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The Many Cards Up ‘Computational Sleeves’: 
Reshaping In Silico Tools Used In Drug Discovery To 
Design Safer And Functional Chemicals 





“Chemical products should be designed to affect their desired 
func8on while minimizing their toxicity” (4th principle of Green 

Chemistry)

Reac%ve	Approach	
	
-  iden'fy	hazardous	chemicals	from	

those	already	in	existence	
-  evaluate	chemical	alterna'ves		
-  hazard	assessment	

	

Proac%ve	Approach	
	
-  Design	a	new	chemical	that	has	a	

superior	safety	profile	to	chemicals	
in	the	market	

-  Redesign	an	exis'ng	chemical	to	
minimize	biological	ac'vity	

-  Requires	that	chemists	consider	
biological	ac%vity	alongside	
func%on	at	the	design	stage	

	

Anastas, P. and Warner, W. Green Chemistry: Theory and Prac4ce, Oxford University Press: New York, 1998.

Alterna8ve approach to alterna8ves assessment



Case study: Organophosphorus flame retardants
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Lipinski’s rule of five for drug likeness  


Lipinski’s	Rule	of	Five	
1.  Not	more	than	5	hydrogen	bond	donors	
2.  Not	more	than	10	hydrogen	bond	

acceptors	
3.  Molecular	weight	under	500	D	
4.  Octanol-water	coefficient	(logP)	<	5	

5	

Lipinski,	1997	
~90%	of	drugs	on	the	market	have	the	following	proper'es	in	common:	

	Lipinski,	C.	et	al,	Adv.	Drug	Del.	Rev.	2001,	46:	3–26	



Rule-based safer chemical design for acute and chronic aqua8c 
toxicity of commercial chemicals

•  Based	on	555	compounds	tested	in	Fathead	minnow	
(US	EPA,	validated	and	diverse	dataset)	
	

•  Data	group	by	category	of	concern:	

Voutchkova,	A.;	Kostal,	J.;	Steinfeld,	J.;	Emerson,	J.	W.;	Brooks,	B.	W.;	Anastas,	P.;	Zimmerman,	J.	B.	Towards	ra'onal	molecular	design:	deriva'on	of	property	
guidelines	for	reduced	acute	aqua'c	toxicity.	Green	Chem.	2011,	13,	2373-2379.		
Kostal,	J.;	Voutchkova,	A.;	Zimmerman,	J.	B.;	Anastas,	P.	Iden'fying	and	Designing	Chemicals	with	Minimal	Acute	Aqua'c	Toxicity.	Proc.	Natl.	Acad.	Sci.	USA	
Early	edi'on	2015,	112,	6289-6294	

domain applicability, overtraining, and model bias (32). As
a result, QSARs have not successfully replaced in vitro and in
vivo testing for many endpoints (33, 34). Further, QSARs are
not intended to directly inform chemical design, as they cannot
be used to qualitatively assess whether a particular structural
modification will result in a different toxicity profile. This in-
formation is critical for efficiently and effectively designing al-
ternative chemicals and materials that mitigate toxicity risks across
the life cycle.
The study presented here investigates and evaluates a possible

approach to the development of a rapid screening tool based on
design guidelines for property ranges. The approach differs from
QSAR in that rather than predicting a toxicity value or a threshold,
it elucidates the probability that a compound with particular prop-
erties will exhibit a certain toxicity profile. Thus, the approach does
not yield deterministic values, but rather probabilistic informa-
tion about whether a chemical is likely to exhibit toxicity above
or below a certain threshold value. The output of this approach
can help reduce in vitro and in vivo testing by using key prop-
erties to define a high-probability safe chemical space of low to no
toxicity. Further, by using property-based criteria as opposed to
QSAR descriptors, informed design decisions can more readily be
pursued for modifications to reduce potential toxicity.
We demonstrated this property-based approach to screen and

delineate a wide range of commercial chemicals from those that
are listed on the Environmental Protection Agency’s (EPA) Toxic
Release Inventory (35). In the current study, we aim to designate
guidelines based on relevant physiochemical properties to inform
acute aquatic toxicity reduction using the fathead minnow as an
indicator organism. This effort builds on earlier work aimed to
identify boundary values of key properties for the screening of
specific toxicity endpoints (36–38). Refining our previous ap-
proach, design guidelines presented here are based on properties
related to bioavailability and reactivity. When implemented, 99%
of compounds in the highest acute aquatic toxicity category, and
89% of those in the moderate category are excluded. Further
efforts are made to understand the relationship of these properties
to individual modes of action for acute aquatic toxicity and to
validate this model for organisms at multiple trophic levels.
Recent LCAs of chemicals and chemical classes (39–43) clearly

define opportunities to mitigate adverse outcomes through in-
formed design of functionally equivalent molecules with reduced
toxicity. The approach presented here, using acute aquatic tox-
icity as a case study, offers a rational tool to inform the design
of these new chemicals. Of course, it is necessary to iterate
between LCA and these design tools to ensure that environ-
mental and human health burdens are not being traded off
between impact categories or shifted elsewhere in the life
cycle when these molecules are synthesized and implemented
at scale.

Results
Categorization of Acute Aquatic Toxicity Data. Using an acute tox-
icity dataset for the fathead minnow (44), the 555 compounds
(Table S1) were divided into four categories based on the mean
lethal concentrations (LC50) as defined by the US EPA (45).
Molar units were used to minimize error in toxicity threshold val-
ues resulting from differences in molecular weight. Accordingly,
the established EPA toxicity thresholds in mass units were also
converted to molar units (Computational Approaches for Iden-
tifying Chemicals with Minimal Acute Toxicity to the Fathead
Minnow). The resulting thresholds and categorizations are shown
in Table 1. Note that category 4 was added to distinguish chemi-
cals with ultralow risk (or effectively no risk) of acute aquatic
toxicity.

Determination and Evaluation of Property Boundary Value Screens.
The goal of this effort is to investigate and evaluate a possible

approach for the development of a rapid screening tool based on
boundary limits for relevant properties. In the case of acute
aquatic toxicity, the relevant properties relate to bioavailability
parameter(s) and electronic reactivity parameter(s). Using dis-
criminant analyses we identified two pairs of properties as being
the most effective at probabilistically determining the acute aquatic
toxicity category of a given chemical (Table 1). The first property
pair is octanol-water partition coefficient (logPo/w) and the energy
gap between the highest occupied and lowest unoccupied frontier
orbitals (ΔE). The second property pair is octanol-water distri-
bution coefficient at pH 7.4 (logDo/w) and ΔE. Note that the
partition coefficient is a ratio of the concentrations of the non-
ionized compound between two different phases, whereas the
distribution coefficient is the ratio of the sum of the concentra-
tions for both forms of the compound (ionized and nonionized).
For unionizable compounds, logPo/w is equal to logDo/w. To identify
cutoff values a recursive algorithm in the R statistical environment
was applied that maximized the ratio in Eq. 1, which was adapted
from ref. 46:

