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BACKGROUND: Due to many substances in the human exposome, there is a dearth of exposure and toxicity information available to assess potential
health risks. Quantification of all trace organics in the biological fluids seems impossible and costly, regardless of the high individual exposure vari-
ability. We hypothesized that the blood concentration (CB) of organic pollutants could be predicted via their exposure and chemical properties.
Developing a prediction model on the annotation of chemicals in human blood can provide new insight into the distribution and extent of exposures
to a wide range of chemicals in humans.

OBJECTIVES: Our objective was to develop a machine learning (ML) model to predict blood concentrations (CBs) of chemicals and prioritize chemi-
cals of health concern.

METHODS:We curated the CBs of compounds mostly measured at population levels and developed an ML model for chemical CB predictions by con-
sidering chemical daily exposure (DE) and exposure pathway indicators (dij), half-lives (t1=2), and volume of distribution (Vd). Three ML models,
including random forest (RF), artificial neural network (ANN) and support vector regression (SVR) were compared. The toxicity potential or prioriti-
zation of each chemical was represented as a bioanalytical equivalency (BEQ) and its percentage (BEQ%) estimated based on the predicted CB and
ToxCast bioactivity data. We also retrieved the top 25 most active chemicals in each assay to further observe changes in the BEQ% after the exclusion
of the drugs and endogenous substances.
RESULTS:We curated the CBs of 216 compounds primarily measured at population levels. RF outperformed the ANN and SVF models with the root
mean square error (RMSE) of 1.66 and 2:07 lM, the mean absolute error (MAE) values of 1.28 and 1:56 lM, the mean absolute percentage error
(MAPE) of 0.29 and 0.23, and R2 of 0.80 and 0.72 across test and testing sets. Subsequently, the human CBs of 7,858 ToxCast chemicals were suc-
cessfully predicted, ranging from 1:29× 10−6 to 1:79× 10−2 lM. The predicted CBs were then combined with ToxCast in vitro bioassays to prioritize
the ToxCast chemicals across 12 in vitro assays with important toxicological end points. It is interesting that we found the most active compounds to
be food additives and pesticides rather than widely monitored environmental pollutants.

DISCUSSION:We have shown that the accurate prediction of “internal exposure” from “external exposure” is possible, and this result can be quite use-
ful in the risk prioritization. https://doi.org/10.1289/EHP11305

Introduction
Because many chemical substances have been developed and
used in commerce over numerous recent decades, there is a
dearth of exposure and toxicity information available to assess
potential health risks of most of these chemicals to humans.1,2 To
address concerns over the potential health effects of untested
chemicals, high-throughput screening (HTS) assessments that
incorporate both exposure and toxicity data are needed for risk-

based screening and prioritization.1–4 The U.S. Environmental
Protection Agency (U.S. EPA) has developed the ToxCast pro-
gram to provide in vitro bioactivity data that may inform chemi-
cal toxicity.5,6 However, to use the in vitro bioactivity data of
ToxCast to evaluate the potential risk to human health, chemical
blood concentration (CB) is essential to link the internal exposure
to external human exposure.7

One challenge to chemical exposure and risk assessments has
been the demand for a large number of chemical CB measure-
ments.8 Clearly, experimental quantification is cumbersome and
time-consuming. The standards used for analysis are also costly or
difficult to obtain. In addition, the concentrations of most com-
pounds are too low to be detectable.9,10 Moreover, there is high
variability in chemical levels between biospecimens from dif-
ferent people, sometimes even for samples collected from the
same donors on different days in cases of exposure to rapidly
metabolized chemicals.11,12 The National Health and Nutrition
Examination Survey (NHANES) has spent yearsmonitoring several
hundred chemicals, which is still insufficient for the evaluation of
chemical exposure risk in the era of the exposome. Therefore, with-
out extensive direct measurements of chemicals at the population
level, there is an urgent need to explore whether we can develop
in silicomethods to predict the CBs of chemicals. Although the U.S.
EPAhas also developed the ExpoCast program to predict human ex-
posure to the large number of chemicals with the balanced
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accuracies of the source-based exposure pathway models ranging
from 73% to 81% and with a coefficient of determination (R2)
between predictions and biomonitoring-based inferences of 0.8,3

the ExpoCast can only predict the intake rates, which is an indica-
tor of external exposure. Because different chemicals have differ-
ent bioavailability and clearance, to assess health risks using
ToxCast activity test data, it is necessary to convert the external ex-
posure data into internal concentration in bodily fluids.7 Previous
efforts built quantitative approaches to translate in vitro toxicity
potencies to equivalent in vivo doses using in vitro�in vivo extrap-
olation (IVIVE) techniques.13 These approaches used pharmaco-
kinetic equations to estimate steady-state plasma concentrations
(CSS) using the High-Throughput Toxicokinetic (HTTK) the
open-source R package (version 4.2.1; R Development Core
Team).13 However, the CB values predicted by the HTTK model
were derived by assuming steady-state and 100% oral bioavaila-
bility under a dose rate of 1 mg=kg=d, which did not consider the
exposure and the corresponding uncertainty; and chemicals such
as perfluorooctanoic acid (PFOA) and perfluorooctanesulfonic
acid (PFOS), which were thought to be actively resorbed by the
kidney, were not captured by the current HTTKmodel.13 In addi-
tion, for the recent studies, the high-throughput PROduction-To-
EXposure (PROTEX-HT) model developed by Li et al. could al-
ready predict the Css without assuming 100% oral absorption,2

and the Physiologically based Toxicokinetic (PBTK) model
developed by Armitage et al. could already capture the renal
clearance and reabsorption of ions such as polyfluoroalkyl sub-
stances (PFAS).14 However, most of those theoretical methods
used to predict the chemical Css resulting from repeated daily ex-
posure were limited to oral route of exposure.4,15,16

