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Environmental Risk Assessment 
(ERA)

Toxicity tests carried out within laboratories, according to standardized protocols

Appropriate and reliable mathematical models and statistical inference methods

Exposure-response/effect models à Classical outputs such as LCx/ECx estimates

Toxicokinetic-toxicodynamic (TKTD) models à advanced analyses accounting for 
the time-dependency of the data.



2013 – Aquatic Guidance Document
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Main conclusions

• GUTS models (General Unified Threshold models of
Survival) for lethal effects of pesticides on animals are
well established and can be used in the ERA scheme
when exposure varies over time.

• DEBtox models (Dynamic Energy Budget for
ecotoxicity) for sublethal effects of pesticides on
growth and reproduction are considered to be in an
advanced state but not yet ready-to-use for ERA.

• Among species–specific models accounting for the
effects of pesticides on primary producers, the Lemna
model is suitable for use in ERA while some
shortcomings prevent to recommend the
Myriophyllum and algae models as fit-for-purpose.
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EFSA workflow for ERA

Calibration

Fit a TKTD model on toxicity test data and get parameter estimates associated with 
their uncertainty

Validation

Simulate an effect over time under a time-variable exposure profile and compare with 
observed data from a refined toxicity test

à Three validation criteria are recommended by EFSA

Prediction

Make simulations under realistic scenarios to assess risk on how far is the exposure 
profile from causing a pre-defined effect.
Using GUTS models à Concept of the  x% Lethal Profile (LPx) = Multiplication Factor 

leading to an additional x% reduction in the final survival rate.
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Calibration

Validation

Prediction

Ready-to-use tools: GUTS as a case-study

https://CRAN.R-project.org/package=morse
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Calibration

Validation

Prediction

Ready-to-use tools: GUTS as a case-study

https://CRAN.R-project.org/package=morse

http://pbil.univ-lyon1.fr/software/mosaic/
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Prediction
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Ready-to-use tools: GUTS as a case-study
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https://CRAN.R-project.org/package=morse

http://pbil.univ-lyon1.fr/software/mosaic/

http://lbbe-shiny.univ-lyon1.fr/guts-shinyapp/
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The R-package moRse
Calibration of classical exposure-response/effect models to get LCx/ECx
estimates associated with the quantification of their uncertainty through 95%
credible intervals within a Bayesian framework;
1. Calibration of the General Unified Threshold model of Survival (GUTS) to get

parameter estimates for both SD or IT reduced versions, as for example the
No Effect Concentration (NEC) or the dominant rate constant (kd);

2. Validation of GUTS model outputs by comparison with observed data,
based on results on parameter estimates from a GUTS model calibration;

3. Prediction of lethal effects under realistic time-variable exposure
concentration scenarios to get x% Lethal Profiles (LPx) estimates, that is the
multiplication factor applied to the profile that leads to x% of reduction in
the final survival rate.
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# (1) Load the ’morse’ package in your R session
library(’morse’)



GUTS analyses – Calibration

March 2019

# (2) Load an example (survival data set)
data("propiconazole")
# (3) Create a surv morse object
sdat <- survData(cadmium2)
# (4) Plot raw data (survival)
plot(sdat)

1

Nyman, A.-M., Schirmer, K., Ashauer, R., (2012) Toxicokinetic-toxicodynamic modelling
of survival of Gammarus pulex in multiple pulse exposures to propiconazole: model
assumptions, calibration data requirements and predictive power.
Ecotoxicology, (21), 1828-1840.
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# (2) Load an example (survival data set)
data("propiconazole")
# (3) Create a surv morse object
sdat <- survData(cadmium2)
# (4) Plot raw data (survival)
plot(sdat)
# (5) Fit a GUTS-RED-SD model
sfit <- survFit(sdat, model_type = 'SD')
# (6) Get model parameter estimates
summary(sfit)
# (7) Plot fit
plot(sfit, xlab = "Time", adddata = TRUE)

GUTS analyses – Calibration1
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# (2) Load an example (survival data set)
data("propiconazole")
# (3) Create a surv morse object
sdat <- survData(cadmium2)
# (4) Plot raw data (survival)
plot(sdat)
# (5) Fit a GUTS-RED-SD model
sfit <- survFit(sdat, model_type = 'SD')
# (6) Get model parameter estimates
summary(sfit)
# (7) Plot fit
plot(sfit, xlab = "Time", adddata = TRUE)
# (8) Check goodness-of-fit
ppc(sfit)

GUTS analyses – Calibration1
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# (2) Load an example (survival data set)
data("propiconazole")
# (3) Create a surv morse object
sdat <- survData(cadmium2)
# (4) Plot raw data (survival)
plot(sdat)
# (5) Fit a GUTS-RED-SD model
sfit <- survFit(sdat, model_type = 'SD')
# (6) Get model parameter estimates
summary(sfit)
# (7) Plot fit
plot(sfit, xlab = "Time", adddata = TRUE)
# (8) Check goodness-of-fit
ppc(sfit)
# (9) Predict the LC50 at final time
LCx(sfit, X = 50)$df_LCx
plot(LCx(sfit, X = 50))