Optimization Ratio=
% False positives
% False negatives

: [1]

From Eq. 1, false positives are defined as compounds in the low
and no concern categories for acute aquatic toxicity that are
inadvertently screened out because they do not meet the
logDo/w < X and ΔE > Y eV criteria, while false negatives are
defined as compounds in the high and moderate concern cate-
gories that are retained because they meet the logDo/w < X and
ΔE > Y eV criteria; and X and Y are values of logDo/w and ΔE,
respectively, that were varied by 0.05 increments.
In Fig. 1A, compounds that are not of concern for acute aquatic

toxicity (Table 1, category 4; colored green) are almost entirely
confined to the quadrant of the plot defined by boundaries of
logPo/w < 1.7 and ΔE > 6 eV. Similar results were obtained when
logDo/w is substituted for logPo/w (Fig. 1B). However, the opti-
mized boundary value of logDo/w < 1.7 is able to confine 100% of
the compounds in the no concern category (green), whereas only
93% are confined by the same optimized value for logPo/w; that is,
a higher maximum optimization ratio (Eq. 1) was realized. This
result indicates that logDo/w offers higher sensitivity than logPo/w
for identifying chemicals with no concern for acute aquatic tox-
icity. As such, logDo/w-ΔE, rather than logPo/w-ΔE, was used as
the property pair for further analysis.
From Table 2, applying property boundary values for logDo/w

and ΔE sequentially as parameters for screening out chemicals
leads to a decrease in the number of compounds in the high and
moderate concern categories. At the same time, the mean LC50
value for the chemicals that are retained by these screens
increases. (A third property boundary value identified in Table 2
is discussed below.) Using the property boundary value of 1.7 for
logDo/w retains 100% of the compounds in the no concern cat-
egory; however, 12% and 27% of the compounds in the high and
moderate concern categories, respectively, also remain. Overall,

Table 1. Thresholds and categorizations of acute toxicity levels
of concern (45) using the molar mean lethal concentration (LC50)
for a dataset reporting fathead minnow 96-h acute toxicity (44)

Category
Level of
concern

Lower limit
(LC50, mmol/L)

Upper limit
(LC50, mmol/L)

Number of
compounds

1 High 0 0.0067 81
2 Moderate 0.0067 1.49 305
3 Low 1.49 3.32 80
4 None 3.32 — 89

Total 555

6290 | www.pnas.org/cgi/doi/10.1073/pnas.1314991111 Kostal et al.

Fig. S3. Box plot of octanol-water distribution coefficients (logDo/w) of compounds in dataset by chemical class.

Fig. S4. Heat map of univariate correlations of electronic parameters and the octanol-water distribution coefficient at pH = 7.4, logDo/w; the highest occupied
and lowest unoccupied frontier orbitals, ΔE (eV); and the log of the mean lethal concentration, logLC50, for the 555 compounds (Table S1) in the fathead
minnow acute aquatic toxicity dataset and designated by MOA. f, Fukui index; +, −, and 0, nucleophilic, electrophilic, and radical attack, respectively; max and
min, local maxima and minima in the Fukui function, respectively; ESP, most positive (max) and negative (min) atomic charge derived from the molecular
electrostatic potential. MOA categories are as follows: N, narcosis; EP, electrophiles; PN, polar narcosis; NDP, neurodepressant; CNS, central nervous system
seizure or stimulant; ACE, acetylcholinesterase inhibition; UOP, uncoupler of oxidative phosphorylation.

Kostal et al. www.pnas.org/cgi/content/short/1314991111 4 of 6

•  Descriptor	focus	on	bioavailability	(par''on/
distribu'on	coefficients)	and	reac%vity	(FMO	
Theory):	

N = narcosis;  
EP = electrophiles;  
PN = polar narcosis;  
NDP = neurodepressant; 
CNS = central nervous 
system seizure or stimulant; 
ACE = acetylcholinesterase 
inhibitors;  
UOP, uncoupler of oxidative 
phosphorylation.  

Supporting Information
Kostal et al. 10.1073/pnas.1314991111
Computational Approaches for Identifying Chemicals with
Minimal Acute Toxicity to the Fathead Minnow (Pimephales
promelas)
Categorization of Chemicals in Categories of Concern for Acute
Aquatic Toxicity Based on Molar LC50 Values. The established US
EPA thresholds for categories of concern for acute aquatic toxicity
are as follows: <1 mg/L, high concern for acute aquatic toxicity; 1–
100 mg/L, moderate concern for acute aquatic toxicity; and >100
mg/L, low concern for acute aquatic toxicity. We added a fourth
category at >500 mg/L, which designates chemicals of no concern.
The average molecular weight of the 555 compounds in the

fathead minnow dataset is 149.05 g/mol. Thus, the thresholds
for the categories were as follows: <0.0067 mmol/L, high con-
cern for acute aquatic toxicity; 0.0067–0.67 mg/L, moderate
concern for acute aquatic toxicity; 0.67–3.3 mg/L, low concern
for acute aquatic toxicity; and >3.3 mg/L, no concern for acute
aquatic toxicity.

Distinctions of the Approach Presented to Categorical Quantitative
Structure–Activity Relationships. The approach presented in this
study shares a similarity with categorical quantitative structure–
activity relationship (QSAR) models in that both attempt to
identify a statistical relationship between a response variable (a
set of categories of biological activity) and a set of independent
variables (molecular descriptors or properties of chemicals).
However, it is distinct from categorical QSAR models in three
ways. First, whereas categorical QSARs aim to predict the class
of biological activity (e.g., active, nonactive, sensitizer, non-
sensitizer), our model aims to primarily identify one class of
chemicals: those least likely to exert the unintended biological
activity. Second, categorical QSAR/QSPRs models often use
complex statistical approaches, such as random forest, neural
network, or machine learning, to identify the classification algo-
rithm, which implies that the relationship between the descriptors
(often numerous) and response is not obvious to the user. By
contrast, our approach uses only three descriptors and a simple,
transparent statistical approach to derive the relationship be-
tween the independent and response variables. This leads to the
third difference, which is that our approach aims to inform the
design of new chemicals by providing simple and easily in-
terpretable design guidelines, whereas categorical QSARs cannot
provide such an understanding and rely on applying the model to
obtain a prediction.
Because most categorical QSAR models rely on a multitude of

variables, they must use efficient algorithms to perform variable
selection. Among these is the stochastic QSAR sampler (SQS)
method, which offers an alternative to the more traditional,
stepwise regression approach of reducing the initial descriptor set
to a tractable size. Because our approach uses only three variables
and strives for mechanistic underpinning of these variables, it was
not necessary to use SQS to identify the descriptors used in the
model. Instead, variables were selected primarily based on their
relevance to acute aquatic toxicity, and an exhaustive search of
combinations of two or three variables was carried out to confirm
the most relevant variables in the final model.

