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Random forest (RF) is a machine-learning ensemble method with high predictive

performance. Majority voting in RF uses the discrimination results in numerous decision

trees produced from bootstrapping data. For the same dataset, the bootstrapping

process yields different predictive capacities in each generation. As participants in the

Toxicology in the Twenty-first Century (Tox21) DATA Challenge 2014, we produced

numerous RF models for predicting the structures of compounds that can activate

each toxicity-related pathway, and then selected the model with the highest predictive

ability. Half of the compounds in the training dataset supplied by the competition

organizer were allocated to the validation dataset. The remaining compounds were

used in model construction. The charged and uncharged forms of each molecule were

calculated using the molecular operating environment (MOE) software. Subsequently,

the descriptors were computed using MOE, MarvinView, and Dragon. These combined

methods yielded over 4,071 descriptors for model construction. Using these descriptors,

pattern recognition analyses were performed by RF implemented in JMP Pro (a statistical

software package). A hundred to two hundred RF models were generated for each

pathway. The predictive performance of each model was tested against the validation

dataset, and the best-performing model was selected. In the competition, the latter

model selected a best-performing model from the 50% test set that best predicted

the structures of compounds that activate the estrogen receptor ligand-binding domain

(ER-LBD).

Keywords: random forest model, estrogen receptor ligand-binding domain, model-selection, Tox21 DATA

Challenge 2014, pattern recognition

INTRODUCTION

The Toxicology in the Twenty-first Century (Tox21) challenge, launched in the United States in
2008, is the largest study of toxic substances to date (Shukla et al., 2010). The Tox21 project is
promoted as a collaborative research among the National Institute of Health (NIH), Environmental
Protection Agency (EPA), and Food and Drug Administration (FDA), and accords with the
Memorandum of Understanding, which outlines the legal requirements of collaboration among
U.S. public institutions (http://epa.gov/ncct/Tox21/; Ettlin, 2013; Tice et al., 2013). Tox21 is a
far-reaching plan embracing the understanding of toxicities, establishment of evaluation systems,
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comprehensive experimental analyses, and constructions of
prediction methods. Tox21 provides a chemical library of
approximately 10,000 typical toxic compounds (the Tox21 10K
library) as proper objects for toxicity evaluations (Hsieh et al.,
2015). Activation and inhibition of various nuclear receptors
such as the androgen receptor (AR), aryl hydrocarbon receptor
(AhR), Ligand-binding domain of the androgen receptor (AR-
LBD), estrogen receptor α (ER), ligand-binding domain of
the estrogen receptor α (ER-LBD), aromatase and peroxisome
proliferator-activated receptor γ (PPAR-γ), and stress response
pathways such as nuclear factor (erythroid-derived 2)-like
2/antioxidant responsive element (ARE), ATP-ase family AAA
domain containing 5 (ATAD5), heat shock factor response
element (HSE), mitochondrial membrane potential (MMP), and
p53 were selected as investigation items in toxicity evaluation
for the Tox21 10K library based on a published research for key
regulatory pathways that integrate genetic and environmental
modulators (Gohlke et al., 2009). One goal of Tox21 is
to construct prediction models of toxicity-related biological
activities from chemical structures. NIH’s National Center
for Advancing Translational Sciences (NCATS) organized the
Tox21 Data Challenge 2014, in which participants compete
in predicting biological toxic responses using computational
toxicology technologies (https://tripod.nih.gov/tox21/challenge/
index.jsp). Competitors predicted the existence of unpublished
activities of various “evaluation set compounds” from the
chemical structures and known activities of “training set
compounds” extracted from the Tox21 10K library. The
competition targets were the 12 proteins/pathways mentioned
above, including PPARγ and p53 (Shukla et al., 2010). On a
homepage designed for the challenge, the organizers uploaded
the chemical structures of approximately 8,000 compounds in
the Tox21 10K library as the target data, and their assay results
of the proteins/pathways as the training set. As the evaluation
set, they also offered the chemical structures of 647 compounds
without the assay results. Each model submitted by the registered
teams was ranked by its ability to predict the activities in
the evaluation set. We registered the prediction results of
7 proteins/pathways based on random forest (RF) models
(Breiman, 2001) with elaborate technologies, which yielded
excellent prediction results. In particular, among the submitted
models, our model best predicted the active compounds in
the ER-LBD assay system (http://ncats.nih.gov/news/releases/
2015/tox21-challenge-2014-winners). The RFmethod constructs
many decision-trees and averages the predicted values to obtain
the final ones. Trees are grown by bootstrapping samples of
observations, and each split on each tree considers a randomly
sampled descriptor. The current study describes the construction
of our model and the characteristics of the prediction results in
the Tox21 data challenge 2014.

