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1. INTRODUCTION

Quantitative Structure Activity Relationships (QR¢) are mathematical models that are
used to predict measures of toxicity from physa@aracteristics of the structure of chemicals
(known as molecular descriptors). Acute toxici(®sch as the concentration which causes half
of fish to die) are one example of toxicity measumhich may be predicted from QSARSs.
Simple QSAR models calculate the toxicity of cheatsaising a simple linear function of
molecular descriptors:

Toxicity = ax;, +bx, +¢
wherex; andx, are the independent descriptor variablesaitl andc are fitted parameters.
The molecular weight and the octanol-water panitoefficient are examples of molecular
descriptors.

QSAR toxicity predictions may be used to screeested compounds in order to
establish priorities for expensive and time-consighraditional bioassays designed to establish
toxicity levels. When conditions do not permitditéonal bioassays, QSARs are an alternative to
bioassays for estimating toxicity. In addition ¥ Models are useful for estimating toxicities
needed for green process design algorithms suttfea&/aste Reduction Algorithm

(http://www.epa.qov/nrmrl/std/cppb/war/sim war.htm

The Toxicity Estimation Software Tool (T.E.S.Tgshbeen developed to allow users to
easily estimate toxicity using a variety of QSARthuglologies. T.E.S.T allows a user to
estimate toxicity without requiring any externabgrams. Users can input a chemical to be
evaluated by drawing it in an included chemicalksher window, entering a structure text file,
or importing it from an included database of stnues. Once a chemical has been entered, its

toxicity can be estimated using one of several aded QSAR methodologies. The program



does not require molecular descriptors from exiesoftware packages (the required descriptors

are calculated within T.E.S.T.).

1.1. Toxicity Endpoints
T.E.S.T allows you to estimate the value for seMv@pecity end points:

* 96 hour fathead minnow Lsg(concentration of the test chemical in water inlotgat
causes 50% of fathead minnow to die after 96 hours)

* 48 hourTetrahymena pyriformis IGCso (concentration of the test chemical in water in
mg/L that causes 50% growth inhibitionTetrahymena pyriformis after 40 hours)

» Oral rat LDy, (amount of chemical in mg/kg body weight that &uS0% of rats to die
after oral ingestion)

* Bioaccumulation factor (ratio of the chemical camication in fish as a result of
absorption via the respiratory surface to that ater at steady state)



1.2. QSAR Methodologies

T.E.S.T allows you to estimate toxicity values gsseveral different advanced Quantitative
Structure Activity Relationship (QSAR) methodolagyi@Martin et al. 2008):

Hierarchical method: The toxicity for a given query compound is estindatising the
weighted average of the predictions from seveirfémdint models. The different models
are obtained by using Ward’'s method to divide thaing set into a series of structurally
similar clusters. A genetic algorithm based teghaiis used to generate models for each
cluster. The models are generated prior to runtime

FDA method: The prediction for each test chemical is madagiainew model that is fit
to the chemicals that are most similar to thedestpound. Each model is generated at
runtime.

Single model method Predictions are made using a multilinear regogssiodel that is

fit to the training set (using molecular descriptas independent variables) using a
genetic algorithm based approach. The regressaitel is generated prior to runtime.
Group contribution method: Predictions are made using a multilinear regogssiodel

is fit to the training set (using molecular fragrmeaunts as independent variables). The
regression model is generated prior to runtime.

Nearest neighbor method The predicted toxicity is estimated by takingeverage of

the 3 chemicals in the training set that are miositar to the test chemical.

Consensus methodThe predicted toxicity is estimated by taking arrage of the
predicted toxicities from the other QSAR method®ymled the predictions are within
the respective applicability domains)

T.E.S.T provides multiple prediction methodologsesthat one can have greater

confidence in the predicted toxicities (assumirgphedicted toxicities are fairly similar from

different methods). In addition some researchexg have more confidence in particular QSAR

approaches based on personal experience. The @®&#&Rdologies above are described in

more detail in the Theory section.



The different QSAR methods have different advardagel disadvantages:

Method Advantages Disadvantages
Hierarchical » Can produce more reliable » Cannot provide external estimate
predictions since predictions of toxicity for compounds in the
are made from multiple models training set
Single model * Single transparent model can| < Since the model is fit to the entire
be easily viewed/exported dataset it may incorrectly predict
« The model does not need to the trends in toxicity for certain
rely on clustering the chemical classes
chemicals correctly » Cannot provide external estimate
of toxicity for compounds in the
training set
Group * Single transparent model can| < The model doesn’t correct for the
contribution be easily viewed/exported interactions of adjacent fragments
 Estimates of toxicity can be * Since the model is fit to the entire
made without using a computer dataset it may incorrectly predict
program the trends in toxicity for certain
chemical classes
» Cannot provide external estimate
of toxicity for compounds in the
training set
FDA » Can generate a new model * Predictions sometimes take longe
based the closest analogs to the since it has to generate a new

test compound

» Always provides an external
prediction of toxicity

model each time

D

—

Nearest neighbor

 Provides a quick estimate of
toxicity

* Allows one to determine
structural analogs for a given
test compound

» Always provide an external
prediction of toxicity

It does not use a QSAR model to
correlate the differences between
the test compound and the neare
neighbors

Was shown to achieve the worst
prediction results during external
validation

Consensus

* Was shown to achieve the be
prediction results during
external validation

Cannot provide external estimate
of toxicity for compounds in the
training set




2. THEORY
2.1 Molecular Descriptors

Molecular descriptors are physical characterisifadhe structure of chemicals such as
the molecular weight or the number of benzene ringge overall pool of descriptors in the
software contains 790 2-dimensional descriptorse descriptors include the following classes
of descriptors: E-state values and E-state couatsstitutional descriptors, topological
descriptors, walk and path counts, connectivitigrimation content, 2d autocorrelation, Burden
eigenvalue, molecular property (such as the octaabdr partition coefficient), Kappa,
hydrogen bond acceptor/donor counts, moleculaaniégt edge, and molecular fragment counts.
The complete list of descriptors and their literatures sources are described in the Molecular
Descriptors Guide.