Correlations of Electronic Parameters with Acute Aquatic Toxicity by
Mode of Action. To understand the reaction mechanism, apart
from global properties like frontier orbital energies, we can also
apply local quantities as ameasure of reactivity of different sites in
a molecule. Fukui indices (FIs), functional derivatives of electron
density with respect to the number of electrons at constant po-

tential, can provide such chemical information (1, 2). Broadly, FIs
represent the response of the chemical potential of a system to
a change in external potential and thus can be regarded as im-
portant measures of reactivity. Condensed to atoms, they are
useful predictors of local susceptibility to nucleophilic, electro-
philic, or radical attack. FIs for atom A in a molecule with N
electrons can be computed as

f+A = pAðN + 1Þ− pAðNÞ

f−A = pAðNÞ− pAðN − 1Þ

f 0A =
1
2
!
pAðN + 1Þ− pAðN − 1Þ

"
:

#
[S1]

From Eq. S1, f+A , f
−
A , and f 0A denote FIs for attacks by a nucleo-

phile, electrophile, and radical, respectively, where pA is the
electronic population of atom A. From Pearson’s hard/soft
acid-base (HSAB) principle, maxima in FIs represent chemically
softer regions, where electron density change is most favorable
(3). These regions can be interpreted as most favorable for at-
tack by a nucleophile, an electrophile, or a radical. Conversely,
minima in FIs correspond to chemically harder regions that favor
ionic interactions. Thus, one may establish the behavior of dif-
ferent sites in a molecule with respect to hard or soft reagents. In
our calculation of FIs, orbital relaxation effects were taken into
account by performing separate calculations for the ground state
systems, the systems with added electron, and the systems with
electron removed, all at the ground state geometry. Unphysical
negative indices were disregarded.
Noncovalent interactions between a chemical and a biological

target (e.g., protein–ligand binding interactions) can be described
by a molecule’s electrostatic potential (ESP) or V(r) as

V ðrÞ=
XNA

A

ZA

jr−RAj
−

Z
ρ
#
r′
$
dr′

jr− r′j : [S2]

From Eq. S2, ESP can be computed exactly for any position r
from nuclei NA with ZA nuclear charge. Electron attraction de-
pends on electron charge distribution ρ(r), which may be ob-
tained from the exact normalized solution for the electron
Schrödinger equation of the system. For polar molecules, ESP
maps are excellent predictors of charge–dipole, dipole–dipole,
and quadrupole–dipole interactions. The ESP surface fit to
atom-centered charges can be used to identify nucleophilic/elec-
trophilic atoms in the molecule and estimate the strength of their
Coulomb interactions. In this study, partial atomic charges were
derived from quantum chemical electrostatic potentials using the
Merz-Singh-Kollman (MKS) scheme (4). MKS charges are noted
to be less sensitive to the choice of density functional and basis
set than charges obtained from the popular density-based Mul-
liken, Lӧwdin, or natural bond orbital population analyses (5).
Further, dipole moments calculated using MKS charges are on
average more accurate than those derived from the aforemen-
tioned density-based models, especially for small molecules (5).
Where allowed by parameterization, MKS charges were vali-
dated with ChElPG (CHG) electrostatic potential scheme (6); a
strong correlation (R2 > 0.96) was observed between the two
charge schemes.
Thus, in addition to the property-based filters, chemical re-

activity, modeled by different electronic parameters, is correlated
to different toxic modes of action (MOAs) depending on the type.
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Fukui	indices:	

ecology assessments by generating more robust approximations
of environmental impacts by a wide range of chemicals.

Methods
Toxicity Data and Validation. The acute toxicity dataset of 617 compounds for
fatheadminnowwas obtained from96-h EPAacute toxicity assays (44) reported
in LC50 values. The LC50 values in milligrams per liter were transformed to
millimoles per liter using the molecular weight of each chemical. Thirty-seven
compounds that did not have reported LC50 values and 25 inorganic com-
pounds were omitted, reducing the total dataset to 555 compounds. The
dataset is structurally diverse, consisting of 49 chemical classes. Table S1 lists
the distribution of compounds within each chemical class. The acute
aquatic toxicity for 345 compounds tested on Daphnia magna (LC50 values
at 48 h) was obtained from the Japanese Ministry of Environment (48).

Determining Octanol-Water Partition Coefficient. Pioneering work by Meyer
and Overton first showed the relationship between activity of narcotics and
their solubility in oils (49, 50). Others applied the concept of narcosis to
aquatic toxicology, establishing the relationship between octanol-water par-
tition coefficient (logPo/w) and acute toxicity by narcosis (51–53). McFar-
land later showed that aquatic toxicity can be considered the result of
penetration of toxicant into biophases and its interaction with one or
more biochemical sites of action (54). Bioavailability of chemicals in aquatic
organisms was shown to relate to absorption; for example, chemical parti-
tioning across fish gills (55) represents an important route of exposure.
Octanol-water partition coefficients were obtained from Russom et al. (44)
and consisted of 218 measured values and 337 predicted values (CLOGP) (56).
The univariate correlation of log(LC50) values to logPo/w is high (−0.747), as
anticipated based on the association of logPo/w with fish bioavailability and
narcotic potency.

Determining Octanol-Water Distribution Coefficient at Biological pH. One short-
coming of logPo/w is that it does not take into account possible ionization of
compounds, yet ionizability of organic chemicals strongly affects bioavailability
to aquatic species (57, 58). Thus, it is more appropriate to consider logDo/w, a
distribution coefficient, which reflects the total concentrations of all species of
a compound in the two phases at a given pH. In this study, logDo/w values were
estimated at a biological pH of 7.4. It should be noted, however, that pH
conditions often vary in aquatic assays and the natural aquatic environment
and are rarely reported, which introduces an unavoidable error into our cal-
culations. ChemAxon pKa calculator plugin was used to predict pKa and
logDo/w values (Marvin v.6.0, 2013; ChemAxon). Each chemical class within the
dataset has a wide distribution of logDo/w values as shown in Fig. S3.

Computational Approach. The importance of frontier orbitals on chemical re-
activity iswell knownand is summarized in the frontiermolecular orbital (FMO)
theory pioneered by Fukui et al. (59). Energy separation between the highest
occupied and lowest unoccupied molecular orbitals (HOMO–LUMO gap) has
long served as a simple measure of kinetic stability. A molecule with a small
HOMO–LUMO gap is considered chemically reactive for covalent bonding.

Our previously published procedure for computing HOMO–LUMO ener-
gies was revised to improve the accuracy of results by recognizing that dif-
ferent structural conformers can have different electronic properties. For
example, even a small molecule like amino-2-propanol has 17 different con-
formers. Computed with B3LYP/6-31 + G(d) (49–52) in a polarizable continuum
(IEF-PCM) (60, 61), these conformers span ∼3.7 kcal/mol in free energy and
10.5 kcal/mol (0.5 eV) in frontier orbital energies. Thus, Monte Carlo (MC)
simulations in aqueous solution (TIP4P water model) (62) were first used to
sample the conformational space of each compound in the dataset and locate
the ground (i.e., lowest energy) states. Physiochemical properties considered
as descriptors in this study, such as molecular volume, were computed as
ensemble averages from MC simulations.

