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The relationship of in-silico predicted physical/chemical properties and human toxicity is analyzed for
a statistically significant sample size of chemical compounds. Results for compounds with known toxicity
endpoints, as designated by EPA’s Toxic Release Inventory (TRI), are compared to a series of commercial
chemicals that are not regulated under TRI. Physical properties for all compounds are predicted using
Schrodinger’s QikProp, an established tool for predicting adsorption, distribution, metabolism, and ex-
cretion (ADME) characteristics. The results of this analysis indicate that the physical/chemical property
distributions of TRI chemicals are statistically significantly different from those of bulk commercial
chemicals, particularly related to properties associated with bioavailability. Using a partitioning analysis,
several key physical/chemical properties and ranges are identified that can be used to readily differen-
tiate TRI chemical characteristics from those of bulk commercial chemicals.

� 2009 Published by Elsevier Ltd.
1. Introduction

It is likely that there is no more greatly studied characteristic of
molecules than their ability to exhibit biological activity. Several
industry sectors, including pharmaceuticals and pesticides, are
based on this science. Billions of dollars are spent to evaluate the
toxicity of chemicals in the environment and billions more are
spent by NIH to discover new chemicals that have therapeutic bi-
ological effects.1 With over a century of scientific focus, the goal of
being able to design molecules from first principles with controlled
biological activity is still viewed as an immense challenge.2 With
the recent advances in understanding the mechanisms of toxicity,3

new strides in the field of molecular design can be made.
To this end, an analysis of the relationships of the physical/

chemical properties that are most closely linked with established
biological activity would be highly informative. Such an analysis is
possible due to the availability of empirical and modeling data
generated in the study of potential drug targets and environmental
toxins. The fields of pharmacology and toxicology are essentially
chiral disciplines whose respective tools can both contribute to this
investigation. One field focuses on how to maximize a specific
targeted therapeutic function, while the other seeks to measure,
understand, and even predict adverse biological effects. Our
s).

Elsevier Ltd.
purpose is to combine the insights of these two fields to establish
design strategies to achieve wide ranges of chemical function while
avoiding biological activity, thereby designing safer chemicals.

Of all of the chemicals that are currently in commerce today, it is
estimated that >99% have no intentional biological activity.y Yet,
molecular ‘design for function’4 has not systematically in-
corporated design for intrinsic safety as a performance criterion.5

The objective of this study is to begin to inform the generation of
heuristic design rules that would increase the probability of re-
ducing or eliminating inherent human health hazard based on an
understanding of the relationship between physical/chemical
properties, molecular structure, and toxicity.

Despite the mechanistic complexity of biological action, in 1997
Lipinski formulated the ‘Rule of Five’ of druglikeness6 of approxi-
mately 900 commercial pharmaceuticals. These ‘Rules’ describe the
predominant physical and chemical property ranges of successful
pharmaceutical candidates, including molecular weight, log Po/w

(octanol/water partition coefficient) and the number of hydrogen
bond donors and acceptors. Lipinski’s rules have become accepted
by the pharmaceutical industry as standards for screening lead
active compounds. A significant body of work has been devoted to
furthering understanding of how these physiochemical properties
are associated with favorable drug toxicokinetics.7–10 Based on
y Based on 48M commercially available chemical substances registered in the
CAS Database and w23,000 FDA-approved drugs on the market.
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these studies, the properties Lipinski described have been associ-
ated with the potential for bioavailability, ADME (Adsorption, Dis-
tribution, Metabolism, and Excretion), and favorable toxicokinetics.
Some properties, such as molecular weight, have also been well-
correlated with bioavailability and have established cut-offs.11

Many other properties, such as surface area, are known to have
effects on bioavailability but have no definitive limits.

