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What is the Life Cycle?

“the major activities in the course of the product’s life-span from its manufacture, use, and
maintenance, to its final disposal, including the raw material acquisition required to manufacture the
product.” -EPA 2006 (Life Cycle Assessment: Principles and Practice)

.

L\ Manufacturing
Raw Material
Acquisition
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https://nepis.epa.gov/Exe/ZyNET.exe/P1000L86.TXT?ZyActionD=ZyDocument&Client=EPA&Index=2006+Thru+2010&Docs=&Query=&Time=&EndTime=&SearchMethod=1&TocRestrict=n&Toc=&TocEntry=&QField=&QFieldYear=&QFieldMonth=&QFieldDay=&IntQFieldOp=0&ExtQFieldOp=0&XmlQuery=&File=D:%5Czyfiles%5CIndex%20Data%5C06thru10%5CTxt%5C00000002%5CP1000L86.txt&User=ANONYMOUS&Password=anonymous&SortMethod=h%7C-&MaximumDocuments=1&FuzzyDegree=0&ImageQuality=r75g8%2Fr75g8%2Fx150y150g16%2Fi425&Display=hpfr&DefSeekPage=x&SearchBack=ZyActionL&Back=ZyActionS&BackDesc=Results%20page&MaximumPages=1&ZyEntry=1&SeekPage=x&ZyPURL

Often Goal and Scope Definition

iterative in Life Cycle Inventory Interpretation
nature '

Life Cycle Impact Assessment
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What does this have to do with Toxicology?

Five Steps of LCIA

Elementary flows from Life Cycle Inventory e.g. Cd, SO,, CgHg, CO,, iron ore

Gelection of impact categories, categorv\

L o e.g. ecotoxicity, climate change
indicators and characterization models

¥

Assignment of LCI results to the
selected impact categories
(classification)

v

Calculation of category
indicator results
(characterization)

!

Calculating the magnitude of
category indicator results relative
to reference information

Y (normalization)

!

Converting indicator results of different\
impact categories by using numerical
factors based on value-choices
(weighting)

J

-\

CO; etc. assigned to climate change

Climate change impact in kg CO,-eq/functional
unit at midpoint or in DALY/functional unit at
endpoint

Climate change impact in person.yr/functional unit

vy

Weighted impact scores ready for
comparison or aggregation across impact or
damage categories

ISO 14040 standard, adapted by
Hauschild and Huijbregts (2015)
Life Cycle Impact Assessment, Ch 1
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Framework for Impact Categories

Inventory results

Elementary flows

Midpoint

Climate change

Ozone depletion

Human toxicity, cancer
Human toxicity, hon-cancer
Respiratory inorganics
lonising radiation, humans
lonising radiation, ecosystems
Photochemical ozone formation
Acidification

Eutrophication, terrestrial
Eutrophication, aquatic
Ecotoxicity

Land use

Resource depletion, water

Resource depletion, mineral,
fossiland renewable

Endpoint Area of protection

Human health

Natural
Environment

Natural
resources

Hauschild et al. 2013



https://doi.org/10.1007/s11367-012-0489-5

Context for this work

30,000-100,000 unique chemical substances are commonly used worldwide in various
products, processes, or services

LCIA is a comparative assessment approach that includes characterizing toxicological impacts
on human health from all possible chemical exposures associated with the life cycles of those
products, processes, or services

Points of Departure (PODs) are are essential part of characterizing toxicity-related human
health impacts in LCA

Regulatory/authoritative PODs cover a very limited set of chemicals

Treating “no number” chemicals as non-toxic underestimates impacts, which can bias
decision-making
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Unified Probabilistic
Framework for Dose-
Assessment

Traditional Approach

Test System Applied
Dose

UFA-TK
DAF
CSAF 1

Mechanistic Approach

Test System TK

Human (TK-)
Equivalent Dose

U FA'TD
CSAFa1o

Test System Internal
Dose

Test System TD

Human Internal
Dose

Human
Population TD

Human Population
Internal Dose
Human

Population
-/R-T|

Biomonitoring
Equivalent

Lu et al. (in press, JTEH-B)

Human R-TK

Human (TK- & TD-)

Equivalent Dose Human RTK

u FH-TD
CSAFy1p

[Human TD-Population|

External Dose Human RTK

UFyr¢
CSAF 1«

- Human Populat
Toxicity Value
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A