Reactivity parameters were derived from density functional theory (DFT).
To this end, ground state conformers from MC simulations were optimized
using the mPW1PW91 hybrid density functional (63) and the MIDIX+ basis set
(64). The mPW1PW91/MIDIX+ approach was previously found to provide
excellent performance-to-cost ratio for orbital energy calculations and can be
readily used to evaluate larger molecules in reasonable time scales (65). In our
study, HOMO energies calculated with mPW1PW91/MIDIX+ showed good
qualitative agreement with experimental ionization energies (IEs) when ap-
plied to a diverse subset of 40 small organic molecules (R2 = 0.93). Further,
computed gap energies, ΔE, showed remarkable correlation (R2 = 0.99) to
results from B3LYP/6-31 + G(d) calculations, which can be considered a rea-
sonable benchmark (66). In contrast, semiempirical methods (SMOs) per-
formed significantly worse: AM1 (IE: R2 = 0.92; ΔE: R2 = 0.78), PDDG/PM3 (IE:
R2 = 0.84; ΔE: R2 = 0.68), and PM6 (IE: R2 = 0.89; ΔE: R2 = 0.76). Poorer per-
formance of SMOs can be attributed to parameterization and the use small
basis sets when computing LUMO energies. Universal solvation model (SMD)
(60) was used in all DFT calculations to estimate the influence of hydration.

MC simulations were carried out using BOSS 4.7 (67), and DFT calculations
were performed using Gaussian g09 (68). TheMIDIX+ basis set is not available as
part of the Gaussian package and was downloaded from comp.chem.umn.edu.

Statistical Analysis. The R language and environment for statistical computing
(69) (version 2.11.0) was used for exploratory data analysis, linear regressions,
discriminant analyses, and identification of threshold values for properties
that delineate safe chemical space. Descriptors that did not have normal
distribution were transformed to a logarithmic scale.

Table 3. Percent of compounds that fall in each experimentally determined MOA category
when property filters are applied

Property-based filter

MOA

TotalN PN ACE UOP CNS RB EP NDP ND

None 274 37 16 12 9 2 93 6 106 555
logDo/w < 1.7 34 65 19 50 44 100 44 50 62 44
logDo/w < 1.7; ΔE > 6 eV 27 32 6 0 11 100 28 17 49 30
logDo/w < 1.7; ΔE > 6 eV; V < 620 Å3 26 32 6 0 11 100 28 0 33 27

MOA categories are as follows: N, narcosis; PN, polar narcosis; ACE, acetylcholinesterase inhibition; UOP,
uncoupler of oxidative phosphorylation; CNS, central nervous system seizure or stimulant; RB, respiratory
blocker; EP, electrophiles; NDP, neurodepressant; ND, MOA could not be determined. log Do/w, octanol-water
distribution coefficient at pH 7.4; V, molecular volume (Å3); ΔE (eV), energy difference between the highest
occupied and lowest unoccupied frontier orbitals.

logDo/w

ΔE
 (e

V)

Fig. 4. Scatter plot of octanol-water distribution coefficient at pH 7.4
(logDo/w) vs. the energy difference between the highest occupied and lowest
unoccupied frontier orbitals. ΔE (eV) for 345 compounds, colored by cate-
gory of concern for acute aquatic toxicity based on a 48-h toxicity assay of
Daphnia magna (48). (red, high concern; orange, medium concern; yellow,
low concern; green, no concern).
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Rule-based safer chemical design for low ecotoxicity
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“safer	chemical	space”:	logDo/w	<1.7,	ΔE>6	
eV	•  Chemicals	in	“safer	space”	10x	more	likely	to	have	

low	or	no	toxicity	to	aq	species	than	chemicals	
‘outside’		

Kostal,	J.;	Voutchkova,	A.;	Zimmerman,	J.	B.;	Anastas,	P.	Iden'fying	and	Designing	Chemicals	with	Minimal	Acute	Aqua'c	Toxicity.	Proc.	Natl.	Acad.	Sci.	USA	2015,	112,	6289-6294	

Mean LC50 of 
compounds in safer 

chemical space	

Acute Aquatic Toxicity  
Concern Category High Moderate Low None (mg/L) (mmol/L) 

Pr
op

er
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-b
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ed
 

fil
te

r	

none 15% 55% 15% 15% 999 0.155 

logDo/w<1.7 12 % 27% 80% 100% 2247 1.29 

logDo/w<1.7; ΔE>6 eV 7 % 15 % 48% 89% 3006 2.71 

logDo/w<1.7; ΔE>6 eV; V < 620 Å3   1 % 11 % 45 % 88 % 3405 3.65 

log	Do/w	



Applica8on to OP flame retardants
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•  Only	alipha'c	OP	compounds	were	iden'fied	as	safe	to	aqua'c	species	



Target-specific design approaches

Target:	Anaplas'c	Lymphoma	Kinase	 Op'mized	Lead	 Marketed	Drug	



Sta8s8cal Free Energy Perturba8on (FEP) calcula8ons in 
safer chemical design

Kostal, J. Computational Chemistry in Predictive Toxicology: status quo et quo vadis? Advances in Molecular Toxicology 10, 
139-186. 



Transforming MC/FEP to toxicant redesign
•  Challenges:	mul%ple	targets	and	difficult	to	prove	a	nega%ve	

	à	solu'on:	larger	computa'onal	resources	and		
	 	“Mul'ple-pose	2D	Free	Energy	Perturba'on	calcula'ons”	

Select	the	most	
unfavorable	
subs%tu%on,	considering	
the	most	favorable	of	
equivalent	analogs	(in	
terms	of	FEP	direc'on	or	
ring	posi'on	due	to	
rota'on)	
Average	energe'cally-
equivalent	poses	that	
are	too	different	to	be	
sampled:	

29J Comput Aided Mol Des (2018) 32:21–44 

1 3

the binding free energy for multiple poses can be corrected 
using Eq. (3) [67]: 

where ΔΔGcor is the corrected binding free energy differ-
ence, ΔΔGpose1 and ΔΔGpose2 are the two poses resulting 
from double occupancy.

