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In this study, we developed new computational DNA adduct prediction models by using significantly more diverse training
data-set of 217 DNA adducts and 1024 non-DNA adducts, and applying five machine learning methods which include
support vector machine (SVM), k-nearest neighbour, artificial neural networks, logistic regression and continuous kernel
discrimination. The molecular descriptors used for DNA adduct prediction were selected from a pool of 548 descriptors by
using a multi-step hybrid feature selection method combining Fischer-score and Monte Carlo simulated annealing method.
Some of the selected descriptors are consistent with the structural and physicochemical properties reported to be important
for DNA adduct formation. The y-scrambling method was used to test whether there is a chance correlation in the developed
SVM model. In the meantime, fivefold cross-validation of these machine learning methods results in the prediction
accuracies of 64.1–82.5% for DNA adducts and 95.1–97.6% for non-DNA adducts, and the prediction accuracies for
external test set are 78.2–100% for DNA adducts and 92.6–98.4% for non-DNA adducts. Our study suggested that the
tested machine learning methods are potentially useful for DNA adducts identification.

Keywords: machine learning method; DNA adducts; feature selection; Monte Carlo simulated annealing;
applicability domain

1. Introduction

DNA adducts are molecules, particularly small molecules,

that bind to DNA covalently, which frequently leads to

carcinogenesis [1,2], and some DNA adducts have been

used as anticancer agents by targeting the DNA of cancer

cells as well as normal cells [3]. DNA adducts have also

been used as cancer inducers and biomarkers for

quantitative measure of cancer in subjects such as rats or

other living animals [4]. It has been reported that cancers

can be induced by DNA adducts through DNA damage,

mutagenesis and impairment of DNA repair which happens

naturally under normal circumstances (DNA repair) [5–9],

and DNA adduct anticancer drugs produce their anticancer

effects by inducing DNA damage in cancer cells followed

by the DNA damage-induced apoptosis [3]. Identification

of DNA adducts is important for finding carcinogens and

for searching anticancer drugs. As experimental methods

for DNA adducts identification are costly and time

consuming [10], it is desirable to develop methods that

lower the cost and time of DNA adducts identification

without significant accuracy reduction.

Computational methods have been explored for

identifying carcinogen DNA adducts partly based on the

knowledge of the metabolic activation mechanism [11–13].

Vogel and Nivard [12] developed quantitative structure-

activity relationship (QSAR) among tumorigenic potency,

heritable genetic damage and structural elements of

alkylating carcinogens. More recently, Coluci et al. [13]

have applied principal component analysis (PCA), hier-

archical clustering analysis and neural networks method to

identify the carcinogenic activity of 81 polycyclic aromatic

hydrocarbons at.80% accuracy level. The purpose of this

study was to develop a new DNA adduct prediction model

based on a more diverse training data-set using various

machine learning methods.

One important step in developing machine learning

DNA adduct prediction model is to compute and select

appropriate molecular descriptors. A single or a standard

set of descriptors according to experience may reflect

adducting features to some extent, but cannot guarantee a

full capture of the whole properties. In other words, there is

no pre-knowledge on descriptors that are most relevant to

DNA adduct prediction, so a priori feature selection is not

feasible. In this study, we calculated as many molecular

descriptors as possible and selected the appropriate

descriptors by using feature selection algorithms (FSAs).

There are two major classes of FSAs: classifier

independent and classifier dependent. A classifier-inde-
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pendent approach is a filter method [14–16] as outlined in

Figure 1(a), which is computationally efficient. The filter

method attempts to identify relevant features by selecting a

feature subset using a preprocessing step independent of the

learning algorithm, which is less useful for redundant

features and data with strongly correlated features.

Classifier-dependent FSA is also called wrapper approach

[17–20] as shown in Figure 1(b), which uses a specific

learning algorithm, such as decision trees and support

vector machines (SVMs) to evaluate the feature subset

based on their contribution to the performance of the

learner. Wrapper approach has the advantage of selecting

features suitable to the specific learner, and hence generally

results in higher learning performance than the filter

method. In thewrapper approach, the selections of subset of

features are imbedded in the classifier, such as recursive

feature elimination [21], genetic algorithm (GA) [22] and

simulated annealing (SA) method [23]. Comparing with

filter method, the wrapper approach is much more

computationally expensive, but is able to produce better

results. A detailed introduction to thewrapper approach can

be found in Ref. [24].