The descriptors were calculated using computee eaitten in Java. The basis of the
molecular calculations was the Chemistry Developrién(Steinbeck et al. 2003). The
Chemistry Development Kit (CDK) is a Java libraogy structural chemo- and bioinformatics

which is available at the following linkhttp://sourceforge.net/projects/cdkhe descriptor

values were validated using MDL QSAR (Elsevier MBRQ06), Dragon (Talete 2006), and
Molconn-z (Edusoft-LC 2006). The descriptor valuese generally in good agreement (aside
from small differences in the descriptor definisdior descriptors such as the number of

hydrogen bond acceptors).



2.2. QSAR Methodologies
2.2.1. Hierarchical Clustering

The hierarchical clustering method utilizes a aton of Ward’s Method (Romesburg
1984) to produce a series of clusters from thaimgiset. Clusters are subsets of chemicals from
the overall set which possess similar properts.example of a hierarchical clustering for a

hypothetical training set with five chemicals isfakows:

Step 1

Step 2

Step 3

Step 4

Step 5

For a training set af chemicals, initially there will ba clusters (each cluster contains one
chemical). The overall variance in the system givan steg is defined to be the sum of the

variances of the individual clusters:

V(I)Eiv(k,l) (1)

v(k,1) = ,d (% -c,F )

i=1 j=

[y



where n, is the number of chemicals in tikh cluster,d is the number of descriptors in the
overall descriptor pooly; is the normalized descriptpfor chemical, andC; is the centroid or

average value for descriptgifor clusterk:

C :izk)ﬁj 3)

N, =1

Each step of the method adds two of the clustgmsther into one cluster so that the increase in

variance over all clusters in the system is minediz
minAV (1 +1) =V (I +1) -V () =v(k',1 +2) —v(k,,1) —v(k,,I) 4)

where clusterk, andk, join together at stdpto make clustek' at step +1. The process of
combining clusters continues until all of the cheats are lumped into a single cluster.

After the clustering is complete, each clusteansilyzed to determine if an acceptable
QSAR can be developed. Each cluster undergoesatial using a genetic algorithm technique
to determine an optimal descriptor set for charastey the toxicity values of the chemicals
within that cluster. The maximum number of dedorip allowed for a given cluster will be
n, /5 since the recommended ratio of compounds to asathould be at least 5 (Eriksson et
al. 2003; Topliss and Edwards 1979) for reasonabigll probability for chance correlations.
The genetic algorithm used in this study was takem the Weka statistical package, version
3.5.1 (The University of Waikato 2007; Witten 2005)

The genetic algorithm is used to maximize the stéjgh 5 fold leave many out cross

validation coefficient @2,  yo):



2( (9| - yexpj )2/(nk -p _1)
qsdj,LMO =1- Izrlm (5)

Z(yexpj - yexp)z /(nk - )

i=1

where ¥, and Yexp; @re the predicted and experimental toxicity vaieechemical, Y,,,is the
average experimental toxicity for the chemicalsha cluster, ang@ is the number of parameters
in the model. The predicted toxicity values arlewated by dividing the dataset into five folds
(a fold is a subset of the training set). The ¢itids of the chemicals in each fold/,() are
predicted using a multiple linear regression mddeto the chemicals in the other folds. The
five fold ¢ was used instead of the traditiondl IDO (leave one out) inside the genetic
algorithm because it yields a significant degreearhputational savings for large cluster sizes.

The n, — p-1 term penalizes models that include extra paramdtet do not significantly

increase the predictive power of the model (by e@sing the value aﬁﬁdj‘LMo).

Once the iteration for the optimum model has bemmpleted, the HLOO value for the
model is calculated. If the?d.0O0 is greater than or equal to 0.5, the modebissidered to be
good (see pg 67 of (Eriksson et al. 2001)). If gh¢ OO is less than 0.5, the model from the
cluster is not used to make predictions for testpounds.

The predicted toxicity §) for a test chemical is given by the weighted agerfor all the
valid predictions(Wikipedia.org 2008):

2w ¥,

9 = #i/:[id clusters (6)

=1

10



where y, andw; are prediction and weight for tiga model andvc is the number of valid

cluster model predictions. If the mean toxicitygigen by the maximum likelihood estimator of

the mean of the probability distributions, the wetigalues are given by (Wikipedia.org 2008)

W, = (7)

wheressg is the standard error for tih prediction given by

€ = 0j2(1+ hoo) (8)
whereo,” is given by
) . (9| - yexpj )2
] S— ©)
] n—p; -1

wheren; is the number of chemicals in cluster model j grid the number of model parameters

for modelj. hg, the leverage for the test chemical, is given by
hy = X7 (X"X) X, (10)
whereX, is the vector of model descriptor values for #& tompound

The square of the standard deviation for the ptexti from multiple modelsc(rﬂz) can

be approximated as

nvc

- w Se nvc ( j
0, =2_= (}{IVC) nve (}I/’IVC/ }ée (1)

H n ZW nv

5 ) MJ

The uncertainty§) in the overall prediction for the test chemigagiven by

11
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u= tl—a/Z,nchp - tl—a/Z, nve-1 1/2 2 (12)
j=1 Sej

wheret is the t-statisticar = 0.1 (90% confidence interval), asg is the standard error for the
jth prediction. The prediction interval is obtaifgdadding and subtracting the uncertainty from
the predicted toxicity:

y—-U<Toxicity<s y+0 (13)
The prediction interval indicates that one is 9@8nflent that the actual toxicity is between
y—0 andy+0.

The prediction uncertainty for a given cluster rlad given by (Montgomery 1982)

uj = tl—a/Z,ﬂj‘P—l\/m 1)

The uncertainty is a function of the quality of tlegression model (from the* parameter) and
the distance (in the descriptor space of the mdmgiyeen the test chemical and the chemicals in
the cluster used to build the model (from taeparameter).

Before any cluster model can be used to make agpiedfor a test chemical, it must be
determined whether the test chemical falls withiendomain of applicability for the model. The
applicability domain is defined using several di#iat constraints. The first constraint, the
model ellipsoid constraint, checks if the test cloadris within the multidimensional ellipsoid
defined by the ranges of descriptor values forctimmicals in the cluster (for the descriptors
appearing the cluster model). The model ellipsoidstraint is satisfied if the leverage of the
test compoundhgo) is less than the maximum leverage value forh@ldompounds used in the
model (Montgomery 1982). The second constraitRmax constraint, checks if the distance

from the test chemical to the centroid of the @usd less than the maximum distance for any

12



chemical in the cluster to the cluster centroidhe Tistance is defined in terms of the entire pool

of descriptors (instead of just the descriptorseaping in the model):

d
distance = jZ:l:(xij -C, )2 (15)
wheredistance is the distance of chemiadalo the centroid of the cluster.