KDM1:
Point of Departure

KDM2:
Test System-to-Human
(e.g., Inter-species) TK
KDM3:
Test System-to-Human
(e.g., Inter-species) TD
KDM4:

Human Population
Variation in TD

KDM5:
Human FPopulation
Variation in TK

-2 Generally Increasing Uncertainty

Generally Increasing Resource Needs

Tier 3:
Direct
Measure ments

Human studies

Tier 2:
Surrogate
Measurements

Tier 1:
Computational
Predictions

Tier 0:
Default/Generic
Values

I Read-acmss ]
Animal studies 5 Toxicity databa ses 4

1Tc
irTc

in vivodin vilro gene expr.

In vitro assays

QS AR/Machine Learning ]—|::

In vivo TK studies +
TK/PBPK models

In vitro TK studies +
TE/PEPK models

DAF/UF, -

]—1@5;1& T TR/PBPK model—

| Measured in vitro concentration ——{in vitro mass balance .I'T.‘DdE”—[

In vivo TK+TD studies
+ TK/PBP K-TD» model

concentration

e v S [y S0
VD 85588 n vitro TD' = in vivo TDV)

GEAR/Machine Learning |

]

]

AFUFm |

In vt nominal -]
]

A Population in viro assays UFuao ]

studies + pop. TK/PBP K-

[ Human in vive TK+TD
TD model

in vivo pop. animal TK+
TD studies +

}{pnp. TE/PEBPK-TD model

+ pop. TK/PBPK model

QG5AR +pop.
TH/PBPK mode!

inviro TK studies + pop.

—

[H uman in vivo TK stuu:li&.ﬁ'.]_['lﬂI DR T

TH/PEBPK model




Focus on KDM 1:
Point of Departure Generally Increasing Resource Needs
Determination Ther Tier 2: Tier 1: Tier 0:

Direct Surrogate Computational Default/Generic
Measure ments Measurements Predictions Values
Traditional Approach Mechanistic Approach
Fluman SEUEIES Esad =
Test System Applied E

1 3 z '—. — i ]
Test System TK KDNM1: Animal studies . Toxiciy databases QS AR/Machine Learming ] TI1C | |

UFnre Foint of Departure {17 vivodin VD ENE Expr.
conr —{ In vitro assays

Human (TK-) Test System Internal /
Equivalent Dose Human R-TK Dose Regu |at0 I’y /

UFa1p Test System TD

CSAF Authoritative POD
from EPA, ATSDR,
Human (TK- & TD-) Human Internal

Equivalent Dose Human RTK Dose caIEPA’ etc.
T aman A Surrogate POD

CSAFy,1p Population TD
based on
analysis of
o oo R2KKalDE QSAR-Based
Toxicity Value HumanRP‘?}gula,. Biomonitoring f PO Dhba Sed Ion
= | Equivalent I c emica
Lu et al. (in press, JTEH-B) Focus Of thiS Descriptors
presentation Fixed value
based on TTC

- Generally Increasing Uncertainty

18 (% |
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S ur rog ate P O D TOXVAIDB Nchem=30654 | Nyys=427506

(i) Effect-level type (e.g. NOAEL)

ba Se d o n (i) Exposure route (e.g. Oral)
ana IySiS Of (iii) Effect value and unit

(iv) Study type (e.g. Reproductive)

Toxva I D B (v) Tested species

(vi) Qualifier (e.g. “>", “<*, “~7)

Inter-study and intra-
study variability for
] estimating 95%
Confidence Interval

(vii) Critical effect (e.g. Body weight) ] around derived PODs

Develop a workflow for deriving PODs with
quantified uncertainty for chemical substances
m animal tOXiCOIOgy data but without [[viii] Conceptual model (e.g. Quantal deterrninistic)]
regulatory/authoritative assessments. () Extrapolation to BMDme

. . . Curated dataset
Data curation and selection ..-—-——E———-_.__
n,

) ) ] non-rep/dev effects: rep/dev effects:
Calibration to overlapping regulatory  Dchen 8092 | Nits 249952 ) Denen=5703 | Nama=465
PODs from authoritative sources

Application to dataset from A
. . i 1 . = non-rep/dev effects:
Uncertainty analysis [ g Noen= 8032
\‘—/I ° - - i - - o |

