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Abstract
Compound classification is commonly performed by mathematical models based on the
presence and absence of structural features and the numerical value of physicochemical
features. Recently, biclustering has proven useful in the world of bioinformatics.
Biclustering performs class-specific feature subset selection. By simultaneously
clustering along both the class membership and the feature axes of a data matrix,
biclustering identifies descriptor subsets that can be used as a cluster to predict class
membership. Here biclustering is applied for the first time to small molecule property
prediction of three datasets: factor Xa inhibitors, monoamine oxidase (MAO) inhibitors,
and chemical mutagens. Employing MOE and Leadscope descriptors, it is found that
descriptor biclustering significantly improves classification accuracy of the minority class
of compounds, along with precision and F-measure, for two of the datasets. For the MAO
dataset, a combination of MOE and biclustered Leadscope descriptors improves
sensitivity from 42.9% to 54.7%, while specificity remains constant. Biclustered
descriptors improve specificity for the mutagenicity dataset. Classification of the factor
Xa dataset is near-ideal with and without biclustering. Biclustered descriptors also reduce
overfitting to the training data. Differences between model performance on training and
testing sets decrease 60% to 65% when full Leadscope fingerprints are reduced to only
biclustered features. Overall, it can be concluded that biclustering identifies meaningful
descriptor combinations that improve compound classification.
Introduction
Computational predictions of compound properties are based on the principle that
structurally similar compounds are more likely to exhibit similar properties than
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structurally dissimilar compounds.1-4 Two steps are of importance here: firstly the
derivation of descriptors and secondly the mathematical relationship between those
descriptors and the property to be predicted. Well-established traditional statistical
methods such as principal component analysis (PCA) and partial least squares regression
(PLS) are readily interpretable,5-7 but accuracy is limited in particular for large diverse
data sets characterized by highly nonlinear structure-activity relationships.8 Machine
learning constructs have proven useful complements to mathematical transformation.
Decision trees,9-11 rule-based approaches,12 neural networks,13 support vector machines,14
and self-organizing maps15 are among the best-known examples. Computer-aided drug
design and virtual screening often involve data mining large chemical spaces. While the
choice of descriptors and modeling methods usually depends on the dataset and empirical
factors, the general principle is that the descriptors should capture information relevant to
the problem while introducing little noise. The mathematical model should be able to
describe the relationship between descriptor vectors and the property to be predicted.16, 17
Often variable selection techniques are employed to distinguish variables associated
with the phenomenon being studied from unrelated features. Genetic algorithms and
evolutionary programming,9,

11, 18, 19

particle swarms,20 simulated annealing,21,

22

and

artificial ant colony systems23, 24 have been employed to this end. RFSBoost uses random
feature subset boosting to build ensembles of linear discriminant analysis models.25 Such
techniques combine feature selection and classification, reduce model complexity, and
increase interpretability by reducing the number of molecular descriptors used in the
predictive model.
This project introduces the biclustering algorithm to select subsets of mutually
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dependent features. The merit of the approach is corroborated by the fact that chemical
features do not contribute to bioactivity independently.26 Quite the contrary, there are
strong non-linear (not simply additive) effects at work. As will be outlined in the
following section, this phenomenon is addressed by the biclustering algorithm, which
considers multiple descriptors and local "pools" of features at once.
Data subsetting strategies have been proposed for chemical data mining. When
compounds in the database are clustered and classifiers are built from each cluster,
majority voting by the classifiers can improve classification accuracy.27-30 Algorithmic
clustering is common to those previous approaches and to the biclustering method
presented here, but previous studies clustered only structures. In the approach presented
here, clustering is performed simultaneously along both the compound as well as the
feature axes.
Materials and Methods
a) Introduction to biclustering
Biclustering is a distinct class of clustering algorithms that simultaneously cluster the
rows (instances, such as molecules) and columns (such as features) of data matrices.
Biclustering is also called co-clustering, projective clustering, two-way clustering, block
clustering, and subspace clustering. It was initially developed for image retrieval and for
analysis of word-document co-occurrence tables, webpage-user browsing data, and
market-basket data.31,

32

The predominant biological application is identification of

groups of genes that show similar activity patterns under a specific subset of the
experimental conditions.33 The term “biclustering” was first introduced by Cheng and
Church34 in the context of gene expression data analysis and pattern recognition in
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microarray data.
This project applies the biclustering methodology to small molecule classification for
the first time. Biclustering improves compound classification by identifying meaningful
descriptor subsets that are relevant to bioactivity. Biclustering selects class-specific
feature combinations. In this context, a bicluster is defined as a homogeneous subset of
compounds characterized by
1. the same combination of features, and
2. the same class label (here active or inactive).
The difference between conventional and biclustering-based determination of
quantitative structure activity relationships (QSAR) is shown in Figures 1 and 2a. In
conventional QSAR, a large number of features are calculated and subjected to a
mathematical modeling procedure (such as in this case PLS, Figure 1). In this project,
biclustering precedes QSAR. Biclustering identifies “blocks” (or biclusters) of
compounds from either class (active/inactive) which contain identical features and class
labels (Figure 2a). Then PLS modeling is performed using those descriptors (Figure 1).
Figure 2a illustrates the biclustering procedure. Inactive bicluster #2 is a pure inactive
bicluster. All member compounds share the same class label (I), and no active
compounds contaminate the bicluster purity. Inactive bicluster #2 is characterized by the
combination of features 1, 3, and 6. This particular subset of features is present only in
inactive compounds. The feature combinations returned by biclustering form positive
conjunction rules. All compounds that are members of a particular bicluster must contain
all features characterizing the bicluster. If any of the features are absent in a compound,
this compound cannot belong to the bicluster. Otherwise it will be included. For example,
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compound 1 is excluded from active bicluster #1 because it lacks features 1 and 3.
The feature combinations defining each bicluster are ideally both recurrent and
discriminant. Feature patterns observed in the training set are expected to occur in the
testing set (recurrence). Testing set compounds characterized by the same feature
combinations as a training set bicluster are expected to also show the same class label
(discrimination). Each bicluster’s feature subset forms a positive conjunction rule that
can be used during data mining to delineate new compounds characterized by the same
combination of features (and hopefully by the same class label in accordance with the
molecular similarity principle). These positive conjunction rules are readily interpretable,
and the chemical structures composing them contribute in combination to bioactivity.
The GEMS35-37 biclustering implementation used in this project finds axis parallel
biclusters. Unlike other traditional unsupervised clustering and biclustering methods that
disregard class labels completely, GEMS is a supervised clustering analysis. GEMS was
modified to maximize bicluster purity and size such that each bicluster’s feature pattern
offers extensive coverage of compounds all belonging to one single class. Not only is
each bicluster’s distinct feature signature specific to its pure subset of compounds, it also
includes all compounds of the same class that contain the feature subset, and as many
features as possible.
The most similar study to date also involved class-specific feature selection, but did not
consider as many features as possible. Tarasov et al.38 conducted a mutagenicity study
with QSAR analysis of “univocal ensemble descriptors” consisting of two unrelated
structural fragments present only in active or only in inactive compounds. This approach
improved compound classification accuracy.
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b) Datasets
Three datasets of varying size and chemical diversity were used. The dataset sizes are
given in Table 1.
I. Factor Xa dataset. Fontaine et al.39 released a small dataset of 279 factor Xa
inhibitors and 156 non-inhibitors. This benzamidine series is characterized by the
amidine group that binds the factor Xa pocket.
II. MAO dataset. Brown and Martin40 divided a set of 1650 monoamine oxidase
inhibitors into four classes of MAO inhibitory activity (3, 2, 1, and 0), with 3 being the
most active class and 0 the least active. For this study, the 1360 compounds with 0
activity labels were classified as inactive. 290 compounds were labeled active: 115 class
1 compounds, 87 class 2 compounds, and 88 class 3 compounds. This set of compounds
spans a number of diverse structural classes and has been analyzed extensively.18,