In this study, to overcome the computational cost of

the wrapper approach and the low accuracy of the filter

method, a multi-step hybrid FSA combining Fischer-score

(F-score) and Monte Carlo simulated annealing (F-MC-

SA), as shown in Figure 1(c), was used to select most

relevant descriptors for DNA adduct prediction, which is

different from other ranking algorithms like information-

based method. F-score filter approach is capable of

Figure 1. Comparison of feature selection method (a) filter method, (b) wrapper method and (c) hybrid method.
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calculating continuous features without discretising them.

Moreover, MC-SA, a wrapper approach, is very efficient

for searching global minimum. In the meantime, several

DNA adduct prediction machine learning models were

developed in combination with our hybrid feature

selection method, which include SVM, k-nearest neigh-

bour (k-NN), artificial neural networks (ANNs), logistic

regression (LR) and continuous kernel discrimination

(CKD). The performance of the developed models was

further evaluated by different approaches: y-scrambling,

five cross-validations and an external test data-set.

2. Materials and methods

2.1 Data-sets

We collected 217 DNA adducts from a number of

published articles based on the criterion that there is

reported experimental evidence to support the adducting

property [8,25–29]. To sufficiently represent the chemical

space of non-DNA adducts, we used 300 clinical trial

drugs and 904 US Food and Drug Administration

approved drugs from the drug information handbook

[30] as the non-DNA adducts. Overall, a total of 217 DNA

adducts and 1204 non-DNA adducts were used to develop

and test machine learning models.

Geometry optimisation of each molecule was

performed using the MM þ force field of HyperChem7

(http://www.hyper.com) before computing the molecular

descriptors. Molecular descriptors have been routinely

used for quantitative description of the structural and

physicochemical properties of molecules in the develop-

ment of various QSAR models [31–34]. We used 548 1D

and 2D descriptors (Supplementary Table S1) by the web-

based software Model [35], which include 72 fingerprint

descriptors [31], 30 constitutional descriptors [31], 92

molecular connectivity and molecular shape descriptors

[31,36], 108 electro-topological state descriptors [31,37],

60 BCUT molecular descriptors [31,38] and 186

autocorrelation descriptors [31,39].

2.2 Data-set division and model validation

A recent study [40] has shown that an external test set is

more appropriate for model validation than cross-

validation method, and the training set should be diverse

enough. Moreover, the representative points of the training

set and the testing set should be close to each other.

Massart and co-workers have compared four methods for

selecting representative samples from training set, which

include Kennard–Stone (KS) method, D-optimal design,

Kohonen self-organisation mapping method and random

selection method. They found that the KS method

outperforms the other methods [41] because the samples

chosen by the KS method can span the largest chemical

space, so the prediction for most of the compounds in the

test set will be interpolation and fall into the applicability

domain of the chemical space covered by the training set

and the model can have best prediction ability for unknown

compounds. As the test set was not involved in the training

process, it is independent and can be considered as an

external independent test set. In this study, we divided our

data-set into training and independent test sets by KS

method [42–44]. In this splitting procedure, the training

set has 162 DNA adducts and 768 non-DNA adducts

agents, and the external test set has 55 DNA adducts and

256 non-DNA adducts agents. For comparison, a random

method is also used to divide the data-set with the same

procedure as the KS method.

Four methods were employed to validate the classifi-

cation model. The first one is the fivefold cross-validation

method. In fivefold cross-validation, the training set is

divided into five subsets of approximately equal size, in

which each compound in the training set appears only once.

One subset of the compounds is withheld for testing,

whereas the remaining subsets are used for training. This

process is repeated five times for all five subsets,

respectively, to provide predictions of all compounds

when they are not included in the training. In this study,

fivefold cross-validation is used to refine the classification

models by selecting MC-SA to find the optimal subset of

molecular descriptors, and optimise the model parameters,

such as the sigma of the Gaussian kernel function, the

number of hidden units of ANN and so on. The second

model validation method is y-scrambling method, which is

used to check chance correlation. The responses, i.e. the

classification labels, are randomly permuted 30 times for

the original data-set (including all descriptors) and 30 data-

sets are given. Then the same procedure is applied to the

data-sets as the above model optimisation step.

The averaged prediction accuracies are given to indicate

whether chance correlation has occurred. The resulting

models obtained on the data-set with randomised responses

should have significantly lower prediction accuracy than

the models that are based on the real data because the

relationship between the structure and response is broken

[45,46].