Running FEP calculations using the FEP+ tool

All compounds were connected to each other with the use 
of FEP Mapper panel and the calculation run with FEP+ of 
Schrödinger Suite. In FEP Mapper compounds are connected 
with each other with edges, according to LOMAP algorithm 
criteria [68], i.e. chemical and binding mode similarity, pres-
ervation of rings, preservation of ligands charge. The lead 
optimization mapper (LOMAP) is an automated algorithm 
for the generation of the most efficient mutations between 
ligands of a library, according to several criteria such as their 
chemical and binding mode similarity and the preservation 
of rings and net charges during the mutations. Addition-
ally, it ensures that each molecule belongs to at least one 
closed thermodynamic cycle and that the FEP maps, which 
are created, are spanned by relatively few calculations. Users 
can define their own connections and cycles, but each com-
pound should be part of at least one closed thermodynamic 
cycle. In the generated FEP map, which shows all the con-
nections between the compounds, each edge represents two 
perturbations, one in the bound and one in the unbound state 
(see “Results and discussion”). The FEP calculations were 
performed on Tesla K40m GPUs. The running protocol of 
FEP+ consists of several consecutive steps, which are auto-
matically performed (SI).

Error estimation and convergence

The Bennett Acceptance Ratio (BAR) method was used to 
estimate the free energy difference of the MD simulations 
[69]. The errors in the relative free energies were calcu-
lated with the cycle closure method using the default scheme 
applied in FEP+ [11, 70]. After performing a FEP calcula-
tion, FEP Mapper identifies unconverged edges, which are 
FEP calculations between a pair of ligands that have not 
converged or have not been correctly set up. These edges 
will contribute to high hysteresis, and FEP Mapper returns 
them using a color code. Green indicates a converged edge 
and unconverged perturbations are colored red. Unconverged 
perturbations are judged by hysteresis error and also the dif-
ference between the raw and predicted ΔG values. For more 
information see the SI.

(3)

ΔΔGcor = −kT ln

(

exp (−!ΔΔGpose1) + exp (−!ΔΔGpose2)

2

)

,

To calculate the convergence of each FEP calculation in 
the FEP+ Map, the total free energy differences between the 
two ligands (ΔG in kcal/mol) in solvent and complex legs 
are plotted as a function of time. In FEP+, three plots for 
each leg show the accumulated data during different time 
window schemes: forward; reverse; and sliding window, and 
the associated bootstrap and analytical error estimates from 
corresponding simulation legs are also reported. For the slid-
ing window free energy calculations are performed for small 
windows of the trajectory without averaging from beginning 
to that point or from the end to that point backwards, similar 
to a running average. Bootstrapping is a statistic analysis 
technique, which is used by the program to re-sample the 
free energy and calculate its variance. The forward time plot 
presents the cumulative over time free energy from all λ, 
starting from t = 0 to t = 5 ns for each window, while the 
reverse time plot presents the cumulative over time free 
energy from all λ, starting from t = 5 to t = 0 ns for each 
window (Supplementary Figures S22, S23). FEP+ performs 
FEP with Replica Exchange with Solute Tempering (FEP/
REST) to enhance the sampling of the ligand. Moreover, 
the exchange density of FEP replicas over λ windows in the 
REST simulations is calculated. For more information about 
FEP/REST enhanced sampling see the SI.

Analysis of FEP calculations

After performing the FEP+ calculations and the conver-
gence check, the differences in the free energy of binding 
of each compound with respect to the reference ligand are 
output. For each FEP calculation, visualization of the tra-
jectory was performed to monitor the extent of sampling, 
(e.g. ring flipping) and also the intermolecular interactions. 
FEP+ analyzes intermolecular interactions by providing a 
panel of protein–ligand interactions for λ = 0 and λ = 1 rep-
licas for each calculation. The specific interactions types 
monitored and displayed are: hydrogen bond, hydrophobic, 
ionic and water bridges, which are provided as percentages 
norrmalized over the course of the trajectory. FEP+ provides 
a protein analysis report for end-point λ replicas, which 
contain the RMSD of the protein for λ = 0 and λ = 1. This 
report indicates any structural instabilities or conformational 
changes during the simulation. Also, it calculates the Root 
Mean Square Fluctuation (RMSF) for each residue to assess 
any local changes along the protein chain, overlaid with the 
experimental B factor.

Finally, a ligand conformational analysis is provided in 
which rotatable bonds for each ligand are enumerated and 
color-coded. For each rotatable bond, a representative dihe-
dral angle is monitored throughout the simulation for both 
complex and solvent legs. The distributions of these con-
formations are then plotted shown both for the solvent and 
complex legs. In addition, the potential energy around each 

…	

Pose	1	 Pose	2	 Pose	3	 Pose	4	 Pose	5	

Kostal, J. Computational Chemistry in Predictive Toxicology: status quo et quo vadis? Advances in Molecular Toxicology 10, 
139-186. 





Method valida8on: AChE
Perturbing	posi'on	of	subs'tuents	on	inhibitor	
scaffold:	

ΔΔGX→Y = RTln(IC50
X/IC50

Y) 

The	accuracy	 in	determining	rela%ve	binding	affinity	using	our	MC/
FEP	 protocol	 with	 OPLS-AA/CM1A/TIP4P	 force	 field	 (R2	 >	 0.90)	
greatly	exceeds	that	of	docking	so`ware	force	fields	(R2	~	0.1).	

R	

R	=	NO2,	CH3,OCH3	

R2	~	0.95	



Method valida8on: ERβ

Genistein Daidzen 

BiochaninA Formononetin 

Quercetin Kaempferol 

Luteolin Apigenin Chrysin 

ΔΔGcalc	
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Single,	lowest-energy	
pose	

R2	~	0.75	



Redesigning TPP

�	�	

•  CH3	and	X	scans	(to	gauge	desirable	electronic	nature	of	ring	subs'tu'ons)	



Halogen- and methyl-subs8tuted TPP analogs

TRP

TYR

TPP

TYR

SER

TRP

HIS

PHE
PHE

PHE

GLU dyad

TYR

PHE

ortho-chloro-TPP	bound	to	AChE	

ortho-chloro-TPP	bound	to	ER	

meta-methyl-TPP	bound	to	AChE	



Tradeoffs

•  Metabolism	(bioaccumula'on/persistence	
vs.	degrada'on	to	a	more	potent	analog)	

•  Func'on:	halogena'ons	enhances	flame	
retardant	func'on	(gas-phase	mechanism),	
methyla'on	does	not	affect	it	–	we	can	
predict	this	computa'onally	via	calcula'ons	
of	oxida've	and	thermal	stability	

•  Other	targets,	other	pathways…	

Probability	scale	

Hydroxylation Methoxylation Nitrosation 

Dephosphorylation 



Incorpora8ng in silico safer chemical design into 
development of safer alterna8ves
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NNRTI	binding	site	(created	with	BOMB	and	
op'mized	with	OPLS-AA	force	field	)	

N N

O

NH

CN

Cl Cl

22	nM	

Example:	Op'miza'on	of	Azoles	as	An'-
Human	Immunodeficiency	Virus	Agents		

Zeevaart, J. G.; Wang, L.; Thakur, V. V.; Leung, C. S.; Tirado-
Rives, J.; Bailey, C. M.; Domaoal, R. A.; Anderson, K. S.; 
Jorgensen, W. L. 	J. Am. Chem. Soc. 2008, 130, 9492-9499. 	