MATERIALS AND METHODS

Conformations
The training dataset includes both chemical structures and
activities; the evaluation dataset includes only the chemical

structures. Both datasets were downloaded from the homepage
set up for the challenge (https://tripod.nih.gov/tox21/challenge/
index.jsp). The prediction model for discriminating between
active and inactive compounds in the assays of each sub-
challenge was constructed from the training dataset in the SDF
files. The SDF files were changed to mdb file format by molecular
operating environment (MOE) 2013.08 (Chemical Computing
Group Inc., Quebec, Canada), which also cleaned up the chemical
structures, removing smaller molecules such as counter-ions.
Meanwhile, the charged and uncharged forms of each molecule
were calculated using the protonation function in MOE. In other
words, if there were chargeable functional groups in a chemical
structure, both charged and uncharged forms were generated
for that structure. Partial charges with force field (MMFF94x)
parameters were allocated to the atoms in each molecule
(Halgren, 1996). Next, the local-minimum 3D conformations
of the charged and uncharged forms were computed by the
MOE’s Rebuild3D minimization function. The charged and
uncharged forms might introduce different descriptors with
different 3D/topological conformations and counts of functional
groups. Therefore, acquisition of the descriptors should provide
detailed molecular information on each chemical structure.

Descriptors
A variety of descriptors were computed by 3 software packages:
MOE, MarvinView 5.12.4 (ChemAxon Kft., Budapest, Hungary),
and Dragon 6 (Talete srl., Milano, Italy). Excluding the
overlapping descriptors, 4071 descriptors were selected for
constructing the prediction models. These descriptors are
summarized in Supplemental Table 1. However, some of the
descriptors could not be calculated in lithium, which was
included in the evaluation datasets. Because the structural and
physicochemical properties in lithium were dissimilar to all
other compounds in the datasets, the activity of lithium was
evaluated with the lowest probability among the compounds in
the evaluation datasets.

Datasets
In seven of the sub-challenge targets (ER, ARE, p53, PPAR-γ,
ATAD5, ER-LBD, and AhR), half of the compounds in each
training dataset were randomly selected as the validation dataset
(50% test set). The remaining compounds in the training datasets
(50% training set) were used to construct the prediction models.
That is, the 50% test set was used to externally validate the
constructed models but not the internal data generating the
RF resampling processes. The evaluation process is outlined in
Figure 1. The evaluation set in Figure 1 is the final evaluation
set prepared by the competition organizer. This set included 647
chemical structures without their assay results during the period
of the competition.

Pattern Recognition and Rigorous
Selection
Pattern recognition analyses of these descriptors were performed
by the RF method (Breiman, 2001) using the bootstrap-forest
function in the statistical software package JMP Pro 10.02 (SAS
Institute Inc., Cary, NC, USA).
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FIGURE 1 | Datasets used in model construction.