The last constraint, the fragment constraintha the compounds in the cluster have to
have at least one example of each of the fragnoemtsiined in the test chemical. For example
if one was trying to make a prediction for ethaniog cluster must contain at least one
compound with a methyl fragment (-GHaliphatic attach]), one compound with a methylene
fragment (-CH [aliphatic attach]), and one compound with a hygtdragment (-OH [aliphatic
attach]). This constraint was added to avoid sitna where a chemical might have a similar
backbone structure to the chemicals in a giventeflsut has a different functional group
attached. For example if a given cluster contamdg short-chained aliphatic amines one
wouldn’t want to use it to predict the toxicity ethanol. If a chemical contains a fragment that
iS not present in the training set, the toxicitpwat be predicted. The fragment constraint can be
removed by checking thHeelax fragment constraintcheckbox.

In the current version of the software, the prealits are made using tlokosest cluster
from each step in the hierarchical clustering (in terms of thetdince of the chemical to the
centroid of the cluster defined above). The ratierbehind this approach is that one would like
to follow the hierarchical clustering process, sefg the best model from each step. In order
for the prediction from the model to be used it hhesstatistically valid and meet the constraints

defined above. If the closest cluster for a gistap does not have a statistically valid model (or

violates any of the constraints), no predictionssd from that step. If the closest cluster for a

13



given step in the clustering process is the santleeaslosest cluster from a previous step it is not

used again in the prediction of toxicity.

2.2.2. FDA Method

The FDA (Food and Drug Administration) methoddased on the work of Contrera and
coworkers (Contrera, Matthews, and Benz 2003hisxmethod, predictions for each test
chemical are made using a unique cluster (consiuadt runtime) which contains structurally
similar chemicals selected from the overall tragnget. This is in contrast to the Hierarchical
method, where the predictions are made using oneog clusters that were constructed a priori
using Ward’s method.

Contrera and coworkers constructed the trainingtel by selecting 15-20 chemicals
which had at least a cosine similarity coefficieh75% with the test chemical. The cosine
similarity coefficient,SC, ,, is given by

#descriptors

Z Xij Xy
Xy = = (16)

\/ #descriptors #descriptors

> XiJZD > ij2

j=1 =1

wherex;; is the value of the jth normalized descriptordbemicali (normalized with respect to
all the chemicals in the original training set) ads the value of thgh descriptor for chemical
k. A multiple linear regression model is then btolt the new cluster using a genetic algorithm
and the toxicity is predicted. The advantage f thethod is that the training cluster is tailored
to fit the test chemical. In addition the testroleal is never present in the cluster model, which

allows one to make external predictions for tragnset chemicals. The disadvantage of this

14



method is that a new model has to be generatedhaie (which takes somewhat longer than
computing the toxicity from preexisting models).

In this version of the software, clusters are tmased using the thirty most similar
chemicals from the training set in terms of them®similarity coefficient. However, a
minimum similarity coefficient of 75% is not reqad for membership in the training cluster.
Previously it was determined that this constraidtrbt increase the predictive performance of
the methodology (Martin et al. 2008). For a prédicto be valid, the cluster must not violate
the model ellipsoid and fragment constraints descriabove. In addition, the predicted toxicity
value must be within the range of experimentaldibxivalues for the chemicals used to build the
model. This additional constraint was added tddpotentially erroneous predictions. Again
for a cluster to have a valid predictive model, @0 of must be at least 0.5. If the model for
the cluster is invalid or the prediction violatesemf the constraints, the cluster size is increéase
incrementally (up to a maximum of 75 chemicals)lunvalid prediction can be made. If a

prediction cannot be made using a cluster withhédcals, no prediction is made.

2.2.3. Single model

In the single model approach, a single multiptedir regression model is fit to the entire
training set. The model is generated using tecleg@nd constraints similar to those for the
hierarchical method (except that the training @usbntains the entire training set). The
advantage of this approach is that a simple traegpanodel can be developed which does not
rely on clustering the chemicals correctly. Theadvantage of this approach is that sometimes
an overall model cannot correctly correlate thedioxfor every chemical class (Benigni and

Richard 1996). For example the single model miggghéible to correctly describe the trend of

15



linearly increasing toxicity for a series of nornaddohols (i.e. 1-propanol, 1-butanol,1-pentanol,
...) but it may incorrectly describe the trend faeaaies of normal acids (i.e. propanoic acid,

butanoic acid, pentanoic acid, ...) which does notaase linearly.

2.2.4. Group contribution

The group contribution approach is based on tbhagcontribution approach of Martin
and Young (Martin and Young 2001). Fragment co(sush as the number of methyl and
hydroxyl groups in a compound) are used to fit dtiple linear regression model to the entire
data set. A genetic algorithm approach is not isedduce the number of parameters in the
model since the approach tries to characterizedah&ibution from all the fragments appearing
in the training set. The only constraint on ttegments appearing in the final model is that there
must be at least three molecules in the traininghse contain each fragment. If a fragment
appears less than three times in the trainingtgstdeleted from the list of fragments and a# th
chemicals containing this fragment are removed ftloatraining set. After the multiple linear
regression is performed, the model is checkedddress. If any outliers are detected, they are
removed and the regression is performed again. pidwess is repeated until no more outliers
are found. Similar to the hierarchical methodolggedictions are made using the model ellipse
and fragment constraints.

The advantage of this approach is a single trarspanodel can be developed whose
descriptors can be determined from visual inspaatidthe molecular structure of the test
compound. The disadvantage of this approach tdtthasumes that the contribution of each

fragment does not depend on the presence of n&adopents in the molecule.

