values af

, almost 20 times

was lowest when using Method 1, for both sexes its value was 73% of that

the estimated value for males and over 14 times the estimate for females. The valuesof

given by Method 3 were closest to the estimates at only 12% and 6% lower for males and females

respectively. This was also the only method for whicty

was not a strict maximum, as could
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exceed one. The highest modelled wet weights of sitture using this method were closer still at

602.8g for males and 375.69 for females.

5.5.6Impact of real time f calculations

For Methods 2 and 3, the scaled feeding rafewas calculated in real time as the growth model

ran. This was not applicable to Method 1 a@swvas not derived from feeding data in that approach.

This was in order to ensure that the models reflected growth based on the quantity of food
consumed, rathertAT T AOAOOAA AOAA OPAAEAZEA AAARAAET ¢ OAOA
where predictions deviate from data (figure5.1). Hypothetical data were used to illustrate the

impact this had on modelledY® (using the fitted parameter values given in tate 5.1). A male

rat was considered, weighing 300g and consuming 24g food per day, with Methods 2 and 3

returning f values 0.65 and 0.98 respectively (tabl.5).

Table 5.5 Calculations of scaleéeeding rate, f, using Methods 2 and 3 for the same hypothetical
data.

o Predicted
. . 0, 0 at300g
Method : ,da ) w , Ghood X CIM2 X (Metxhzgél* (Method 3), f
Groos CAY g day1 gf°°dd ay! Gfood X CIM2 X
day!
2
24 300 0.54 0.82 N/A 0.65
3
24 300 0.54 N/A 0.55 0.98

We then supposed that modelledb was either accurate(300g) or 50g above or below that
observed at timet (in all casesw was broken down into 88% structure and 12% reserve)We
then calculated Y& for the next time step. Using Method 2 and thevalue (table 5.5) derived
directly from data, as inMatrtin et al. (2019), showed thatf always corresponds to the same area
specific feeding rate,0 , equating to a higher0 in larger animals and vice versgtable 5.6).
Therefore, nodelled growth rate does not reflect the quantityof food consumed, his leads to
positive feedback between modelledo and Yo . As a result once predictionsof & deviate
from data, they become less accurate with each time step. Using Method 3, the value) of
corresponding to the given valueof f decreases with body siz€table 5.6). In this case, negative
feedback occurs between modelledy and Y& at a given value off. However, a positive
relationship still exists between modelledty ando , so¥e does not exactly reflect the gantity

of food consumed
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Table 5.6 Food consumption) , and growth rate,Yo , ascalculated from predicted body weight,
® , and observed scaled feeding rate, f, using Methods 2 and 3appisach was not used in this
study due to positive feedback.

Inoutted Predicted Corresponding 0 | Corresponding 0 Predicted
Method P w attimet, | attimet, at time t, Yo ,

fvalue

g Jfoog X CM2x day? | gioog X day? gx day?

0.65 350 0.54 26.60 1.68
Method 2 | 0.65 300 0.54 24.00 1.57

0.65 250 0.54 21.25 1.44

0.98 350 0.49 24.48 1.60
Method 3 | 0.98 300 0.54 24.00 1.68

0.98 250 0.59 23.27 1.72

The exercise was then repeatedhis time usingthe approachemployedthroughout this study. In

this casef was instead derivedfrom observed food consumptionp , and modelledw (table 5.7).

When the calculations are performed in this orderp is fixed so0 and f decrease as modelled

body size increases, andice versa. FOOMAOET A ¢h OEEO AOOOAEI O OEA
leading to negative feedback between modelled andY® at a given value ofy . ForMethod 3,

negative feedback betweermo and Yo is strengthened (a difference of 0.44 g xay! between

Y& at 250g and 350g bodyweight) as predicted growth rate accurately reflects observed daily

food consumption

Table 5.7 Scaled feeding rate, f, and growth ratép , calculated from predicted body weight)
and observed food consumption,, using Methods 2 and 3. This is the approach used in this study.

Ob_served 0 Pre_dicted W Correspondingb Inputted f If(edicted
Method at timett, at timett, at timet, value Yo
Qoog) * day? | (9) Jutoog X CM2 x day? gx day?
24 350 0.48 0.59 1.40
2 24 300 0.54 0.65 1.57
24 250 0.60 0.74 1.74
24 350 0.48 0.96 1.46
3 24 300 0.54 0.98 1.68
24 250 0.60 1.01 1.90

(@]
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5.6 Discussion

DEB models are designed to function without the need for detailed feeding dgt&ooijman, 2000,
Jager et al., 2013)However, this presents the question of what to do with suctlata when they
are available. The conventional approach to deriving feeding inputs in DEB models does not
reflect temporal or intertreatment variability in feeding rate, only food availability. In a previous
study (Martin et al., 2019), we developeda method to derive feeding inputs directly from feeding
data, but this approach had problems of its own. In this study, a novel method was developed,
with the aim of addressing all the issues previously identified. We used a simple model based on

DEBKkiss b assess three approaches, for their impact on model accuracy, generalitgd realism.

5.6.1Accuracy and generality

Model accuracy was assessed by fitting the models to growth data for Group A. Method 3
produced the most accurate fits t@alibration data for both males and females. Method 2 was only
slightly less accurate. However, errors appeared more systematic in nature when using Method
2, following a similar pattern over time for both males and females. Method 1 was the least
accurate producing a smooth curve which did not respond to temporal variability in area specific

feeding rate.