We hypothesized that the CB of organic pollutants could be
predicted via their exposure and chemical properties, especially
for those with similar exposure routes and physicochemical pa-
rameters. We seek to increase the prediction accuracy of CB using
machine learning (ML) methods. In this study, we curated the CBs
of pollutants in the general population from available databases
and literature and applied ML algorithms for CB predictions by

optimizing the key parameters that mediate the CB. We com-
pared three ML algorithms, including random forest (RF), artifi-
cial neural network (ANN) and support vector regression
(SVR), based on the publicly available experimental data. The
best-performing RF model was then used to predict the CBs of
>7,500 ToxCast chemicals. The predicted CB values were fur-
ther combined with ToxCast in vitro bioassays to prioritize
those ToxCast chemicals in terms of CB=AC50 ratios, using dif-
ferent assay end points. This advanced human internal exposure
prediction (HExpPredict) approach provides the ability to eval-
uate and prioritize chemicals for potential risk to human health.

Methods
Adetailed data processingworkflow is depicted in Figure 1. Key pa-
rameters and models regarding the models developed for this study
are described in the following sections. According to the pharmaco-
kinetics and toxicokinetics models, factors that are known or
expected to influence the relationship between external exposure
and the chemical CB are the elimination half-life, bioavailability,
volume of distribution (Vd), dosage, and dosing interval.17 When
defining dosing interval equal to 1 day, the maintenance dose refers
to the daily exposure (DE, milligrams per kilogram bodyweight per
day). Because of the lack of data, the parameters such as renal clear-
ance half-life and bioavailabilitywere treated as an unknownparam-
eter and trained by ML model. As one of the major pathways of
elimination, the predictable biotransformation half-life (t1=2) was
included in our predictionmodel.

Chemical Selection
The chemicals were selected based on a subset of the ToxCast
Database (version 3.0, publicly released October 2018) in this
study, for which the exposure data and in vitro bioactivity assay
data were readily available.18 The U.S. EPA’s ToxCast chemi-
cal list includes more than 9,000 compounds, including indus-
trial chemicals, pesticides, consumer product ingredients, and
pharmaceuticals. The full list of chemicals considered is

Figure 1. Overview of framework for human CB prediction (HExpPredict) modeling and risk prioritization in this study. Note: CB, blood concentration.
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available in Excel Table S1. All chemical descriptors including
CAS registry number, chemical name, Simplified Molecular
Input Line Entry Specification (SMILES), molecular formula,
average mass, and monoisotopic mass are available through the
U.S. EPA’s CompTox Chemicals Dashboard (version 2.1.1;
https://comptox.epa.gov/dashboard/batch-search).19

Exposure Estimates
The median of estimated DE level (milligrams per kilogram
body weight per day) with uncertainty [95% confidence interval
(CI)] for the ToxCast chemical as shown in Excel Table S1 was
acquired from the U.S. EPA’s ExpoCast exposure estimates,
which were developed using the General Population Consensus
Model (SEEM3).3,20 The exposure pathway indicators (dij) for
four source-based pathways (far-field pesticide use, nonpesticide
dietary exposure, far-field industrial exposure, and consumer) in
the SEEM3 model were also included in our prediction model.3
The dij is an estimated probability of whether a given pathway j
is relevant to a given chemical i.

Chemical Biotransformation Half-Life Prediction
The predicted half-life values (t1=2) for the ToxCast chemicals
were taken from the Human Exposome and Metabolite Database
(HExpMetDB).21 The prediction was based on the quantitative
structure−activity relationship (QSAR) approach called Iterative
Fragment Selection (IFS).22

The Distribution Volume (Vd) Prediction
The Vd values were predicted by a comprehensive exposure
model named Risk Assessment, IDentification And Ranking-
Indoor and Consumer Exposure (RAIDAR-ICE) according to
previous study.23

Molecular Descriptors and QSAR Parameter Calculation
The QSAR parameters such as LogKOW and LogKOA were cal-
culated using solute descriptors provided by the online UFZ-
LSER Database.24 Water solubility (WS) and substructure molec-
ular descriptors were calculated by the Toxicity Estimation
Software Tool (TEST, version 5.1.1).25

Chemical CB Search
To investigate the occurrence and levels of xenobiotics in human
blood, we conducted a database and literature search on chemicals in
human blood. The measured CBs of xenobiotics in this study were
first retrieved from the NHANES 2003–2017,26 the California
Environmental Contaminant Biomonitoring Program (also known
as Biomonitoring California),27 or the Exposome-Explorer.28 We
excluded drugs and endogenous compounds by filtering the U.S.
EPA’s CompTox Chemicals Dashboard Drugbank list (https://
comptox.epa.gov/dashboard/chemical-lists/DRUGBANK) and man-
ually searching the chemical category through PubChem (https://
pubchem.ncbi.nlm.nih.gov/). When a given chemical was present in
both of these databases, we used the NHANES concentrations. To
further obtain concentration data for more compounds, we performed
a literature search on typical pollutants that were not in the databases,
based on the chemicals of concerns previously summarized in our
research.29 The National Center for Biotechnology Information
(NCBI) PubMed database (https://pubmed.ncbi.nlm.nih.gov/)
was searched from the year 2005 to 2022. The keywords used to
search the PubMed database included those describing sample
types “blood,” “plasma,” or “serum” and terms for the typical
pollutant classes summarized in our previous study,29 including
“perfluorinated compounds,” “volatile organic compound,”

“pesticide,” “organophosphorus flame retardant,” or “polycy-
clic aromatic hydrocarbons,” together with keywords including
“exposome,” “exposure,” “detection,” “level” or “concentra-
tion.”We included only the studies from healthy human populations
using a mass spectrometry–based analytical method during our man-
ual screening of the possible literature hits.We also excluded the stud-
ies from polluted areas or special environment areas. The CB of each
compoundwas calculated based on the sample sizeweighted geomet-
ric mean (GM, if provided) or median concentrationsmeasured in se-
rum, plasma, or blood. To develop models for different age and sex
groups, we also collected the GMs of CBs for different age and sex
groups from theNHANESDatabase (n=48).

