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Figure 1. Data Distribution of Properties of Development of QSPR Models

Correlation Between Estimated and Applicability Domain
Measured Values (cont’d)

Comparison of the Models (cont’d)

Chemicals

Quantitative structure-property relationship (QSPR) models were developed for the
prediction of six physicochemical properties of environmental chemicals: octanol-water
partition coefficient (log P), water solubility (log S), boiling point (BP), melting point (MP),
vapor pressure (VP) and bioconcentration factor (BCF). Models were developed using

* Molecular fingerprints, a series of binary bits that represent the presence (1) or
absence (0) of particular substructures in a molecule, were used as independent
variables.

* An applicability domain (AD) is a chemical structural or physicochemical space of
the training set.

» Table 4 lists regression statistics of best performing models for both 10-fold cross
validation and test set.
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» The AD of the models was assessed using a leverage-based approach that
compares a predefined threshold to the distance of query compounds from a

Figure 2a. Log P Figure 2b. Log S

* Genetic algorithm (GA; Wegner et al. 2003) was employed to select the most
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simple binary molecular fingerprints and four approaches with differing complexity: multiple M Table 4. Best Performing Models for Each Property
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where p, and p, represent different physicochemical properties and n is the
number of chemicals in each pair of properties.
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* SVR substantially outperformed the other three approaches in predicting log P, log
BCF, BP and MP with a low error rate (Table 3). However, performance of SVR
was similar to the other three approaches for predicting log S and log VP. Referen ces
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Measured log P Measured log S

» The goal of this project is to produce models that can be easily integrated with
ToxCast in vitro high-throughput screening assays and that adhere to
internationally accepted validation principles defined by the Organisation for

Economic Co-operation and Development (OECD 2004).

Abbreviations: log P = octanol-water partition coefficient; log S = water solubility; R? = coefficient of

. .. det ination; RMSE = t d .
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as the complexity of the model increases (Figure 4a). For the 600-bit model,
the SEP decreases monotonically and gradually approaches a stable value,
and the model with 42 PCs gave a minimum RMSE (Figure 4b).

solubility; log VP = log of vapor pressure.

— BP (Figure 1c) ranges from -88.60 to 548.00 C° with a median of 189.20 C°.
— MP (Figure 1d) ranges from -199.00 to 385.00 C° with a median of 85.00 C°.

— VP (Figure 1e) ranges from -13.68 to 5.89 log units (mmHg) with a median of
-2.11.

— BCF (Figure 1f) ranges from -0.35 to 5.97 log units with a median of 1.73.

— Property is the value of the physicochemical property BP RMSE  Training 22.15 22.16 20.80 14.39

BP RMSE Test 23.33 23.30 19.99 18.17
MP R? Training 0.808 0.808 0.796 0.917
MP R? Test 0.811 0.812 0.816 0.840
MP RMSE Training 38.80 38.81 38.29 26.50
MP RMSE Test 39.47 39.45 37.20 36.75

a Numbers in parentheses refer to the numbers of chemicals in each set.

— ¢is the contribution coefficient, which is determined by regression analysis

— f;is the binary bit of the jth fingerprint, with presence or absence denoted by
the numeric value 1 or O

Table 2. Correlation Coefficients (r) among Molecular Weight (MW) and Ackn owledgem ents

. . . Figure 4. Relationship Between Number of Principal Components and
the Physicochemical Properties

Standard Error of Prediction for Log P Models
Figure 4a. All Fingerprint Bits Figure 4b. 250 Fingerprint Bits

» The quality of the model depends heavily on the number of selected fingerprint

. . . The Intramural Research Program of the National Institute of Environmental Health Sciences (NIEHS)
bits, and the predictive performance of the models is enhanced remarkably when

MW log P log S MP BP log VP log BCF supported this poster. Technical support was provided by ILS under NIEHS contract

MW 0.256 -0.648 0.460 0.475 -0.721 0.367 an appropriate number of fingerprint bits were selected from GA (Figure 2). Selected by GA Log VP R2 Training 0.956 0.956 0.924 0.963 HHSN27320140003C.
Log P -0.873 -0.043 0.365 -0.387 0.830 Results_ show that the prediction for the training set is 'mproved_conthOUS|y with Log VP R? Test 0.912 0.914 0.917 0.920 The views expressed above do not necessarily represent the policies of EPA or NIH or the official
Log s 1 0.285 0444 0.564 0.825 !ncreﬁSIrlngl\/];gaéurel num'b'erl.l |ndcontraStathe tPTSt Zet fo!lqwed a dlfferer:jt_ pattem,b Log VP RMSE  Training 0.732 0.736 0.916 0.566 positions of any Federal agency. Since the poster was written as part of the official duties of the
’ ’ ’ ’ l.e. V nit r In minimum medium numbper thors, it be freel ied.
e., the alue Initially decreaseaq, attained a um at a mediu umbe Log VP e — 1.039 1.023 LG G authors, it can be freely copie
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of bits, and then gradually increased afterwards.

SEP
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- 1 -0.959 0.355

— For log P, the modeling statistics are not sensitive to the bit number, and the

Abbreviations: BP = boiling point; log BCF = log of bioconcentration factor; log P = octanol-water partition

1
N
R - 0.733 -0.833 0.163
N
N

Log VP --- 1 -0.351 model performance does not vary considerably with different subsets of . coefficient; log S = water solubility; log VP = log of vapor pressure; MLR = multiple linear regression; MP =
Log BCF ----- 1 fingerprint bits for the test set (Figure 2a). melting point; PLSR = partial least squares regression; R? = coefficient of determination; RF = random forest;
0g ] RMSE = root mean squared error; SVR = support vector regression. A summary of NICEATM activities at the 2015 SOT Annual Meeting is available on the National
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— Forlog S, the lowest prediction errors occurred on the models with moderate
complexity around 250 and 300 bits (Figure 2b).

a Highlighting indicates superior performance of SVR in predicting these properties. Toxicology Program website at http:/ntp.niehs.nih.gov/go/742110.

Abbreviations: log BCF = log of bioconcentration factor; log P = octanol-water partition coefficient; log S = water
solubility; log VP = log of vapor pressure; MW = molecular weight.

Number of components Number of components

Abbreviation: GA = genetic algorithm; log P = octanol-water partition coefficient; SEP = standard error of
prediction.

Black = single of 10-fold CV; Gray =100 repetitions of 10-fold CV.