41

However, the dataset is biased, as the structures were synthesized to follow up on a
lead.42
III. Mutagenicity dataset. Kazius et al.43 analyzed 4337 compounds in a mutagenicity
study. The dataset contained 2401 mutagens and 1936 nonmutagenic compounds.
c) Descriptor calculation
Two dimensional structures were provided in SD format.
I. MOE Descriptors. All available MOE44 1D and 2D topological descriptors of the
compounds were employed. Hydrogens were added and PEOE partial charges were
assigned. Constant columns exhibiting the same value for more than 80% of the
compounds were removed due to their minor information content. The remaining data
columns were normalized to mean 0 and variance 1. (As a representative example, Table
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2 lists molecular descriptors remaining after pre-processing of the first cross-validation
partition training set for each dataset.) The dimension of the resulting property vector was
169, 112, and 162 for the factor Xa, MAO, and mutagenicity datasets, respectively.
II. Leadscope Descriptors. The standard Leadscope45 structural feature hierarchy is
based on over 27000 structural features and combinations of features typically found in
small molecule drug candidates and creates a binary representation via structural keys.
For each dataset, only Leadscope features occurring in at least five training set
compounds were selected for subsequent analysis. As a representative example, the
dimension of the resulting property vector was 484, 710, and 1597 for the first crossvalidation partition training sets of the factor Xa, MAO, and mutagenicity datasets,
respectively. The Leadscope feature vector length correlates with dataset size and
diversity. (See Tables 1, 2, and 4.) Following elucidation of each fingerprint using the
Leadscope hierarchy, there was no attempt to keep the substructural features mutually
exclusive or unrelated. Thus, a molecule or bicluster may be characterized by both
methyl-pyridine and 3-alkyl-pyridine descriptors even though these descriptors refer to an
overlapping sets of atoms. Such related features are often included together in the same
bicluster (Tables 5 and 6).
d) Biclustering and biclustering parameters
Biclustering was only applied to Leadscope descriptors. Class labels and Leadscope
binary fingerprints for all training set compounds were input to a modified
implementation of the GEMS biclustering software.35-37 GEMS finds axis parallel
biclusters. It is a supervised clustering analysis. GEMS had been modified to maximize
bicluster purity and size such that as many columns and rows as possible were included
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in each bicluster.
Given a data matrix and a subset of features, GEMS computes the maximum set of
compounds that are contained in the bicluster defined by these features. The resulting
submatrices produced as output are composed entirely of 1’s (features present). This
reduces the problem of computing biclusters to the problem of searching for subsets of
features. The first step in the GEMS biclustering algorithm is the deployment of a
sampling algorithm to find a subset of substructural features corresponding to a maximal
subset of compounds. The goal of the Gibbs sampler is to optimize the chosen
substructural feature subset so that the number of conserved compounds containing these
substructures is the largest. Next, GEMS uses a local search step to refine the bicluster.
When the largest bicluster has not been optimized in several iterations, a local procedure
is invoked on this largest bicluster to further increase (if possible) the number of
compounds in the bicluster by scanning every feature not included in the bicluster to see
if this feature can be recruited and added to the bicluster without violating conservation
criterion. The resulting refined bicluster is optimal in the sense that the number of
compounds (bicluster size) cannot be increased by a single change in the number of
features.
Biclustering of the binary fingerprint descriptors was performed using parameters and
system commands detailed in Table 3. The number of biclusters discovered during each
search procedure was most dramatically affected by three parameters. Biclusters were
required to cover at least five compounds (-rN=5) since feature subsets covering only a
few compounds would have little predictive power on the testing dataset. Biclusters were
characterized by 2 to 50 features (-c=2, -cM=50). This high upper limit maximized
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individual bicluster size and coverage. Each newly discovered bicluster was required to
include at least one previously uncovered compound (-r=1). Training set compounds
were weighted to optimize bicluster purity. During discovery of pure active biclusters,
active compounds were weighted 1 and inactives were weighted -5, or -15. During
discovery of pure inactive biclusters, active compounds were weighted -10 or -15 and
inactives were weighted 1. Bicluster purity was rarely compromised. The maximum
number of biclusters rendered (-n=200) was high enough that pure biclusters were
exhausted and the search did not terminate prematurely.
e) Partial least squares (PLS) and PLS parameter tuning
PLS regression is a powerful, linear statistical modeling procedure where
underdetermined systems are encountered. A PLS regression model will try to find the
multidimensional direction in the X space that explains the maximum multidimensional
variance direction in the Y space by transforming input data into an uncorrelated space of
latent variables, similar to PCA (but including the output variable). Instead of finding the
hyperplanes of maximum variance, it finds a linear model describing some predicted
variables in terms of other observable variables. The variability in the response variable is
considered in the attempt to maximize the covariance between predictor and response
variables. Cross-validated model generation and regression analysis were performed
using Wehrens’s and Mevik’s R-language software PLS (partial least squares),46 an R
package freely available from CRAN.47 The nonlinear iterative partial least squares
(NIPALS) algorithm5-7,