MLModels
Methods of random search and 5-fold cross-validation were used
for parameter optimization to train three ML models (i.e., RF,
ANN, and SVR) with various prediction features of DE, dij, Vd,
t1=2, and other chemical properties, of which the optimal parame-
ters was evaluated by and root mean square error (RMSE). The
publicly available data sets Exposome-Explorer database,28 the
Fourth National Report on Human Exposure to Environmental
Chemicals,26 and the California Environmental Contaminant
Biomonitoring Program27 were searched for experimentally
measured human in vivo CB values. Literature mining was per-
formed by manually searching reviews or articles as mentioned
above. The measured CBs were employed to train ML models for
in silico CB prediction. We excluded the drug and endogenous
compounds by filtering the U.S. EPA’s CompTox Chemicals
Dashboard Drugbank list and manually searching the chemical
category through PubChem (https://pubchem.ncbi.nlm.nih.gov/),
because our model only considers the CBs produced by external
exposures. For the collected experimental CBs and predicted
t1=2, Vd, and DE values, we unified their units into micromolar,
day, L, and micromole per day, respectively, and normalized the
right-skewed data by natural logarithmic transformation before
feeding them to a ML model. The training and testing splits
were 80:20 to train and test RF, ANN, and SVR models.
Training and testing set chemicals were randomly selected. In
this work, the RMSE, mean absolute error (MAE), mean abso-
lute percentage error (MAPE), and fitness degree R2 of the three
models were compared. Finally, the trained model was used to
predict CB for the ToxCast compounds. All analyses were per-
formed in R (version 4.2.1; R Development Core Team). All
chemical predictors are provided in Excel Table S1. To improve
the applicability of our model, the R script and tutorial for users
are also available in the Supplemental File HExpPredict_scripts.
rar and Supplemental Material, “Text S1,” as well as at https://
github.com/FangLabNTU/HExpPredict.

Monte Carlo (MC) Simulation and Parameter Distributions
MC simulation was implemented to simulate the impact of DE
and t1=2 uncertainty on calculating the CB 10,000 times, using a
similar model as in our previous studies.21,30,31 Three separate
MC simulations were performed referring to previous studies:
DE prediction uncertainty only, t1=2 prediction uncertainty only,
and both DE and t1=2 prediction uncertainty.20,21 For each chemi-
cal, the CB was calculated 10,000 times for three separate MC
simulations respectively, allowing estimation of the 5th, median,
and 95th percentiles.

In Vitro Bioactivity Data
All ToxCast in vitro HTS data (version 3.0, publicly released
October 2018)18 were downloaded from the U.S. EPA’s
CompTox Chemicals Dashboard (version 2.1) Assay Endpoints
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List (https://comptox.epa.gov/dashboard/assay-endpoints?filtered)
to estimate the endocrine-related activity. The 12 targeted
assays covering the estrogen receptor alpha (ERa) (TOX21_
Era_BLA_Agonist_ratio and TOX21_Era_BLA_Antagonist_ratio),
androgen receptor (AR) (TOX21_AR_BLA_Agonist_ratio, Tox21_
AR_LUC_MDAKB2_Agonist, TOX21_AR_BLA_Antagonist_ratio
and TOX21_AR_LUC_MDAKB2_Antagonist_0.5nM_R1881), per-
oxisome proliferator–activated receptor gamma (PPARc) (Tox21_
PPARg_BLA_Agonist_ratio, TOX21_PPARg_BLA_Agonist_ch2,
TOX21_PPARg_BLA_Antagonist_ch1 and TOX21_PPARg_
BLA_antagonist_viability), and thyroid hormone receptor (TR)
(TOX21_TR_LUC_GH3_Agonist and TOX21_TR_LUC_GH3_
Antagonist) were chosen for further study. The bioactivity poten-
tial or prioritization of each chemical was represented as
CB-to-AC50 ratio (CB=AC50). We used the concentration at 50%
of maximum activity (AC50) estimates from the U.S. EPA’s
CompTox Chemicals Dashboard (version 2.1) ToxCast Assay
Endpoints List32 provided by the ToxCast program18 as well as
the predicted CB to calculate the CB=AC50 ratios of ToxCast
chemicals.

The relative ranking of CB=AC50 can be used for priority set-
ting; that is, higher CB=AC50 can be considered to be a higher
priority. The toxicity potential or prioritization of each chemical
was represented as a bioanalytical equivalency (BEQ). The BEQ
values of each chemical and its percentage in the total BEQ
(BEQ%) were estimated based on the below equations29:

BEQi =CB i=AC50 i ×AC50 ref ð1Þ

BEQi%=BEQi �
X

BEQi ×100%, ð2Þ
where CB i is the predicted blood concentration of compound i;
AC50 i is the concentration of compound i that causes 50%
response; and AC50 ref is the concentration of the reference com-
pound (the compound with the minimum AC50 for each assay)
that causes 50% response. We further retrieved the applications
of the top 25 most active chemicals of each assay from the NCBI
PubMed databases (https://pubmed.ncbi.nlm.nih.gov).