Model generality was then assessed by using the models to predict independent growth data
(Groups B and C) without recalibration. Method 2 performed basn terms of model generality,
despite systematic errors still being apparent. Without recalibration, body weight over time was
predicted most accurately using this method for females in both independent datasets and for
males in group B. Method 1 was a@aleast accurate for all but one dataset. Using this method,
the only model input to change between datasets was initial body weight which has minimal
effects on predictions. The resulting model outputs for Method 1 were essentially different
sections ofthe same curve for all datasets. While body weight of group B females was predicted
relatively well, this result was coincidental as this dataset was quite different to that used in the
calibration (table 5.2).

Predictions using Method 3 were most accurate for group C males and a close second for males
in group B. Results were mixed for females however, this method was second most accurate for
group C females but the least accurate for those in group B. It is abte that observed feeding
patterns in this dataset were most different from predictions ofd  (figure 5.5) and that animals
were fed on a different diet to those in groups A and C. While predictions of total body weight of
group B females were poorit is notable that predicted structural weight followed observed wet

weight very closely (figure 5.8). This suggests that the profile of the scaled feeding rate,over
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time was accurate, if not the values themselve$his could potentially be remedied byfitting the
logistic curve to feeding data for each dataset. However, in this study no additional fitting was

performed in order to ensure a fair comparison of all three methods.

562Addressing the 6snowball effectd

We showed that real time calculationof f x T OEO AEEZAAOEOAT U O1T 001 B OE
occurred in a previous study. The large impact this had drto  predicted by Method 2, calls into

guestion the findings of Martin et al. (2019) regarding the relative contributions of feeding

toxicity to observed effects on body weight over time. In most cases, growth rate without chemical

stress would have been overestimated due to positive feedback, leading to the effects of feeding
avoidance being understated. Method 3 mitigad this problem even without this additional step;

however, the extent of this mitigation would vary depending on fitted parameter values. It should

be considered good practice in future studies to calculattas the model runs, at least when

predicting independent data

5.6.3Biological realism

Method 1, that is suggested by DEB literatur@<ooijman et al., 2008, van der Meer, 2006a, Jager
et al., 2013) assumes thaf = 1 when food is freely available. In our growth model, this meant that
® was approached quickly withY& becoming linearad infinitum. Modellede reached over
50% of w after 2 years, more than twice the maximum reported percentage body fat in the

literature.

It should be mentioned that our model did not include the maturity maintenance parameter, this
represents the costs of maintaining sexual maturity and is taken fro the 1- k branch of the
model. However, these costs are assumed to be proportional to structural weight at puberty and
SO remain constant as animals grow largefJager et al., 2013)Maturity maintenance would have,
therefore, only slightly mitigated the issue of constant reserve accumulation. A potential solution
would be to implement the full DEB model which uses a more complex equation to model reserve
dynamics. This includes an additional parameter, the maximum reserve density ((@ene) X
Jistructure)™), Which provides a limit on reserve accumulation. However, despite using the same
simple equations, constant reserve accumulation was not an issue with Methods 2 and 3. It may
then be the case that, rather than representing a real bialical processes or limits, maturity
maintenance and maximum reserve density simply serve to compensate for the oversimplicity of

the feeding input.
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However, the major issue with Method 1 is that rats provided with foo@d libitum do not feed at

the maximum area specific rate, as is assumeffigure 5.10). Rats moderate their feeding

significantly as they grow(Laaksonen et al., 2013, Martin et al., 2019)n fact, data in this study

and others(Hubert et al., 2000, Tekus et al., 201&how that weight loss occurs as rats approach

two years of age. These patterns cannot possibly be modelled based on constahtibitum food

availability (equation 5.9). Therefore,fE p AT A¥ZT O AE QA OeddEnddmubka@&E AEAT Al

specific feeding rate,0 , are not fixed values.
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Figure 5.10 Observed area specific feeding rate, of male rats in group A plotted against surface
area, a. Raw data are plotted in light grey while mean values are plotted in black. The dashed line
shows the relationship required for scaled feeding rate, f = 1 if digestive efficiency,is fixed a a
primary parameter. Maximum area specific feeding rate, , is assigned the value of the highest
observation in the dataset.

In Method 2, previously employed inMartin et al. (2019), f is a dynamic input calculated based
on observed area specific feeding rate over time. However, as before, the valueswof and 0
remain fixed as animals grow. Using this methody relative to @ was substantially lower than
body fat percentages reported in the literature(Reed et al., 2011, Rojas et al., 2018, Tekus et al.,
2018) although observed patterns in fat storage over time were reflected by the moddiidure
5.9). As previously noted, the observed negative relationship between body size and area specific
feeding rate leads tof values that decline to well below one. Fitted parameter values must
compensate for this and as a resultp is extremely high. The parametr values in this study
meant that, in theory, male rats could grow to almost 13Kkg if they fed at a sufficiently high rate.
This suggests that this method is fundamentally flawed, as such sizes are far beyond the highest
observations in the literature (Hubert et al., 2000, Rojas et al., 2018)he strong performance of

Method 2, both in terms of model fits and predictions of independent data, tiserefore an example
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of a model being right for the wrong reaons. Based omccuracy and generalityMethod 2 would

appear to perform best overall, but assessing biological realism reveals serious faults.