48, 49

that determines the principal components (PCs) of a data

matrix X in an iterative manner was used for this analysis. NIPALS
Two parameters were optimized during model fitting: the number of principal
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components used in the regression model and the active/inactive classification threshold
used to convert real-value regression output to binary class label predictions of active (1)
or inactive (0) for both the training and testing set. The optimal number of principal
components is often determined by selecting the number of principal components
resulting in the smallest cross-validated root mean square error (RMSE). This
implementation retained the number of principal components and the classification
threshold that yielded the highest F-measure for the training set when used in
combination. The F-measure performance metric was preferable to the overall accuracy
or class-averaged accuracy because it resists selecting the classification boundary that
merely predicts the majority class label for most the dataset instances.
f) Molecular diversity analysis
The molecular diversity of each dataset was determined using averaged Tanimoto
coefficients and binary Leadscope fingerprints. The diversity index (DI) of each
individual dataset was calculated by averaging the value of the Tanimoto coefficient
between all pairs of compounds in the dataset. The representative index (RI) value is the
mean Tanimoto coefficient of the compounds in two datasets being compared. For each
dataset, the active and inactive compounds were compared to each other, as were the
training set and testing set.50 Results are displayed in Table 4.
g) Computational details
Each of the three datasets was randomly divided into a training set (63%) and a testing
set (37%) of compounds such that the proportion of compounds in each of the original
activity classes (4 classes for MAO, 2 classes for the factor Xa and mutagenicity datasets)
was the same in the overall entire dataset, the training set, and the testing set. Five-fold
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cross-validation was employed. It has demonstrated to be superior to leave-one-out cross
validation with respect to model generalizability, though a truly external validation set
would be the ideal situation.51 Table 1 details the composition of a representative crossvalidation partition for each compound dataset.
PLS models were generated for the following descriptor combinations:
1) all MOE descriptors
2) all Leadscope descriptors
3) all MOE descriptors and all Leadscope descriptors
4) only those Leadscope descriptors included in biclusters
5) all MOE descriptors and only those Leadscope descriptors included in biclusters
6) all MOE descriptors and Leadscope ensemble descriptors.
The first three descriptor combinations establish a baseline for performance. MOE
physicochemical descriptors are indicative of whole-molecule properties such as
solubility and cell permeability. Leadscope descriptors represent the presence and
absence of structural features that determine ligand-target interactions. Both descriptors
are also combined into a single feature vector.
The latter three descriptor combinations gauge whether descriptor biclustering
improves compound classification beyond that achieved with either MOE or Leadscope
descriptors alone or with all MOE and all Leadscope descriptors in combination. It is
important to distinguish Leadscope bicluster features from Leadscope ensemble features
(Figure 2b). Leadscope bicluster descriptors are derived when the full Leadscope
fingerprint is reduced to only those descriptors included in biclusters. Leadscope
ensemble descriptors are derived as follows. Each ensemble descriptor represents a
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bicluster. Compounds containing all of the bicluster features have a corresponding
ensemble descriptor value of 1. Compounds lacking any of the bicluster features have a
corresponding ensemble descriptor value of 0. Thus, the sixth descriptor combination
involved both MOE descriptors and individual features representing the compound’s
presence or absence in each bicluster.
Results and Discussion
a) Molecular diversity analysis
Prediction accuracy was previously shown to be strongly affected by the diversity of
samples used in the training set.50,

52, 53

Also, bicluster coverage of compounds was

expected to correlate inversely with diversity among actives and inactives. Compounds
that bind a target protein’s active site and share common substructures required for
bioactivity will be covered with only a few large biclusters. Inactive compound coverage
is impeded by structural variance. Diverse inactives that fail to bind the target protein and
have few common substructures will be covered by many smaller biclusters. (This
phenomenon is widely applicable. Leo Tolstoy observed that “Happy families are all
alike; every unhappy family is unhappy in its own way.”54) For this reason, the molecular
diversity of each dataset was analyzed: the diversity index (DI) of the overall dataset, the
representative index (RI) between the active and inactive compounds, and the RI between
each training set and its corresponding testing set. DI values are inversely proportional to
diversity, and datasets with high RI are more representative of each other.
Table 4 displays molecular diversity data and bicluster information from a
representative cross-validation partition for each dataset. The factor Xa dataset is the
most cohesive, with the highest DI (0.215) and thus least diversity. Less than 500
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Leadscope fragments (out of 27,000; less than 2%) were required to represent all 433
structures. The actives resemble each other (DI=0.236), and the inactives are cohesive
(DI=0.251), but the relatively low RI between active and inactive compounds (0.185)
suggests that the two classes of compounds are readily separable. The roughly equivalent
average Tanimoto coefficients between and within the training and testing datasets
suggests that the same patterns are represented in each. This dataset illustrates the
correlation between dataset separability and biclustering coverage. Because of the
homogeneity within each class and the lack of intra-class similarity, a few large biclusters
achieve substantial compound coverage. Five active biclusters cover 94% of the actives,
and ten inactive biclusters cover 70% of the inactives. This may be due to inclusion in the
dataset of compounds with high and low binding activity in the factor Xa dataset at the
exclusion from the dataset of compounds with intermediate activity. Overall, the factor
Xa dataset should represent an “easy” dataset for classification studies.
The MAO inhibitor dataset displays intermediate size, chemical diversity, and
separability. Roughly 700 Leadscope fragments were required to represent all 1650 MAO
structures. The MAO dataset has intermediate diversity index values (active DI=0.104)
equaling less than half the corresponding factor Xa index values. The actives and
inactives are not readily separable, as neither class is clustered in chemical space. The
inactive DI (0.077) is exceeded by the RI between active and inactive compounds
(0.081), meaning that on average active and inactive compounds are (slightly) more
similar to each other than the internal similarity of the set of inactive structures.
Biclustering covers only the extreme bioactivity classes 0 and 3. The preponderance of
inactives in the dataset explains the greater number of inactive biclusters. 90 inactive
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biclusters are required to cover 79% of the inactives. Five active biclusters cover only
25% of the actives. Most of the MAO inhibitors included in active biclusters were
originally classified with the highest bioactivity class 3 (30% of the actives). None of the
bioactivity class 1 actives were biclustered. Class 1 and 2 MAO inhibitors exhibit lower
bioactivity and were not readily separable due to substructural features shared with
inactive compounds. When bioactivity was binned to binary class labels, information was
lost and arbitrary thresholds were chosen, leading to borderline effects observed.18
The mutagenicity dataset is the largest, most chemically diverse, and least separable
dataset. More than 1500 Leadscope fragments were required to represent all 4337
structures. Although the RI between actives and inactives was the lowest of all three
datasets (0.063), so was the active DI (0.075). The heterogeneity within each class and
the number of features common to both classes compromised biclustering coverage (as
well as classification performance, shown later). 62 active biclusters cover 55% of the
actives and 28 inactive biclusters cover 28% of the inactives. Unlike actives in the other
two datasets, there is no single protein targeted by the mutagens. Substructural features
responsible for mutagenicity can be as varied as features characterizing nonmutagens.
b) Bicluster feature interpretation
The full Leadscope fingerprint was reduced to only those Leadscope descriptors
included in biclusters. Leadscope feature vectors for the factor Xa, MAO, and
mutagenicity datasets were reduced in length from 473.2, 717.2, 1587 to 138.6, 218.4,
252, respectively (averages after cross-validation). Finding meaningful descriptor subsets
is important when developing interpretable classification rules and reducing expense
involved in assaying entire databases. Tables 5 and 6 illustrate compound clusters and