Oral PODs: Aurisano et al. 2023 C oo S Mﬁfdzzi;%enc:&:
Inhalation PODs: Aurisano et al. 2024 O Eis

41
Regulatory dataset Correlation between ToxValDB and Regulatory dataset Deriving PODs per substance
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https://doi.org/10.1289/ehp11524
https://doi.org/10.1021/acs.est.4c00207

Eeﬁgf_ral non-cancer effects 5 Rep/dev effects

Effect-lavel typs - Study type: Effectloval typa:
[l HOAEL - Chronic W nosEL ToxValDB Nepem=20654 I Nyat:=427506
I HOAEL - Subchronic W LoaEL
W nOAEL - Subacute BMDL -
W LoseL - Crvenie (i) Effect-level type (e.g. NOAEL)
B LoAEL - Subhranic
LOAEL - Subacute
I w0 - Chrorie (ii} Exposure route (e.g. Oral)
BWIDL - Subehronic
BHIDL - Subacule

(iii) Effect value and unit

number of data points

(iv) Study type (e.g. Reproductive)

(v) Tested species

0o 2’5 : 3 25 00 2'5 ! (vi) Qualifier (.g. “>", “<*, “~”)
logyo BMDyyeq (mg/kg-d) log1o BMDyyeq (mg/kg-d)

(wii) Critical effect (e.g. Body weight) ]

Data-poor Data-rich Data-poor Data-rich
i | 1 1 [[vii i) Conceptual model (e.g. Quantal deterministic) ]

[ (ix) Extrapolation to BMDy.q

[ Curated dataset
—l—l-'-'-'-'-——_ _—-_-'-‘-‘-i—n-

non-rep/dev effects: repl/dev effects:
Nchem=8032 | Ny:z=43552 | |N.per=6703 | nm-qssas
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number of data points per chemical number of data points per chemical

gggmg&ggﬁ%ﬁlgg Aurisano et al. 2023, 2024
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https://doi.org/10.1021/acs.est.4c00207

General non-cancer effects
100% -
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54321012345
log1o BMDyeq (mg/kg-d)

BMDL 4 LOAEL 4 NOAEL POD v PODreg

High variability across chemicals

Regulatory PODs (V) typically fall
below the median effect values
across chemicals
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Rep/dev effects

12345
log1o BMDpeq (Mgrkg-d)

s|edsiwsyd €049

ToxValDB Ncpem=00654 | nga:=427506

(i) Effect-level type (e.g. NOAEL)

(ii} Exposure route (e.g. Oral)

(iii) Effect value and unit

(iv) Study type (e.g. Reproductive)

(v) Tested species

(vi) Qualifier (e.g. “>", “<*, “~7)

(wii) Critical effect (e.g. Body weight) ]

[[vii i) Conceptual model (e.g. Quantal deterministic) ]

(ix) Extrapolation to BMDy.q

Curated dataset
‘-—l-'-'_'-—.-—_ _——-‘-‘_'-‘-i—_
non-rep/dev effects: rep/dev effects:
Nehem=8032 | Nyat=43552 | | Nopem=6703 | Nyat=46586
A

Regulatory dataset
Aurisano et a

l. 2023, 2024


https://doi.org/10.1289/ehp11524
https://doi.org/10.1021/acs.est.4c00207

Simple hypothesis: Regulatory
PODs can be “modeled” as a
“conservative” %ile of the (curated)
ToxValDB data for each chemical.

Data-rich: %ile from fitted on a log-
normal distribution

Data-poor: %ile from a fixed log-normal
distribution (“avg” data-rich chemical)

Results using 25t %-ile

e Oral General non-cancer (n=744):
R?=0.85 RSE = 0.46 (log10 units)

* Oral Rep/dev (n=41):
R?=0.78 RSE =0.53 (log10 units)

* Inhalation General & Rep/dev (n=174):
R?=0.76  RSE =0.82 (log10 units)

& BIOMEDICAL SCIENCES
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AT VETERINARY MEDICINE

ToxValDB Ncpem=00654 | nga:=427506

(i) Effect-level type (e.g. NOAEL)

(ii} Exposure route (e.g. Oral)

(iii) Effect value and unit

(iv) Study type (e.g. Reproductive)

(v) Tested species ]