Method 3 attempts to address issues with both the previous methods by positing that the values
of @ and0 vary as functions of body size and allowing to fluctuate and exceed one. This
attempt seems to have been largely successful. Using this method, modelled percentage body
weight given by w was closest to observed body fat percentage for both sexas all but one
timepoint. Moreover, the modelled maximum wet weight of structuregw , was only slightly

lower than estimated peak lean weight in the calibration dataset.

5.6.4What issues remain?

Conventionally, digestive efficiencyw , is treated as a primary (fixed) parameter(Jager et al.,
2013, Kooijman et al., 2008put Method 3 changes this, such that this value increases with body
size. This is highly plausible; several literature studies report increases in glstive efficiency
associated with body size in a range of speci¢Smith, 1995, lllius and Gordon, 1992, Hansson
and Jaarola, 1989, Demment and Vansoest, 1983his occurs because increased gut capacity of
larger animals allows the same volume of food to attain a greater surface area, while increased

gut length leads to increased retention time for the extraction of nutrients.

In lieu of digestive efficiency data for rats, the generalised logistic model was fitted to food
consumption data. This relationship relies on the assumption that growing rats, sugpd with
food ad libitum, consume enough food for area specific assimilation to equal and for structural
volume to reachw . This appeared to be most true of male animals, with growth predictions being
more accurate than for females. This wouldbe consistent with the behavioural ecology of the
species. Whereas females do not compete for mates and tend not to migrate, heavier males fare
better in competition for dominance with unfamiliar individuals so there is selective pressure to

grow as largeas possible(Macdonald et 4., 1999).

However, predictions with Method 3 were not always accurate for males either. Generally,
predictions matched data well up until around day 500 but substantial deviations from data did
occur thereafter. One possible explanation is that thisocgurred because the model allowed
structural growth in older animals despite skeletal growth in rats generally ceasing after around
6 months; a process that appears related to age rather than body si@oach et al., 2003) This
certainly contributed to higher assimilation and reserve accumulation late on. Anothgrossibility
though, is that predictedd  was too low at large body sizes making even small deviations from
predictions proportionally larger than they should have been. This would exaggerate fluctuations

in fand thereforeY® in the later stages 6 growth.
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A relatively minor issue is our lack of knowledge around weight loss and starvation in rats. Based

on the data in this study and the literature, it appears to be typical for rats to reduce feeding and

lose weight as body fat as they approach twgears of aggHubert et al., 2000, Tekus et al., 2018)

This weight loss was overestimated by the model for males in group A. A possible reason is that
reduced feeding elicits compensatory physiological or behavioural responses not inded in the
iTAAIT 60 OOAOOGAOGEIT 001 AO8 &1 O AgAi pi A OAAOAAA
response to shortterm starvation in rats (Sakurada et al., 2000) which would correspond to a
reduction in maintenance rate) . Finding the data needed to refine the starvation rules proposed

by DEBKkiss represents a challenge though. While some studies have restricted food availability
(Hubert et al., 2000) enforcing longer term starvation leading to weight loss would be unethical

due to the suffering this would cause.

In order to address the remaining issues, the clear solution is to simply measure digestive
efficiency of standard laboratory diets(Batzli and Cole, 1979, Veloso and Bozinovic, 1993)
alongside food consumption and body weight in growing rats. This would allow the relationship
betweeny and body size to be determined mechanistically and for equatidill to be solved,
providing the value of the maximum assimilation rate) . Inevitably, empirical relationships can
only provide an imperfect representation of reality. Indeed, at extreme body sizes (>1.577kg for
males and >1.567kg for females) our parameters mean that 0 and therefore p.
This is a physical impossibility as assimilates from food cannot exceed the mass of the food itself.
The strong performance of Method 2 in predicting independent data suggests that the reality may
sit between Methods 2 and 3. It appears likely that  does decrease as animals grow, though
perhapsless dramatically than Method 3 predicts. Likewisd,likely doesfall as animals grow, but
less markedly than suggested by Method 2.

5.7 Conclusions

DEBkiss(Jager et al., 2013)nevitably made some compromises in order to simplify the DEB
framework. However, our results suggest that it is a property common to all versions of DEB, the
calculation used to derive feeding inputs(Kooijman et al., 2008) which represents an oer-
simplification. This was designed to circumvent the need for detailed feeding data, which are
rarely available (Kooijman, 2000, van der Meer, 2006aHowever, observed patterns between the
feeding rate and surface area of rats clearly contradict model assumptions asd changes are

required.

We have developed methods which extract more information from feeding data in order to

broaden the applicability of models based on DEBkiss. With this approach we have produced

A



121

accurate and biologically sound models that use simglequations to model growth and reserve
dynamics. This removes the assumption of first order dynamics of reserve density, which is the
most difficult aspect of the full DEB growth modef{van der Meer, 2006a) Where feeding data are
unavailable, conventional methods by which constant or simpleinputs are assumed, magtill be
most suitable. However, we suggestthad and0 are dynamic variables that vary with surface
area and that, even if these relationships cannot be quantified for most species, DEB theory should

reflect this.

While the new method is a m®nificant step in the right direction, relying on empirical

relationships is not ideal and several issues remain that could be addressed by data collection.

Models able to accurately predict how animals in dietary toxicity studies would have grown if fed

a control diet are now within reach. Such models are a prerequisite for DEBKTD models that
AAAOOAOGAT U OAmEI AAO A AT i PiT O1T A6O O1 EAEOU8 %NOAT I
which to analyse toxicological data, avoiding the conflation oéffects due to toxicity and

differences in feeding rate. This will allow assessment of how feeding avoidance impacts upon the

ecological risk posed by a chemical in a way that was not previously possible.
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Chapter 61 Thesis Conclusions

This chapter presents conclgionsfrom the entire thesis, each section relates to one of the broad
challenges approachediuring the project. The final sectionpresents suggestions foicontinued
OAOAAOAE O1T xAOAO O EBdidemifies tHAhalldnges thah wilA iediBdA O

overcome.

