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Summary — In this study, a QSAR model was developed from a data set consisting of 546 organic mole-
cules, to predict acute aquatic toxicity toward Daphnia magna. A modified k-Nearest Neighbour (kNN)
strategy was used as the regression method, which provided prediction only for those molecules with an
average distance from the k nearest neighbours lower than a selected threshold. The final model showed
good performance (R2 and Q2 equal to 0.78, Q2 equal to 0.72). It comprised eight molecular descrip-
tors that encoded information about lipophilicity, the formation of H-bonds, polar surface area, polaris-

ability, nucleophilicity and electrophilicity.
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Introduction

Many chemicals partition in water and can exert
adverse effects on aquatic systems, damaging
aquatic species and food webs, and threatening the
survival of other members of these ecosystems,
such as birds and mammals (1). The adverse
effects of toxicants can be induced by means of both
non-specific and specific mechanisms of action.
Non-specific interactions, e.g. narcosis and general
reactivity, derive from high concentrations of the
toxicants within the cell or cellular membrane, and
thus are strongly related to the ability of chemicals
to enter the organism.

Some chemicals are able to directly interact with
biological targets within the aquatic organism,
causing higher toxicity (compared to the baseline
set by narcosis). These interactions, or reactions,
usually take place between the toxicant (or its
metabolites) and critical cellular macromolecules.
The assessment of the aquatic toxicity of chemicals
is a primary aspect to be addressed. Toxicity tests
are typically divided into acute and chronic tests
(2), according to the duration of the exposure.
Information about the acute aquatic toxicity of
chemicals is required for all substances subject to
the European Registration, Evaluation, Author-
isation and Restriction of Chemicals (REACH) reg-
ulation (3). In particular, Annex VII of REACH
suggests that Daphnia is used as the preferred
organism for short-term aquatic toxicity testing.

REACH promotes the use of alternative test meth-
ods, such as in vitro and computer-based methods,
including Quantitative Structure—Activity Rel-
ationships (QSAR; 3), which are mathematical
models that relate the structure of chemical com-
pounds to their activities/properties by using
molecular descriptors (4). The Organisation for
Economic Co-operation and Development (OECD,;
5) set five principles that should be fulfilled by a
QSAR model, in order for it to be applicable for
regulatory purposes.

Several QSAR models which address acute toxi-
city toward D. magna were calibrated both on het-
erogeneous and homogeneous data sets, the latter
comprising only one specific class of chemical. A
list of published QSAR models is reported in Table
1. In general, QSAR models developed on homoge-
neous (6-14) data sets had higher performances
than models calibrated on heterogeneous data.
When dealing with QSAR models calibrated on
large heterogeneous data sets (8, 15—-19), model
statistics are lower than those of models calibrated
on homogeneous data sets. This is probably due to
non-linearity introduced by different mechanisms
of action.

To the best of our knowledge, three published
QSAR models demonstrated good performance on
large heterogeneous data sets. Kaiser (17) developed
four QSAR models by using Probabilistic Neural
Networks (PNN) coupled with linear corrections
with 57 molecular descriptors, calibrated on 700
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Table 1: Published QSAR models for acute toxicity toward D. magna

Chemical No. of n n

Reference class models training test R2 p 2. 2 &
Homogeneous data sets
Vighi (6) Organophosphorus 1 22 — 0.89 6 — —
Vighi (7) Organotin 14 <15 — [0.44-0.99] [1-3] — —
Todeschini (8) Amines 1 8 — 1.00 4 1.00 —
Todeschini (8) Chlorobenzenes 1 6 — 1.00 3 1.00 —
Todeschini (8) Organotin 1 15 — 0.99 6 0.97 —
Todeschini (8) Organophosphorus 1 20 — 0.92 5 0.85 —
Deneer (9) Nitroaromatics 3 [15-22] — [0.60-0.75] [1-2] — —
Hossain (10) Tonic liquids 1 64 — 0.97 25 — —
Zvinavashe (11)  Organothiophosphate 3 10 5 [0.80-0.82] [1-2] [0.62-0.73] [0.61-0.71]
Cassani (12) Triazoles and

benzotriazoles 2 97 NR  [0.73-0.77] [6-5] [0.70-0.74] [0.68-0.83]
Cassani (13) Triazoles and

benzotriazoles 7 90 — [0.59-0.82] [6-245]  [0.70-0.75] —
Tetko (14) Polybrominated