In addition to Lipinski’s rules, Quantitative Structure Activity
Relationships (QSARs), statistical correlations between biological
activity of fragments or whole molecules, and one or more physio-
chemical properties or descriptors, have also been applied
extensively in both pharmacology12 and toxicology.13 In toxicology,
they have been used to facilitate toxicity and fate predictions by
associating physical properties with either specific biochemical
interactions that are part of toxicity mechanisms (e.g., enzyme
binding),14 or in some limited cases, with whole-organism non-
specific baseline toxicity.15 This is distinct from our efforts, which
do not aim to describe predictive models for toxicity, but rather to
attempt to derive property limits associated with reduced toxicity.

To derive a set of property criteria associated with toxic com-
pounds the vast complexity of toxicity mechanisms must be con-
sidered. This complexity is partially derived from the complexity of
the mode of action of biologically-active compounds in whole or-
ganisms. In this case, the focus is on toxic, rather than therapeutic
endpoints. However, there are significant similarities in these two
objectives: that is, designing for therapeutic effect and minimizing
toxic endpoints. For a molecule to act either as a therapeutic or
a toxic agent, it must first have a mode of entry into the organism.
The main routes of entry in humans are fourdgastrointestinal tract,
skin, eyes, and lungs. The extent to which the chemical is absorbed
into the bloodstream after entering through one of these routes is
its bioavailability. This is to say, toxicity, for the most part, is directly
dependent on the extent of the compound’s bioavailability.z A
compound must be bioavailable to be potentially toxic, but often at
much lower blood concentrations than pharmaceutical agents.16

An understanding of bioavailability is therefore critical when
considering how to alter physical/chemical properties so as to re-
duce or eliminate inherent toxicity. To reduce toxicity potential, in
addition to reducing bioavailability, one can also increase excre-
tion/reduce storage, reduce the rate of distribution, inhibit bio-
activation pathways/promote detoxification pathways, and reduce
rate of toxicodynamic interactions (covalent modifications). These
steps are illustrated in Figure 1.

Medicinal chemistry has shown that most biological in-
teractions (such as decreased bioavailability or increased de-
toxification) can be associated with specific physical and chemical
properties of potentially toxic compounds. Yet, to the best of our
knowledge, an analysis analogous to Lipinski’s that associates
physical/chemical properties with their toxicity has been not been
reported.

In the current communication, a potential base set of physical/
chemical property value ranges that statistically correlate with
adverse biological activity is reported. Physiochemical properties
are computationally predicted for three groups of chemicalsdone
with established human toxicity, one consisting of commercial
drugs, and a third that encompasses a broad range of commercially
available chemicals. The property distributions of these three
datasets are analyzed. For certain properties the toxic group of
compounds shows fairly narrow value distributions, providing in-
sight to the feasibility of a physical/chemical property-based un-
derstanding of human toxicity. A comparison of physiochemical
properties of the toxic and drug groups also yields insights that in
z Exceptions include chemicals that have topical effects, such as ones that are
corrosive, or ones that cause skin sensitization.
some cases these distributions are distinct. This analysis is the first
step to establishing value ranges of properties associated with re-
duced toxicity. Such property ‘rules’ can be directly used to inform
the designers of molecular structures to minimize or reduce tox-
icity and increase the safety of synthetic chemicals generally.

2. Experimental

2.1. General

This work analyzes computationally predicted physiochemical
properties of three groups of chemicals: (1) toxic compounds, with
established human toxicity, (2) commercially available active
pharmaceutical ingredients (APIs) of drugs, and (3) a broad group of
commercially available chemicals whose toxicity is in most cases
unknown. Physiochemical properties are predicted computation-
ally using a software package well-established for development of
APIs, Schrodinger’s QikProp.17 Subsequently, the biological activity
of these compounds based on their physical/chemical characteris-
tics was predicted. The property distributions of the three datasets
are analyzed using SAS Institute JMP software version 7.0.1.

2.2. Property predictions

Property predictions were carried out using Schrodinger’s Qik-
Prop version 2.4, a well-established program utilized in the field of
drug discovery to provide predictions for significant physical de-
scriptors and pharmaceutically-relevant biological properties of
neutral organic molecules via semi-empirical methods. Multi-
structure 2D SD files were generated for the 625 TRI compounds, 546
pharmaceuticals, as well as the 13 M compounds from the virtual
screening database ZINC, and converted to 3D structures using the
freeware molecular coordinate converter program Babel.18 Where
necessary, molecular structures were optimized prior to property
predictions with an AM1 basis set using Gaussian 03 W software.