6.1ldentifying Suitable Methods

When this project began, the potential of TKID modelling to refine vertebrate ecological risk
assessment (ERA) had been recognised for some time. Regula{@&@ESA, 2009bpand researchers
(Ducrot et al., 2016)had identified TK-TD modelling as a relevant approacior risk assessment
refinement, able to bring more realism to the risk assessment by simulating realistic exposure
scenarios. However, few attempts had been made to apply these methods to vertebrate species
and those efforts had focused on acute toxicitynal risks to survival. Up until relatively recently,

it was considered that no available TKTD modelling techniques were suitable to simulate
vertebrate growth under chemical stres§Ashauer et al., 2011) This was a clear knowledge gap
as protection goals state that no mortality of birds and mammals associated with the use of
pesticides must occur (EFSA, 2009b) Therefore, sublethal impacts should be the only risk

relevant to realistic pesticide exposure to terrestrial mammals.

The primary aim of the project was to develop a TR'D growth model for rodents using data from
dietary toxicity studies using laboratory rats (Rattus norvegicuy with the secondary objectives
of exploring model applications for ERA and quantitativén vitro-in vivo extrapolation (QIVIVE).
For any endpoint of interest, whether survival, reproduction or growth, the process model is the
fundamental component of a TKTD model. The initial task was therefore to identify suitable
methods to model growth in rats. Almostoinciding with the start of this project, Desforges et al.
(2017) published promising results having used TKTD models based on dynamic energy budget
theory (DEB, Kooijman (2000)) to model effects of polychlorinated biphenyls on growth and
reproduction of the American mink (Mustela vison. This study used the simplified DEB
framework, DEBKkiss (Jager et al., 2013) suggesting that this method may be applicable to

mammals, despite having been developed primarily for invertebrates.

A common criticism of DEB models is that they contain too many specispecific parameters,
which must be ftted to data as they do not represent directly measurable process¢slarquet et
al., 2014) In chapter 2 we conducted a side by side comparison of the DEBKkiss growth model with
that of the metabolic theory of ecology (MTEBrown et al. (2004b)), which claims to remedy this
issue. By reducing the models to the simplest form, growth under constant conditions, we showed

that they share many common features, offer comparable simplicity, and arerslarly reliant on
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fitted parameters. The meaningful difference between the two methods is in their underlying
mechanisms and assumptions. DEB is founded upon the undisputed scaling relationships
YOI "Qin@d Q& Moné o 68aidQ M and O i % wé & ¢ avith certain processes
assumed to be area or mass specifigooijman, 2000). MTE, meanwhile, proposes that the
fractally branched vascular networks of many plants and animals, dekwv resources to cells at a
rate which scales with body mass to the 3/4 powern(Brown et al., 2004b) This proposed
relationship has faced criticism from mathematiciangKozlowski and Konarzewski, 2004)and so
we found that, at this point in time, there is no compelling reason to reject DEB in favour of MTE
for use in TKTD modelling. Additionally, the DEBtox frameworkKKooijman and Bedaux, 1996a)

provides an established method for applying chemical stress to the model parameters.

6.2 Modelling growth with abundant datai an opportunity and a challenge

In general, experiments are not conducted with model parameterisation in mind, rather
modellers work with the data available from published studiegJager, 2020) An added obstacle

is that multiple datasets are required to calibrate models and then validate their predictions. Due
to funding structures in science, corroboration studies are rarely conducted in academia or
published in the scientific journals as they are not considered novelJager and Ashauer, 2018)
By contrast, ecological risk assessment requires multiple animal studies for each new pesticide,
varying in duration and dose level. However, only sumary data from regulatory studies are
normally made public. In this project we had access to raw data from dietary toxicity studies on
rats for several pesticides. Such access to unpublished data represented a major opportunity but

also a challenge, which as first approached in chapter 3.

The challenge arose because DEB models are designed to be compatible with the data generally
available to modellers, or lack thereof. Field studies and summaries of regulatory studies do not
provide the detailed data neessary to determine primary DEB parameters concerning feeding
(Jager et al., 203). To deal with this, DEB uses a simplified feeding input, the scaled functional
response,f, which is dimensionless and ranges from zero to one according to food availability. It

is generally assumed thaf = 1 when food is availablead libitum (Jager et al., 2013, Kooijman et

al., 2008) HoweOAOh OEA AAOA |1 AAA AOAEI AAT A &£ O OEEO
food consumption, recorded on a regular basis alongside body weigf@® ECD, 2001, OECD, 2008,
OECD, 1998)Simply assuming that =1 because animals in all treatmentsra provided with food

ad libitum would disregard these data, possibly conflating the effects of toxicity and feeding rate

on growth rate over time.