Transforming MC/FEP to toxicant redesign
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!0.80111 !0.77744 !0.74424

!0.72165 !0.68328 !0.69879

Acetylcholinesterase		

Estrogen	receptor	α Endocrine	disruptor

Neurotoxicant

ElectrostaEc	binding	and/or	covalent	(phosphorylaEon	of	SER)	

ElectrostaEc	binding	



Transforming MC/FEP to toxicant redesign
•  Challenges:	mul%ple	targets	and	difficult	to	prove	a	nega%ve	

	à	solu'on:	larger	computa'onal	resources	and		
	 	“Mul'ple-pose	2D	Free	Energy	Perturba'on	calcula'ons”	

Select	the	most	
unfavorable	
subs%tu%on,	considering	
the	most	favorable	of	
equivalent	analogs	(in	
terms	of	FEP	direc'on	or	
ring	posi'on	due	to	
rota'on)	
Average	energe'cally-
equivalent	poses	that	
are	too	different	to	be	
sampled:	
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the binding free energy for multiple poses can be corrected 
using Eq. (3) [67]: 

where ΔΔGcor is the corrected binding free energy differ-
ence, ΔΔGpose1 and ΔΔGpose2 are the two poses resulting 
from double occupancy.

Running FEP calculations using the FEP+ tool

All compounds were connected to each other with the use 
of FEP Mapper panel and the calculation run with FEP+ of 
Schrödinger Suite. In FEP Mapper compounds are connected 
with each other with edges, according to LOMAP algorithm 
criteria [68], i.e. chemical and binding mode similarity, pres-
ervation of rings, preservation of ligands charge. The lead 
optimization mapper (LOMAP) is an automated algorithm 
for the generation of the most efficient mutations between 
ligands of a library, according to several criteria such as their 
chemical and binding mode similarity and the preservation 
of rings and net charges during the mutations. Addition-
ally, it ensures that each molecule belongs to at least one 
closed thermodynamic cycle and that the FEP maps, which 
are created, are spanned by relatively few calculations. Users 
can define their own connections and cycles, but each com-
pound should be part of at least one closed thermodynamic 
cycle. In the generated FEP map, which shows all the con-
nections between the compounds, each edge represents two 
perturbations, one in the bound and one in the unbound state 
(see “Results and discussion”). The FEP calculations were 
performed on Tesla K40m GPUs. The running protocol of 
FEP+ consists of several consecutive steps, which are auto-
matically performed (SI).

Error estimation and convergence

The Bennett Acceptance Ratio (BAR) method was used to 
estimate the free energy difference of the MD simulations 
[69]. The errors in the relative free energies were calcu-
lated with the cycle closure method using the default scheme 
applied in FEP+ [11, 70]. After performing a FEP calcula-
tion, FEP Mapper identifies unconverged edges, which are 
FEP calculations between a pair of ligands that have not 
converged or have not been correctly set up. These edges 
will contribute to high hysteresis, and FEP Mapper returns 
them using a color code. Green indicates a converged edge 
and unconverged perturbations are colored red. Unconverged 
perturbations are judged by hysteresis error and also the dif-
ference between the raw and predicted ΔG values. For more 
information see the SI.

(3)

ΔΔGcor = −kT ln

(

exp (−!ΔΔGpose1) + exp (−!ΔΔGpose2)

2

)

,

To calculate the convergence of each FEP calculation in 
the FEP+ Map, the total free energy differences between the 
two ligands (ΔG in kcal/mol) in solvent and complex legs 
are plotted as a function of time. In FEP+, three plots for 
each leg show the accumulated data during different time 
window schemes: forward; reverse; and sliding window, and 
the associated bootstrap and analytical error estimates from 
corresponding simulation legs are also reported. For the slid-
ing window free energy calculations are performed for small 
windows of the trajectory without averaging from beginning 
to that point or from the end to that point backwards, similar 
to a running average. Bootstrapping is a statistic analysis 
technique, which is used by the program to re-sample the 
free energy and calculate its variance. The forward time plot 
presents the cumulative over time free energy from all λ, 
starting from t = 0 to t = 5 ns for each window, while the 
reverse time plot presents the cumulative over time free 
energy from all λ, starting from t = 5 to t = 0 ns for each 
window (Supplementary Figures S22, S23). FEP+ performs 
FEP with Replica Exchange with Solute Tempering (FEP/
REST) to enhance the sampling of the ligand. Moreover, 
the exchange density of FEP replicas over λ windows in the 
REST simulations is calculated. For more information about 
FEP/REST enhanced sampling see the SI.

Analysis of FEP calculations

After performing the FEP+ calculations and the conver-
gence check, the differences in the free energy of binding 
of each compound with respect to the reference ligand are 
output. For each FEP calculation, visualization of the tra-
jectory was performed to monitor the extent of sampling, 
(e.g. ring flipping) and also the intermolecular interactions. 
FEP+ analyzes intermolecular interactions by providing a 
panel of protein–ligand interactions for λ = 0 and λ = 1 rep-
licas for each calculation. The specific interactions types 
monitored and displayed are: hydrogen bond, hydrophobic, 
ionic and water bridges, which are provided as percentages 
norrmalized over the course of the trajectory. FEP+ provides 
a protein analysis report for end-point λ replicas, which 
contain the RMSD of the protein for λ = 0 and λ = 1. This 
report indicates any structural instabilities or conformational 
changes during the simulation. Also, it calculates the Root 
Mean Square Fluctuation (RMSF) for each residue to assess 
any local changes along the protein chain, overlaid with the 
experimental B factor.

Finally, a ligand conformational analysis is provided in 
which rotatable bonds for each ligand are enumerated and 
color-coded. For each rotatable bond, a representative dihe-
dral angle is monitored throughout the simulation for both 
complex and solvent legs. The distributions of these con-
formations are then plotted shown both for the solvent and 
complex legs. In addition, the potential energy around each 

…	
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Transforming MC/FEP to toxicant redesign
•  Is	our	classical	approach	accurate	enough,	par=cularly	to	describe	Π-Π	interac=ons	
between	aroma=c	OPs	and	AChE	residues	

		

Aromatic OPs are stabilized in AChE active 
site primarily via Π-Π S and T interactions. 
Our OPLS-AA/CM1A approach is reasonably 
accurate in describing these interactions. 