(vi) Qualifier (e.g. “>", “<*, “~7) ]

(wii) Critical effect (e.g. Body weight) ]

[[vii i) Conceptual model (e.g. Quantal deterministic) ]

(ix) Extrapolation to BMDy.q

Curated dataset

‘-l-l-'-'-'-'-——_ _-_‘-‘-_-‘-l—_
non-rep/dev effects: repidev effects:
Nehem=8032 | Ny4.,=43552 chem =87 03 | Nyat-=46586 |1

| o-g-_PDD.wtirrr;_kgdl

4L
Regulatory dataset Correlation between ToxValDB and Regulatory dataset

Aurisano et al. 2023, 2024 12
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based on number of (curated)

ToxValDB data points, inter-, and

intra-study variability

Gonaral nan-rancor offartc
100%-
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543241012345
log1o POD (mg/kg-d)

54321012345
log1o POD (mg/kg-d)

‘ 95% Cl of POD with data records count: <3 3-10 +— =10 ‘
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s|edlwayo €0.9

ToxValDB Ncpem=00654 | nga:=427506

(i) Effect-level type (e.g. NOAEL)

(ii} Exposure route (e.g. Oral)

(iii) Effect value and unit

(iv) Study type (e.g. Reproductive)

(v) Tested species

(vi) Qualifier (e.g. “>", “<*, “~7)

(wii) Critical effect (e.g. Body weight) ]

[[vii i) Conceptual model (e.g. Quantal deterministic) ]

[ (ix) Extrapolation to BMDy.q

Curated dataset

‘-l—'-'_'-—-—-_ _-_—_-‘_\——h
non-rep/dev effects: repidev effects:
Nehem=8032 | Nyata=43552 | | Nehem=6703 | Nyt =465
Y

rep/dev
effects:
Nehem=762

rep/dev
effects:
nchem=4T

| e PGD.,.;tirrr;_kg )

Regulatory dataset

Inter-study and intra-
study variability for
estimating 95%
Confidence Interval
around derived PODs

non-rep/dev effects:
Nghem= 8032

PODs
rep/dev effects:
Nehem= 6703

4L
Correlation between ToxValDB and Regulatory dataset Deriving PODs per substance

Aurisano et al. 2023, 2024
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Surrogate POD
based on

analysis of
ToxValDB

Approach: Expand coverage of chemicals with
(non-cancer) toxicity values by

Created a consistent and curated data set of in
vivo chronic dose-response toxicity data from
EPA ToxValDB

Developed a statistical approach for calibrating
toxicity data against regulatory values

Quantified uncertainty from inter- and intra-
study variability

Results: Surrogate PODs can be derived using the
25% %ile from ToxValDB

* Oral PODs expanded by n > 10,000
* Inhalation PODs expanded by n > 2,000
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Limitations

Tens of thousands of chemicals

have no or inadequate data in

ToxValDB

In vivo testing data on these

chemicals unlikely to expand

substantially in the near future
Machine Learning to the Rescue?

~

Aurisano et al. 2023, 2024



https://doi.org/10.1289/ehp11524
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4 QSAR-Based )

POD based on
Chemical

k Descriptors )

Conditional Toxicity Value (CTV) Predictor

CTV
Conditional Toxicity Value Predictor ©
An In Silico Approach for Generating Toxicity Values for Chemicals

https://toxvalue.org

(2018)

* QSAR built on regulatory toxicity values

* Predicts oral and inhalation
(experimental) NOAELs

Two-Stage Machine Learning Model (2024)

* QSAR for PODs building on surrogate
oral PODs from Aurisano et al. (2023)

*  Model for inhalation PODs in
development

Both approaches perform better than
ToxCast/in vitro NAMs for predicting
regulatory PODs

Two-Stage Machine Learning
for Human Health Points of Departure

CHEMICALS  Stage’] Stage € | CHEMICALS

IN VIVD @ RANDOM | ACTIONABLE
TOXICITY ‘P E RA FOREST TON. DATA OR
DATA OPEn @saR App PREDICTIONS
PHYSICAL,
/ \ CHEMICAL, & / \
& CHEMICAL TOXICOLOGICAL NON-CANCER
STRUCTURE PROPERTIES PODS

https://wchiu.shinyapps.io/Two-
Stage-ML-Results-Browser/

Wignall et al. 2018; Kvasnicka et al. 2024 15

Approach RMSE MedAE R?
CTV N.R. 0.70 0.45
Two-Stage ML

(general non-

cancer) 0.69 0.40 0.48
Two-Stage ML

(repro/dev) 0.58 0.31 0.49
ToxCast+httk

(general non-

cancer) 1.87 1.22 <0
ToxCast+httk

(repro/dev) 1.52 0.84 <0

RMSE: Root-mean-squared-error (log10 units)