2.3. Chemicals of known toxic effect

The 625 chemicals listed in the U. S. Environmental Protection
Agency’s (EPA) Toxic Registry Inventory (TRI) were chosen as a toxic
dataset. The Pollution Prevention Act (PPA) of 1990 mandates col-
lection of data on toxic chemicals that are treated, recycled, and
combusted for energy recovery. Together, these laws require facil-
ities in certain industries, which manufacture, process, or use toxic
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chemicals above specified amounts, to report annually on disposal
or other releases and other waste management activities related to
these chemicals.19 Of the 625, QikProp could not analyze 57 com-
pounds, which are organometallic compounds or inorganic salts.
The total number of TRI compounds analyzed in this study was
therefore 568.

2.4. Chemicals of known therapeutic effect

A group of 546 oral commercially available drugs were chosen to
represent chemicals with known therapeutic effect. The Active
Pharmaceutical Ingredients (APIs) of these drugs represent a vari-
ety of therapeutic effects, and are either proprietary or generic.

2.5. Commercially available chemicals with no experimental
toxicity data

As a large bank of chemical compounds and properties the ZINC
database was utilized. The ZINC database, provided by the Shoichet
Laboratory in the Department of Pharmaceutical Chemistry at the
University of California, San Francisco (UCSF), contains about 13 M
commercially available molecules. Medicinal chemists often utilize
it as reference bank for screening active pharmaceuticals. As a re-
sult, about 8 M of its compounds are considered drug-like in that
they meet Lipinski’s rules.

From ZINC Database of compounds (a) organometallic com-
pounds and inorganic salts, and (b) biological polymers with poorly
defined chemical structure were eliminated due to the inability of
QikProp to predict the properties of these classes of compounds.
Properties of all the remaining compounds in the database were
predicted using QikProp. 133,000 compounds were randomly se-
lected from ZINC for this analysis because inclusion of additional
chemicals did not yield significant differences in the means or
distributions of the properties reported.

2.6. Physical/chemical properties

The physical/chemical properties evaluated include molecular
weight; number of freely rotating bonds; number of reactive
functional groups; partition coefficients for octanol/water (Po/w),
water/gas (Pw/g), and octanol/gas (Po/g); aqueous solubility; Solvent
Accessible Surface Area (SASA) and its hydrophobic components
(FOSA); polar surface area (PSA); globularity; molecular volume;
number of H-bond donors and acceptors, polarizability; dipole;
electron affinity (EA); ionization potential (IP); number of rotatable
bonds; and number of atoms in rings.

2.7. Biological properties

QikProp was used to predict some properties that are consid-
ered most useful in predicting biological activity in the field of drug
discovery. These include apparent cellular permeability, in nm/s, of
two cell linesdMadin-Darby canine kidney (MDCK) cells (Affymax
scale) and Caco cells. MDCK cells are considered to be a good model
for the blood–brain barrier,20 while Caco intestine cells model ab-
sorption across the gut–blood barrier. It should be noted that Qik-
Prop predictions on MDCK cells are for orally-delivered drugs and
behavior for both MDCK and Caco predictions only take into ac-
count non-active transport. Chemicals with cellular permeability
values for both cell lines exceeding 500 nm/s are considered to be
well-absorbed through the respective barriers.21

The potential blocking ability of Kþ channels, encoded by the
human ether-a-go-go related gene (HERG), is often a potential red
flag for toxicity.22 QikProp was able to predict the log IC50 (half
maximal inhibitory concentration) values for blockage of mam-
malian HERG Kþ channels.
Skin permeability is a similarly important biological property
that was predicted by QikProp, as it governs dermal absorption.
Finally blood–brain partition coefficient was calculated.