16



2.2.5. Nearest neighbor

In the nearest neighbor approach, the predictaditpis simply the average of the
toxicities of the three most similar chemicalsystural analogs) in the training set. In order to
make a prediction, each of the structural analogstmxceed a certain minimum cosine
similarity coefficient (SGin). SGnin Was set at 0.5 so that the prediction coverageswaitar to
the other QSAR methods (Martin et al. 2008). Teaarast neighbor method provides a quick
external estimate of toxicity (the test chemicatléser present in the selected set of analogs).
The disadvantage of the nearest neighbor methitdighe structural differences between the

test chemical and the structural analogs are remianted for.

2.2.6 Consensus

In the consensus method, the predicted toxicisypgly the average of the predicted
toxicities from the other QSAR methodologies (takinto account the applicability domain of
each method)(Zhu et al. 2008). This method typiqaiovides the highest prediction accuracy
since errant predictions are dampened by the gredscfrom the other methods. In addition this
method provides the highest prediction coveragaume several methods with slightly different

applicability domains are used to make a prediction

17



3. EXPERIMENTAL DATA SETS
3.1. 96 hour fathead minnow LG data set

The fathead minnow Lég endpoint represents the concentration in watechvkills half
of fathead minnow in 4 days (96 hours). The datda this endpoint was obtained by
downloading the ECOTOX aquatic toxicity databastatfollowing link:

http://cfpub.epa.gov/ecotox/

The database was then filtered using the folloveiritgria:

* The ECOTOX “Media Type” field = “FW” (fresh water)

* The ECOTOX “Test Location” field = “Lab” (laboratpy

» The ECOTOX “Conc 1 Op (ug/L)” field cannot be <,0r ~ (i.e. use only discrete k&
values)

* The ECOTOX “Effect” field = “Mor” (mortality)

* The ECOTOX “Effect Measurement” field = “MORT” (matity)

* The ECOTOX “Exposure Duration” field = “4” (4 dags 96 hours)

» Compounds can only contain the following elememilsgis: C, H, O, N, F, Cl, Br, I, S,
P, Si, As, Hg, or Sn

» Compounds must represent a single pure componensélts, undefined isomeric
mixtures, polymers, or mixtures were removed)

The LG values were taken from the “Conc 1 (ug/L)” fistdeECOTOX.

For chemicals with multiple L& values, the median value was used.

In version 2.0 of T.E.S.T., the final dataset cstexl of 819 chemicals. 10 compounds in this
dataset possessed 2d isomers (the structures quev@lent in terms of their molecular
connectivity). In version 3.0, only one isomer Wagt, using the average toxicity value. The

final fathead minnow L& data set containé®D9 chemicals. For use in QSAR modeling, the
experimental values ipg/L were converted to —Log (Lsgmol/L).

18



3.2. 40 hour Tetrahymena pyriformis IGGs, data set

The Tetrahymena pyriformis IGCso endpoint represents the 50% growth inhibitory
concentration of the T. pyriformis organism (a paatan ciliate) after 40 hours. The 16C
training set was obtained from Zhu and coworketsu(2t al. 2008). Zhu and coworkers
developed a training set containing 644 chemiaadstavo different prediction sets (one
containing 339 chemicals and one containing 110niteds). Zhu and coworkers compiled the
IGCs values from several publications of the Schultgr(Schultz 2007; Schultz and Netzeva
2004; Schultz et al. 2007).

The data sets developed by Zhu and coworkers paaied to form a data set consisting
of 1093 chemicals. The find@ktrahymena pyriformis IGCso data set consisted of 1085

chemicals (8 salts were omitted). The modeled eimtipvas—log(IGC,, mol /L )

19



3.3. Oral rat LDsg data set

The oral rat L3y endpoint represents the amount of the chemicatgraathe chemical
per body weight of the rat) which when orally ingekkills half of rats. The dataset for this
endpoint was obtained by downloading records freen@hemIDplus database at the following

link: http://chem.sis.nim.nih.gov/chemidplus/

13548 records were obtained by using the follovaearch criteria:

e “Test”=LD50
* “Species” = rat
 “Route” = oral

The list of chemicals was filtered using the follog criteria:

* Only chemicals with discrete Ldpvalues were used (i.e. chemicals withsp.Balues
with “>” or “<” were removed)

» Compounds can only contain the following elememtisgis: C, H, O, N, F, Cl, Br, I, S,
P, Si, or As
» Compounds must represent a single pure componensélts, undefined isomeric
mixtures, polymers, or mixtures were removed)
In version 2.0 of T.E.S.T., the final dataset cstesi of 7392 chemicals. 87 compounds in this
dataset possessed a total of 106 2d isomers.rdione3.0, only one isomer was kept, using the

average toxicity value. The final oral rat if2lata set containet286chemicals. The modeled

endpoint was the —Log (Ldgmol/kg).
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3.4. Bioconcentration factor data set

The bioconcentration factor BCF is defined as #imrof the chemical concentration in
biota as a result of absorption via the respirasonyace to that in water at steady state
(Hamelink 1977). A dataset of 643 chemicals wansmted from several different databases
(Dimitrov et al. 2005; Arnot and Gobas 2006; EURZ8a0 2008). The final dataset consists of
610 chemicals (after removing salts, mixtures, amthiguous compounds). The modeled

endpoint was the Log (BCF).
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4. VALIDATION OF THE QSAR METHODOLOGIES

4.1 Validation Methods
4.1.1 Satistical external validation

The predictive ability of each of the QSAR methlodes was evaluated using statistical
external validation (Gramatica and Pilutti 2004).version 3.0 each overall data set was
randomly divided into a training set (80% of theemll set) and a test set (20% of the overall
set). In version 2.0 of the TEST software, theadzgt was divided into training and test sets
using the Kennard-Stone rational design algoritBou¢guignon, Deaguiar, Khots et al. 1994;
Bourguignon, Deaguiar, Thorre et al. 1994; Kenraard Stone 1969; Snarey et al. 1997). In
version 3.0, random selection was used to devélepraining and test sets because it was felt
that using Kennard-Stone method yields an overtinogtic estimate of predictive ability
(because the test compounds are always within tehcalibration domain).