GUTS analyses – Calibration1



GUTS analyses – Validation

March 2019
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# (10) Exposure profile
data("propiconazole_pulse_exposure")

Nyman, A.-M., Schirmer, K., Ashauer, R., (2012) Toxicokinetic-toxicodynamic modelling
of survival of Gammarus pulex in multiple pulse exposures to propiconazole: model
assumptions, calibration data requirements and predictive power.
Ecotoxicology, (21), 1828-1840.
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# (10) Exposure profile
data("propiconazole_pulse_exposure")
# (11) Predict the number of survivors
predict_Nsurv_cstTOvar <- predict_Nsurv(sfit, 
propiconazole_pulse_exposure)
### Note that computing can be quite long
### (until several minutes)
# (12) Plot validation
plot(predict_Nsurv_cstTOvar)

GUTS analyses – Validation2



GUTS analyses – EFSA validation criteria
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# (10) Exposure profile
data("propiconazole_pulse_exposure")
# (11) Predict the number of survivors
predict_Nsurv_cstTOvar <- predict_Nsurv(sfit, 
propiconazole_pulse_exposure)
### Note that computing can be quite long
### (until several minutes)
# (12) Plot validation
plot(predict_Nsurv_cstTOvar)
# (13) EFSA validation criteria
predict_Nsurv_check(predict_Nsurv_cstTOvar)

Percentage of observations within 
the predicted uncertainty limits.

Based on experience, results less 
than 50% of the observations within 
the uncertainty limits indicate poor 
model performance.



GUTS analyses – EFSA validation criteria
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# (10) Exposure profile
data("propiconazole_pulse_exposure")
# (11) Predict the number of survivors
predict_Nsurv_cstTOvar <- predict_Nsurv(sfit, 
propiconazole_pulse_exposure)
### Note that computing can be quite long
### (until several minutes)
# (12) Plot validation
plot(predict_Nsurv_cstTOvar)
# (13) EFSA validation criteria
predict_Nsurv_check(predict_Nsurv_cstTOvar)

Normalized Root Mean Square Error 
expressed in %.

Based on experience, it is expected 
that the NRMSE should not exceed 
the upper limit of 50%.
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GUTS analyses – EFSA validation criteria
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# (10) Exposure profile
data("propiconazole_pulse_exposure")
# (11) Predict the number of survivors
predict_Nsurv_cstTOvar <- predict_Nsurv(sfit, 
propiconazole_pulse_exposure)
### Note that computing can be quite long
### (until several minutes)
# (12) Plot validation
plot(predict_Nsurv_cstTOvar)
# (13) EFSA validation criteria
predict_Nsurv_check(predict_Nsurv_cstTOvar)

Survival Probability Prediction 
Error standing for model accuracy 
considering survival probabilities 
at the end of the exposure profile.

The SPPE value is negative for an 
underestimation of effects, else it 
is positive.
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GUTS analyses – Predictions
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# (14) Import the exposure scenario
# (15) Estimate the MF50 at final time
MF50 <- MFx(object = sfit, data_predict
= scenario, quiet = TRUE)
MF50$df_MFx
plot(MF50, log_scale = TRUE)

LP50 = 2.47 [2.35 ; 2.56] 



GUTS analyses – Predictions
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# (14) Import the exposure scenario
# (15) Estimate the MF50 at final time
MF50 <- MFx(object = sfit, data_predict
= scenario, quiet = TRUE)
MF50$df_MFx
plot(MF50, log_scale = TRUE)
plot(MF50, x_variable = "Time")

LP50 = 2.47 [2.35 ; 2.56] 
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# (14) Import the exposure scenario
# (15) Estimate the MF50 at final time
MF50 <- MFx(object = sfit, data_predict
= scenario, quiet = TRUE)
MF50$df_MFx
plot(MF50, log_scale = TRUE)
plot(MF50, x_variable = "Time")
# (16) Plot the MF-response curve
MF <- MFx(object = sfit, data_predict = 
scenario, X = NULL, MFx_range = 
seq(1,5,0.5))
plot(MF)
# (17) Plot the survival rate over time 
for various MF
MF <- MFx(object = sfit, data_predict = 
scenario, X = NULL, MFx_range = 
seq(1,3.5,0.5))
plot(MF, x_variable = "Time")



All the previous analyses 
can be done directly on-line

http://pbil.univ-lyon1.fr/software/mosaic/



Video-01

https://drive.google.com/open?id=1_MbQqcq-ieeOdIUb7ygnp96zYEToNjF-


Few seconds/minutes 
later…

EFSA workflow: calibration (step 1)



Video-02

https://drive.google.com/open?id=1hJOzs_gH6Cw6gbjiIE9ku4PEiqmsN1yB


EFSA workflow
steps 2 and 3

http://lbbe-shiny.univ-lyon1.fr/guts-shinyapp/



Video-03

https://drive.google.com/open?id=1YlTkCwPVBUzNGaOWiNcgDnxdeHWgDKoG




https://sites.google.com/view/preditox2020

PREDITOX 2020





Thank you!