diphenyl ethers 1 46 — 0.70 150 0.70 —
Heterogeneous data sets
Todeschini (8) — 5 49 —  [0.68-0.82] [3-7] [0.64-0.74] —
Faucon (15) — 1 61 35 0.54 2 0.49 0.57
Katritzki (16) — 1 86 44 0.70 5 0.64 0.74
Katritzki (16) — 2 87 43 [0.72-0.78] 5 [0.67-0.75] [0.66-0.54]
Katritzki (16) — 1 130 — 0.71 5 0.68 —
Kaiser (17) — 4 700 76  [0.87-0.88] 57 — [0.76-0.76]
Kar (18) — 1 222 75 0.69 7 0.68 0.74
Kihne (19) — 1 1365 — 0.85 NR 0.84 —

p = number of molecular descriptors in the model. NR = not reported,; @2, = coefficient of determination in cross-validation;
Q2 = coefficient of determination in external validation; R? = coefficient of determination in fitting.

Bibliographic reference, chemical class (where relevant), number of developed models, number of molecules in training and
external test sets are reported. In the case of multiple models, the range of the statistics is reported in square brackets.

training compounds and externally validated with
76 molecules (Q2,,, equal to 0.76). Kar (18) collected
experimental data on 297 chemicals, and the best
QSAR model was obtained by using Partial Least
Squares (PLS) regression with seven molecular
descriptors (QZ. equal to 0.74). Kithne (19) devel-
oped a decision-tree model based on linear regres-
sion for the prediction of narcosis-level toxicity;
read-across was then used to estimate the toxicity
enhancement. Models were calibrated on 1,365
organic compounds and the final decision-tree pro-
vided a quantitative estimation for 757 compounds
(56% of the data set) with a Q2;op equal to 0.84.
Published models of acute toxicity toward D.
magna have some drawbacks that can limit their
actual application for regulatory purposes. One
drawback, for instance, for PNNs and decision-tree
models, is the complex modelling strategy. This
can result in a difficult implementation, while

OECD Principle 2 requires the “use of an unam-
biguous algorithm” in order to give transparency in
the equations. Moreover, OECD Principle 5
requires a mechanistic interpretation, if possible:
the model based on the PNN strategy lacks a direct
mechanistic interpretation, due to both the large
number of molecular descriptors (57 fragments)
and the intrinsic complexity of the modelling algo-
rithm. Also, OECD Principle 4, requires a correct
validation procedure of the QSAR models, which,
in some cases, is not properly fulfilled, since sev-
eral published models were validated by optimistic
procedures, such as the ad hoc selection of test
molecules and leave-one-out cross validation (20).
In order to overcome the drawbacks and limita-
tions of existing models, the aim of this study was
to develop a QSAR model for the toxicity of organic
chemicals toward D. magna, characterised by: a) a
simple modelling method based on local structural
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similarities; b) interpretable descriptors; c¢) an
appropriate validation procedure to estimate the
real predictivity and reliability of the model; and d)
an implicit definition of the Applicability Domain
(AD; 21, 22). In addition, attention was paid to
data screening, in order to detect erroneous chem-
ical structures and reduce the influence of anom-
alous toxicity values.

Materials and Methods

Experimental data

Experimental data on aquatic toxicity were
retrieved from three databases (ECOTOX [23],
EATS5 [24] and OASIS) and available scientific pub-
lications (25—-41). The OASIS database was down-
loaded from the OECD QSAR Toolbox (42). The
downloaded databases were imported into the
Konstanz information miner (KNIME; 43), and ad
hoc-designed workflows were used to extract LC50
data, which is the concentration that causes death in
50% of test D. magna over a test duration of 48
hours. Data were obtained under different experi-
mental conditions, such as composition and charac-
teristics (e.g. pH and temperature) of test water, test
locations (laboratory or field), exposure types (e.g.
static, flow-through, renewal). In the EAT5 data-
base, LC50 data were reported as EC50 (effective
concentration), with lethality as the observed effect.
Records of the ECOTOX database indicating ranges
or thresholds of experimental values were removed.

Data curation and filtering

In order to guarantee data consistency, data were
checked, and ambiguous molecular structures and
anomalous experimental values were disregarded.