Results
A total of 7,858 chemicals were selected in this study from
9,403-chemical U.S. EPA’s ToxCast Database.18 The chemicals
that were not selected (1,545) comprised those that did not have
available DE data through ExpoCast SEEM3 and those that were
categorized as ionogenic chemicals, organic mixtures, or chemi-
cals with molecular weights over 1,000 Da and therefore unable
to be used by the iterated function system (IFS) algorithm.

Chemical CB Search
To investigate the occurrence and levels of the selected chemicals
in human blood, we conducted a database26–28 and literature
search,10,33–37 extracting CB from identified data and studies. In
total, the measured CBs of 216 chemicals were documented for the
furtherMLmodeling. In general, the CBs of the documented chem-
icals ranged from 1:65× 10−8 to 1:59 lM staggering 8 orders of
magnitude. The final list is presented in Excel Table S2, including
CAS registry number, chemical name, formula, average mass,
monoisotopic mass, weighted CB, and data sources for our RF
model. Overall, the NHANES, the Exposome-Explorer Database,
and the literature search were the dominant contributors to the
training set and contributed to 23%, 39%, and 36% of the data set,
respectively. Due to limited measured CB data of the population,
we collected data from only 48 chemicals for which the age- and
sex-specific geometric means of measured CB was available from

NHANES Database. The GM CB ranges for individuals age 12–
19 y and those older than 20 y were 4:65× 10−6–5:32× 10−3 lM
and 1:11× 10−5–9:00× 10−3 lM, respectively. The GM CB
ranges were 8:31× 10−6–1:07× 10−2 lM for males and
8:31× 10−6 –6:84× 10−3 lMfor females (Excel Table S3).

Human Exposure Evaluation
The predicted exposure values of 7,858 chemicals were obtained
from ExpoCast (Excel Table S1). The estimated human chemical
DE ranged from 3:17× 10−15 (95% CI: 3:82× 10−17, 4:19× 10−13)
to 4.92 (95% CI: 1:65× 10−7, 2:21× 105) mg/kg body weight/d,
spanning across 15 orders of magnitude. The dij values of 7,858
chemicals ranged from 0 to 1 for the four pathways (Excel Table
S1; i.e., far-field pesticide use, nonpesticide dietary exposure, far-
field industrial exposure, and consumer), with values near zero
indicating low probability and values near one indicating high
probability exposure to the chemical.

Chemical t1=2 Evaluation
The t1=2 of 7,858 chemicals listed in Excel Table S1 were success-
fully predicted using the IFS approach. Of these 7,858 chemicals,
the median t1=2 was predicted to be 4.64 h (h). Rolitetracycline was
predicted to have the shortest t1=2 of 0.05 h, and mirex was pre-
dicted to have the longest t1=2 of 2,020,000 h with a wide range of 8
orders of magnitude.

Chemical Vd Prediction
We used the RAIDAR-ICEmodel to predict the Vd values of 7,858
chemicals (Excel Table S1). The median Vd was predicted to be
14:4 L=kg whole blood. The Vds span over 3 orders of magnitude,
from 7:36× 10−1 to 20:3 L=kgwhole blood.

CB Prediction MLModeling
We developed a workflow to use experimental CB data to train and
test ML models (Figure 1). Such models were then applied to the
7,858 chemicals from U.S. EPA ToxCast Program for which in
vitro bioactivity data were available.We collected available exper-
imentally measured human CB values through publicly available
databases and literature to trainMLmodels for in silico CB predic-
tion. After excluding the drug and endogenous compounds, a total
of 216 experimental CB data points were included in theMLmodel
(Figure 2A). We randomly divided the 216 data points into 172
compounds for training and 44 compounds for further testing (i.e.,
80%:20%). We downloaded the chemical QSAR-ready SMILES
from the U.S. EPA’s CompTox Chemicals Dashboard Batch
Search (version 2.1.1),38 which we used to predict the Vd, and t1=2.
Chemical-specific inputs to ML models included DE, Vd, t1=2, and
dij for parameter tuning.

Model Validation
To optimize the CB prediction model performance by training
set, tuning parameters including maximum depth (5–100), mtry
ratio (0.2–0.8), number of trees (10–500), maximum tuning times
(20), and tuning method (“random_search”) were executed using
the learner “ranger” of “mlr3” learning platform (https://github.
com/mlr-org/mlr3). The RMSE, MAE, MAPE, and R2 were cal-
culated to compare the predicted and experimental CB in the test
data set. We investigated three widely used ML models (RF,
ANN, and SVR) for CB predictions with seven basic variables,
including DE, Vd, t1=2, and four dijs. RF outperformed the other
two models with RMSE values of 1.66 and 2:07 lM, MAE of
1.28 and 1:56 lM, MAPE of 0.29 and 0.23, and R2 of 0.80 and
0.72 across training and testing predictions of CB, respectively
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(Table 1). In comparison, ANN and SVR showed less robustness,
with RMSE values of 2.83 and 3:07 lM, MAE of 2.13 and
2:56 lM, MAPE of 0.39 and 0.35, and R2 of 0.41 and 0.39 for
ANN, and with RMSE values of 3.52 and 3:79 lM, MAE of 2.81
and 3:22 lM, MAPE of 0.69 and 0.47, and R2 of 0.08 and 0.06
for SVR across training and testing sets (Table 1), respectively.
Approximately 90% (165 of 174) and 84% (37 of 44) predicted
CB values of training and testing sets showed to be within the 10-
fold boundary when compared with measured CB values (Figure
2B), showing much better regression than ANN and SVR models
(Figure S1, referring to the data in Excel Table S4). To further
optimize the RF model, we considered adding sex, age, and varia-
bles of varying complexity including LogKOW, LogKOA, WS,
and additional molecular descriptors to our RF model. However,
the prediction performance was not dramatically improved when
more parameters were included into the RF model. Detailed
results were provided in the Supplemental Material, “Text S2.”