2.8. Statistical methods

The ANOVA (ANalysis Of VAriance between groups) method is
a commonly utilized statistical test that determines whether means
of several groups are all equal. ANOVA was used to compare the
predicted mean values for the physical/chemical and biological
properties discussed previously for the three groups of chemical
compounds. To provide a measure of the range of the properties,
the 2.5% and 97.5% quantile values were used.

The statistical technique of partitioning was used to determine
which physiochemical properties can distinguish the TRI chemicals
form the ZINC group. Partitioning was performed in JMP. The al-
gorithm recursively partitions data according to a relationship be-
tween the physiochemical properties (X variables) and the TRI or
ZINC designation of each compound (Y value), creating a tree of
partitions. It finds a set of cuts or groupings of X values that best
predict a Y value. It does this by exhaustively searching all possible
cuts or groupings. These data partitions are done recursively,
forming a tree of decision rules, until the desired fit is reached.

G2 is an indication of variation in the data. R2 is a measure of the
amount of variation explained by splitting the data into groups. The
Receiver Operating Characteristic (ROC) curve is used to describe
the goodness of fit of the partitioning. It represents the count of
True Positives by False Positives as one accumulates the frequencies
across a rank ordering. The True Positive y-axis is labeled ‘Sensi-
tivity’ and the False Positive x-axis is labeled ‘1-Specificity.’

3. Results and discussion

In attempting to understand the relationship between human
toxicity, mechanism of action, and physical/chemical properties,
a preliminary analysis of the typical property value ranges for toxic
chemicals was performed. Given that prediction methods tested
against experimental datasets do exist, calculated values were
utilized. QikProp’s prediction capabilities were validated with the
available experimental data for the TRI dataset and for the prop-
erties of log Po/w, polar surface area, molecular volume, number of
rotating bonds, and hydrogen donors/acceptors. The predicted and
experimental values were highly correlated with R2 values of 0.96–
0.99. In concurrence with previous studies,21 optimization of mo-
lecular structures with at least a semi-empirical level of theory
prior to property predictions was undertaken.

3.1. Predicted physical/chemical properties

The physical/chemical properties analyzed can be grouped into
five broad descriptive categories: size; shape; flexibility/rigidity;
electronic nature; and solubility both in water and organics. The
results of predicted properties for the three sets of chemicals under
consideration, toxic, therapeutic, and bulk/commercial, are pre-
sented according to these categories.

3.1.1. Molecular size. The link between size and absorption is re-
lated to the biological barriers involved in each absorption route (i.e.,
dermal, gastrointestinal, pulmonary, and ocular).8 Compounds with
molecular weight>400 Da, for example, are considered incapable of
being absorbed by the skin,11 while those with MW>500 Da cannot
generally cross the GI tract and enter the bloodstream.23,24

Since the TRI chemicals are single molecule entities, molecular
size can be approximated by molecular weight and shape. The
molecular weight distribution of the TRI chemicals was signifi-
cantly different from that of the ZINC set (Fig. 2). The 2.5 and 97.5%
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quantiles observed for the distribution of molecular weights of the
TRI compounds fall within 43–461 Da (Table 1). These results in-
dicate that the weights of the large majority (greater than 92%) of
the TRI compounds fall well within the molecular weight range for
likely absorption. A hypothesis explaining the outliers is that they
are compounds that contain hydrolysable linkages, which facilitate
their degradation in the stomach to smaller compounds. These
metabolites can then pass through the GI tract. The molecular
weight distribution of the drug compounds falls between those of
the TRI and ZINC, with a mean of 331 Da.
Table 1
Physical and chemical properties of the 568 TRI compounds compared with 546 commercial drug compounds and 133,667 randomly selected compounds from the ZINC
Database

Property category Property Mean (2.5 and 97.5% Quantiles) Range or recommended
values for drugsa