Curation of molecular structures

Chemical names and CAS registry numbers
(CASRNs) were available for every record in the
data set. Web services to the chemical database,
ChemSpider (44), and the Chemical Identifier
Resolver (CIR; 45) of the CADD Group at NCI/NIH,
were set up in the KNIME environment, to check the
correctness of the molecular structures and the cor-
respondence of CASRNs and names. CASRNs and
chemical names were independently used as queries
to retrieve the standard InChl codes and the
Simplified Molecular-Input Line-Entry System
(SMILES). The retrieved InChl codes were then
compared. Out of 2,640 records (corresponding to
693 different CAS numbers), 1,577 (378 CAS num-
bers) presented mismatches. All the records that

had at least one mismatch were manually checked
by using the PubChem (46) and ChemSpider data-
bases and the Sigma-Aldrich website (47). During
this phase, some records were deleted for the follow-
ing reasons: a) a chemical name—CASRN mismatch
was not possible to resolve — for example, because
the original publication was not found or was not
accessible; b) the CASRN was non-existent; c) the
molecular structure was not available, as it was a
commercially-named chemical; d) information about
which isomer was used was missing; and e) the
record pertained to a chemical mixture. In total,
2,410 records, corresponding to 628 different CAS
numbers were retained and merged with the data
taken from scientific publications (195 records for a
total of 183 different CAS numbers).

Filtering

The data set contained a certain number of discon-
nected structures, i.e. salts and mixtures. In par-
ticular, 733 records for a total of 118 disconnected
structures were present. All the disconnected
structures were removed from the data set, since
toxic effects could arise from any of the chemical
species present, either behaving independently or
interacting to give additive, synergistic or antago-
nistic effects. Moreover, the calculation of molecu-
lar descriptors is limited when dealing with
disconnected structures.

Inorganic compounds were removed, since the
goal was to develop a model for acute toxicity that
was limited to organic molecules. A total of 141
records, corresponding to 28 different inorganic
compounds, were therefore removed.

Handling stereochemistry

Some stereoisomers were present in the data set.
Since the majority of two-dimensional (2-D) molec-
ular descriptors does not discriminate stereoiso-
mers, the information about stereochemistry was
removed from the SMILES before the calculation
of molecular descriptors.

Curation of experimental values

Lethal concentrations were first converted to
molarity and then transformed to a logarithmic
scale (—Log mol/L). For several molecules, multiple
values of LC50 were available, and in some cases,
differences of a few orders of magnitude were
observed for the same chemical. In order to avoid
an excessive dependence on outlying data, the
median value was calculated, as it 1s a more robust
estimator than the mean value. The standard devi-
ation was also calculated and used as an alert for
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inconsistent data. The pooled standard deviation
over the data set was equal to 0.37. Therefore, if
the standard deviation of a molecule was larger
than 0.7 log units (approximately twice the stan-
dard deviation over the entire data set), the origi-
nal scientific publications were consulted in order
to detect errors in the compilation of the data-
bases. If the original study was not accessible or
not found, the corresponding value was removed.

Experimental data for some Polycyclic Aromatic
Hydrocarbons (PAHs) from a scientific publication
(48) were removed, because toxicity had been
photo-induced in the experimental tests.

The final data set included 546 organic mole-
cules and is freely available (49, 50).

Molecular descriptors

The SMILES of the 546 organic molecules were
used to calculate molecular descriptors. Three-
dimensional (3-D) descriptors were not calculated,
since the optimisation of molecular geometry may
be a time-consuming step, and could also limit the
future application of the model due to inconsisten-
cies with the generation of 3-D structures (51).
One-dimensional and 2-D molecular descriptors
implemented in the software DRAGON (52) were
calculated. Constant, near-constant and descrip-
tors with at least one missing value were removed,
resulting in a total of 2,187 molecular descriptors.

Modelling methods

Due to the nature of the problem, non-linear
regression methods were assumed to give better
results than the classical linear regression.
Methods based on local similarity are expected to
be able to deal with non-linear responses, while
still retaining a simple algorithm. This is the case
for the k-Nearest Neighbour (ENN; 53) strategy,
which was used to calibrate the models. The pre-
dicted value for a molecule is computed from the
values of its k nearest neighbours, typically as a
mean or weighted mean. In this study, the simi-
larity between two molecules was calculated as:

1 1
T1+dy, 1+ Vix-x)T S1(x,-x,)

St 0<S,=<1

[Equation 1]

where dg is the Mahalanobis distance between
molecules s and ¢, x, and x; are the descriptor vec-
tors for molecules s and ¢, and S-1 is the inverse of
the covariance matrix of the training set. The pre-
dicted response, y,, was computed as the weighted
mean over the k neighbours, where the weights
were calculated as a function of the similarity,
as:

k k
_ W, = . st .
Ys=2 VoWt = X Ve 7 s [Equation 2]

=1 st

where y, and w, are the response and the weight of
the t—th neighbour, respectively, and the sum runs
over the k neighbours. The term S, is the similar-
ity between molecules s and ¢, and the sum runs
again over the k nearest neighbours.