Because they perform bootstrapping, RF models have
different predictive performances for the same combination of
hyperparameters. The contribution of a combination can be
checked by comparing the performance of that combination
with the average performance of plural models. Therefore, to
select the best combination of hyperparameters, we estimated
at least 10 models with each combination. The hyperparameter
decision step was based on data sets with ER-LBD. Specifically, we
estimated the discrimination abilities of themodels for predicting
compound activities by the area under the receiver operating
characteristic curve (ROC–AUC), which scores the probability
of activity of the compound. The predictive performance of
each model contributed from 50% of the ER-LBD training set
was evaluated on the 50% test set in the assay result. Based
on the investigations, the hyperparameters were set as follows:
Number of Trees, specifying the number of trees to grow before
averaging (100), Number of Terms, denoting the number of
columns specified as predictors (1032), Bootstrap Sample Rate,
specifying the proportion of observations sampled in each tree
growth (1), Maximum Splits Per Tree, defining the minimum
number of splits in each tree (2000), and Minimum Size Split,
defining the minimum number of observations required for
candidate splitting (2). The same hyperparameters were applied
in all predictions of all targets. Using combinations of these
hyperparameters, from 100 to 200 RF models were generated
for each target (the numbers of the models, decided a priori,
were 192, 100, 150, 109, 151, 200, and 132 in ER, ARE, p53,
PPAR-γ, ATAD5, ER-LBD, and AhR, respectively), and their
predictive performances were evaluated on the 50% test set
in each sub-challenge. After the competition, the assay results
of the evaluation set were available for viewing. Therefore,
we could compute the ROC-AUC values in the evaluation
set and the prediction results of the numerous RF models
for ER-LBD constructed by the above method. The modeling
process was validated in ROC-AUC comparisons of the 50%
training set and 50% test set (Figure 2). In this validation,
prediction values in the 50% training set and 50% test set as
well as in the evaluation set were recalculated for the different
values of the hyperparameters, Number of Terms (1–1000), and
Maximum Splits Per Tree (2–400) during the construction of 190
models.

Computational Environment
All simulations were performed on a desktop personal computer:
Endeavor MR7200-M (Epson Direct Corporation, Nagano,
Japan) with Windows 7 sp1 (64 bit), an Intel R© Core™i7-4790
CPU (3.6 GHz), and 32.0 GB RAM.

RESULTS

Rigorous Selection
Figure 2 presents the relationships among the ROC-AUC values
of ER-LBD obtained by the RF models in the 50% training
set, 50% test set, and evaluation set for different values of
the hyperparameters Number of Terms (1–1000) and Maximum
Splits Per Tree (2–400). The AUC values in the 50% training set
were well-correlated with those in the 50% test set. However, the
AUC values in the 50% test set and the final evaluation set were
not simply correlated; rather, there was an optimal point at which
the AUC of the 50% test set corresponded to the highest AUC of
the evaluation model.

Targets
The RF models described in the Methods section were
constructed for 7 targets; namely, ER, ARE, p53, PPAR-
γ, ATAD5, ER-LBD, and AhR. Using these models, we
predicted the activities of the compounds included in the
final evaluation set of the targets. The model performances
were evaluated by their ROC–AUC values and their rankings
in the Tox21 data challenge 2014 (Table 1; https://tripod.
nih.gov/tox21/challenge/index.jsp). In the competition, 125
participants were registered from 18 countries, and finally, 40
teams from 11 countries submitted prediction models (Huang
et al., 2015). Most of our models were within the top 10
of the registered sub-challenges. In particular, our models
achieved the highest ROC–AUC in the ER-LBD sub-challenge.
The estimated scores of the compounds in the evaluation
set of each target are plotted against the assay results in
Figure 3.

DISCUSSION

In constructing the prediction models, we considered the various
factors discussed below.

Charged and Uncharged Forms
For chemical structures with chargeable functional group(s), we
generated both the charged form under neutral pH conditions
and the uncharged form. The structures of these forms should
differ in their numbers of functional groups and optimized
3D-conformations. Therefore, by constructing both forms, we
can extract more structural information from each molecule
because of the greater variety of generated descriptors. Actually,
a previous investigation confirmed that including the descriptors
from both forms improved the predictive ability of the RF
models, relative to descriptors from unilateral forms (data not
shown).
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FIGURE 2 | Relationships among the ROC-AUC values of numerous prediction models in the ER-LBD test, training and evaluation datasets for

different values of the hyperparameter Number of Terms (1–1000) and Maximum Splits Per Tree (2–400) during the construction of 190 models. R2 and

RMSE means determination coefficient and root mean squared error, respectively.

TABLE 1 | ROC–AUC values of the RF models.

Target assay Category ROC-AUC Best ROC-AUC Ranking

ER-LBD Nuclear receptor 0.827 0.827 1

ATAD5 Stress response pathway 0.812 0.828 3

ARE Stress response pathway 0.802 0.84 7

ER Nuclear receptor 0.783 0.81 7

AhR Nuclear receptor 0.901 0.928 8

p53 Stress response pathway 0.826 0.88 10

PPAR-gamma Nuclear receptor 0.718 0.861 15

ROC–AUC values are the results of the author’s study. Best ROC-AUC denotes the best result in the Tox21 data challenge 2014. Ranking refers to the authors’ results.