TRI (toxic) compounds Drug compounds ZINC database compounds

Flexibility Number of rotatable bonds 2.07 (0, 10.00) 5.48 (0, 15.20) 5.66 (1.00, 11.00) 0–15
Number of ring atoms 6.92 (0, 22.00) 13.64 (0, 28.00) 16.87(6.00, 27.00) d

Shape Globularity 0.91 (0.79, 0.99) 0.84 (0.74, 0.93) 0.80 (0.74, 0.89) 0.75–0.95

Electronics Dipole (Debye) 4.45 (0, 18.12) 5.23 (0.98, 11.72) 6.42 (1.52, 13.63) 1–12.5
HB donors 0.62 (0, 3.00) 1.48 (0, 5.00) 1.07 (0, 3.00) 0–6
HB acceptors 2.68 (0, 9.53) 5.79 (1.54, 14.54) 6.46 (2.53, 11.00) 2–20
Polarizability (Å3) 18.32 (2.56, 43.53) 34.33 (13.82, 63.83) 40.84 (23.83, 53.53) 13–70
IP (eV) 9.44 (5.98, 11.81) 9.01 (7.86, 10.59) 8.85 (7.61, 9.83) 7.9–10.5
EA (eV) 0.41 (�3.25, 3.46) 0.53 (�0.81, 1.79) 0.83 (�0.22, 1.89) �0.9 to 1.7

Size Molecular weight (Da) 206.21 (43.23, 461.17) 331.67 (112.27, 645.21) 395.88 (234.12, 504.12) 130–725
Solvent Accessible
Surface Area (Å2)

384.12 (176.63, 714.98) 596.23 (349.56, 999.27) 684.64 (461.23, 857.77) 300–1000

FOSA (Å2) 120.23 (0, 441.65) 271.45 (0, 650.88) 265.36 (26.25, 531.66) 0–750
Polar surface
area (Å2)

36.84 (0, 122.26) 77.22 (6.52, 192.56) 84.62 (29.34, 149.76) 7–200

Volume (Å3) 617.34 (216.65, 1273.29) 1021.60 (447.03, 1932.34) 1202.76 (768.45, 1530.06) 500–2000

Solubility log Poct/water 2.03 (�2.14, 6.99) 2.47 (�1.96, 6.61) 3.59 (0.56, 6.28) �2.0 to 6.5
log Poct/gas 10.75 (1.30, 22.70) 16.87 (6.63, 36.08) 19.25 (11.33, 25.97) 8–35
log Pwater/gas 5.08 (0.16, 12.24) 10.36 (2.79, 25.07) 11.06 (5.17, 17.64) 4–45
log Pwater/sol �2.31 (�9.11, 1.79) �3.50 (�7.39, �0.01) �5.30 (�8.22, �1.94) �6.5 to 0.5

a For 95% of known drugs.21
Since solvent accessible surface area (SASA) should be corre-
lated to molecular weight, a similar trend to molecular weight is
predicted. Although SASA is also known to have an effect on bio-
availability,25 the limits of SASA beyond which a compound
becomes significantly less bioavailable are not well defined. The
2.5–97.5% limits of the TRI compounds fall between 176 and 714 Å2

(Fig. 3). These values are significantly different from those of the
commercial chemicals, and the means of all three groups are
significantly different (Fig. 2, ANOVA). The drugs are larger than the
TRI chemicals on average, with a range between 128 and 664 Å2.

The non-polar component of SASA (in Å2) is on average smallest
for TRI, followed by the drug and the ZINC groups. However, as
a fraction of the SASA its variability is not very high �31%, 45% and
38%, respectively, for the three groups.

Polar surface area (PSA) is considered to be an important
property in prediction of oral bioavailability of drugs.25 In fact, it
has been reported that membrane permeability can better be cor-
related to PSA than molecular weight.25–29 Veber9 reported that
active pharmaceuticals after oral administration generally showed
bioavailability exceeding 20% in rats. Datasets for the artificial
membrane permeation rate and for rate of clearance (elimination
from body through excretion) in the rat also showed that reduced
polar surface area correlates better with increased permeation rate
than does lipophilicity (log Po/w).9 From the predicted property data
for TRI compounds, there is a predominance of compounds with
low PSA, with an upper 97.5% limit at 122 Å2 (Fig. 4). Since it falls
well within the limit of <140 Å2, the set of TRI compounds appear
to be orally bioavailable.