The third model validation method is the application of

selected descriptors to other machine learning approaches

to see whether the selected descriptors are truly relevant to

the discrimination of DNA adducts from non-DNA

adducts. The fourth model validation method is the

external test set method [47,48]. All compounds in

the training set are used to train the models, while the

prediction accuracies of the models are evaluated by the

external test set. Because the compounds in the external test

set did not involve in developing the models, it can provide

a more rigorous validation of the model’s predictive

capability than the cross-validation method. Meanwhile,

the domain of applicability is considered and discussed for

compounds in the external test set.
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2.3 Diversity of compounds in data-set

The diversity of the compounds used for modelling

significantly affects the efficiency and robustness of the

prediction models. The more diverse the compound data-

set, the larger chemical space the applicability domain of

model covers. Moreover, prediction accuracy of statistical

learning systems is known to be strongly affected by

the diversity of samples used in the training set [38,42].

The test set also needs to be diverse and representative

of samples studied in order to accurately assess the

capabilities of the prediction systems [45,49]. The diversity

of compounds in a data-set can be estimated by using the

diversity index (DI) value, which is the average values of

the dissimilarity between all pairwise compounds in the

data-set [50]:

DI ¼

PN
i¼1

PN
j¼1;i–jdissði; jÞ

NðN 2 1Þ
; ð1Þ

where diss(i,j) is a measure of the dissimilarity between

compounds i and j, and N is the number of compounds in

the data-set. Dissimilarity is a complementary measure of

similarity and usually defined as (1-similarity), so we have

DI ¼ 1 2

PN
i¼1

PN
j¼1;i–jsimði; jÞ

NðN 2 1Þ
; ð2Þ

where sim(i,j) is the similarity between compounds i and j.

In this study, the similarity between any two compounds

was computed by using commonly used similarity metric-

Tanimoto coefficient [51,52]:

sði; jÞ ¼

Pl
d¼1xdixdjPl

d¼1ðxdiÞ
2 þ

Pl
d¼1ðxdjÞ

2 2
Pl

d¼1xdixdj
; ð3Þ

where l is the number of descriptors computed for the

compounds in the data-set, xdi and xdj are the values of dth

descriptor for compounds i and j, respectively. It can be

easily shown that s(i,j) ¼ 1 when xdi ¼ xdj (d ¼ 1,2, . . . , l)

and s(i,j) ¼ 21/3 when xdi ¼ 2xdj (d ¼ 1,2, . . . ,l). Hence

the Tanimoto coefficient ranges from 20.333 to 1. In this

study, the Tanimoto coefficient is normalised to the range

between 0 and 1 before substituting into Equation (2) by

the following procedure:

simði; jÞ ¼
sði; jÞ þ 0:333

1:333
; ð4Þ

where sim(i,j) is the normalised Tanimoto coefficient. Then

the DI ranges between 0 and 1 and the diversity of a data-set

increases with DI value. The value of 1 for DI denotes that

each pair of compounds in the data-set has a zero-valued

similarity, that is the data-set is sufficiently diverse for the

given molecular descriptors, whereas the value of 0 for DI

denotes that all of the compounds have the fully identical

molecular descriptors. Clearly, the closer the DI value is to

1, the more diverse the data-set is. The computed value of

DI is 0.7348 for the data-set of 217 DNA adducts and 1024

non-DNA adducts and 0.7344 and 0.7358 for the training

and external test set, respectively. We use the NCI diversity

set II [53] to find how DI can reflect the diversity of

the data-set. The NCI diversity set II is a set of 1364

compounds selected from the original NCI-3D database of

the almost 140,000 compounds based on their properties as

unique three-point pharmacophores [54]. The computed DI

value for the NCI diversity set II is 0.7614. The results are

summarised in Table 1, which shows that the diversities of

compounds in our data-sets are comparable to NCI

diversity set II with high structural diversity.

2.4 Feature selection method

Not all of the descriptors calculated above are relevant to

the discrimination of DNA adducts and non-DNA adducts.

Elimination of the redundant descriptors can improve the

accuracy of prediction, and facilitates the interpretation of

the model by focusing on the most relevant descriptors.

In this study, a multi-step hybrid feature selection method

was used to find the optimal subset of features and the

performance of the model, i.e. the fitness function was

measured using the averaged overall prediction accuracy of

fivefold cross-validation for each step of feature selection.