A QSAR model has acceptable predictive power ifftlewing conditions are satisfied

(Golbraikh et al. 2003):

q° > 05 (17)
R*> > 06; (18)
(R* - R?)
~——2/<0land 0.8 k<1.15 (29)

RZ
whereq? is the leave one out correlation coefficient foe training setiR’ is correlation

coefficient between the observed and predictectiioes for the test seR’ is correlation

coefficient between the observed and predictectiioas for the test set with the Y-intercept set

to zero (where the regression line is given by YxkX

22



The prediction accuracy will be evaluated in teophequations 18 and 19. In addition
the accuracy will be evaluated in terms of the RM@Bt mean square error), and the MAE
(mean absolute error) for the test set. It has beenonstrated that ¢the leave one out
correlation coefficient for the training set) istmorrelated with Rfor the test set (Golbraikh and
Tropsha 2002). The prediction coverage (fractibohemicals predicted) must also be
considered because the prediction accuracy (instefrfa,sand RMSE) can sometimes be

improved at the sacrifice of the prediction coverag

4.1.2 External validation

The predictive ability of the QSAR methodologies the fathead minnow Lfg endpoint
were also validated using external validation (ggrperimental data that was never part of the
training set). External validation is the most d@iing way to predictively validate a model
(Eriksson et al. 2003). The external toxicity dsga consisted afinbow trout LCsg values for
chemicals not present in the overall fathead minhQgp training set (the L& for the fathead

minnow and the rainbow trout are highly correlated)

23



4.2 96 Hour Fathead minnow lethal concentration (LGg)
4.2.1 Satistical External Validation

The prediction results for the fathead minnowsg.@st set were as follows:

2 R? - R?
Method R RzRO k RMSE MAE Coverage
Hierarchical 0.693 0.105 0960 0.821 0599  0.988
Group contribution 0.684 0.072 0980 0.822 0.600 888.
Single Model 0.684 0.159 0973 0.832 0588  0.988
Nearest neighbor 0.602 0.108 0980 0.952 0.700 80.93
FDA 0.582 0.146 0970 0.990 0.735  0.981
Consensus 0.717 0.120 0975 0.785 0572  0.988

The consensus approach achieved the best restdtsria of all the prediction statistics. The
hierarchical and single model methods achievedi#jigvorse prediction statistics (the MAEs
were about 0.02 log units higher than the consems&ikod). The group contribution method
achieved Rand MAE values that were similar to the hierarahand single model methods but
the prediction coverage was lower (88% vs. 99%)e fiearest neighbor and FDA methods
achieved the worst prediction statistics (the MA¥ese about 0.1 log units higher than those for
the hierarchical method).

All of the QSAR methods (except for the FDA methadhieved an Rvalue (correlation
coefficient for the test set) that met the constrai equation 18. All of the QSAR methods
achieved & value (slope of the line Y=kX for the test set)igthmet the constraint in equation

19. All of the methods (except for the group cimition method) slightly violated the constraint

for (R ‘2R§) in equation 19.

R
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The predicted values for the test set for the tdhminnow LG, endpoint for the consensus

method are as follows:
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4.2.2 External Validation

The predictive ability of the QSAR methodologies the fathead minnow L{g endpoint
were also validated using true external validatimsing experimental data that was never part of
any training set). The external toxicity data wasined by querying the ECOTOX database for
rainbow trout LCsq values for chemicals not present in the over#ifidad minnow L& training
set of 819 chemicals. lsgdata for the rainbow trout were shown to be higldgrelated with
fathead minnow L& data (Sulaiman 1993; Thurston et al. 1985). Theee231 chemicals in
the ECOTOX database (omitting salts and inorgamérdcals) which possess kfvalues for
both the fathead minnow and the rainbow trout. &kgerimental L& values were again highly

correlated:
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The root mean square difference between thg Lz8lues for the two species was 0.66 log units.
For the 10 chemicals studied by Sulaiman (Sulaitr®98), the root mean squared difference
was 0.42 log units.

The prediction results for the different QSAR noetblogies (hierarchical, single model,
group contribution, FDA, and nearest neighbor) #lcompared to those obtained using
ECOSAR (v. 1.0)(USEPA 2009). ECOSAR is a compptegram developed by the US EPA to
predict agquatic toxicity to fish, aquatic invertatas, and green algae. ECOSAR predicts acute
fish toxicity using QSAR models for many differeritemical classes. The models in ECOSAR
are linear regressions between the toxicity andthanol water partition coefficient. The fish
toxicity values generated by ECOSAR are not spespesific. Sometimes the ECOSAR
software produces multiple predictions for the 86itfish toxicity for a given chemical (if a
chemical can be assigned to more than one cheniésa or if predictions are made using two

different octanol water partition coefficient vafi)e It was determined that slightly better
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prediction results are achieved if the most coreterg (i.e. smallest) toxicity value is used each
time (i.e. instead of taking a geometric averade)some cases, ECOSAR indicated that the
octanol water partition coefficient was too high &m accurate prediction or the predictedd-C
concentration was greater than the chemical’'s veatlerbility. These predictions were
considered to be outside the prediction spaceeofdbpective QSAR model.

The prediction results for the external rainbosutrdataset (n = 361) are as follows:

Method RMSE Coverage
Hierarchical 1.19 0.86
Single model 1.23 0.84

Group contribution 1.29 0.52
FDA 1.33 0.77
Nearest neighbor 1.29 0.70
Consensus 1.23 0.97
ECOSAR 1.57 0.78

As was the case in the statistical external vabdathe consensus method achieved the best
results in terms of both the RMSE and the predictioverage. The consensus method achieved
an RMSE that was 0.38 log units lower than the &alotained using ECOSAR. In addition the
prediction coverage was appreciably higher (97%u&i78%). If one includes the ECOSAR
predictions for chemicals where the predicted tbxis greater than the water solubility, the

RMSE remains the same at 1.57 log units and therege increases to 100%.
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The predictions for the consensus method for timboav trout external set are as follows:

Pred. fathead minnow -log LC50 (mol/L)
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The R value (0.35) and the RMSE (1.23 log units) for¢tbasensus method for the rainbow

trout external set were poorer than the valueseaeli for the statistical validation exercise using

fathead minnow experimental (0.72 and 0.79, resgayg). A large portion of the increased

RMSE can be attributed to the species differentwdsn the fathead minnow and the rainbow

trout (the root mean squared difference betweemvibespecies was previously shown to be