A threshold value on the average distance from
the k& nearest neighbours was also adopted, in
order to detect test molecules that are dissimilar
from their £ nearest neighbours. Hence, only mole-
cules with an average distance from their neigh-
bours lower than a defined threshold were
predicted, while those exceeding the threshold
were regarded as outliers on the assumption that
their predictions may be influenced by dissimilar
neighbours and therefore might not be reliable.
The training molecules exceeding the threshold did
not contribute to the model’s statistics, but were
not removed from the data set, since they still con-
tributed to define the model’s domain and, in prin-
ciple, can be useful to predict the responses of
external compounds.

Genetic Algorithms (GA) were coupled with
ENN method to select the relevant molecular
descriptors. The GA strategy described by Leardi
and Gonzalez was used in this study (54). For
each combination of molecular descriptors
(model), values of k (number of nearest neigh-
bours) from 1 to 10 were tested. For each k value,
the distance threshold from the k neighbours was
automatically chosen during GA runs as the
average distance value giving the largest coeffi-
cient of determination in cross-validation (Q2.,),
with a constraint on the maximum allowed per-
centage of unpredicted molecules of 40%. This
value was selected as a reasonable value to carry
out the selection of molecular descriptors during
model optimisation. Eventually, for each combi-
nation of molecular descriptors, the pair of k& val-
ues and similarity threshold giving the largest
Q2., was chosen as the optimal one.

Model validation

In order to thoroughly validate the developed mod-
els, the 546 molecules of the data set were ran-
domly divided into a training set (436 molecules)
and an external test set (110 molecules). The train-
ing set was used to calibrate models and select the
optimal molecular descriptors by means of GA,
while the test set was used only to test the predic-
tive power of the calibrated models. During the GA
runs, model performance was evaluated by means
of internal five-fold cross-validation (55). The pre-
dictive ability on the external test set was evalu-
ated by means of the Q2 function reported in the
literature (56).

ext
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Software

KNIME (43) was used to process the databases, in
order to extract the relevant data and check the
molecular structures. Molecular descriptors were
calculated by means of DRAGON 6 (52). Variable
selection by means of GA, model fitting and vali-
dation were carried out in MATLAB (57), by using
toolboxes and functions written by the authors.

Results and Discussion

The GA selection was organised into two subse-
quent steps, in order to handle the large number of
calculated descriptors, i.e. 2,187, and to avoid
potential over-fitting. Initially, GAs were run on
each descriptor block separately. For each block,
molecular descriptors with the largest frequencies
of selection were chosen and merged together to
form a set of 201 descriptors. GAs were then car-
ried out on this reduced set, to find the most appro-
priate subset of descriptors.

Only one molecular descriptor, TPSA(tot) (topo-
logical polar surface area with N, O, S and P con-
tributions; 58), had a selection frequency
significantly larger than the others. In order to
avoid selection based on small differences in the
descriptor frequencies and to obtain a consistent
solution, models based on the 15 most frequent
descriptors were explored by means of an all-sub-
set strategy, with two constraints: the maximum
number of descriptors included in the models was
set to 10; and TPSA(tot) was always included, since
it proved to be relevant for the toxicity modelling.
The best models were finally judged on the basis of
both their predictive power and their complexity,
also taking into consideration descriptor inter-
pretability. This procedure resulted in a ENN
model (k equal to three) constituted by eight molec-
ular descriptors, which are briefly described below:

a) MLOGP is the octanol-water partition coeffi-
cient (LogP) calculated from the Moriguchi
model (59, 60). LogP expresses the lipophilicity
of a molecule, this being the driving force of
narcosis.

b) RDCHI is a topological index (61) that encodes
information about molecular size and branch-
ing, but does not account for heteroatoms.
Since molecular size affects lipophilicity, it is
reasonable that this descriptor also accounts,
to a certain extent, for lipophilicity.