DEB assumes that feeding rate is limited by surface area (e.g. area of feeding appendages in filter

feeders), which is proportional to body mass to the power 2/3(Kooijman, 2000). In DEBKiss, the

PDOI
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scaled functional response or scaled feeding ratg,is the observed area specific feeding rate,
(9o X CMyengtny2 X day?) scaled as a proportion of the maximum area specific feeding rate,
(9cfood) X CMyengtny2 X day?), for a species Jager et al. (2013% equation 5.13). The challenge was
therefore assigning a value t@ , which is not simple to determine. In chapter 3, the highest
observed area specificdeding rate in a dataset was used, producing feeding inputs that reflected
temporal and intertreatment variability in feeding rate. For the first time, this allowed the effects
of feeding rateand chemical streson growth to be modelled separatelyat high resolution. This
capability represents a key advantage of DEBasedmodels over traditional data analysis. We
showed how it was possible to isolate the toxic component of observed effects on body weight

over time, using only a growth model with no TKTD model required.

However, the findings presented in chapter 3 should be regarded as a proof of concept rather
than accurate breakdowns of observed effects. This is because of significant issues with the way
feeding data were entered into the growth modk These issues were noted in chapter 3, but their
true extent was shown when they were investigated fully in chapter 5. The first issue was a
practical one. The value of for each weekly interval was calculated based on the mean area
specific feeding ate observed in each treatment before the model ran. This led to a positive
AAAAAAAE 111D 10 0011 xAAT 1l AZEEAAOE #vAEldeiwouROAAEAOQ]
correspond to a different mass of food at the predicted body weight than was camsed. This
issue is explained in detail in chapter 5 and visualised in figure 5.1. We showed that this problem
could be dealt with effectively by instead calculating as the model runs This meant that
predicted growth rate reflected the mass of food congned rather than the observed area specific
feeding rate. This practice should be adopted in future models of growth which make use of
feeding data, particularly when those models are used to predict independent data or extrapolate

to novel scenarios.

The second issue was theoretical, concerning DEB assumptions regarding feeding rate. Data
showed that area specific feeding rate of rats falls dramatically @asey grow (figure 5.10). This
contradicts the assumption that animals provided with foodad libitum feed at the maximum rate
possible for their body size, meaning that the value dfcannot be fixed at 1.The explanatory
mechanism we propose is that digestive efficiency increases with body size as increased gut
length leads to longer gut transit time as wll as greater surface area. If this is indeed the case,
then it is likely true for many other speciesin chapter 3,f was not fixed but the maximum area
specific feeding ratep) , was. The result was a modelled growth curve that plateaued not
becauwse assimilation from food could no longer exceed maintenance costs, but because animals

apparently opted to limit their growth substantially by regulating their feeding. The upper limits
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of body weight calculated from model parameters in that study were weabove the highest

observations for the species, suggesting a major flaw in this method of calculatifig

Again, this issue was addressed in chapter 5. We proposed a new method for calculafirigather
than being assigned a fixed valuep was cdculated as a function of surface area, fitted to
observed area specific feeding rates undexd libitum food availability. The new approach resulted
in improved model fits to mean body weight over time, relative to the methods employed in
previous studies.The new method also appeared to increase model realism. Modelled reserve
dynamics followed similar patterns to observed body fat percentage as rats age while the upper

limit of the growth model was closest to the peak lean weight estimated from observect.

This new method makes a fundamental adjustment to DEB assumptions. Whereas DEB literature
states that the efficiency of digestion is a fixed primary parametdiKooijman et al., 2008, Jager et
al., 2013, van der Meer, 2006a)t is instead assumed that digestive efficiency increases with body
size. This would be consistent with observed interspedif patterns, which are related to increases

in gut surface area and gut transit tim¢Demment and Vansoest, 1985, Hansson and Jaarola, 1989,
lllius and Gordon, 1992, Smith, 1995)Were the project to continue, collecting intaspecific data

to verify or refute this relationship in the laboratory rat would clearly be the next step. Regardless
of the outcome, collecting such data for a species commonly used in laboratory studies would be

extremely valuable to inform DEB theory ad increase model accuracy and applicability.

6.3 Experimental design limits toxicokinetics models

Modelling toxicokinetics in terrestrial vertebrates is a challenge as the primary exposure route

for animals in the field is through dietary consumption. Thesfore, toxicant concentration inside

OEA AT AU EO 110 OEIiPIU A £O1AGEITT 1T &£ OEA AT 1T AAT (
dependent on the rate at which food is consumed. Models developed Bgdnarska et al. (2013a)

provided a simple method by vhich to simulate this, with the toxicant being ingested into a depot
compartment representing the gut, before being absorbed into, and eliminated from, a single

internal compartment according to first order kinetics. In chapter 3, those model equations wer

adapted to account for dilution by growth, which is essential for predicting internal toxicant

concentration in growing animals(Gergs et al., 2016)

We used data from regulatory toxicokinetics studiegOECD, 2010}o cdibrate and test the TK
models. These data were the best available for the pesticides included in this study but were far
from ideal for model development. Firstly, the experiments are designed to assess risk to humans
rather than to wildlife exposed to pesticides. For humans working with pesticides, any ingestion
would be accidental so toxicokinetics studies generally only consider a single oral dose delivered

by gavage rather than in food. Repeated dosing may be included to investigate bioaccumulation,
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but this is not a requirement. Sample size is typically only-3 individuals of each per treatment,

with only two dose levels used throughout.