MedAE: Median absolute error (log10 units)

R2: Coefficient of determination (<O means worse
that naive constant model)



https://doi.org/10.1289/ehp2998
https://doi.org/10.1021/acs.est.4c00172
https://toxvalue.org/
https://wchiu.shinyapps.io/Two-Stage-ML-Results-Browser/
https://wchiu.shinyapps.io/Two-Stage-ML-Results-Browser/

Conceptual Framework: Two-Stage QSAR Model
N

(: Stage 1 T Stage2 |

Chemical IDs r “QSAR-Ready” } Run OPERA r Features (X) } Q‘g:s“:ggel r

(e.g., DTXSID) Structures QSAR Models
(Fitted Pipeline)

Parsing & Cleaning Transformations y,

\_ Standardization Workflow

Why a two-stage model?

Most chemical descriptors can be hard to interpret by a toxicologist
or risk assessor (as opposed to a chemo-informaticist)

Existing OPERA models provide open-source predictions for
interpretable physical-chemical-toxicological parameters

Analogous to a “supervised” neural network with a single
intermediate layer composed of interpretable features.

VETERINARY MEDICINE .
M & BIOMEDICAL SCIENCES Kvasnicka et al. 2024 16
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Conceptual Framework: Two-Stage QSAR Model
N

Stage 1 ' Stage2 |

Chemical IDs r“QSAR-Readyu Run OPERA r Features (X) Run POD r Predicted

(e.g., DTXS'D) Structures QSAR Models QSAR Model Surrogate
(Fitted Pipeline) PODs (y,/eq)

\_ Standardization Workflow Parsing & Cleaning Transformations y,
e D

Training Data Collection, & Preprocessing g: general noncancer
rd: reproductive/developmental

Data Collection } Data Filtering } Feature Preparation
Surrogate PODs from > 3 in vivo studies in ToxValDB Run OPERA

Aurisano et al. 2023  ng = 5,209 & “QSAR-Ready” Ng=1,791 " {5 generate features
ey = 4,938 oy = 2,228
\ (yobs) d

Model Training & Evaluation
“Outer loop” for evaluation

Model Pipeline
for Each

/ Inner

Vieat Performance Replicate
RMSE — 1. Feature
} Inner } ﬁ MedAE Preprocessing
\y‘fy Predict w/ 2. Random Forest
Selected Regression
“Inner loop” for Features
feature selection

VETERINARY MEDICINE .
IT)I & BIOMEDICAL SCIENCES Kvasnicka et al. 2024 17
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https://doi.org/10.1021/acs.est.4c00172

Model Evaluation

In-Sample Model Fitting Out-of-Sample (Cross-Validation) Performance

(A) Mean Crass-Validation Prediclions (B) Cross-Validation Parformance

3 RMS5E: 0.25 3 RMSE: 0.25 with
1 MedAE: 0.14 1 MedAE: 0.15 & T
y b RMSE: 0.68 RMSE: D.67
. AL 0,93 R 0.93 3 Medak: 0 39 39 Madak: 0 38 Without
EE n: 1,781 n: 1,791 ;,E R?: .50 B 0.51 0.0 a5 1.0
g 09 01 § o n: 1,741 n: 1,791 RMSE
- 25 04 o4
2 52 With
2% -3 -3 == Without
= =1 3 =
i iz 7 3 0o 0.5 1.4
& <3
6 —5d Sg MedaF
—6 —5 4
With
T T T T T T T T Without
—6 -3 o 3 o -3 & F] T T T T T T T T
- -6 =3 4 3 -6 -1 0 3 1.0 a5 0.0
R‘l
m RMSE: 0.23 RMSE: 0.23 = ¥ |
£ 39 MedaE: 0.12 39 MedAE: 0.11 2 4 ) AM3E:. 0o 5 | RHE 053 vith
3 20 o iyt [ MedAE: 0,31 MedaE: §.30 A
a n: 2,228 n: 2,228 E RY: 051 f: 0.51 : -
L] E ] K d E & m 2228 n: 2.228 K+ 0.5 1.0
1} [} a} o i oA
2% e RMSE
as ] )
i= -3 3 il With
i =g 3 —31 Witheut
- W
gk ] i 0.0 a5 1a
-9
c;u —5 —5 E” 64 —E MedaE
o 2
T . T T T T T T . T T T T T . T _With
-6 -1 0 3 -6 -1 0 3 -6 -3 0 3 -6 -1 b 3 without
ToxyalDE Surrogate fog,F 00 ToxWalDE Surrogate fog,,fOD ToxValDB Surragate log, POD ToxWalDE Surrngate fog,, 00 1.0 0.5 o0
With Selection Withaut Selectian ‘With Selectian Withaut Selectian A2