¢) SAacc (62) describes the Van der Waals surface
area (VSA) of atoms that are acceptors of
hydrogen bonds.

d) TPSA(tot) (58) represents the topological polar
surface area calculated by means of a contribu-
tion method that takes into account N, O, P
and S. The two descriptors, SAacc and

TPSA(tot), taken together, account for the
exposed molecular polar surface area that can
interact with biological targets, where SAacc
specifically takes into account the formation of
hydrogen bonds, while the main contribution of
TPSA(tot) is toward the calculation of the
responses of P-containing and S-containing
molecules (such as pesticides and herbicides).

e) H-050 (63) represents the number of hydrogen
atoms bonded to heteroatoms. Therefore, this
descriptor still partly contains information
related to the possibility of H-bond formation,
but focuses on the number rather than on the
surface area.

f) nN (4) is the number of nitrogen atoms present
in the molecule. It is known that many nitro-
gen-containing functional groups are nucle-
ophiles, due to the presence of a lone pair on
the nitrogen atom (typically amines). There-
fore, it 1s hypothesised that nIN encodes infor-
mation on the nucleophilicity, deriving from
the presence of nitrogen atoms in the toxicants.

g) C-040 (63) represents the number of carbon
atoms of the type R—-C(=X)-X / R—C#X / X=C=X,
where X represents any electronegative atom
(O, N, S, P, Se, halogens). In other words, C-
040 codifies specific functional groups such as
esters, carboxylic acids, thioesters, carbamic
acids, nitriles, etc. Since all of these groups are
electron-poor on the carbon atoms, C-040
seems to be able to account for electrophilic fea-
tures.

h) GATSIp (4) encodes information on molecular
polarisability, and tends to have low values for
molecules with pairs of bonded atoms with
comparable polarisabilities such as —-OH, -NH
and —NO. Moreover, GATSIp has smaller val-
ues when the polarisabilities of bonded atoms
are large. In other words, the more polarisable
a bond, the lower the value of GATSIp.

To conclude, the interpretation of the molecular
descriptors was demonstrated to be in agreement
with previous knowledge on the structural and
electronic features that determine acute aquatic
toxicity. It was confirmed that toxicity increases
with lipophilicity, as a consequence of the
enhanced ability of toxicants to enter the organism
(narcosis). Moreover, a relationship was found
between molecular polarisability and toxicity. This
relationship was linked to the HSAB (64) and FMO
(65) theories and the Klopman—Salem equation
(66, 67), on the basis of the consideration that
polarisable molecules are ‘soft’ species, which
therefore tend to react with other soft species. In
fact, it seems that more-polarisable molecules tend
to have higher toxicities, and this might be due to
the formation of covalent bonds that involve the
HOMO and LUMO of soft acids and bases.
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Figure 1 shows the Q2., and percentage of unpre- remained stable (Q2., around 0.80) for threshold
dicted molecules as a function of the threshold. The values in the range 0.8-1.4. A threshold value equal
percentage of unpredicted molecules decreased lin- to 1.26 was finally selected as a reasonable trade-off
early with increasing threshold values, as was between model predictivity and applicability limita-
expected. On the other hand, model performance tion. Therefore, predictions for molecules with an

Figure 1: QZ, and percentage of unpredicted samples as the function of the threshold value
on the average Mahalanobis distance from k = 3 neighbours
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Table 2: Regression statistics of the kNN model

Model statistics

Av. dist % unpredicted % unpredicted % unpredicted
k threshold R2 Qz, Q% fit cv test
3 — 0.60 0.61 0.43 0 0 0
3 1.26 0.78 0.78 0.72 38 39 31

®2, = coefficient of determination in cross-validation; Q2,, = coefficient of determination in external validation;
R? = coefficient of determination in fitting.
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average distance from their three neighbours
greater than 1.26 were regarded as unreliable and
were not considered. If no threshold was considered,
the classical (NN approach would be obtained with
Q2. equal to 0.61.

The threshold can also be user-defined to best
suit the purposes of a specific study. For example,
for high-throughput screening, where high reliabil-
ity is not a strict requirement, one can increase the
threshold value in order to have predictions for
most of the molecules.