15

features derived during biclustering of the training set compounds.
The factor Xa dataset is a benzamidine series39 with benzene, amidine, iminomethyl
and amine groups common to both actives and inactives. Thus, presence or absence of
other functional groups and different pathlength distances between substructures
determine the bioactivity of compounds. Such benzamidine series and mimics are
potential antithrombotic agents.55, 56 The training set actives were covered by five or six
biclusters during each round of cross validation. The four largest active biclusters are
distinguishable from each other and from the inactives because of a functional group
specific to each bicluster: an aromatic-path7-hacceptor, an alcohol group, a sulfonyl
group, and a carboxylate group.
For the MAO dataset, most of the compounds included in active biclusters were
irreversible inhibitors57 originally classified with the highest bioactivity class 3.
Biclustering separates 22 hydrazine-based inhibitors into the largest bicluster of actives.
Three smaller active biclusters each contain five to nine propargylamine derivatives.
Eight cyclopropylamines are in the remaining active bicluster.
Kazius et al.43 analyzed the mutagenicity dataset in order to identify small substructural
representations that detected over 70 mutagens with accuracy of at least 70%. These
discriminant substructures, called toxicophores, were purported to “indicate an increased
potential for mutagenicity.” Eight general toxicophores were determined: aromatic nitro
groups, aromatic amines, three-membered heterocycles, nitroso moieties, unsubstituted
heteroatom-substituted heteroatom arrangements, azo bonds, aliphatic halides, and
polycyclic aromatic systems. Taken together, these eight substructures detect 75% of all
mutagens in the dataset. Biclustering identifies many of the same mutagenic functional
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groups. For example, the aromatic nitro and amine groups are well established as
toxicophores whose mechanisms of mutagenicity are explained by partially overlapping
metabolic activation pathways. Compounds with large polycyclic aromatic systems of
three or more fused rings, such as members of the second active bicluster described in
Tables 5 and 6, can intercalate into DNA.43 Biclustering of the training set resulted in
more than sixty biclusters covering roughly 55% of the active mutagens. These feature
combinations were more specific than the moieties described by Kazius et al. On the
other hand, and feature specificity limited individual bicluster coverage of compounds.
c) Biclustering performance
Results obtained for the different descriptors, descriptor combinations, and biclustering
procedures are shown in Tables 7-10.
As the diversity analysis indicated, the factor Xa dataset is the most readily separable.
Factor Xa regression analysis required consistently fewer principal components for model
building and resulted in smaller RMSE in comparison to analysis of the other datasets
(Table 7). The structural homogeneity within each class and the lack of inter-class
overlap enabled extensive coverage with only a few large biclusters. Analyzed separately,
both MOE descriptors and Leadscope descriptors yield high accuracy (above 99% for the
training and above 93% for the testing set) and F-measure (above 99% for the training
and above 95% for the testing set). Classification is not substantially improved by any of
the other four combinations of the descriptors, although MOE and Leadscope ensemble
descriptors achieve the highest testing set specificity, precision, and F-measure (Table 8).
Differences are minimal, which is in good part due to the near-optimal performance of all
of the methods employed.
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For the MAO and mutagenicity datasets, the structural heterogeneity within each class
makes class separation more difficult. The substructures common to both actives and
inactives result in lower bicluster coverage.
Overall, binary substructural fingerprints do not usually render the best QSAR fits and
predictions when compared to real-value physicochemical descriptors.58 In both the
MAO and mutagenicity datasets, MOE descriptor analysis results in high classification
accuracy of the majority class, while combining MOE and Leadscope descriptors was
required to obtain the highest classification accuracy of the minority class.
The MAO dataset includes compounds with high and low binding activity (levels 3 and
0), along with compounds of intermediate activity (activity levels 1 and 2). Analysis with
MOE descriptors required the most principle components of any descriptor combination
(Table 7) and resulted in the highest specificity of the majority class MAO noninhibitors
(Table 9). PLS analysis of the full Leadscope fingerprints increased minority class MAO
inhibitor sensitivity 13% higher than when MOE descriptors were analyzed (from 42.9%
to 55.6% testing set sensitivity), but specificity and precision suffered. All Leadscope
descriptors used alone or in combination with all MOE descriptors yielded the highest
RMSE (Table 7) and the lowest accuracy (Table 9). The full Leadscope fingerprints
identified more true positives but also more false positives. Indeed, the full Leadscope
fingerprints are not necessary for classification, as higher overall accuracy is achieved
with the fewest principle components when the regression models is built from only the
biclustered Leadscope features. The combination of MOE descriptors and the biclustered
Leadscope features increases sensitivity 10%, precision 5%, and F-measure 8% higher
than when MOE descriptors are used for regression analysis. The combination of MOE
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and Leadscope ensemble descriptors does not grant a comparable advantage.
Harper et al.41 performed the most comparable analysis. The MAO dataset was
classified using kernel discrimination, neural network, and merged similarity search
algorithms. Molecular descriptors included atom pairs and topological torsions. When
825 compounds (~145 actives) were randomly selected to train each classifier, the 200
top-ranked compounds in the testing set included 70-75 actives (at most 51.7% sensitivity
and 37.5% precision, assuming the actives were also halved). When 200 compounds (~35
actives) were randomly selected to train each classifier, the 200 top-ranked compounds in
the testing set included 82-98 actives (at most 38.4% sensitivity and 49% precision,
assuming the actives were split proportionally). In comparison, the NIPALS model used
here is built from a training set of 1024 compounds (179 actives) and correctly predicts
59 actives in the testing set (55% sensitivity and 43-46% precision).
The mutagenicity dataset does not contain compounds targeting a single protein.
Analysis of MOE descriptors alone results in high sensitivity of the majority class
mutagens (Table 10). Addition of the full Leadscope fingerprints increases minority class
nonmutagen specificity by 11% but reduces sensitivity by misclassifying more mutagens
as nonmutagens. This is reflected in the highest RMSE for the full Leadscope fingerprints
alone and in combination MOE descriptors (Table 7). The combination of MOE
descriptors with biclustered Leadscope features increases specificity 9%, precision 4%,
and F-measure 3% higher than when MOE descriptors alone are used for regression
analysis. Sensitivity is not compromised. The classification performance achieved by the
PLS model and biclustered descriptors exceeds the 75% sensitivity obtained using the
eight toxicophores identified by Kazius et al.43
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Another trend is interesting to note. PLS models generated from biclustered Leadscope
descriptors overfit the training data less and generalize to testing data better than models
generated from full Leadscope fingerprints. The difference between model performance
on the training set and model performance on the testing set was averaged across all three
datasets (Tables 8-10). The full Leadscope fingerprints gave the following performance
gaps: accuracy 0.15, sensitivity 0.16, specificity 0.26, precision 0.26, and F-measure
0.22. The corresponding differences in performance are 60% to 65% smaller for the
biclustered Leadscope descriptors: accuracy 0.05, sensitivity 0.07, specificity 0.07,
precision 0.10 and the F-measure 0.09. While this effect was only partially shown on the
datasets employed here, we are currently investigating the application of the algorithm to
new datasets.
Conclusion
Biclustering performs class-specific feature subset selection by simultaneously
clusterting both substructural features and compounds to reveal feature combinations that
describe pure clusters of compounds. Chemical structures included in biclusters
contribute in combination to biological activity or inactivity. The positive conjunction
rules resulting from biclustering are recurrent, disciminant, and readily interpretable.
The project has applied biclustering for the first time to small molecule property
prediction of three datasets: factor Xa inhibitors, monoamine oxidase (MAO) inhibitors,
and chemical mutagens. It was found that biclustering significantly improves
classification for two of the datasets (MAO inhibitors and mutagens). For the MAO
dataset, a combination of MOE and biclustered Leadscope descriptors improves
sensitivity from 42.9% to 54.7%, while specificity remains constant (86.8% vs. 86.2%).
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Biclustered descriptors increase specificity for the mutagenicity dataset. In both cases,
improved precision, F-measure, and classification of the minority class of compounds are
achieved by combining MOE and biclustered Leadscope descriptors or by using
biclustered Leadscope descriptors alone. Classification of the factor Xa dataset is nearideal with and without biclustering.
Biclustered descriptors also reduce overfitting to the training data. Differences between
model performance for training and testing sets decrease 60% to 65% when full
Leadscope fingerprints are reduced to only biclustered features. This is an important
advantage when machine learning methods are employed.
Overall, it can be concluded that biclustering identifies meaningful descriptor
combinations that improve prediction performance. The results indicate that biclustered
descriptors combined with topological information provide better classification than
binary substructural or 2D topological descriptors alone. Demonstration of descriptor
biclustering on such diverse data promotes confidence that the method will generalize
well. Future extensions to the analysis will involve the use of regression to predict realvalue biological activity, toxicity, and mutagenicity instead of binned class labels.
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Figures and Tables