The feature selection procedures are as follows:

Step 1. Processing. First, any descriptor that has

identical values for more than 90% of the samples is

removed. Second, any descriptor with the relative standard

deviation (SD) less than 0.05 is removed. Finally, one of any

two descriptors with the absolute value of Pearson

correlation coefficient above 0.9 is removed.

Step 2. F-score ranking and backward selection. The

preprocessed descriptors are ranked in decreasing order of

the F-score. F-score is a simple filter technique that

measures the discrimination ability of one feature [55,56].

TheF-score of the ith feature can be defined as follows [55]:

FðiÞ ¼
ð�xðþÞ

i 2 �x iÞ
2 þ ð�xð2Þ

i 2 �x iÞ
2

1=ðnþ 2 1Þ
Pnþ

k¼1ðx
ðþÞ
k;i 2 �xðþÞ

i Þ2 þ 1=ðn2 2 1Þ
Pn2

k¼1ðx
ð2Þ
k;i 2 �xð2Þ

i Þ2
;

ð5Þ

where �xi, �x
ðþÞ
i and �xð2Þ

i are the averages of the ith feature of

the whole, positive and negative data-sets, respectively; xðþÞ
k;i

denotes the ith feature of kth positive sample and xð2Þ
k;i refers

to the ith feature of kth negative sample. nþ and n2 are the

number of positive and negative samples, respectively. The

numerator indicates the discrimination between the positive

and negative data-sets, and the denominator indicates the

Table 1. DI values of our data-sets and NCI diversity Set II.

Data-set No. of compounds DI value

The NCI diversity set II 1364 0.7614
Training set (in this study) 992 0.7344
External test set (in this study) 249 0.7358
The whole data-set (in this study) 1241 0.7348
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discrimination within each of the two data-sets. The higher

the F-score, the more discriminative power this feature has

[55]. In this study, features are ranked in decreasing order

according to F-score, and the number of relevant

descriptors is chosen by a sequential backward selection

(SBS) algorithm. SBS starts from the initial set of all

features, and each time the three lowest-ranked features are

removed until the generation ability estimated by fivefold

cross-validation reaches its maximum. Meanwhile, the

model is optimised by a systematic search of the exponent

parameter s of the Gaussian kernel function in the SVM

approach. After this step, the set of features and parameters

are selected.F-score is simple and generally quite effective,

but it ignores feature dependencies and the interaction with

the classification. Therefore, the feature set may be further

reduced by a wrapper approach.

Step 3. The wrapper approach applied in this study is

Metropolis MC-SA selection, which helps to find most

relevant molecular descriptors. The SA is the simulation of

a physical process, and ‘annealing’, which involves heating

the system to a high temperature and then gradually cooling

it down to a preset temperature (e.g. room temperature).

During this process, the possible configurations of the

samples obey the Boltzmann distribution and hence the low

energy states are the most populated at equilibrium. The

implementation of MC-SA combined with SVM reported

here is similar to that described in Ref. [57] and can be

summarised as follows:

i) giving an initial exponent s value for the Gaussian

kernel function;

ii) setting the initial simulation temperature T;

iii) generating a trial solution to the underlying

optimisation problem, i.e. an SVM model is built

based on a random selection of descriptors;

iv) calculating the value of the fitness function, which

characterises the quality of the trial solution to the

underlying problem, i.e. the performance of the trial

subset;

v) perturbing the trial solution to obtain a new solution

and build a new MC-SA-SVM model for the new

trial solution;

vi) calculating the value of the fitness function Qnew for

the new trial solution;

vii) applying the optimisation criteria: if Qold , Qnew, the

new solution is accepted and used to replace the old

trial solution; if Qold . Qnew, the new solution is

accepted only if the Metropolis criterion is satisfied,

i.e.

rnd , e2ðQold2QnewÞ=T ; ð6Þ

where rnd is a random number uniformly distributed

between 0 and 1;

viii) lowering the simulation temperature T to a

predetermined value and return to step (iii);

ix) systematically adjusting the s value and going back

to step (ii).

After these steps, an optimal subset of molecular

descriptors and s value will be obtained and the final MC-

SA-SVM model will give the least generalisation error.