Benchmark:	CCSD(T)/aug-cc-pVTZ	



Method valida8on: AChE
Perturbing	posi'on	of	subs'tuents	on	inhibitor	
scaffold:	

ΔΔGX→Y = RTln(IC50
X/IC50

Y) 

ΔΔGcalc ΔΔGexptl 
o-NO2àm-NO2 -2.3 0.58 
m-NO2àp-NO2 5.9 -2.5 
o-NO2ào-CH3 -2.2 0.59 
m-NO2àm-CH3 -2.9 0.65 

R²	=	0.99699	

-3	

-2	

-1	

0	

1	

-4	 -2	 0	 2	 4	 6	 8	

The	accuracy	 in	determining	rela%ve	binding	affinity	using	our	MC/
FEP	 protocol	 with	 OPLS-AA/CM1A/TIP4P	 force	 field	 (R2	 >	 0.99)	
greatly	exceeds	that	of	docking	so`ware	force	fields	(R2	~	0.1).	
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Method valida8on: ERα

Analog IC50 
(M) 

Genistein 5x10-8 
Daidzein 1x10-7 

BiochaninA 1x10-5 
Formononeti

n 
1x10-5 

Genistein Daidzen 

BiochaninA Formononetin 

Quercetin Kaempferol 

Luteolin Apigenin Chrysin 

Analog IC50 
(M) 

Quercetin 5x10-5 
Kaempferol 5x10-5 

Luteolin 5x10-7 
Apigenin 1x10-6 
Chrysin 5x10-8 



Method valida8on: ERα

R²	=	0.71273	
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MC/FEP	details:	
•  OPLS-AA/CM1A/TIP4P	force	field	
	
•  14-20	windows	(FEP	steps)	
•  5	M	configura'ons	of	solvent	equilibra'on	
•  10	M	configura'ons	full	system	equilibra'on	
•  20	M	configura'ons	of	averaging		



Chlorine and methyl scans
Chlorine Scan, Cl → H 

ΔΔG (kcal/mol) 
Ring 1 Ring 2 Ring 3 

C2 -0.8 -4.2 -6.3 
C3 -5.6 -3.0 3.0 
C4 -7.4 -3.0 2.6 
C5 -0.1 -1.7 2.1 
C6 -5.2 -8.5 -7.1 

Methyl Scan, CH3 → H 
ΔΔG (kcal/mol) 
Ring 1 Ring 2 Ring 3 

C2 -2.1 -1.5 -8.6 
C3 -0.8 -5.4 -5.9 
C4 -4.1 -3.7 -8.6 
C5 -6.6 -4.7 -8.7 
C6 2.5 -3.2 -3.7 

P
O

OO O

•  Electron-dona'ng	group	diminishes	binding	affinity	
•  Electron-withdrawing	group	diminishes	binding	affinity	



P
O

OO

OCH3H3CO

O

OCH3

ΔΔGbind = +14.3 kcal/mol	

P
O

OO

F

F O
F

F	 is	 metabolically	 stable	 on	 ortho	 posi%on	 and	
enhances	 flame-retardant	 func%on	 in	 the	 gas	
phase	

ΔΔGbind = +21.5 kcal/mol	
CH3	à	CH2CH3		
à	-OCH3	(p)	

3H	à	3F	 3H	à	3	–OCH3	



Can we benefit from combined effect of 
methoxy and X subs8tu8ons?



Metabolism

Probability	scale	

•  Es'mated	using	a	consensus	model:	XenoSite	(Phase	I,	9	CYP	isoforms,	machine	learning	methods,	structure-
based)	+	MetaPrint2D	(Phase	I	and	II,	fingerprin'ng-	ligand	based,	developed	using	Accelrys	Metabolite	
database)		

•  Goal:	maintain	status	quo	of	parent	molecule	or	lessen	toxicity	of	resul%ng	metabolites		

Zaretzki, J., Matlock, M., & Swamidass, S. J. (2013). XenoSite: Accurately predicting CYP-mediated sites of metabolism with neural networks. Journal of chemical information 
and modeling, 53(12), 3373-3383. 

Hydroxylation Methoxylation Nitrosation 

Dephosphorylation 

Met.	 TPP	 -3F	 3	–OCH3	

D	 1.7	 1.8	 1.5	

H	 4.8	 5.2	 -	

M	 4.9	 5.4	 -	

N	 5.2	 5.6	 -	

Parent	 5.1	 5.5	 4.6	

Detoxifica%on	propensity	
es%mated	with	log	Po/w:	



Metabolism: TPP vs. metabolites

•  Confirming	that	TPP	is	the	form	that	inhibits	AChE:	no	potent	inhibitors	among	
metabolites	

Rel.	binding	affinity	(kcal/
mol)	

Rel.	popula%on	

TPP	 -	 -	

DPP	 +1.6		 ~7%	

MPP	 +4.4	 ~0.1%	

Phenol	 +5.1	 ~0.02%	

+4.3	 ~0.07%	

+4.3	 ~0.07%	

OH
F

OH

OCH3
Metabolites	of	the	
two	proposed	
analogs	



Considering flame-retarding (FR) func8on
•  X	subs'tu'on	increases	flame	retarding	proper'es	in	the	gas	phase	–		addi've	effect	to	OP	
FR	func'on:	oxida've/thermal	decomposi'on	into	phosphoric	acid	à	pyrophosphoric	acid	
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Reshaping tools of computerized drug discovery to design 
safer and functional chemicals

Traci Clymer, Vanessa Vargas, Eric J. Corcoran, Robin Kleinberg and Jakub Kostal*
Department of Chemistry

Overview Approach

Conclusions and Future Directions
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Designing chemicals for targeted biological activity is a time-consuming and technologically challenging
process. Computational methods have revolutionized drug discovery by being both fast, virtually
screening vast chemical libraries to find drug candidates against biological targets of therapeutic interest, and
accurate, providing state-of-the-art tools to optimize said candidates for greater activity. In developing
pharmaceuticals, we seek to impart specific biological activity to a molecule but also to minimize any side
effects caused by unintended activity. The latter is true for all commercial chemicals as our society has grown
increasingly aware of the adverse effects chemicals can have on human and environmental health.
Regrettably, to test every new chemical on animals to ensure its safety has been both economically and
ethically unfeasible. In vitro and in silico methods offer a promising alternative; however, they generally lack
the accuracy and robustness needed to replace animal tests. Furthermore, current tools are developed to
screen existing rather than design new chemicals. Inspired by the successes of computer-aided drug discovery,
our group has focused on transforming said techniques to aid in safer chemical design. Mimicking Lipinski’s
rules for druglikeness, we have developed broad, property-based guidelines that inform design of chemicals
with minimal ecotoxicity. More recently, we have transformed statistical free energy perturbation
calculations used in drug lead optimization to afford redesign of existing toxicants for increased safety.
Herein, we demonstrate our approach on organophosphorus (OP) flame retardants and insecticides;
we show that compounds such as Triphenyl Phosphate can be modified to significantly decrease their activity
against specific targets while preserving functionality. Our approach is i) fast, relying on validated
computational methods, ii) suitable for other chemical classes for which mechanism(s) of action are
known, and iii) cost-effective, imposing minimal structural changes to existing commercial chemicals
and thus applicable to incumbent product development processes.

We would like to thank Leela Dodda and Dr. Julian Tirado-Rives (both at Yale University) for technical
assistance and helpful discussions. This work was generously supported by the PhRMA Foundation Start-
up Grant and The George Washington University start-up funds.