3.1.2. Molecular shape. The predicted molecular descriptor that
best describes molecular shape was globularity. Globularity is de-
fined as:

Glob ¼ 4Pr2=SASA
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where r¼radius of a sphere with a volume equal to the molecular
volume. This implies that highly spherical molecules have glob-
ularity values approaching 1.

The 2.5–97.5% limits of the globularity of the TRI chemicals were
0.79–0.99 with a mean of 0.908, significantly higher than the mean of
globularity of the randomly sampled ZINC database (Glob¼0.80,
Fig. 5). Both of these distributions were significantly different from
that of the orally-administered drugs, whose range fell between 0.74
and 0.93. For all three datasets, but especially the drugs, these ranges
fall within the desirable range for drug candidates of 0.75–0.95.21 The
mechanistic connection between bioavailability and globularity still
remains to be experimentally explored, but some feasible possibilities
include (a) a direct influence on membrane transport and/or (b) an
indirect influence on bioavailability by affecting water and lipid sol-
ubility depending on the polarity of the SASA.
Figure 5.
3.1.3. Flexibility. Understanding the impact of molecular rigidity
(or flexibility) on bioavailability is not as straightforward as un-
derstanding the impact of molecular size. It is possible that in-
creased rotational degrees of freedom may result in a larger
diffusional cross section, adversely influencing membrane perme-
ability.23 However, flexibility could also decrease crystallinity of the
solute, resulting in improved aqueous solubility and enhanced
absorption.30 It has been reported9 that reduced molecular flexi-
bility, as measured by the number of rotatable bonds, along with
other electronic parameters, can be used as an important predictor
of good oral bioavailability, independent of molecular weight.
Veber9 reported that active pharmaceutical compounds with less
than 10 freely rotatable bonds were most likely to have high bio-
availability. An analysis of the distribution of the number of freely
rotatable bonds in the TRI chemicals indicates that the 95% limit is
nine freely rotatable bonds (Table 1). This indicates that the TRI
chemicals either are very rigid (contain rings and double bonds),
and/or have low molecular weights (smaller molecules are expec-
ted to have fewer freely rotatable bonds) (Fig. 6).
Since rings are generally considered to contribute to molecular
rigidity, the number of ring-associated atoms for each compound
can be used to compare rigidity. This difference can also be cap-
tured in the means of the two distributions (6.92 vs 13.6 atoms in
rings/compound). This difference could be attributable to the
smaller average molecular size of the TRI compounds compared to
the ZINC. Even though most of the rings in TRI compounds are five-
or six-membered, an estimated 6% of the compounds do have
atoms in three or four member rings. This is significantly different
from the distribution of the compounds in the ZINC database, in
which only 3% have any atoms in three or four member rings. Such
strained rings (three or four member rings), as those found more
predominantly in the TRI chemical set, tend to be highly reactive
and therefore if they can become bioavailable, have the potential to
cause intrinsic damage to cellular macromolecules.

3.1.4. Electronic properties. Considering that most toxicity mecha-
nisms involve some specific toxicodynamic interaction, such as
covalent binding to cellular constituents like DNA or proteins, toxic
compounds would likely exhibit trends in electronic properties,
such as polarizability, dipole moment, and electron affinity. Less
clear, however, is precisely how electronic properties also influence
bioavailability by specific routes. An indirect effect on bio-
availability is expected through an effect of solubility. If one in-
cludes hydrogen bond (HB) donors and acceptors in the group of
electronic properties, there is the likelihood for indirect effects on
water solubility and thus octanol/water partitioning, subsequently
influencing bioavailability. Lipinski’s rules state that bioavailable
compounds have no more than 5 HB donors and 10 acceptors. The
TRI dataset indicates a corresponding 97.5% limit of 3 HB donors
and 9.5 acceptors (Fig. 7).