Usage of Numerous Descriptors
To maximize the information on the chemical structures,
we calculated numerous descriptors including structural
and physicochemical features using the MOE, Marvin,
and Dragon software packages. Approximately 10,000
descriptors were generated from the above-described charged
and uncharged forms. After discarding the overlapping
descriptors, we obtained 4,000 descriptors for the modeling
studies.

RF Model
The model construction was based on the RF algorithm
(Breiman, 2001), which has advantage of high prediction
potency, low computational cost, handling of large and
prejudiced data, and resistance to effects containing outliers
(Bruce et al., 2007). On account of its high cost performance,
model construction by RF can proceed in standard computing
environments. Because it ranks the contributions of the model
descriptors, the RF algorithm can also estimate the importance of
physicochemical features of the compounds during interactions
with biopolymers such as proteins. For instance, the importance
of the descriptors in constructing the ER-LBD model was
estimated from the entropic changes and the descriptor-
usage numbers at the split points. In this model, the most
significant descriptors were the number of aromatic hydroxyls
(nArOH) and the smallest eigenvalue (n.1) of the mass-weighted

Burden matrix (SpMin1_Bh_m) (sup. Table 1) (Burden, 1989;
Todeschini and Consonni, 2009). Such characteristics of the RF
algorithmmight provide useful knowledge for understanding the
interactions.

Rigorous Model Selection
A high-performance model was selected among numerous RF
models. When constructing the RF models, we performed
bootstrap sampling of compound–descriptor combinations.
Because the bootstrap process is repeated randomly, each
constructed model has a unique predictive ability. For example,
the average, highest and lowest ROC-AUC values among
numerous ER-LBD prediction models in the trial shown in
Figure 2 were respectively 0.869, 0.998, and 0.762 in the 50%
training set, 0.802, 0.876, and 0.715 in the 50% test set, and 0.743,
0.850, and 0.650 in the evaluation set. Selection of the submitted
models was based on their prediction potentials in the 50% test
set. The competition rules allowed free selection of the target
pathways for submission. Our 7 targets were selected from the
12 pathways for no special reason. Although we did not attempt
to predict the active compounds in the remaining five pathways,
we expect that our method would predict these with equal
efficacy.

Furthermore, our rigorous model selection strategy
successfully predicted the ATAD5, ARE, ER, AhR, and
p53 pathways. The ROC–AUC values obtained for
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FIGURE 3 | Estimated scores of compounds in the evaluation set. Act and Inact denotes the active and inactive results in each assay.

these pathways ranked among the top 10 registered
by competitors (Table 1). In contrast, the predictive
performance of PPAR-γ (ROC–AUC = 0.718) was ranked
at 15. Such varying performance for different targets might
reflect varying compatibility with the hyperparameter
combination in the RF modeling. The hyperparameter
combination was determined from the training data for
ER-LBD, and might be markedly suboptimal for PPAR-γ
prediction.

After the competition, the assay results of the compounds
in the evaluation set were opened for viewing, so we could
validate the current construction method of the RF models.

Scatter plots between the ROC-AUC values in the 50% test
set and evaluation set revealed a strong correlation between
the 50% test set and the evaluation dataset, confirming the
prediction potential of the models for this dataset (Figure 2).
This result supports the strategy of selecting the best model
from numerous RF models, based on their ROC-AUC values
of the 50% test set. However, the optimal combinations of
hyperparameters for predicting the evaluation set and the 50%
test set were non-identical. The best-performing models for the
test set may be overfitted. To improve the model selection,
we should use the current results to refine the hyperparameter
combinations.
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CONCLUSIONS

We have constructed a high-performance single RF model
for biological pathway prediction. The method succeeded by
rigorously selecting the best model among numerous previous
models. Each of the previous models has a unique performance
because of the bootstrap data sampling used in model
construction. Increasing the number of previous models and
refining the hyperparameter combinations might improve the
final model. In other words, the generalizability of the prediction
models can be influenced by the number of generated RF
models, which depends on the performance of the computational
environment.
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