Method Validation

Figure 1. A neuromuscular junction showing
acetylcholine’s (ACh) role in synaptic transmission
of an action potential. Postsynaptic receptor
response scales with ACh concentration, which
AChE controls by recycling ACh to choline and
acetate, via ester-hydrolysis. Inhibition of the
active site by chemicals like TPP (shown in blue
color) leads to excessive accumulation of the
neurotransmitter, inducing neuropathy.

ResultsBackground
Of the many roles computational chemistry has assumed, few have been as impactful as computerized drug
discovery. Most drugs arise through discovery programs that starts with identification of a biomolecular target
of potential therapeutic interest. Next, molecular libraries are screened, and the resulting leads are optimized in
a cycle that features design, synthesis and assaying of numerous analogs, and animal studies:

While computational chemistry has been successfully implemented in drug discovery, toxicology has
not taken full advantage of the progress computational chemistry has made over the past two
decades. Computational toxicology relies primarily on (quantitative) structure-activity relationships, or
(Q)SARs. QSARs correlate biological activity with structural features and/or physicochemical properties of a
compound, and can be useful in estimating toxic effects of chemicals while being considerably less expensive
than animal tests. Despite the progress QSAR models have made over the past 40 years, the biggest concern
remains to be low external predictivity. State-of-the-art computational methods used in lead optimization
of drug candidates can transform the field of computational toxicology by providing accurate and
cost-effective tools for designing safer chemicals in the upstream of new chemical development
processes.

Organophosphates (OPs) are frequently used as pesticides or flame retardants. OP pesticides were
modeled after World War II nerve agents, and are the most popular pesticides worldwide. They are used
to control infestations in domestic and commercial buildings as well as insect vectors, which are found in food
and commercial crops. Some OPs, such as triphenyl phosphate (TPP) and its derivatives, are also used as
flame retardants in many industries, including the production of dyes, varnishes, adhesives, synthetic resins,
polyvinyl chloride, hydraulic fluids, plastics and textiles. Their importance has risen in recent years due to
significantly reduced use of polybrominated diphenyl ethers (PBDEs), which are classified as persistent
organic pollutants by the US EPA. The primary mechanism of OP toxicity is the inhibition of
acetylcholinesterase (AChE) by phosphorylation of a serine residue in the enzyme’s active site (Figure 1).
AChE is critical to normal control of nerve impulse transmission from nerve fibers to smooth and skeletal
muscle cells, secretory cells and autonomic ganglia, and within the central nervous system (CNS).

Computer-aided stage

• Gas-phase hybrid density functional calculations (M06-2X/6-311+G**) are used to estimate functional efficacy of 
OPs, i.e. decomposition into phosphoric acid (PA): 

• For flame-retardant function, PA dimerizes into pyrophoshoric acid (PPA), which acts as barrier to heat transfer à
thermal and oxidative stability of OPs can be used to estimate efficacy.

• TPP is also used in hydraulic fluids à efficacy is related to hydrolytic stability, which can be assessed under acidic or 
basic conditions. 

• Free energy perturbation calculations in conjunction with classical and hybrid quantum mechanics/ molecular 
mechanics (QM/MM) Monte Carlo simulations (MC/FEP) are used to determine relative binding affinities of OPs for 
acetylcholinesterase (AChE):   
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Figure 2. Thermodynamic cycle
showing TPP (X=H) and its
chlorinated analog (Y=Cl) in bound
aqueous and unbound aqueous
states, which can be used to
compute relative free energies of
binding, DDGXàY.

X

Y

• Validating MC/FEP protocol using published in vitro data (relative IC50 values) of close analog inhibitors of AChE:

Perturbing position of substituents on inhibitor 
scaffold:

ΔΔGX→Y = RTln(IC50
X/IC50

Y)

DDGcalc DDGexptl
o-NO2àm-NO2 -2.3 0.58
m-NO2àp-NO2 5.9 -2.5
o-NO2ào-CH3 -2.2 0.59
m-NO2àm-CH3 -2.9 0.65

R² = 0.997
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The accuracy in determining relative
binding affinity using our MC/FEP
protocol with OPLS-AA/CM1A/TIP4P
force field (R2 > 0.99) greatly exceeds
that of docking software force fields
(R2 ~ 0.1).

DDGcalc
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• Aromatic OPs are stabilized in AChE active site primarily via P-P S and T interactions. Our OPLS-AA/CM1A 
approach is reasonably accurate in describing these interactions:

Benchmark: CCSD(T)/aug-cc-pVTZ

ΔΔGX→Y = ΔGY – ΔGX = ΔGC – ΔGF

∆∆" = −%&'() exp	 ./ − .0%&' 0

• Results show promising new approach to developing safer alternatives that mimics the success 
story of computer-guided drug discovery

• Current efforts in the Kostal Research Group focus on further development of human AChE-inactive TPP
analogs, validation of said analogs against Estrogen Receptor a (to avoid unintended endocrine system
disruption, which is associated with many OP chemicals), assessment of functional efficacy and
extension of our protocol to Parathion® and Malathion® OP pesticides.

ΔH = 86.1 kcal/mol

ΔG = -108 kcal/molΔG‡ = -23.3 kcal/mol
ΔG = -22.6 kcal/mol

ΔG‡ = 37.0 kcal/mol
ΔG = -14.4 kcal/mol
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• Electron-donating group diminishes binding affinity
• Electron-withdrawing group diminishes binding affinity

CH3/Cl FEP scans reveal promising positions to decrease binding affinity toward AChE:

4M0E
-F (m) P

O

OO

F

F O
F

CH3 à CH2CH3
à -OCH3 (p)

P
O

OO

OCH3H3CO

O

OCH3

F is metabolically stable and enhances
flame-retardant function in the gas phase

Full system: TPP bound in active 
site of human AChE (4M0E, 15-
Å cut) with explicit hydration 

ΔΔGbind = -21.5 kcal/mol

ΔΔGbind = -14.3 kcal/mol



Does this approach alleviate the deficiencies of 
incumbent predic8ve modeling approaches?

Dubious	external	predic=vity	

Insufficient	
mechanis'c	
knowledge	

Limited	training	set	

Dated	technical	
exper'se	

Reliance	on	exis'ng	
alterna'ves	to	

screen	

+	



Ongoing work and next steps
•  Assessing TPP analogs (and relevant metabolites) against Era 
•  Consider QM modeling of SER phosphorylation in AChE 
•  In vitro testing against given targets; in vivo testing for aquatic toxicity (final 

stage for designed analogs) 
•  Synthetic feasibility and cost (e.g. fluorination vs chlorination) 
•  Parallel project: OP pesticides (Malathion, Parathion)  

TYR449(H)	

GLY122(H)	
SER280(M)	

VAL331(H)	
ASN483(M)	

PHE295(H)	
CYS447(M)	

VAL407(H)	
PHE560(M)	

SER203(H)	
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