The developed QSAR model was finally vali-
dated on the external test set that was not part of
the descriptor selection and model calibration. The
regression statistics of the ANN model are collated
in Table 2. The developed model was compared
with a ‘classical’ ANN model where no molecule
was left unpredicted. It is possible to see that the
introduction of the threshold on the average dis-
tance enhanced the model’s performance, since R2,

Q2., and Q2,; were improved with 0.18, 0.17 and
0.29 points, respectively, to the detriment of the
increase in the number of unpredicted molecules.
Moreover, the performance of the model (as well as
the percentage of unpredicted molecules) in fitting,
cross-validation and external validation, gave sim-
ilar values. This balance between model perform-
ance on the training and test sets indicates the
absence of over-fitting, which can occur when deal-
ing with variable selection on high-dimensional
data.

Figure 2 shows the experimental versus pre-
dicted responses in cross-validation for the train-
ing set (Figure 2a) and for the external test set
(Figure 2b). Black circles indicate compounds with
average Mahalanobis distance from the three
nearest neighbours which 1s lower than the
selected threshold (i.e. 1.26). White circles indicate
molecules with an average distance larger than the
threshold. The introduction of the threshold per-

Figure 2: Experimental versus predicted responses for the training set and the external test
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mitted the identification of most of the molecules
that were well predicted, while molecules very dis-
similar from their neighbours also showed greater
residuals in the response, especially in the case of
the test set. Nevertheless, there are some mole-
cules, with no structurally similar compounds,
that are instead characterised by small residuals.
This is likely to be the case of structural cliffs, 1.e.
molecules with different structures (small
similarity) but similar toxicity.

Figure 3 shows, for each training and test mole-
cule, the studentised residuals in cross-validation
and external prediction versus the average dis-
tance from the three nearest neighbours. Six mole-
cules had average Mahalanobis distances larger
than 3.5, with a maximum value of 13.5. In order
to make the plot more readable, the x-axis was cut

at a value of 3.5. Predictions for molecules placed
on the right hand-side of the vertical line (thresh-
old value) were regarded as unreliable. A general
trend of increasing residuals as the average dis-
tance increases can be observed.

Comparing the statistics of the proposed ANN
model (Table 2) with those of other models cali-
brated on large heterogeneous data sets (Table 1),
the proposed KINN model showed comparable per-
formance, but was advantageous in the simplicity
of its algorithm (OECD Principle 2), as well as its
interpretability (OECD Principle 5). In fact, the
proposed ENN model is based on only eight
descriptors, while, for instance, the PNNs were
based on 57 fragments. An additional important
aspect for a QSAR model, especially when applied
for regulatory purposes, is the definition of its AD,

Figure 3: Studentised residuals of the training set in cross-validation and the external test
set versus the average Mahalanobis distance from the three neighbours
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which is the chemical space where it can provide
reliable predictions (OECD Principle 3). The intro-
duction of a threshold on the average distance
allowed the model to self-determine its own AD,
because molecules with distances larger than the
threshold are not predicted, on the assumption
that their predictions are less (or not) reliable.
Additional advantages that the ANN model can
provide are that it allows a local similarity analy-
sis based on the nearest neighbours for each mole-
cule to be predicted, and it can include new
molecules in the training set without the need for
recalculation of model parameters, except for the
covariance matrix.

Conclusions

This study addressed the problem of predicting the
toxicity of organic chemicals toward D. magna by
means of a QSAR model that was developed to
comply with the OECD principles required for the
model to be applicable for regulatory purposes.

Data on aquatic toxicity (LC50 on D. magna
over a test duration of 48 hours) were taken from
three databases and 17 additional scientific pub-
lications (25-41). Ad hoc-designed workflows
were used for data curation and filtering. The
final data set comprised 546 organic molecules,
randomly divided into a training set and an
external test set. The GA-ENN strategy was
implemented with a threshold on the average
Mahalanobis distance from the K nearest neigh-
bours, so that only molecules satisfying the
threshold criterion were predicted. The final
QSAR model showed good performance in fitting
(R2 equal to 0.78), cross-validation (Q2., equal to
0.78) and external prediction (Q2. equal to
0.72), with percentages of unpredicted molecules
equal to 38%, 39%, and 31% in fitting, cross-vali-
dation and external validation, respectively. An
analysis of the residuals on both the training and
test sets showed that high residuals were associ-
ated with large average distances from the neigh-
bours, thus justifying the introduction of the
threshold. The model comprised eight molecular
descriptors that encoded information about
lipophilicity, formation of H-bonds, polar surface
area, polarisability, nucleophilicity and elec-
trophilicity.
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