Figure 1. Flowchart for QSAR based on partial-least squares (PLS). Firstly, a large set of
molecular descriptors is calculated using the programs MOE and Leadscope. In the
second step, partial least squares regression is performed on the descriptors, using 37%
hold out sets in five random validations.
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Figure 2. Flow chart for biclustering (a) and illustration of biclustered features and
ensemble features (b). Biclustering was only applied to Leadscope descriptors. Bicluster
features are derived when the full Leadscope fingerprint is reduced to only those
descriptors included in biclusters. Each ensemble feature represents a bicluster.
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Table 1. Compound datasets for biclustering and PLS classification. Number of
compounds in the training and testing sets for the factor Xa, MAO, and mutagenicity
datasets (first partition of random validation).

Dataset
Factor Xa

MAO

Mutagenicity

Subset

Active

Inactive Total

training 174

97

271

testing

58

162

training 179

845

1024

testing

502

609

training 1505

1205

2710

testing

717

1610

104

107

893
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Table 2. MOE molecular descriptors describing each dataset. First partition of random
validation.

Factor Xa dataset
(169 MOE
descriptors)

MAO dataset
(112 MOE
descriptors)

diameter
petitjean
petitjeanSC
radius
VDistEq
VDistMa
weinerPath
weinerPol
BCUT_PEOE_0
BCUT_PEOE_1
BCUT_PEOE_2
BCUT_PEOE_3
BCUT_SLOGP_0
BCUT_SLOGP_1
BCUT_SLOGP_2
BCUT_SLOGP_3
BCUT_SMR_0
BCUT_SMR_1
BCUT_SMR_2
BCUT_SMR_3
GCUT_PEOE_0
GCUT_PEOE_1
GCUT_PEOE_2
GCUT_PEOE_3
GCUT_SLOGP_0
GCUT_SLOGP_1
GCUT_SLOGP_2
GCUT_SLOGP_3
GCUT_SMR_0
GCUT_SMR_1
GCUT_SMR_2
GCUT_SMR_3
a_aro
a_count
a_IC
a_ICM
a_nH
b_1rotN
b_1rotR
b_ar
b_count
b_double
b_rotN
b_rotR
b_single
chi0v

petitjean
petitjeanSC
radius
VDistEq
VDistMa
weinerPath
weinerPol
a_aro
a_count
a_IC
a_ICM
a_nH
b_1rotN
b_1rotR
b_ar
b_count
b_double
b_rotN
b_rotR
b_single
chi0v
chi0v_C
chi1v
chi1v_C
reactive
Weight
a_heavy
a_nC
a_nN
a_nO
b_heavy
chi0
chi0_C
chi1
chi1_C
VAdjEq
VAdjMa
zagreb
balabanJ
PEOE_PC.
PEOE_PC..1
PEOE_RPC.
PEOE_RPC..1
PEOE_VSA.0
PEOE_VSA.1
PEOE_VSA.2

Mutagenicity
dataset
(162 MOE
descriptors)
diameter
petitjean
petitjeanSC
radius
VDistEq
VDistMa
weinerPath
weinerPol
BCUT_PEOE_0
BCUT_PEOE_1
BCUT_PEOE_2
BCUT_PEOE_3
BCUT_SLOGP_0
BCUT_SLOGP_1
BCUT_SLOGP_2
BCUT_SLOGP_3
BCUT_SMR_0
BCUT_SMR_1
BCUT_SMR_2
BCUT_SMR_3
GCUT_PEOE_0
GCUT_PEOE_1
GCUT_PEOE_2
GCUT_PEOE_3
GCUT_SLOGP_0
GCUT_SLOGP_1
GCUT_SLOGP_2
GCUT_SLOGP_3
GCUT_SMR_0
GCUT_SMR_1
GCUT_SMR_2
GCUT_SMR_3
a_aro
a_count
a_IC
a_ICM
a_nH
b_1rotN
b_1rotR
b_ar
b_count
b_double
b_rotN
b_rotR
b_single
chi0v
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chi0v_C
chi1v
chi1v_C
chiral
rings
Weight
a_heavy
a_nC
a_nF
a_nN
a_nO
a_nS
b_heavy
chi0
chi0_C
chi1
chi1_C
FCharge
VAdjEq
VAdjMa
zagreb
balabanJ
PEOE_PC.
PEOE_PC..1
PEOE_RPC.
PEOE_RPC..1
PEOE_VSA.0
PEOE_VSA.1
PEOE_VSA.2
PEOE_VSA.3
PEOE_VSA.4
PEOE_VSA.5
PEOE_VSA.6
PEOE_VSA.0.1
PEOE_VSA.1.1
PEOE_VSA.3.1
PEOE_VSA.4.1
PEOE_VSA.5.1
PEOE_VSA.6.1
PEOE_VSA_FHYD
PEOE_VSA_FNEG
PEOE_VSA_FPNEG
PEOE_VSA_FPOL
PEOE_VSA_FPOS
PEOE_VSA_FPPOS
PEOE_VSA_HYD
PEOE_VSA_NEG
PEOE_VSA_PNEG
PEOE_VSA_POL
PEOE_VSA_POS
PEOE_VSA_PPOS
PC.
PC..1
Q_PC.
Q_PC..1
Q_RPC.
Q_RPC..1