~0.42-0.66 log units). While the results for taenbow trout test set were not excellent, they do

indicate that the software can achieve superiatiptien results to the ECOSAR program.
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4.3 Tetrahymena pyriformis 50% growth inhibitory concentration (IGCs)

4.3.1 Satistical External Validation

The prediction results for the 1G@§test set were as follows:

Method R R R2R0 k RMSE MAE Coverage
Hierarchical 0.849 0.037 0.980 0.403 0.277 0.977
Group contribution  0.827 0.025 0.993 0431 0.318 940.
Single Model 0.784 0.042 0.988 0.484 0.338 0.977
Nearest neighbor 0.751 0.093 0.983 0523 0.388 30.96
FDA 0.817 0.033 0.983 0.445 0.303 0.977
Consensus 0.851 0.049 0.983 0.406 0.283 1.000

Again the consensus method achieved the bestsekatie takes into both prediction accuracy
and coverage. The nearest neighbor method achibeesorst results (the MAE was about 0.11
log units higher than the consensus method). Topgcontribution method and the FDA
method produced results that were slightly worse tine hierarchical method. All of the
methods achieved a prediction coverage (fractiacheficals predicted) of at least 94%. All of

the QSAR methods met the constraints in equatioantiBl9.
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The prediction results for the consensus methodjiasn by:

Predicted -Log(LC50 mol/L)
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4.4 Oral rat LD 5¢ dataset
4.4.1 Satistical External Validation

The prediction results for the lspPendpoint were as follows:

R R-R) RWMSE MAE Coverage

Method R®
Hierarchical 0.573 0.194 0.951 0.654 0.473 0.847
Nearest neighbor 0.546 0.293 0.957 0.662 0.479 50.99
FDA 0.555 0.236 0.959 0.658 0.481 0.987
Consensus 0.620 0.265 0.954 0.596 0.437 1.000

It was not possible to develop a single model groaip contribution model that fit the entire
training set. The consensus method achieved stadsults in terms of both prediction

accuracy and prediction coverage. The neareshbeigand FDA methods achieved MAE
values that were slightly higher (0.04 log unitsalaout 99% coverage. The hierarchical method
achieved prediction accuracy similar to the nearegghbor and FDA methods but the prediction
coverage was lower (85%). All of the methods (Wit exception of the consensus method)

barely missed meeting the constraint f5rirIRequation 18. None of the methods met the

constraint in equation 19 fw. This indicates that while the prediction erraor the oral
R

rat LDsp endpoint is fairly low, the methods do not cortelthe experimental data as well as they

do for the fathead minnow Lsgand theT. pyriformis IGCso endpoints.

The prediction results for the consensus methodjiaen by:

31



.
. .
® o **
hop oF o
.0 *
* oL N
. 'S
e woo
L 3 ®46e
' d
. 1
* »
2 .
o X |
5 > e X
* s ’
* | Rt £
* *®
(o] Lo <t m N —

(/10w 05D 1)607- paroipaid

Experimental -Log(LC50 mol/L)

32



4.5 Bioaccumulation factor (BCF)
4.5.1 Satistical External Validation

The prediction results for the BCF endpoint weréodsws:

(R?-R?)

Method R = k RMSE MAE Coverage
Hierarchical 0.755 0.103 0.961 0.691  0.507 0.952
Single Model 0.740 0.114 0.934 0.704 0.545 0.952
Nearest neighbor 0.704 0.094 0960 0.776  0.536 10.87
FDA 0.731 0.063 0.938 0.716  0.548 0.927
Cconsensus 0.781 0.115 0.945 0.656  0.480 0.968

Again the consensus method yielded the best rasuisms of prediction accuracy and
coverage. The other methods yielded lowev&ues and prediction coverage.

The BCFBAF module (v. 3.0) of US EPA’s EPI Suitéteware package (USEPA 2009)
yielded an Rvalue of 0.772 and MAE of 0.492 (coverage =100%)us the predictions for the
consensus method are comparable to those from el SHowever, this may not be a fair
comparison since some of the chemicals in the giediset may have appeared in the training

set for the BCF model in EPI Suite.
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The prediction results for the consensus methodjiasn by:
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5. USING THE SOFTWARE

5.1. Importing a single compound

A compound can be imported into the software séwkiferent ways:
* Drawn using the provided molecular structure drawool
* Imported from an MDL molfile
* Imported from a SMILES string
* Imported from the included structure data base

5.1.1 Drawing a molecule using the structure drawing tool

» First add any rings present in the molecule udneging template buttor2 O & O
OO (click on a button and then click somewhere indbeument).

* Next step add any chains using ~“sbutton.

* Next add double or triple bonds by us 4 again and clicking on the bonds to make

them double or triple bonds. You can ™and!!"* to make existing bonds wedge
bonds or you can draw wedge bonds directly.

» Finally any hetero atoms (non carbon atoms) neée tget. Either use one of the element
symbol buttons and click on an atom to changeulmtosymbol You can also use the

periodic tabl to choose an element. Finally WHH you can go through some

common elements by clicking on an atom repeatétlith +1 and~1 you can change
the charge.
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5.1.2. Importing a molecule froman MDL molfile

The structure for a test compound can be impord &anMDL molfile
(http://www.mdl.com/solutions/white_papers/ctfilerraats.jsp

To import a structure using a MDL molfile, seléeiport from MDL molfile from theFile
menu.

5.1.3. Import a molecule froma SMILES string

The structure for a test compound can be imporad SMILES string
(http://www.daylight.com/dayhtml/doc/theory/theomiges.htm).

To import a structure using a SMILES string, sel@eheratefrom SMILES string from the
File menu

Enter the desired SMILES string in the dialog boavided and press OK.

-5 Enter a SMILES string
L]

OK Cancel |

For example, to import benzene enter clcccccleaSMILES string. A SMILES string can be
pasted from the clipboard by selecti@gnerate from SMILES on clipboard.
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5.1.4. Import from the structure database

To import a structure from the structure databfus#,selectimport from structure database
from theFile menu

One can then import a structure from the CAS nupetecular weight, or formula:

Search structure database P§|

® CAS # (e.g. 71-43-2):

) Molecular weight:
' Formula {e.g. C6HG):

i Currently drawn structure

| Cancel | | OK |

One can enter the CAS number with or without daghes71-43-2 or 71432). THeurrently
drawn structure option allows you to retrieve the CAS number f@iwen drawn structure
(assuming it is available in the database includigd the software).