Good prediction performance of the RF model were observed
for some typical environmental pollutants, such as polychlorinated

biphenyls (PCBs), dioxins, phthalate esters (PAEs), dioxins,
polycyclic aromatic hydrocarbons (PAHs), perfluorinated com-
pounds (PFCs), organophosphorus flame retardants (OPFRs),
and volatile organic compounds (VOCs) (Figure 2C), with the
RMSE of 0.64, 0.70, 0.71, 0.73, 0.83, 0.85, and 0.86, respec-
tively (Table S1). In contrast, some substances, like personal
care and consumer products (PPCPs) and organochlorine pesti-
cides (OPs), showed relatively poor prediction performance,
with the RMSE of 1.18 and 1.68, respectively. The RF model
covered 50% compounds within 0.32 to 2.6 and 0.24 to 3.4 times
of predicted CB=experimental CB ratios for training set and test-
ing set, respectively (Figure 2D).

Using the final RF model, CBs were determined for each of the
7,858 ToxCast chemicals. In general, the predicted human blood
CB of 7,858 ToxCast chemicals ranged from 1:02× 10−6 to
3:25× 10−2 lM (Excel Table S1), ranging four orders of magni-
tude (Figure 3).

Uncertainty Analysis
ThreeMC simulations (DE prediction uncertainty alone, t1=2 predic-
tion uncertainty alone, and both) were performed to determine the
predicted CB upper 95th percentile. The ratio of the CB for the 95th
percentile to the median indicates the relative contribution uncer-
tainty, with larger ratios indicating greater uncertainty. We observed
that the ratio value of median t1=2 prediction uncertainty (1.17) was
close to DE prediction uncertainty (1.28). The ratio value of both
uncertainty (2.17) was close to the sum of t1=2 and DE, which indi-
cated that the prediction of t1=2 and DE contributed approximately
the same degree of uncertainty to the predictionmodel.

Table 1. The prediction performance of three CB prediction machine learn-
ing models.

Model

Training set (n=172) Testing set (n=44)

RMSE MAE MAPE R2 RMSE MAEMAPE R2

Random forest 1.66 1.28 0.29 0.80 2.07 1.56 0.23 0.72
Artificial neural network 2.83 2.13 0.39 0.41 3.07 2.56 0.35 0.39
Support vector regression 3.52 2.81 0.69 0.08 3.79 3.22 0.47 0.06

Note: CB, blood concentration; MAE, mean absolute error; MAPE, mean absolute per-
centage error; RMSE, root mean square error.

Figure 2. (A) Overlapping analysis of major sources for measured CB used in machine learning training. (B) Prediction performance of RF ML model for
training (n=172) and testing (n=44) sets (referring to the data in Excel Table S4); Black line is the y= x line, and blue dotted lines are 10-fold boundaries;
(C) Prediction performance of RF ML model for different groups of chemicals (referring to the data in Excel Table S2); Black line is the y= x line. (D) Violin
plots for training and testing set prediction errors by calculating the ratio between measured and predicted concentration from RF ML model (referring to the
data in Excel Table S4). Blue dashed lines are the median line, and red dotted lines are quartiles. Note: BC, Biomonitoring California; CB, blood concentration;
EE, Exposome-Explorer; ML, machine learning; NHANES, National Health and Nutrition Examination Survey; OPFRs, organophosphorus flame retardants;
OP, organochlorine pesticide; PAE, phthalate ester; PBDE; polybrominated diphenyl ether; PCB, polychlorinated biphenyl; PFC, perfluorinated compounds;
PPCP, personal care and consumer product; RF, random forest; VOC, volatile organic compound.
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Chemical Prioritization Using the U.S. EPA’s ToxCast
Database
We evaluated bioactivity potential for each chemical across 12
in vitro assays from ToxCast using AC50=CB ratios calculated
as ToxCast AC50=CB ratios. The 12 ToxCast in vitro HT screen-
ing assays,18 including the targets of ERa, AR, PPAR-c and TR,
were chosen as case studies. The total 12 assays covered two AR
agonists, two AR antagonists, one ERa agonist, one ERa antago-
nist, two PPARc agonists, two PPARc antagonists, one TR ago-
nist, and two TR antagonist assays (Excel Table S5). The
CB=AC50 ratios across all the 12 assays are listed in Excel Table
S6, and the distribution (BEQ%) of each target assay result is
shown in Excel Table S7. We found that each end point had obvi-
ously different chemical toxicity prioritization and had its own
dominant contributor(s). For different assays of the same receptor
toxicity end point, the results varied widely due to the distinct
compounds tested by the different assays. It was interesting to
find that drugs or endogenous chemicals were dominant contribu-
tors with the top CB=AC50 ratios for most assays. For example,
salidroside and N-vinyl-2-pyrrolidone were the most dominant
contributors for Tox21_AR_LUC_MDAKB2_Agonist and
TOX21_AR_LUC_MDAKB2_Antagonist_0.5 nM_R1881 assays,
respectively, with the high CB=AC50 ratios of 2,288, and BEQ% of
24.0% and 37.0%, respectively (Excel Table S7; Figure S2).
Salidroside is a major component of Rhodiola rosea, which has
been used in traditional Chinese medicine39 and N-vinyl-2-pyrroli-
done is used for treatment of infectious conjunctivitis.40 For the
TOX21_PPARg_BLA_antagonist_viability assay, the top contribu-
tor was ribavirin (CB=AC50: 327, BEQ: 79.1%), followed by rami-
pril (36.6, 8.84%) and diphenoxylate hydrochloride (31.0, 7.49%).
Drugs like acipimox, 5-methyl-1-phenyl-2(1H)-pyridone, pico-
nol, triacetin, and hexylcaine hydrochloride were the most abun-
dant chemicals, accounting for 9.17%, 19.9%, 11.5%, 10.7%, and
4.05% in TOX21_AR_BLA_Agonist_ratio, TOX21_ERa_BLA_
Agonist_ratio, TOX21_ERa_BLA_Antagonist_ratio, TOX21_
PPARg_BLA_Agonist_ch2, and TOX21_TR_LUC_GH3_Agonist
assay, respectively.