Using pesticide concentration in the blood as a proxy for overall body burden, the simple TK
model based onBednarska et al (2013a) was fitted to observed kinetics data for the selected
pesticides. However, the models could not be validatgoer seas all experiments used the same
two dose levels. Therefore, independent data simply reflected individual variability rather tn a
different set of conditions. The accuracy of model fits to calibration data was the only way to
assess models and these were satisfactory with the simple TK model. While more physiologically
accurate TK models have been developed f&norvegicus (Li et al., 2017, Louisse et al., 2015)
this limitation of the data meant there was no way to determine whether added model complexity
conferred a meaningful advantage. A TK-TD model only requires that predicted internal
concentration is proportional to the true value (Jager and Zimmer, 2012) So long as this

requirement is met, the fitting of TD parameters can compensate for the mismatch.

6.4 Modelling growth under chemical stress a promising first attempt

Much like toxicokinetics studies, dietary toxicity studies are designed to assess the risk of chronic
pesticide exposure to humans, primarily through residues left on foofEFSA, 2006) Accordingly,
the summary statistics derived from results, such as the no observed adverse effect level
(NOAEL), relate to the concentration in food resulting, or not, in a specified effect. Measures like
the NOAEL are just as dependent on duration of exposure as toxicant concetitra (Jager, 2011,
Jager, 2012) Moreover, in dietary toxicity studies, dose is also dependent on the rate of food
consumption. This this leads to a lack of ecological realiswmhen using the results to determine
ecological risk posed by a pesticidEFSA, 2006) TK-TD models have been advocated as a means
of dealing with these issues by providing a more detailed assessment of exposure profiles and

intr insic toxicity of pesticides(Ashauer et al., 2013, Ducrot et al., 2016)

In Chapter 3, our simple TK model, DEBkiss growth model, and DEBtoxess functions were

combined as a TKTD growth model and assessed against 34 dietary toxicity datasets for six
pesticides. TK predictions could not be verified, as internal pesticide concentration is not
monitored during dietary toxicity studies. Likewise,i T AAT 1 AA OOOOAOGOGS j £ZECOS
be compared to data as this is an abstract concept for which data cannot be collected. However,

the data provided- pesticide concentration in diet, food consumption per day and body weiglt

could be combinel to produce accurate records of mean ingested dose per treatment (fgicide)

x KQ(ody weighty 1% day1), which varied substantially over time. These served as highly detailed TK

model inputs. While the model components could not be assessed individlyalperformance of

the full TK-TD growth model could be assessed through comparison to observed growth under
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predicted to within one standard deviation.

Again, these reults represent proof of concept rather than thdinished product. It is unlikely that

the values of the fitted TD parameters truly reflected the intrinsic toxicity of the compounds.
There were no data to verify the predictions of internal concentration ad the TK models were
calibrated to data from studies which used a different dosing method. Without the inclusion of
reproduction data, the mode of action can only be provisionally identifie@esforges et al., 2017,
Jager et al., 2006and there were the issues with the calculation of the scaled feeding rate
discussed above. Regardless of all these issues though, the effects of dietary toxicity on growth
were generally predicted accurately across datasets differing in sample size pde level, duration,
and food consumption rates- with fixed TK-TD parameters. The results suggest that predictions
of internal pesticide concentrations were at least proportional to their actual values and that
average uptake and elimination rates were ausistent between groups. Likewise, the stress
placed on growth parameters by the pesticides also appeared consistent and predictable, lending
support to the assumptions of the DEBtox stress functions. These findings are extremely
encouraging, especially cosidering this was the first attempt at using regulatory data to model
the effects of dietary toxicity on growth of a mammalian species. Moreover, an emphasis was
placed on using the simplest available methods and, though some issues remain, they appeared

sufficient for the task.

6.5Mismatch in dose route hindergn vitro i in vivo extrapolation of growth effects
Perhaps the most ambitious application of TKID modelling considered in this study was
guantitative in vitro-in vivo extrapolation of growth effects in rats. This capability has been
demonstrated previously for effects on growth in fish(StadnickaMichalak et al., 2015) In
Chapter 4, we investigated whether this was also possible for rodents, which make up around
76% of the animals used in toxicology studieén the EU (European Commission, 2013h) We
found that several additional obstacles made QIVIVE more complex for mammals and found no
relationships between effects of intracellular pesticide concentration otin vitro popultaion and

in vivogrowth rate.

The principal issue throughout wasthe difference in dose route between studies. Chronic toxicity
in fish is monitored by exposing fish to a constant concentration of a pesticide in their water
(OECD, 2013)this dose route is also used in toxicokinetics studies on fi®QECD, 2012) This is
analogous to cultured cells being exposetb a constant concentration of a compound in their
medium, meaning thatin vitro andin vivodata can be readily compared. For mammals in dietary

toxicity studies, the situation is more complex. While pesticide concentration in the diet is
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constant (OECD, 2008, OECD, 1998, OECD, 2Qahg ingested dose (Mg@esticide) X KQbody weight) 1 X
day?) varies substantially over the study period. Therefore, direct comparison betweeim vitro
and in vivo data is not possible. In this regard, TRID models havegreat potential to act as a
bridge, by predicting the effects of a truly constant exposure scenario (constant internal
concentration) on growth, eliminating noise from observed data. However, this requires great
confidence in the precision of TKTD modelpredictions, and at this point the required precision

cannot be achieved.

Again, the problem is primarily related to dose route. Rats in toxicokinetics studies are dosed
orally but this is delivered by gavage rather than in the digfOECD, 2010)This leaves uncertainty
as to how bioavailability changes between toxicokinetics studies and dietary toxicity studies. As
discussed above, this mismatch is not a major issue for anvivo TK-TD growth model (Jager and
Zimmer, 2012). However, for QIVIVE it is vital that internal concentration is predicted accurately,
so that it can be replicatedn vitro (StadnickaMichalak et al., 2015) In Chapter 4, experiments
found no consistent effects of pesticide concentration on cell population growth. Even if effect
had been shown, without confidence in the relationship between intracellular concentration
achievedin vitro andin vivo, it would still not have been possible to accurately extrapolate effects

between the two.