2.5 Machine learning methods

(1) SVM methods. The SVM method is a supervised

machine learning technique for learning classification and

regression rules from data. An introduction to SVM can

be found in Refs [58–60]. There are two types of SVM

algorithms, linear and nonlinear SVM. Linear SVM

algorithm finds a hyper-plane separating two classes with

a maximum margin. This hyper-plane is constructed by

finding a vector w and a parameter b that minimises

wk k
2, which satisfies the following conditions: w�xi þ

b $ þ1; for yi ¼ þ1 (DNA adducts) and w�xi þ b #

21; for yi ¼ 21 (non-DNA adducts). Here xi is the input

feature vector, yi is the class index and w is a vector

normal to the hyper-plane. After the determination of w

and b, a given vector x can be classified by using a

positive or negative f ðxÞ value, indicating that the vector x

belongs to the active or inactive class [61]. Nonlinear

SVM maps feature vectors into a high-dimensional feature

space implicitly by a kernel function such as Gaussian

kernel Kðxi; xjÞ ¼ exp ð2 xj 2 xi
�� ��2

=ð2s2Þ [62,63] (also

the kernel function chosen in this study) and the linear

SVM procedure is then applied to the feature vectors in

this feature space. The exponent s of the Gaussian kernel

is the model parameter of SVM approach.

(2) KNN method. The k-NN algorithm [64–66] is the

most basic instance-based method. As one would expect

from the name, this algorithm classifies x by examining the

classes on the k-NNs and assigning it the class most

frequently represented among the k-NNs. It assumes that all

instances correspond to the points in the n-dimensional

feature space. The nearest neighbours of an instance are

defined in terms of the Euclidean distance [66–68]. In this

study, the k-NN prediction accuracies are estimated through

fivefold cross-validation with the same data-set and

molecular descriptors selected in the SVM classification

model.

(3) ANN method. The ANN is a mathematical tool that

can be used for regression and classification, which was

originally inspired by the neuron structure in the brain. It

consists of a series of nodes (the analogy of neurons) that

have multiple connections with other nodes. In this study, a

back-propagation network employing a single layer of

hidden units is used to find a classifier separating DNA

adducts from non-DNA adducts. The gradient descent with

momentum is used for the training. A three-layer

architecture ANN is used in this study and the optimal

number of neurons in the hidden layer is chosen by

maximising the generalisation ability, which is the averaged
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overall accuracies defined in Equation (20) estimated by a

fivefold cross-validation [69].

(4) LR method. The LR method [70,71] is a supervised

learning approach that attempts to distinguish K classes

from each other using a weighted sum of some predictor

variables Xi. For two-class classification problems, the

probability u that an event belongs to the positive class is

related to a set of explanatory variables in the form:

log itðuÞ ¼ ln
u

1 2 u

� �

¼ b0 þ b1X1 þ b2X2 þ · · · þ bnXn ¼ bTX

ð7Þ

or

u ¼
1

1 þ expð2bTXÞ
; ð8Þ

where u is the probability that vector x belongs to the

positive class, b0 is the regression model constant and

b1 2 bk are the coefficients corresponding to the

descriptors X1 2 Xk. Then the probability that the event

belongs to the negative class is (1 2 u). The parameters in

the LR model are estimated by the maximum likelihood

method. The natural logarithm of the likelihood function

for a training set {(Xi,yi), i ¼ 1,m)} is

LðbÞ ¼
Xm
i¼1

yi ln uþ ð1 2 yiÞ lnð1 2 uÞ2
c

2
bTb; ð9Þ

where c is the regularised coefficient and is determined by

maximising the generalisation ability for the validation set.

The optimisation of the parameters b0, b1; . . . ;bn, in this

study is carried out through Newton–Raphson method [72].

In this study, the LR prediction accuracies are estimated

through fivefold cross-validation with the same data-set and

molecular descriptors selected in the SVM classification

model.

(5) CKDmethod. The CKDmethod recently employed

by Willett et al. [73–77] uses kernel density estimation to

derive the conditional class probability density functions

in Bayes classifier for conducting classification using

continuous features. According to Bayes’ theorem, the

probabilities of a sample x in positive class and negative

class are

Pðy ¼ þ1jxÞ ¼
Pðxjy ¼ þ1Þ�Pðy ¼ þ1Þ

PðxÞ
; ð10Þ

Pðy ¼ 21jxÞ ¼
Pðxjy ¼ 21Þ�Pðy ¼ 21Þ

PðxÞ
; ð11Þ

where pðxÞ is a constant for the positive class and negative

class and can be obtained by the normalisation condition:

Pðy ¼ þ1jxÞ þ Pðy ¼ 21jxÞ ¼ 1: ð12Þ

Hence,

PðxÞ ¼ Pðxjy ¼ þ1Þ�Pðy ¼ þ1Þ þ Pðxjy

¼ 21Þ�Pðy ¼ 21Þ: ð13Þ

Pðy ¼ þ1Þ and Pðy ¼ 21Þ can be estimated from the

proportions of the positive or the negative class in the

training set:

Pðy ¼ þ1Þ ¼
lþ

l
; Pðy ¼ 21Þ ¼

l2

l
; ð14Þ

where lþ and l2 are the number of positive and negative

samples, respectively. The conditional class probability

density functions Pðxjy ¼ þ1Þ and Pðxjy ¼ 21Þ are

estimated from the training set by

fþðxÞ ¼
1

lþ

Xlþ
i¼1

Khðx; xiÞ; ð15Þ

f2ðxÞ ¼
1

l2

Xl2
i¼1

Khðx; xiÞ; ð16Þ

where Khk ðx; xiÞ is the kernel density function and h is the

bandwidth of the Gaussian, which is optimised by an

analysis of the training-set data. For binary variables,

the kernel density function is usually in the form of

Aitchison–Aitkin function [78]

Khðx; xiÞ ¼ hm2dðx;x iÞð1 2 hÞdðx;x iÞ; ð17Þ

where 0.5 # h # 1, m is dimension of the vector x and

dðx; xiÞ is the squared Euclidean distance:

dðx; xiÞ ¼ ðx2 xiÞ
T ðx2 xiÞ: ð18Þ

Willett called this binary kernel discrimination. For

continuous variables x, the kernel density function is

usually the Gaussian kernel:

Khðx; xiÞ ¼
1

h
ffiffiffiffiffiffi
2p

p e2ððdðx i;xÞÞ=2h 2Þ; ð19Þ

where 0 , h , 1 and dðx; xiÞ is also the squared

Euclidean distance. Willett called this CKD.

3. Performance measure

The effectiveness of machine learning methods can be

measured by using true positive (TP), true negative (TN),

false positive (FP), false negative (FN), sensitivity

[SE ¼ TP/(TP þ FN)] and specificity [SP ¼ TN/(TN þ

FP)] [79], where TP is the number of DNA adducts

predicted correctly, TN is the number of non-DNA

adducts predicted correctly, FN is the number of DNA

adducts predicted as non-DNA adducts, FP is the number

of non-DNA adducts predicted as DNA adducts. The

overall prediction accuracy (Q) and Matthews correlation

coefficient (MCC) [80] are used to measure the overall
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prediction performance:

Q ¼
TP þ TN

TP þ FN þ TN þ FP
; ð20Þ

MCC ¼
ðTP £ TNÞ2 ðFN £ FPÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðTP þ FNÞðTP þ FPÞðTN þ FNÞðTN þ FPÞ
p :

ð21Þ

4. Results and discussion

4.1 Influence of training set design on performance of
machine learning methods

KS and randommethods were, respectively, used to design

the training set. The results are listed in Table 2. It is shown

that the performance of the KS method generally

outperforms the random method and this is because that

the samples chosen by the KS method, which maximises

the minimal Euclidean distances between already selected

compounds and the remaining compounds, can span the

largest chemical space, so most of the compounds in the

test set will be in interpolation and fall into the applicability

domain of the chemical space covered by the training set.

However, the random method divides compounds

randomly into training set and test set and this strategy is

usually only effective for very densely populated samples,

because there is a risk that compounds of some classes in

the test set are not selected in the training set.

4.2 Feature selection and model development

The fivefold cross-validation performance of SVMmodels

integrating three feature selection steps is given in Table 3.

From Table 3, it can be seen that after the preprocessing

step, the number of molecular descriptors is reduced from

548 to 171, indicating that the majority of descriptors have

low information content or are highly correlated with

other descriptors. After this preprocessing, the prediction

Table 3. Effect of feature selection on the performance of the SVM model.