Also of note is that the TRI chemicals have significantly fewer
nitrogen (N) and oxygen (O) atoms than the average compounds
from the ZINC database. A lack of N and O atoms also influences
polarity and relates to the smaller observed dipole moments for
these compounds. The distribution of dipole moments of the TRI
compounds versus those in the ZINC database appears to bias
compounds with small dipole moments, with a 97.5% limit of
18.1 D. Although the 90% limit of the ZINC dataset is only 13.6 D, the
latter set has a pseudonormal distribution at a maximum of 5 D,
while the TRI group has an exponentially decreasing distribution,
with a mode of 0–1 D (Fig. 8). For comparison, the highly toxic
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methyl iodide, which is known to be a powerful methylating agent
of biological molecules, has a dipole moment of 2.45 D according to
QikProp.
Figure 8.
The calculated polarizability is considered to represent the ex-
tent to which an electric field can influence the charge distribution
in a molecule. The principal influence of polarizability on bio-
availability would be most likely derived from water solubility of
crystalline compounds. The difference in distributions of means is
significant between the TRI set and the ZINC database, 18.3 and
34.3, respectively. This indicates that this group of toxic compounds
do have significantly lower polarizability than the average in the
ZINC database. This is linked to the partition between lipid and
water solubility.31 An analysis of our predicted property data from
the ZINC database as well as the TRI group indicates an inverse
relationship between predicted polarizability and log of water
solubility (Fig. 9a) and a positive correlation with solubility in the
non-polar hexadcane (Fig. 9b).
3.1.5. Solubility. Experimental or calculated aqueous and lipid
solubilities are essential to understanding a compound’s bio-
availability considering that aqueous transport and lipid bilayer
permeability control bioavailability and distribution of a chem-
ical in the human body. As such, Lipinski’s rules indicate that
log Poct/water is vital in predicting bioavailability.6 In addition, in
studies aimed at understanding ecotoxicity, log Poct/water has
been related directly to bioaccumulation in fish.32 The aqueous
solubility and the solvent/gas partition coefficients, considering
both water and octane as solvents (Pwater/gas and Poct/gas, re-
spectively), were evaluated in addition to the log Poct/water. These
parameters are important in understanding transport and per-
meability of vapors (such as gases dissolving on alveolar mem-
branes in lungs) (Fig. 10).

The data for Poct/gas indicates decreased lipid solubility among
the TRI compounds compared to both drug compounds and the
ZINC database (log Po/g mean for TRI¼10.7; drug¼16.8; ZINC¼19.2).
The same trend is observed for the water/gas partition (log Pw/g

mean for TRI¼5.08; drug¼10.3; ZINC¼11.0). This trend agrees with
the low polarity and smaller molecular size of the TRI compounds
compared to the drug and ZINC datasets.

3.2. Predicted biological interactions/properties

The permeability into cells is typically predicted using several
model cell types as described in Section 3. As described previously,
the MDCK epithelial cell lines are commonly used as a possible tool
for assessing the membrane permeability properties of blood–brain
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barrier for early drug discovery. Caco-2 cells, on the other hand, are
immortalized lines of heterogeneous human epithelial colorectal
adenocarcinoma cells33 that are widely used with in vitro assays to
predict the absorption rate of candidate drug compounds across the
Table 2
Biological properties of the 568 TRI compounds compared with 546 commercial drug co

Property category Property Mean (2.5 and 97.5% quantiles)

TRI (toxic) compounds Drug c

Organ permeability log (human skin
absorption)