chi0v_C
chi1v
chi1v_C
chiral
reactive
rings
Weight
a_heavy
a_nC
a_nN
a_nO
b_heavy
chi0
chi0_C
chi1
chi1_C
FCharge
VAdjEq
VAdjMa
zagreb
balabanJ
PEOE_PC.
PEOE_PC..1
PEOE_RPC.
PEOE_RPC..1
PEOE_VSA.0
PEOE_VSA.1
PEOE_VSA.2
PEOE_VSA.3
PEOE_VSA.4
PEOE_VSA.5
PEOE_VSA.6
PEOE_VSA.0.1
PEOE_VSA.1.1
PEOE_VSA.5.1
PEOE_VSA.6.1
PEOE_VSA_FHYD
PEOE_VSA_FNEG
PEOE_VSA_FPNEG
PEOE_VSA_FPOL
PEOE_VSA_FPOS
PEOE_VSA_FPPOS
PEOE_VSA_HYD
PEOE_VSA_NEG
PEOE_VSA_PNEG
PEOE_VSA_POL
PEOE_VSA_POS
PEOE_VSA_PPOS
PC.
PC..1
Q_PC.
Q_PC..1
Q_RPC.
Q_RPC..1
Q_VSA_FHYD
Q_VSA_FNEG
Q_VSA_FPNEG

PEOE_VSA.3
PEOE_VSA.4
PEOE_VSA.5
PEOE_VSA.0.1
PEOE_VSA.1.1
PEOE_VSA.2.1
PEOE_VSA.4.1
PEOE_VSA.5.1
PEOE_VSA.6.1
PEOE_VSA_FHYD
PEOE_VSA_FNEG
PEOE_VSA_FPNEG
PEOE_VSA_FPOL
PEOE_VSA_FPOS
PEOE_VSA_FPPOS
PEOE_VSA_HYD
PEOE_VSA_NEG
PEOE_VSA_PNEG
PEOE_VSA_POL
PEOE_VSA_POS
PEOE_VSA_PPOS
Q_VSA_HYD
Q_VSA_POS
Kier1
Kier2
Kier3
KierA1
KierA2
KierA3
KierFlex
apol
bpol
mr
a_acc
a_don
a_hyd
vsa_acc
vsa_don
vsa_hyd
vsa_other
vsa_pol
SlogP
SlogP_VSA0
SlogP_VSA1
SlogP_VSA2
SlogP_VSA3
SlogP_VSA4
SlogP_VSA5
SlogP_VSA7
SlogP_VSA8
SlogP_VSA9
SMR
SMR_VSA0
SMR_VSA1
SMR_VSA2
SMR_VSA3
SMR_VSA4
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Q_VSA_FHYD
Q_VSA_FNEG
Q_VSA_FPNEG
Q_VSA_FPOL
Q_VSA_FPOS
Q_VSA_FPPOS
Q_VSA_HYD
Q_VSA_NEG
Q_VSA_PNEG
Q_VSA_POL
Q_VSA_POS
Q_VSA_PPOS
RPC.
RPC..1
lip_acc
lip_don
lip_violation
opr_brigid
opr_nring
opr_nrot
opr_violation
Kier1
Kier2
Kier3
KierA1
KierA2
KierA3
KierFlex
logS
apol
bpol
mr
a_acc
a_base
a_don
a_hyd
vsa_acc
vsa_base
vsa_don
vsa_hyd
vsa_other
vsa_pol
SlogP
SlogP_VSA0
SlogP_VSA1
SlogP_VSA2
SlogP_VSA3
SlogP_VSA4
SlogP_VSA5
SlogP_VSA7
SlogP_VSA8
SlogP_VSA9
SMR
SMR_VSA0
SMR_VSA1
SMR_VSA2
SMR_VSA3

SMR_VSA5
SMR_VSA6
SMR_VSA7
TPSA
density
vdw_area
vdw_vol
logP.o.w.

Q_VSA_FPOL
Q_VSA_FPOS
Q_VSA_FPPOS
Q_VSA_HYD
Q_VSA_NEG
Q_VSA_PNEG
Q_VSA_POL
Q_VSA_POS
Q_VSA_PPOS
RPC.
RPC..1
lip_acc
lip_don
opr_brigid
opr_nring
opr_nrot
Kier1
Kier2
Kier3
KierA1
KierA2
KierA3
KierFlex
logS
apol
bpol
mr
a_acc
a_don
a_hyd
vsa_acc
vsa_don
vsa_hyd
vsa_other
vsa_pol
SlogP
SlogP_VSA0
SlogP_VSA1
SlogP_VSA2
SlogP_VSA3
SlogP_VSA4
SlogP_VSA5
SlogP_VSA7
SlogP_VSA8
SlogP_VSA9
SMR
SMR_VSA0
SMR_VSA1
SMR_VSA2
SMR_VSA3
SMR_VSA4
SMR_VSA5
SMR_VSA6
SMR_VSA7
TPSA
density
vdw_area
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SMR_VSA4
SMR_VSA5
SMR_VSA6
SMR_VSA7
TPSA
density
vdw_area
vdw_vol
logP.o.w.

vdw_vol
logP.o.w.
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-n
-a

-c
-cM
-w

-rN

-m=c
-m=r
-mi
-r

Parameter
-m=R

-tt -x=0 -mi -s=1 -v

30

Definition
mask the rows (compounds) already
discovered during search
mask columns (features) in earlier biclusters
mask rows in earlier biclusters
restore the masked rows in the output
if used with -m=R and –mi:
minimum number of previously uncovered
rows to be included in a new bicluster
minimum rows covered after restoration of
masked compounds
minimum number of columns
maximum number of columns
bin width or range of max and min realvalue features in columns
maximum number of biclusters discovered
weights file specifiying weights of actives
and inactives during discovery of pure
biclusters
200
active
bicluster
discovery
A =1