While there are other obstacles- such asidentifying the optimal cell line and assays- the
inconsistency in dose route between datasets is the most fundamental barrier to QIVIVE of effects
on graded sublethal endpointssuch as growthin rodents. Without the inclusion of dietary dosing

in toxicokinetics studies it is not possible to predict internal pesticide concentration vivowith

the necessary precision to informin vitro experimental design. This gap in the data must be

addressed before any further attempts to use the methods outlined @hapter 4 can be successful.

6.6 Final thoughts

This project has shown that the DEBtox modelling framework is suitable to predict the effects of
AEAI EAAT OOOAOGO 11 <¢cOi xOE OAOGA EIT 1TT1TA 1T &£ OEA
(European Commission, 2013h) the laboratory rat. Moreover, this has been achieved using

models based on theDEBkiss framework throughout, helping to address issues around
accessibility for regulators who are not DEB specialistEFSA, 2018) However, further work is

needed to develop models suitable for use in ERA.

Ultimately, it is not enough for a TKTD modelto simply predict observed effects accurately. The
modelling procedure must derive time independent TD parameters that precisely reflect the
intrinsic toxicity of a compound. This allows extrapolation of toxic effects to realistic exposure

scenarios, confering a clear advantage over time dependent summary statistics such as the
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NOAEL (Ducrot et al., 2016) which are more suited to assessing risk to human health than
ecological risk. The task is not a simple one and, while the existing modelling frameworks

themselves are fit for purpose, data requirements remain the key barrier to overcome.

In this project, specific data gaps have been identified that, if filled, would greatly improve the
prospect of DEBtox models meeting the requirements for use in ERA. Data concerning the
relationship between digestive efficiency and body size would validater more likely refine, the
methods proposed in Chapter 5. Not only would this improve the accuracy of TD parameters by
minimising conflation of effects due to toxicity and feeding rate, buthis would also make the
growth model alone an extremely valuable tool with which to analysethe results of dietary
toxicity studies. The inclusion of dietary dosing in toxicokinetics studies would greatly increase
the accuracy of TK models used to predianternal concentration in dietary toxicity studies. This
would in turn increase the accuracy of TD paramete@ndremove a significant obstacle to QIVIVE

of graded sublethal effects linked to chronic dietary exposure to pesticides.

TK-TD models and otheiin silicomethods have great potential to complement and even replace
animal testing in risk assessment. However, animal data are required for that potential to be
realised and the window for these data to be collected appears limited. The US Environmental
Protection Agency has committed to a 30% reduction in its requests for, and funding of, mammal
studies by 2025 and the elimination of requests and funding by 203@EPA Press Office, 2019)
The EU meanwhile is committed to the refinement, reduction and replacement of animal testing
(European Commission, 2013aand has faced public pressure to strengthen existing legislation
limiting the use of animal testing(Peter, 2015). | echo calls for a break from the status qu@dager,
2020). Rather than modellers making do with the data made available to them, a more cyclical
process is required, with animal experiments designed to consider model parameterisation.
Without this shift in approach occurring soon, we risk a silation where animal testing is phased

out beforein silicomethods are fit to act as replacements.



130

Appendix AT Supporting Figures for Chapter 3

Acibenzolar -S-Methyl Toxicokinetics
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Figure A1 Modelled gut (A) and internal (B) concentrations over time when fitted to mean blood
concentration data (circles) from female rats at three dose levels.

Plots GF show model predictions with fixed parameters, data points (circles) are from two differentrgups
of male rats dosed at 0.5mg/kg body weight (C&D) and 100mg/kg body weight (E&F). Slightly different
curves are produced owing to differences in the average achieved dose for each group.

Plots I-J show model predictions with fixed parameters, data pots (circles) are from two different groups
of female rats dosed at 0.5mg/kg body weight (G&H) and 100mg/kg body weight (1&J). Slightly different
curves are produced owing to differences in the average achieved dose for each group.
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Azoxystrobin Toxicok inetics
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Figure A2 Modelled gut (A) and internal (B) concentrations over time when fitted to mean blood
concentration data (circles) from male rats at two dose levels. PlotsiEshow model predictions with fixed
parameters. Data points (circles) are from different groups afnale rats also dosed at 1mg/kg body weight
(C&D) and 100mg/kg body weight (E&F).

Modelled gut (G) and internal (H) concentrations over time when fitted to blood concentration data
(circles) from female rats at two dose levels. Plotsll show model predigions with fixed parameters. Data
points (circles) are from different groups of female rats also dosed at 1mg/kg body weight (1&J) and
100mg/kg body weight (K&L).
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Fenpropidin Toxicokinetics
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Figure A3 Modelled gut (A) and internal (B) concentrations over time when fitted to mean blood
concentration data (circles) from male rats at two dose levels. PlotsiEshow model predictions with fixed
parameters. Data points (circles) ardrom different groups of male rats also dosed at 1mg/kg bogdweight
(C&D) and 100mg/kg body weight (E&F).