You can also import a chemical by its CAS numbeebtering a CAS number in thdolecule
ID field and pressing enter.
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5.2. Importing multiple compounds (batch import)
Multiple compounds can be imported simultaneousiyesal different ways:

* Importing from a MDL SDfile
* Importing from a list of CAS numbers
* Importing from a list of SMILES strings

Samplefilesin each of these formats are available in a zip file at the following link:
http://www.epa.gov/nrmrl/std/cppb/gsar/SampleFiigs.

5.2.1 Importing froma MDL SDfile

To import multiple structures from an MDL SDfilelset Batch import from MDL SDfile from
thelmport Chemical menu option.

For best results one should use SDfiles with e AS” or a “Name” field included to
uniquely identify each chemical in the file. Th@gram first looks for a “CAS” field and then
looks for “Name” field when assigning identifiersor example, a sample from an SDfile
including formaldehyde would be as follows:

For mal dehyde
csChFnd80/ 07260508122D

2 1 0 0 0 0 0 O 0 0999 V2000
0. 0000 0. 0000 0.0000C 0 O O O O
1. 4000 0. 0000 0.0000 0 0 O O O O
1 2 2 0 0 0 O
M END

o o
o o
[eoNe)
o o
[eoNe)
[eoNe)
o o

> <CAS>
50-00-0

> <Name>
For mal dehyde

$$$$
5.2.2 Importing froma list of CAS numbers

To import multiple structures from a list of CASmbers (in a text file), sele®atch import
from list of CAS numbersfrom thelmport Chemical menu option.

For example to import benzene and formaldehydecdhéents of the text file should be as
follows:

71-43-2
50-00-0
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5.2.3 Importing froma list of SMILES strings

To import multiple structures from a list of SMILE&ings (in a text file), sele&atch import
from list of SMILES strings from thelmport Chemical menu option.

The text file should contain the SMILES string amdunique identifier on each line. The
SMILES string and the identifier can be separated bomma, tab, or a space. The text file
should not container a header line.

For example to import benzene and formaldehydecahngents of the text file should be as
follows:

clcccccl 71-43-2
C=0 50-00-0

3.2.4. Editing a chemical in the batch list

After importing the desired set of chemicals, yan edit individual chemicals in the list by
double clicking on its row in the list. An exammkan imported batch list is as follows:
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Ed T.E.S.T (Toxicity Estimation Software Tool)

# Ing Farmula Errar
1|50-30-6 CTHAD2CIZ -
2(51-03-6 C19H3004 =
3|52-51-7 CAHEROABr
4|52-60-8 C1IHZT0352P
al54-11-5 CT0HTAMZ
Gl56-72-4 C14H16085PCI
7|96-81-5 C3IHa03
a|ar¥-24-9 C2THZZMZ0Z
9(58-36-6 C2AHT1603A52
10{60-51-5 CAHT2ZMO3E2P
11|61-82-5 C2HAMA
12|62-38-4 CEHAOZHY
13|64-00-6 o N R e
14|72-55-9 C14HBCI
16|72-56-0 C1aH20c12
16|7a-64-9 CAHTTM
17|76-06-2 CROZCIE
18|77-48-5 CAHBRZO2BrZ
19|78-48-8 C12ZH2ZTOS3P
20|79-09-4 CAHEDZ |
2U79-33-4 CAHROS l
Mote: double click to edit a chemical
| Add | | Delete | Enclpoinit: |Fathead minnoy LCS0 | v| Methiod: |Hierarchical clustering |v|
[[] Relax fragment constraint | SavelistasSDF | | Closebatchist | | Calculste! |
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5.2.4. Deleting chemicals from the batch list

To add chemicals to the list, click tAeld button. Double click on the new chemical to duel t
molecular structure for the new chemical.

5.2.5. Deleting chemicals from the batch list

To delete chemicals from the list, select one oremmows in the batch list and click tBelete
button (or press the Delete key on the keyboard).

5.2.6. Saving the batch list

To save the batch list as an MDL SD file, clicktbe Save list as SDPutton. This feature
allows you to save changes to your list.

5.2.7. Closing the batch list

To close the batch list click on tiéose batch listbutton. One can also close the batch list by
deleting all the chemicals in the list.

5.3. Performing toxicity predictions

» If the Molecule ID is blank, enter a unique identifier for the compau It is
recommended that the CAS number be used fa¥ittiiecule ID but the name can be
used as well. The software needsMuwecule ID in order to generate the output web
pages.

» Select a toxicity endpoint using the drop downpisivided (the fathead minnow Egis
selected by default).

» Select a QSAR toxicity estimation method usingdh@p down list provided (the
hierarchical clustering method is chosen by defadlhe methodologies are described in
detail in the Theory section.

» Sometimes predictions for a given chemical caneanbde because the model(s) violate
the fragment constraint. The fragment constrags ghat in order for a prediction to be
made using a given model, the chemicals used indhstruction of the model must
possess at least one example of each moleculanérmtgpresent in the test compound.
One can relax this constraint by checkingRatax fragment constraintcheckbox. The
fragment constraint is described in the Theoryisect

* Once the desired options have been selected, ongtard the toxicity estimation
calculations by clickingCalculate!.

» Before the calculations can proceed, one mustdetgct the location where the output
files will be stored:
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S5elect folder, to store the output files from this software

Select folder to stare the output files from this software:

CoDocuments and Settingz\UserDWy Document sy Toxicity Brovse. ..

Cancel (024

* If one wishes to abort the currently running cadtiolns, click on the re8top button.

42



5.4. Interpretation of results

After performing the toxicity estimation calculat&, a web page is generated which displays the
results. The results for fenthion (for the Fatheadnow LG, endpoint and th€onsensus
method) are as follows:

Prediction results
Experimental value
Endpoint CAS: 55-38-9  Predicted valué
Source:ECOTOX
Fathead minnow L& -Log(mol/L) 5.00 4.99
Fathead minnow L§ mg/L 2.81 2.84

®Note: the test chemical was present in the exteesalset.