2
50
0.5

5

-m=r
-mi
1

Factor Xa

200
active
bicluster
discovery
A =1

2
50
0.5

5

-m=r
-mi
1

MAO

200
active
bicluster
discovery
A =1

2
50
0.5

10

-m=r
-mi
1

mutagenicity

./gems32 mao_Leadscope_train_1 -r=1 -rN=3 -c=2 -cM=50 -w=0.5 -n=200 -m=r -a=maoi_Leadscope_train_1_weights -l=200

command line format:

Table 3. Biclustering parameters. Parameter fields left blank were not specified during biclustering of the dataset. Example

-l

-v
-s=1
-x=0

-tt
-u

speed up the Gibbs sampler by
compromising the optimality
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find constant columns, not constant rows
find as few features as possible and do not
expand the bicluster to include more
columns
verbose mode
score the bicluster by the sum of weighting
define '0' as exclusion (feature absence)
200

200

-v
-s=1
-x=0

inactive
bicluster
discovery
A = -15
I=1
-tt

inactive
bicluster
discovery
A = -10
I=1
-tt

-v
-s=1
-x=0

I = -5

I = -5

200

-v
-s=1
-x=0

inactive
bicluster
discovery
A = -15
I=1
-tt

I = -15

DI
entire
dataset

0.215
0.079
0.068

Dataset

Factor Xa
MAO
Mutagenicity

RI
between
actives
and
inactives
0.185
0.081
0.063
0.236
0.104
0.075

DI
actives
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DI
RI
inactives between
training
and
testing
0.251
0.215
0.077
0.079
0.068
0.068

Table 4. Diversity analysis and biclustering coverage of compound datasets.

0.212
0.079
0.069

DI
Training

0.219
0.079
0.067

DI
testing

5 (94%)
5 (25%)
62 (55%)

10 (70%)
90(79%)
28 (28%)

Inactive
Active
biclusters biclusters
(%
(%
coverage) coverage)

Mutagenicity

MAO

Factor Xa

Dataset

respective bicluster.

N
N
O

N

N

N

N

O

O

N

Cl

N

Cl

N

N

+

N
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N
S

O

O

N

O

N O
O

O

Active bicluster 1

O

O S
NO

N

O

N

N

N

N

O

O

N

N

O

N

N

Cl

N

HO

O S
NO

N

O

N

Active bicluster 2

N

N

N
N

O

N

N

N

each dataset. The representative compounds display structural features characterizing all the compounds included in each

Table 5. Sample active biclusters for the factor Xa, MAO, and mutagenicity datasets. Two active biclusters are represented for

Table 6. Leadscope features defining the sample active biclusters for the factor Xa,
MAO, and mutagenicity datasets. Two active biclusters are represented for each dataset.
These structural features characterize all the compounds included in each respective
bicluster.

Dataset
Factor Xa
Active
bicluster 1

Factor Xa
Active
bicluster 2

MAO
Active
bicluster 1

Features
hacceptor-path6-hacceptor
amine, alkyl, cychacceptor-path6-hdonor
aromatic-path7-hacceptor
iminomethyl, phenylbenzene, 1-iminomethylamidine, phenylhacceptor-path6-hacceptor
benzene, 1,2,4-acyc
hacceptor-path6-hdonor
hdonor-path6-pcharge
hdonor-path6-hdonor
aromatic-path8-hdonor
aromatic-path8-hacceptor
benzene, 1-hydroxyalcohol, phenylalcohol, arylalcohol
hacceptor-path6-pcharge
aromatic-path6-hacceptor
iminomethyl, phenylbenzene, 1-iminomethylamidine, phenylmethane, 1-alkylamino-,1-arylbenzene, 1-arylthio-,3-chloromethane, 1-alkylamino-,1-phenylmethane, 1-alkynyl-,1-aminoamine, benzylbenzene, 1-aminomethyl(CH2)alkyne, monosubst
benzene, 1-alkylaminomethylmethane, 1-amino-,1-arylmethane, 1-alkylamino-,1-alkynylamine, propargylbenzene, 1-aminomethylbenzene, 1-(alkyl, acyc)alkyne
aromatic
pcharge
amine, alkyl, acycbenzene, 1-halohalide, phenylhalide, arylhalide
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MAO
Active
bicluster 2

Mutagenicity
Active
bicluster 1

Mutagenicity
Active
bicluster 2

hydrazide, N-(i-propyl)hydrazide, N-(alkyl, acyc)hydrazide, N-(s-alkyl)hydrazide, N-alkylhydrazine, i-propylhydrazine, alkyl, acychydrazine, s-alkylhydrazine, alkylhydrazine(RNHNHR)
hydrazine
carbonyl, hydrazinohydrazide
hydrazine, N-carbonylhacceptor-path3-hdonor
hacceptor
carbonyl
aromatic
hacceptor-path5-pcharge
hacceptor
benzene, 1-methylbenzene, 1-(alkyl, acyc)aromatic
pyridine, 3-fused ringpyridine, 2-fused ringquinoline
quinoline, 3-fused ringquinoline, 2-fused ringhacceptor-path8-pcharge
pyridine
hacceptor
hacceptor-path4-pcharge
hacceptor-path8-hdonor
hdonor
hacceptor-path4-hdonor
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Table 7. PLS parameters and RMSE for the three datasets using NIPALS regression
models on various descriptor combinations. Results are averaged over five random
validations and standard deviations are provided.
Dataset

Factor
Xa

MAO

Mutagenicity

Descriptor

#PC

MOE
Leadscope
MOE & Leadscope
Biclusters
MOE & biclusters
MOE & ensembles
MOE
Leadscope
MOE & Leadscope
biclusters
MOE & biclusters
MOE & ensembles
MOE
Leadscope
MOE & Leadscope
biclusters
MOE & biclusters
MOE & ensembles

52.8 ± 22.219
17.6 ± 3.782
14.8 ± 3.033
16.4 ± 6.580
18.0 ± 2.646
34.0 ± 15.379
95.6 ± 6.986
92.0 ± 9.798
93.0 ± 5.568
30.0 ± 6.083
75.6 ± 9.290
60.2 ± 28.385
91.4 ± 10.644
93.2 ± 9.311
93.8 ± 5.63
54.2 ± 16.037
85.4 ± 17.358
71.2 ± 17.441

36

Activity
threshold
0.39 ± 0.042
0.33 ± 0.045
0.32 ± 0.027
0.39 ± 0.065
0.36 ± 0.042
0.44 ± 0.022
0.34 ± 0.022
0.41 ± 0.055
0.44 ± 0.022
0.32 ± 0.027
0.38 ± 0.045
0.32 ± 0.027
0.44 ± 0.022
0.48 ± 0.027
0.50 ± 0.000
0.44 ± 0.022
0.45 ± 0.000
0.46 ± 0.022