Modelled gut (G) and internal (H) concentrations over time when fitted to mean blood concentration data
(circles) from female rats at two dose levels. No alternative data set was available for females to qamre
to predictions with fixed parameters.
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Fludioxonil Toxicokinetics
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Figure A4 Modelled gut (A) and internal (B) concentrations over time when fitted to mean blood
concentration data (circles) from male rats at two dose levels. PlotsiEshow modelpredictions with fixed
parameters. Data points (circles) are from different groups of male rats also dosed at 0.5mg/kg body weight
(C&D) and 100mg/kg body weight (E&F).

Modelled gut (G) and internal (H) concentrations over time when fitted to mean bloodoncentration data
(circles) from female rats at two dose levels. Plotsll show model predictions with fixed parameters. Data
points (circles) are from different groups of female rats also dosed at 0.5mg/kg body weight (1&J) and
100mg/kg body weight (K&L).
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Prosulfuron Toxicokinetics
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Figure A5 Modelled gut (A), blood (B) and carcass (C) toxicant concentrations over time when fitted to
mean blood and carcass concentration data (circles) from male rats at two dose levels.

Plots D-G show model predicions with fixed parameters. Data points (circles) are from different groups of
male rats also dosed at 0.5mg/kg body weight (D&E) and ~500mg/kg body weight (F&G).

Plots GJ show model predictions with fixed parameters. Data points (circles) are from défent groups of
female also dosed at 0.5mg/kg body weight (G&H) and ~500mg/kg body weight (1&J).
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Figure A6 Modelled gut (A) and internal (B) concentrations over time when fitted to mean blood
concentration data (circles)from male rats at two dose levels. Plots-€ show model predictions with fixed
parameters. Data points (circles) are from different groups of male rats also dosed at 0.5mg/kg body weight
(C&D) and 100mg/kg body weight (E&F.

Modelled gut (G) and internal (H) concentrations over time when fitted to mean blood concentration data
(circles) from female rats at two dose levels. Plotsll show model predictions with fixed parameters. Data
points (circles) are from different groups of female rats also dosed at 0.5mg/kg body weight (1&J) and
100mg/kg body weight (K&L).
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TK-TD model outputs for male rats dosed with Acibenzolar -S-Methyl

90 Day Study
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Figure A7: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles). NOTE: The control group and the highest dose group were observed for an additional 4 weeks
with no pesticide in the diet to investigate recovery.
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Figure A8: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown

(circles).
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Figure A9: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown

(circles).

TK-TD model outputs for female rats dosed with Acibenzolar

90 Day Study

A)
150
TU.’ 100
j=2
£
S
e
S
= 50
[G]
F—’_‘——‘_\—l—'\_\___._“
0 .
0 50 100
Time (days)
C)

0] 50 100
Time (days)

-1

Internal Conc. (ug.9™")

a
o

N
(=]

w
o

N
(=]

j

0 50
Time (days)

Dietary dose: O mg.kg'1 food

Dietary dose: 40 mg.kg'1 food

Dietary dose: 400 mg.kg’1 food

Dietary dose: 2000 mg.kg’1 food

Dietary dose: 8000 mg.kg’1 food

-S-Methyl

100

Figure A10: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant

concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles). NOTE: Thecontrol group and the highest dose group were observed for an additional 4 weeks
with no pesticide in the diet to investigate recovery.
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28 Day Study
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Figure All: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant

concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown

(circles).
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Figure Al2: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown

(circles).
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TK-TD model outputs for male rats dosed with Azoxystrobin

90 Day Study
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Figure A13: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles). NOTE: The highestiose group was initially 6000 mg.kd food but was reduced after 2 weeks to
4000 mg.kg! food following 5 days of feeding on a control diet.
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Figure Al4: Model predictions (lines) of toxicant concentration in the gut (A),internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown

(circles).
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Figure Al15: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles).

TK-TD model outputs for female rats dosed with Azoxystrobin
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Figure A16: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles). NOTE: Thehighest dose group was initially 6000 mg.kd food but was reduced after 2 weeks to
4000 mg.kg!food following 5 days of feeding on a control diet.
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Figure Al7: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles).
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Figure Al18: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
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TK-TD model outputs for male rats dosed with Fenpropidin

90 Day Study
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Figure A19: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles). NOTE: Thecontrol group and the highest dose group were observed for an additional 4 weeks

with no pesticide in the diet to investigate recovery.
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Figure A20: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown

(circles).
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Figure A21: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles).

TK-TD model outputs for female rats dosed with Fenpropidin
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Figure A22: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles). NOTE: Thecontrol group and the highest dose group were observed for an additional 4 weeks
with no pesticide in the diet to investigate recovery.
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28 Day Study
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Figure A23: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown

(circles).
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Figure A24: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles).
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TK-TD model outputs for male rats dosed with Fludioxonil

90 Day Study
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Figure A25: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown

(circles).
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TK-TD model outputs for female rats dosed with Fludioxonil

90 Day Study
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Figure A27: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles).
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Figure A28: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles).
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TK-TD model outputs for male rats dosed with Prosulfuron

90 Day Study
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Figure A29: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown

(circles).
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Figure A30: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown

(circles).
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Figure A32: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
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Figure A33: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles).
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Figure A34: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles).
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TK-TD model outputs for male rats do sed with Thiamethoxam

90 Day Study
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Figure A35: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles).
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Figure A36: Model predictions (lines) of toxicant concentration in the gut (A), internal toxicant
concentration (B) and body weight (C) over time. Weekly observations of body weight are also shown
(circles).















































































