Because the predicted CB in this study was based only on the
internal CB generated by the external exposure, we further
excluded endogenous chemicals and drugs, and performed the

analysis on the remaining 4,893 chemicals. After excluding en-
dogenous chemicals and drugs, methyl formate, di(2-methoxyethyl)
phthalate, propylammonium nitrate, 2,3-butanedione, and (3,5-di-
methyl-1H-pyrazol-1-yl)methanol became the most dominant
chemicals in TOX21_AR_BLA_Antagonist_ratio, TOX21_AR_
LUC_MDAKB2_Antagonist_0.5nM_R1881, TOX21_PPARg_
BLA_Antagonist_ch1, TOX21_PPARg_BLA_antagonist_viability,
and TOX21_TR_LUC_GH3_Antagonist assay, with the BEQ%
of 22.1%, 23.8%, 51.7%, 61.4%, and 46.3%, respectively (Excel
Table S8). 2-Acetylpyrrole, thiamine thiozole, and aminopyri-
dine a showed the highest CB=AC50 ratios of 549, 494, and 401,
respectively (Excel Table S6), which was the dominant contribu-
tor with the BEQ% of 10.3%, 9.31%, and 7.56%, for the
TOX21_AR_BLA_Agonist_ratio assay (Excel Table S8), sug-
gesting that they had a relatively high potential risk of androgen
disruption. In the Tox21_AR_LUC_MDAKB2_Agonist, the
largest contributions were 3,3 0-(ethylenedioxy)dipropiononitrile
(CB=AC50 ratio: 275, BEQ%: 10.3%), 1,3-dichloropropanone
(226, 8.42%), and MCPB (214, 7.97%). The dominant contributor
of the TOX21_AR_BLA_Antagonist_ratio assay was methyl
formate (1218, 22.1%), followed by 1-bromoheptadecane (644,
11.7%), and 1,2-dimethylhydrazine dihydrochloride (488, 8.83%).
In the TOX21_AR_LUC_MDAKB2_Antagonist_0.5nM_R1881
assay, di(2-methoxyethyl) phthalate (7.71, 23.8%), FD&C yellow
5 (7.50, 23.1%), and acetone (7.43, 22.9%) contributed the most.

In the TOX21_ERa_BLA_Agonist_ratio assay, the major con-
tributions came from 1,1':4',1''-terphenyl (538, 22.8%), sodium
nicotinate (379, 16.0%), and sodium 2,5-dimethylbenzenesulfo-
nate (361, 15.3%). In the TOX21_ERa_BLA_Antagonist_ratio
assay, 2-bromo-1-ethanol (550, 13.6%), benzyl nicotinate (379,
9.32%), and ethyl bromoacetate (224, 5.51%) were the dominant
contributors. The dominant contributors were 1-bromopentadecane
(328, 24.1%), beta-nitrostyrene (221, 16.2%), and (6Z)-non6-en-1-
ol (216, 15.9%) for the Tox21_PPARg_BLA_Agonist_ratio assay;
triacetin (1132, 18.2%), succinic anhydride (841, 17.2%), 2-(2-ami-
noethoxy)ethanol (680, 13.9%), and 2-pyrrolidinone (510, 10.5%)
for the TOX21_PPARg_BLA_Agonist_ch2 assay; propylammo-
nium nitrate (599, 51.7%), citronellol (246, 21.2%), geranyl formate
(188, 16.3%), and isopentyl benzoate (39.5, 3.41%) for the
TOX21_PPARg_BLA_Antagonist_ch1assay; and 2,3-butanedione
(7.47, 61.4%), 3-acetyldihydro-2(3H)-furanone (2.61, 21.4%) and

Figure 3. The cumulative distribution of chemical predicted CB using RF model (n=7,858). The bar indicates the median predicted CB for each chemical; the
pink area represents the predicted CB range (5%−95%) derived from the Monte Carlo simulations. Some typical environmental pollutants are labeled. Note:
CB, blood concentration; RF, random forest.
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3-mercaptopropyltrimethoxysilane (0.75, 6.15%) for the TOX21_
PPARg_BLA_antagonist_viability assay.

The top contributions of the TOX21_TR_LUC_GH3_Agonist
and assay were (4-methoxyphenyl)methanol (549, 6.20%), 2-
butene-1,4-diol (528, 5.96%), 2,3-butanedione (523, 5.90%),
and ethyl phthalyl ethyl glycolate (487, 5.50%). In the TOX21
_TR_LUC_GH3_Antagonist assay, the dominant contributors
were (3,5-dimethyl-1H-pyrazol-1-yl)methanol (638, 46.5%), phe-
nethyl anthranilate (183, 13.4%), dimethyl isophthalate (89.5,
10.3%), and sodium 2-mercaptobenzothiolate (73.2, 6.91%).