The predicted toxicity is 2.84 mg/L and the expenmal value is 2.81 mg/L. The prediction is
flagged in this example because the chemical waopthe external test set.

The predicted toxicity from the consensus methdaesents the average of the predicted
toxicities from all the different QSAR methods imporated into the TEST software:

Individual Predictions
vethod  Predicied val
Hierarchical clustering 4.64
Single model 4.97
Group contribution N/A
FDA 4.59
Nearest neighbor 5.76

The predicted values from the different QSAR methaie distributed about the experimental
value of 4.99 (in units of -Log(mol/L)). A predich for theGroup contribution method is not
available because it failed the fragment consti@®re were no chemicals in the training set
which possessed a sulfur atom attached to an aioatatn).
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The software also provides predictions for chersigathe test set which are similar to the test

chemical. The predictions for the most similarmalaals in the test set are as follows:

Co Experimental Predicted
CAS Structure gé?#ie::rigt value value
-Log(mol/L) -Log(mol/L)
55-38-9
(test o 5.00 4.99
chemical) |
—F
/ o
N
AN
H,C e
Naaiy M
Hac\\ i xof“\CHa
78-34-2 R, P 0 0.60 5.14 5.77
L)
4]
HSC
H,C
L o CH,
13071-79-9 VoaBe 8 ) 0.51 6.50 5.41
B e R
H,C g™ W s CH

These results illustrate that similar chemicalthmtest set are fairly toxic and are fairly

accurately predicted.
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One can view the details of the predictions fordiferent QSAR methods by clicking on the
predicted value for each method. For example, étaild for theHierarchical clustering method

are as follows:

Prediction results

Experimental
Endboint value Predicted Prediction
P CAS: 55-38-9 value® interval
Source:ECOTOX
Fathead minnow L - 5.00 4.64 418 Tox<5.11
Log(mol/L)
Fathead minnow L§ mg/L 2.81 6.32 2.15 Tox<18.58

®Note: the test chemical was present in the extéesalset.

Cluster model predictions and statistics

Cluster mode! d(;rsecsr?p;g?r\?;lclilas Pre_?_iggc()r?lé?/tf)wal r? | ¢® |#chemicals
1245 Descriptors 4.813 +0.638 0.872.800/ 26

1256 Descriptors 3.081 +0.944 0.83®.662 30

1282 Descriptors 5.044 £ 0.976 0.773.692/156

1288 Descriptors 5.457 £1.156 0.68D.626/235

1290 Descriptors 5.059 +1.397 0.67D.611 264

1292 Descriptors 4.968 +1.301 0.73@.691 644

Cluster models with violated constraints

Cluster Model| r? | ¢® |# chemical: Message

955 0.9720.8485 Rmax constraint not met

1134 0.851/0.634/11 Rmax constraint not met

1162 0.9020.778/11 Fragment constraint not met
1168 0.854/0.757,17 Fragment constraint not met
1198 0.860/0.719/18 Model ellipsoid constraint not
1234 0.8340.770/19 Fragment constraint not met
1238 0.8290.693 22 Model ellipsoid constraint not

Descriptor values for test chemical
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The predicted toxicity is 6.32 mg/L and the expenmmal value is 2.81 mg/L. The prediction
interval is 2.15 Tox < 18.58 mg/L (one is 90% confident that the prediatalue is between
2.15 and 18.58 mg/L).

For the hierarchical method, the web page alsaded a summary of all the predictions from
the models used to estimate the toxicity. Foretkeemple compound, seven hierarchical cluster
models were used to generate the estimated toxigitye. Most of the models generated
toxicity values of about 5 (in terms of —Log(molfL)The web page also includes the models
which were not used to make a prediction sincedbechemical violated one or more of the
models’ constraints. For example the model fost®u#1162 could not be used because
fragment constraint was violated (since none ofctimmicals in this cluster contained a sulfur
atom that was attached to an aromatic ring).

One can click on the link for each model (in @lester model column) to display its statistics,
regression plot, parameters, and chemical descrptaes.

For example for model #1245, the model statistiesaa follows:

Parameter Value

Endpoint | Fathead minnow lsg

r? 0.872
o 0.800
#chemicals 26

Model 1245

The £ value is the correlation coefficient and tfevglue is the leave one out correlation
coefficient.
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The model

The model

regression plot is as follows:

Model fit results

Predicted toxicity

2 3 4 ] G

Experimemntal toxicity

parameters are as follows:

Model coefficients

Coefficient Definition Value |Uncertainty*

Intercept | Model intercept 5.6003 | 1.6837

SdssS Sum of (= S <) E-States (SdssS) 1.1890 8D.47

Hmin Minimum hydrogen E-State value in molecule. .8248/0.6767

BEHM? ngh(_ast eigenvalue n. 7 of Burden matrix / weighgd 11915 | 05755
atomic masses

BELp5 Lowe_st elger_lvall_J_e_n. 5 of Burden matrix / weighbgd -1.6559/0.9128
atomic polarizabilities

MATS7v Moran autocorrelation - lag 7 / weighted by atoraa der 33274 | 1.0675
Waals volumes

* value for 90% confidence interval

The above table indicates that the equation fontbdel is as follows:

Toxicity = 1.1890%(SdssS) - 1.8248x%(Hmin) + 1.19(B&HmM7) - 1.6559%(BELp5) +
3.3274x(MATS7v) + 5.6003
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The descriptors for the model chemicals are asvid|

. =240 Fit Toxicity
Number | Chemical Structure Toxicity -Log(moliL) SdssS| ... IMATS7v
-Log(mol/L) 9
CHIE,
J o
O_MP:H*
i Yo
1 500-28-7 5.0270 5.0656 0.0000... | -0.1315
cl
NI
0% o
<-.’.':|.J
26 786-19-6 2 6.1770 5.9257 0.0000... | -0.0802
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One can click on the links in tAeest chemical descriptor valuegolumn to view the descriptor
values for the test chemical for the given clustedel. For cluster#1245, the model descriptors
for the test chemical are as follows:

Descriptor Values

Descriptor | Value

SdssS 0.0000

Hmin 0.5962

BEHmM7 2.5664

BELpS 1.2518

MATS7v |-0.2057
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