RMSE
0.336 ± 0.070
0.221 ± 0.023
0.215 ± 0.013
0.241 ± 0.027
0.236 ± 0.018
0.270 ± 0.045
0.387 ± 0.008
0.743 ± 0.042
0.741 ± 0.050
0.366 ± 0.015
0.398 ± 0.017
0.352 ± 0.011
0.406 ± 0.004
0.598 ± 0.039
0.562 ± 0.016
0.399 ± 0.004
0.405 ± 0.013
0.374 ± 0.003

training
testing

training
testing

Biclusters

MOE &

Ensembles

0.955 ± 0.020

testing

MOE &

0.993 ± 0.005

training

Biclusters

0.957 ± 0.008

1.000 ± 0.000

0.955 ± 0.019

1.000 ± 0.000

0.951 ± 0.019

testing

Leadscope

1.000 ± 0.000

training

0.937 ± 0.034

testing

MOE &

1.000 ± 0.000

training

0.935 ± 0.021

testing

Leadscope

0.994 ± 0.002

training

MOE

Accuracy

Data
subset

Descriptor
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0.971 ± 0.014

1.000 ± 0.000

0.988 ± 0.004

1.000 ± 0.000

0.979 ± 0.012

0.990 ± 0.007

0.988 ± 0.008

1.000 ± 0.000

0.988 ± 0.013

1.000 ± 0.000

0.973 ± 0.032

0.999 ± 0.003

Sensitivity

0.931 ± 0.037

1.000 ± 0.000

0.896 ± 0.052

1.000 ± 0.000

0.914 ± 0.076

0.998 ± 0.004

0.883 ± 0.061

1.000 ± 0.000

0.845 ± 0.103

1.000 ± 0.000

0.866 ± 0.070

0.985 ± 0.009

Specificity

Results are averaged over five random validations. Standard deviations are provided.

0.962 ± 0.019

1.000 ± 0.000

0.946 ± 0.026

1.000 ± 0.000

0.955 ± 0.038

0.999 ± 0.003

0.939 ± 0.030

1.000 ± 0.000

0.922 ± 0.048

1.000 ± 0.000

0.930 ± 0.033

0.992 ± 0.005

Precision

0.967 ± 0.005

1.000 ± 0.000

0.966 ± 0.014

1.000 ± 0.000

0.966 ± 0.014

0.994 ± 0.004

0.963 ± 0.014

1.000 ± 0.000

0.953 ± 0.024

1.000 ± 0.000

0.950 ± 0.015

0.995 ± 0.002

F-measure

Table 8. Classification results for the factor Xa dataset using NIPALS regression models on various descriptor combinations.

training
testing

training
testing

Biclusters

MOE &

Ensembles

0.793 ± 0.023

testing

MOE &

0.883 ± 0.008

training

Biclusters

0.765 ± 0.025

0.863 ± 0.016

0.807 ± 0.015

0.920 ± 0.004

0.731 ± 0.019

testing

Leadscope

0.976 ± 0.003

training

0.736 ± 0.024

testing

MOE &

0.961 ± 0.006

training

0.791 ± 0.032

testing

Leadscope

0.848 ± 0.015

training

MOE

Accuracy

Data
subset

Descriptor
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0.472 ± 0.061

0.705 ± 0.049

0.547 ± 0.041

0.764 ± 0.046

0.547 ± 0.033

0.726 ± 0.052

0.575 ± 0.035

0.924 ± 0.009

0.556 ± 0.058

0.882 ± 0.040

0.429 ± 0.073

0.532 ± 0.050

Sensitivity

0.827 ± 0.040

0.896 ± 0.027

0.862 ± 0.026

0.953 ± 0.015

0.845 ± 0.034

0.917 ± 0.020

0.764 ± 0.022

0.987 ± 0.005

0.774 ± 0.039

0.977 ± 0.013

0.868 ± 0.048

0.915 ± 0.028

Specificity

Results are averaged over five random validations. Standard deviations are provided.

0.372 ± 0.035

0.595 ± 0.050

0.461 ± 0.029

0.778 ± 0.047

0.434 ± 0.044

0.653 ± 0.042

0.342 ± 0.025

0.938 ± 0.025

0.346 ± 0.023

0.896 ± 0.050

0.418 ± 0.062

0.577 ± 0.050

Precision

0.414 ± 0.029

0.642 ± 0.018

0.498 ± 0.010

0.769 ± 0.004

0.482 ± 0.021

0.685 ± 0.005

0.429 ± 0.027

0.931 ± 0.009

0.425 ± 0.018

0.887 ± 0.014

0.419 ± 0.043

0.550 ± 0.013

F-measure

Table 9. Classification results for the MAO dataset using NIPALS regression models on various descriptor combinations.

training
testing

training
testing

Biclusters

MOE &

Ensembles

0.799 ± 0.013

testing

MOE &

0.831 ± 0.010

training

Biclusters

0.795 ± 0.010

0.852 ± 0.010

0.809 ± 0.016

0.867 ± 0.005

0.791 ± 0.014

testing

Leadscope

0.959 ± 0.001

training

0.785 ± 0.017

testing

MOE &

0.948 ± 0.003

training

0.771 ± 0.008

testing

Leadscope

0.804 ± 0.007

training

MOE

Accuracy

Data
subset

Descriptor
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0.847 ± 0.030

0.892 ± 0.016

0.876 ± 0.009

0.916 ± 0.004

0.862 ± 0.020

0.880 ± 0.014

0.818 ± 0.017

0.966 ± 0.003

0.819 ± 0.027

0.964 ± 0.008

0.869 ± 0.015

0.889 ± 0.017

Sensitivity

0.731 ± 0.031

0.800 ± 0.037

0.727 ± 0.025

0.807 ± 0.010

0.721 ± 0.033

0.770 ± 0.041

0.758 ± 0.012

0.951 ± 0.002

0.741 ± 0.011

0.928 ± 0.010

0.648 ± 0.027

0.698 ± 0.036

Specificity

0.797 ± 0.014

0.849 ± 0.022

0.800 ± 0.016

0.855 ± 0.007

0.794 ± 0.017

0.827 ± 0.022

0.808 ± 0.010

0.961 ± 0.002

0.797 ± 0.010

0.944 ± 0.007

0.755 ± 0.012

0.786 ± 0.016

Precision

combinations. Results are averaged over five random validations. Standard deviations are provided.

0.821 ± 0.011

0.870 ± 0.006

0.836 ± 0.013

0.885 ± 0.004

0.826 ± 0.011

0.853 ± 0.006

0.813 ± 0.013

0.963 ± 0.001

0.808 ± 0.017

0.953 ± 0.003

0.808 ± 0.006

0.835 ± 0.003

F-measure

Table 10. Classification results for the mutagenicity dataset using NIPALS regression models on various descriptor
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