We further retrieved the applications of the top 25 chemicals of
each assay from the NCBI PubMed databases (https://pubmed.ncbi.
nlm.nih.gov) (Excel Table S8), and we recalculated their BEQ%
values after excluding drugs and endogenous substances: Food
additives such as 2,3-butanedione, methyl formate, and FD&C
Yellow 5 are used as flavoring agents or colorants, with the BEQ%
values of 61.4%, 22.1%, and 23.1% in TOX21_PPARg_BLA_
antagonist_viability, TOX21_AR_BLA_Antagonist_ratio, and
TOX21_AR_LUC_MDAKB2_Antagonist_0.5nM_R1881 assay,
respectively. Plasticizers such as dimethyl isophthalate (6.50%),
diisobutyl phthalate (4.51%), and diethyl phthalate (4.16%), which
are defined as U.S. Food and Drug Administration indirect addi-
tives used in food-contact substances, also showed significant
activity after excluding drugs and endogenous substances in
TOX21_TR_LUC_GH3_Antagonist, TOX21_PPARg_BLA_
Agonist_ch2, and TOX21_AR_BLA_Antagonist_ratio assays,
respectively. Chemicals such as propylammonium nitrate (51.7%)
and (3,5-dimethyl-1H-pyrazol-1-yl)methanol (46.3%), used for
solvents and cosmetic products, were the top contributors in
TOX21_PPARg_BLA_Antagonist_ch1 and TOX21_TR_LUC_
GH3_Antagonist assay, respectively.

Discussion
The framework described in this study provides several implica-
tions for HT chemical screening and prioritization. We used an
HT machine learning algorithm for CB predictions with key pa-
rameters, including DE, dij, Vd, and t1=2. This HT HExpPredict
approach can rapidly relate environmental chemical exposures
to in vitro bioactivity, helping drive priorities based on risk
potential.

Based on direct comparison of RMSE, MAE, MAPE, and R2

between models, we concluded that the RF model showed better
performance than the other models. The ML model developed in
this study was based on the physical and chemical properties and
exposure of the chemicals. The input data of the ML models only
included the key parameters DE, dij, Vd, and t1=2, and we used
the ML models to combine these variables to make predictions
without the other parameters, such as bioavailability and plasma
protein binding data. We noted that only 10.3% and 15.9% of our
evaluation chemicals were predicted to be over the 10-fold
boundary for the RF training and testing sets, respectively, show-
ing good predictive ability. To build this ML model, some well-
performed predictive models including the IFS approach and
SEEM3 were applied. Although these models were evaluated and
tested, it is important to note that these prediction models can
continue to be improved with the generation of more data, which
could also improve our present ML model in the future.

Uncertainty in predicting CB can be accounted for in risk pri-
oritization if the degree of uncertainty can be predicted for each
chemical. According to the results of the three MC simulations,
the prediction uncertainties of t1=2 and DE contributed approxi-
mate uncertainty to the ML prediction model. However, the
uncertainty of the ML model was underestimated because of the
lack of the Vd uncertainty. Although t1=2 and DE contributed
approximately the same degree of uncertainty, some chemicals

out of the model’s applicability domain, such as chemicals that
contain silicon, were observed to have large standard errors in the
prediction, which leads to high uncertainties for the t1=2.

The CB of phthalates such as di(2-methoxyethyl) phthalate,
dipentyl phthalate, dipropyl phthalate, dihexyl phthalate, and bis(2-
butoxyethyl) phthalate were predicted to be 7:86× 10−3 (2:75× 10−3–
1:99× 10−2), 3:08× 10−3 (7:31× 10−4–5:55× 10−3), 1:93× 10−3

(4:71× 10−4–3:01× 10−3), 1:50× 10−3 (2:95× 10−4–3:01× 10−3)
and 9:07× 10−5 ð2:97× 10−5–3:18× 10−4Þ lM, respectively. A
phthalate metabolite such as monobutyl phthalate was predicted
to bewith the CB of 2:12× 10−3 ð6:64× 10−4–3:82× 10−3ÞlM [i.e.,
0:47 ð0:15–0:85Þ ng=mL], which was consistent with the concen-
tration of 0:5 ng=mL observed in the previous study.41 Because
the exposure of phthalates is usually characterized by monitoring
the concentrations of their metabolites in the urine, our model
can HT predict the CB of these easily metabolized substances,
which is convenient for subsequent HT prioritization of their tox-
icity and risk. The CBs of bisphenol A (BPA) alternatives, such as
bisphenol AF (BPAF), were predicted to be 0:020 ð0:019–
0:021Þ ng=mL, which was similar to the GM concentration of
0.01 ng/mL determined in the previous study.42 Perfluorinated
compounds such as perfluorononanoic acid (PFNA) and perfluor-
oundecanoic acid (PFUnA) were predicted to have the CBs
of 0.21 (0.19–0.52) and 0:17 ð0:13–0:27Þ ng=mL, respectively,
which were within the GM concentration ranges of 0.11–1.88
and 0:07–1:38 ng=mL, respectively, as observed in the general
populations in 13 Chinese cities.43 However, for perfluorohexa-
noic acid (PFHxA), the predicted CB value (0.24; 95% CI:
0:21–0:26 ng=mL) was a little bit higher than the GM concentra-
tion range of 0:02–0:21 ng=mL of the 13 Chinese cities’ general
populations.43 The estimated concentration can be very useful in
the exposure or toxicity prioritization or even the mixture effect
of blood exposome.31,44,45 In this study, the potential health
effects and the causal compounds of ToxCast were summarized,
revealing several key biomarker assays. A total of 12 ToxCast
assays were used to assess the health effects of 4,893 chemicals,
which showed different risk-based prioritization patterns. In
addition to the top risk substances listed in the “Results” section, we
found it interesting that some typical AR agonists, such as 2,3,7,8-
Tetrachlorodibenzo-p-dioxin with the CB=AC50 ratio of 0.12 for
Tox21_AR_LUC_MDAKB2_Agonist assay, also showed relative
higher (97th of 4,893 chemicals) AR agonist activity owing to its
extremely low AC50 (6:45× 10−5 lM). In contrast, due to its low
CB (7:91× 10−6 lM), the BEQ%was only 0.0045%. Nonylparaben
showed relatively strong AR antagonist activity, with the CB=AC50
ratio of 2.49 and BEQ% of 0.05% in the TOX21_AR_BLA_
Agonist_ratio assay, and diethyl phthalate showed very strong AR
antagonist activity, with the CB=AC50 ratio of 230 and BEQ% of
3.59% in the TOX21_AR_BLA_Antagonist_ratio assay.