�2.22 (�5.80, 0.13) �3.39

log (blood–brain) �0.16 (�1.67, �0.794) �0.58
Cell permeability/

channel blockers
log (HERG IC50) �3.40 (�6.05, �0.866) �4.69
Caco (nm/s) 4453.45 (18.02, 9906.45) 1122.3
MDCK (nm/s) 4503.34 (25.65, 10,000.00) 1299.7

a For 95% of known drugs.21
intestinal epithelial cell barrier. Notably, for both cell lines consid-
ered, the TRI compounds showed significantly increased perme-
ability rates compared to both the drug and ZINC datasets (Fig. 11).
This again points to greater bioavailability for the TRI compounds.
Finally, human skin permeability, log Kp, was calculated for the
three sets of compounds. In this case none of the datasets had
means that fell in the range of good skin absorption (�8 to �10),
indicating that only 0.5% of the TRI chemicals are significantly
bioavailable through dermal absorption. It should be noted, how-
ever, that this does not take into account any local effects, such as
skin sensitization or corrosive strength of these compounds.
3.3. Partitioning analysis to interpret most relevant
physiochemical properties

Partitioning was performed using all the physiochemical and
biological properties in Tables 1 and 2, yielding results that
identify the groupings of physiochemical values which best dis-
tinguish the TRI and ZINC groups. Figure 12 illustrates the tree
mpounds and 133,667 randomly selected compounds from the ZINC Database

Range or recommended
values for drugsa

ompounds ZINC Database compounds

(�7.58, �0.65) �2.18 (�4.76, �0.28) �8 to 10

(�3.17, �0.83) �0.79 (�2.32, 0.39) �3.0 to 1.2
(�7.88, �1.06) �5.65 (�7.63, �3.14) >�5
0 (1.20, 7354.83) 1381.24 (47.98, 5567.98) <25 poor, >500 great
0 (1.09, 100,001.00) 1884.34 (31.34, 10,000.89) <25 poor, >500 great
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diagram and partition graph representing the best splitting where
TRI is red and ZINC is blue. The first split occurred by using a value
of 12.77 for the log Poct/gas predicted parameter, resulting in dis-
tinguishing 471 TRI chemicals from the ZINC sample. The next
split occurred by using a value of 17.409 for the predicted polar-
izability, which distinguished 304 TRI compounds and no mem-
bers of the ZINC set. The real significance of this analysis comes
from the fact that if the group of predominantly ZINC compounds
is examined (with log Poct>12.77 and SASA>596.8 Å2) a set of
properties that exclude 94% of the toxic TRI compounds has been
identified.

This partitioning was repeated with three random samples from
the ZINC database, and showed little variation. The goodness of fit
was represented by a ROC curve, shown in Figure 13. This analysis
implies that the toxic chemicals can be described by as little as
three physiochemical properties and specific ranges. In each of the
partition analyses the octanol/gas partition coefficient was always
selected as the most significant partitioning property, with the
dividing value falling between 11.7 and 13.8. Size was the second
property, which was usually represented by SASA, but in one case
by molecular volume. Finally polarizability was the property used
to split the remaining ZINC chemicals from the predominantly TRI
grouping.
4. Conclusions

The development of design protocols based on physical/chem-
ical properties will require an understanding of the fundamental
relationships between biological activity, specifically toxicity, and
these properties. By comparing the dataset of toxic chemicals (Toxic
Release Inventory database), therapeutic dataset (pharmaceutical
database), and the random dataset (ZINC database), distinctions
between these classes of chemicals have been identified. The
compounds in the Toxic Release Inventory list are shown to share
some relatively narrow property boundaries, all of which are di-
rectly or indirectly linked to bioavailability. With this analysis as
a basis, the crucial characteristics that make up ‘toxic chemical
space’ and ‘safe chemical space’ can be recognized and understood.
In addition, the analysis has elucidated which of these properties
has the highest degree of distinction between toxic chemicals and
the random or therapeutic chemicals set. With this insight, the
basis for a set of design rules or guidelines to be considered in the
design of safer chemicals begins to emerge.

Future work will include a focus on chemical datasets with full
toxicity characterization documenting the lack of any adverse
biological activity to provide a verification of these initial analyses.
In addition, chemical classes that are known to undergo metabolic
transformations and degradations will be explored to understand
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the impact on the analysis and how these properties affect the
fundamentals of potential design rules.
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