Expected performance based on cross-validation results

* Average Error (RMSE): factor of 4~5

* Typical Error (MedAE): factor of 2~2.5

* Explained Variance: ~50%

18




QS AR-Based https://wchiu.shinyapps.io/Two-Stage-ML-Results-Browser/
POD based on
Chemical

Descriptors Limitations
C Same uncertainty estimate for
every prediction
sooAkipc“:sr:]?cals Certain classes of chemicals
from EPA excluded based on OPERA QSAR

CompTox standardization workflow
Dashboard

R
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QSAR-Based
POD based on
Chemical
Descriptors
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Explore use of “Uncertainty-
Aware” ML methods

Conformal prediction (CP)
f.,(,(xi) C(X‘)

CONTOQMAL
PQEODICTON
[ >

EL., (x;)

QUANTWLE PREDICT 10V
WLEGRESSION INTERVAL

Bayesian neural network (BNN)

von Borries et al. in preparation
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* Addresses
aleatoric and
epistemic
uncertainty

* Applied to
>130K
marketed
chemicals
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QSAR-Based Explore use of “Uncertainty-

POD based on Aware” ML methods

Chemical Conformal prediction (CP)

Descriptors
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w00 CP models performed better than BNN

Jaccard: 0.537
Pearson: 0.671

spearnan: 0.9%2 | (G00d coverage & well-calibrated confidence intervals

n=3402, batches=58

OO o cted e ey . N 2% o Capture overall heteroscedasticity in prediction errors

mean predicted uncertainty (RMU)
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o Higher uncertainty for new chemicals that are unlike
training set chemicals
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QSAR-Based
POD based on
Chemical
Descriptors

uncertainty
95% Cl width
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Explore use of “Uncertainty-
Aware” ML methods

Uncertainty hotspots
— polychlorinated and polybrominated compounds
— metals and organometallics
— alkaloids and phenothiazines
— Peptides

Drivers of uncertainty
— low representation in the training data

— low applicability of molecular descriptor developed for
small organic molecules

— (highly toxic) outliers

poly- and perfluoro aliphatic organo aromatic organo PBBs and PBDEs PCBs and PCBEs b ioxil polychlorinated
1 alkyl substances 2 thiophosphates 3 thiophosphates 4 5 6 7 cycloaliphatics
9 X A
oy (P X
2 (&8

peptides natural phenothiazines
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Summary: A Tiered Hierarchy of

Probabilistic PODs

p

T

‘g5i6

TEXAS A&M UNIVERSITY

LCIA requires PODs for tens-hundreds of thousands of chemicals for
characterizing human health impacts of product, process, or service
life cycles

Regulatory/authoritative PODs cover a very limited set of chemicals

Two classes approaches can fill these data gaps while also quantifying
their uncertainty with varying degrees of sophistication

Key limitation: Calibrated to existing regulatory PODs, which are
largely based on experimental animal studies.

Counterfactual: If we were to have new regulatory/authoritative
assessments based on animal studies in the absence of any human
data, we would make decisions based on them!

Y MEDICINE
CAL SCIENCES

Regulatory /
Authoritative
POD from EPA,
ATSDR, CalEPA,

etc.

¥

Surrogate POD
based on
analysis of
ToxValDB

¥

QSAR-Based
POD based on
Chemical
Descriptors

¥

Fixed value
based on TTC
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