Due to the very low AC50 values, some pesticides such as
siduron and tribufos were observed to have relatively strong ER
agonist activity in the TOX21_ERa_BLA_Agonist_ratio assay,
with the CB=AC50 ratios of 15.1 and 5.92, and BEQ% of 30.49%
and 0.19%, respectively, and benzyl nicotinate (379, 9.26%) and
diallate (19.5, 0.48%) were found to have strong antagonist activ-
ity in the TOX21_ERa_BLA_Antagonist_ratio assay, with the
CB=AC50 ratios of 379 and 19.5 and BEQ% of 9.26% and 0.48%,
respectively. In the ER agonist and antagonist assays, phthalates,
BPA, and BPA alternatives were negligible due to their relatively
higher AC50. For example, the CB=AC50 ratios of BPA in the
TOX21_ERa_BLA_Agonist_ratio assay and di(2-ethylhexyl)
phthalate (DEHP) in the TOX21_ERa_BLA_Antagonist_ratio
assay were only 4:22× 10−3 and 5:07× 10−4, respectively, due to
their higher AC50 of 0.96 and 6:46 lM, respectively, although they
had relative high CB values of 4:06× 10−3 and 3:27× 10−3 lM,
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respectively. For the organophosphate compounds, the CB=AC50
ratios of dibenzyl phosphate and triisobutyl phosphate were 202
and 13.6, respectively, in the TOX21_TR_LUC_GH3_Agonist
assay, showing strong TR agonist activity. Triisobutyl phosphate
also showed strong PPAR agonist activity, with the CB=AC50 ra-
tio of 41.2 in the Tox21_PPARg_BLA_Agonist_ratio assay.

An interesting finding was that when drugs and endogenous
substances were excluded, food additives were the major contrib-
utors of BEQ% to the majority of assays (Figure 4; Figure S3)
due to high predicted exposure by SEEM3. Food additives such
as 2,3-butanedione, methyl formate, FD&C Yellow 5, and suc-
cinic anhydride showed a high potential receptor activity in AR
or PPARc (Figure 4). However, these substances are not typical
pollutants, and there are little data on their biomonitoring in
humans, raising concerns about their potential health risks. U.S.
FDA indirect additives used in food-packing materials, such as
dimethyl isophthalate, diisobutyl phthalate, and diethyl phthalate,
also showed modest potential receptor activity in TR, PPARc,
and AR. The health risk of food additives and indirect food addi-
tives should be studied further. It should be noted that, besides
nuclear receptors, adverse outcome pathways (AOP) (https://
aopkb.oecd.org) with more toxicological end points could be fur-
ther considered in future risk prioritization.

This study has several limitations. First, we could not pre-
dict the t1=2 of chemicals with a metal atom or molecular weight
over 1,000 using the IFS approach. In addition, some chemicals
had extreme properties that were out of the model’s applicabil-
ity domain, such as silicon-containing chemicals. These chemi-
cals were observed with large standard errors higher than the
predicted mean. As far as we are concerned, no computational
model can handle silicon-containing molecules at this point.
Second, the ExpoCast database was unable to cover all the
ToxCast compounds, and ExpoCast merely represents the expo-
sure of typical Americans for their historical exposure. Because
the amount of chemicals used varies with the year, the variation
of chemical exposure and the year of blood collection has a cer-
tain impact on the predicted results. Our prediction should be
periodically updated to incorporate new estimated exposure and
measured CBs of chemicals in the future. Third, models based
on subsets of measured data for chemical groups were not con-
sidered in the prediction model due to limited measured data. In
the future, more accurate prediction models based on different
chemical subsets could be built if we can collect sufficient data
as a training set. In addition, we regarded the concentrations of

blood, plasma, and serum as CBs and did not consider parame-
ters such as plasma protein binding. Nonetheless, the predicted
CBs in this study can still contribute to the concentrations’ rank-
ing of substances in human blood and the prioritization of
potential biological effects. An accurate PBPK model could be
combined with the CB prediction model of this study in the
future to predict concentrations in other organs, and animal
experiments for validation of the model should be made in the
future as well. Fourth, although the AC50 value has become a
standard way to compare potencies of chemicals in in vitro
pharmacology and toxicology studies, it may not be the best
metric for prioritization or estimating toxicological risk based
on well-designed in vitro tests. Fifth, the mode of toxic action
(MOA), which was not considered in our prediction model, is
related to the CB and metabolism of the chemical. The MOA
could be considered in future work to refine the model. Last,
the present prioritization results based on ToxCast data have
limitations in predicting the toxicities of the chemicals due to
the limited assays adopted by the ToxCast exercise, and differ-
ent chemicals were tested in different assays. Therefore, it is
still impossible to systematically evaluate the contribution of
one chemical in different toxicological end points.

In conclusion, we curated the CBs of 216 compounds and
developed ML algorithms for CB prediction, and our work
improved HT risk prioritization for large numbers of environ-
mental chemicals. Many of the high-risk chemicals in some
assays were also unexpected. This study has implications for cur-
rent efforts to overhaul existing chemical testing methods to
address the disparity in the number of tested and untested chemi-
cals. By using the HT method, chemicals could be screened in a
cost-effective and efficient manner, which provides a better basis
for informed decisions on chemical testing priorities and regula-
tory attention.
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