Prediction for DNA
adducts

Prediction for
non-DNA adducts

Step (number of descriptors)a Optimal sb Cross-validation set TP FN SE(%) TN FP SP(%) Q(%) C

Step 1 (171) 15 1 34 10 77.3 194 11 95.1 91.7 0.757
2 31 13 70.5 197 8 96.1 90.8 0.698
3 34 9 79.1 195 10 95.1 92.3 0.735
4 36 7 83.7 194 11 95.1 92.7 0.757
5 35 8 81.3 192 12 94.1 91.5 0.729

Average 78.4 95.1 91.8 0.735
SDc 5 0.72 0.73 0.024

Step 2 (143) 13 1 34 10 77.3 196 9 95.8 92.4 0.735
2 32 12 72.7 200 5 97.6 93.2 0.734
3 35 8 81.4 198 7 96.6 94 0.787
4 37 6 84.1 197 8 96.1 94.4 0.807
5 36 7 83.7 194 11 94.6 92.7 0.757

Average 79.8 96.1 93.3 0.764
SDc 4.8 7.4 0.92 0.032

Step 3 (61) 4 1 34 10 77.3 201 4 98 94.4 0.799
2 34 10 77.3 202 3 98.5 94.8 0.813
3 36 7 83.7 200 5 97.6 95.2 0.828
4 38 5 88.4 202 3 98.5 96.8 0.886
5 37 6 86 195 9 95.6 93.9 0.795

Average 82.5 97.6 95 0.824
SDc 5.1 4.5 1.2 0.053

a Step 1, preprocessing; Step 2, filter step through F-score ranking and backward selection; Step 3, MC-SA bs, exponent of the Gaussian kernel of SVM
c SD, standard deviation.

Table 2. Influence of training set design on performance of machine learning methodsa.

SVM
(s ¼ 4)

ANN
(n ¼ 35)

LR
(C ¼ 1)

K-NN
(k ¼ 1)

CKD
(h ¼ 0.5)

Methods
SE
(%)

SP
(%)

Q
(%)

SE
(%)

SP
(%)

Q
(%)

SE
(%)

SP
(%)

Q
(%)

SE
(%)

SP
(%)

Q
(%)

SE
(%)

SP
(%)

Q
(%)

KS 78.4 95.1 91.8 72.5 90.8 87.6 60.5 90.7 85.4 78.5 90.5 88.3 75.5 92.3 89.3
Random 70.5 85.3 82.7 65.5 85.8 82.2 50.5 80.7 75.4 70.5 80.4 78.7 68.5 94.3 89.7

a Averaged prediction accuracies over the five sets by fivefold cross-validation.
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accuracies for DNA adducts, non-DNA adducts and the all

samples are 78.4%, 95.1% and 91.8%, respectively, and

the MCC C is 0.735. In the second step, i.e. F-score

ranking and backward selection, the number of molecular

descriptors is reduced from 171 to 143 and the prediction

accuracies for DNA adducts, non-DNA adducts and all the

samples are improved to 79.8%, 96.1% and 93.3%,

respectively, and the MCC C reaches 0.764. In the third

step of feature selection, i.e. MC-SA, the number of

molecular descriptors is further reduced to 61. The

prediction accuracies for the DNA adducts, non-DNA

adducts and the all samples are 82.5%, 97.6% and 95%,

respectively, and the MCC C is 0.824. These results show

that the multi-step hybrid feature selection method is

capable of removing the non-relevant descriptors thereby

reducing the noises and improving the performance of the

SVM. Moreover, those 61 most relevant features identified

were subsequently used to build five machine learning

models.

The 61 selected descriptors are listed in Table 4. Most

of the selected descriptors are the descriptors encoding the

1D or 2D structural information weighted by atomic

physicochemical properties. These descriptors can be

categorised into several classes: simple molecular proper-

ties, BCUT descriptors, electro-topological state, auto-

correlation descriptors, molecular connectivity and shape

descriptors. Simple descriptors are molecular weight,

counts of special atoms, chemical bonds and sub-structures

in the molecules. BCUT descriptors encode atomic

properties relevant to intermolecular interaction [81–83].

Table 4. Selected molecular descriptors.

Descriptor class Descriptions Na

Simple molecular properties Number of rotatable bonds, number of six-member non-aromatic rings, number of N atoms,
number of seven-member rings, number of six-member aromatic rings, number of Cl atoms,
average molecular weight

6

BCUT descriptors The third highest eigenvalue of BCUT descriptors weighted by atomic electronegativity; the
fifth highest eigenvalue of BCUT descriptors weighted by atomic E-state; the second lowest
eigenvalue of BCUT descriptors weighted by atomic electronegativity; the third lowest
eigenvalue of BCUT descriptors weighted by atomic E-state; the fourth lowest eigenvalue of
BCUT descriptors weighted by atomic polarisability; the third lowest eigenvalue of BCUT
descriptors weighted by atomic polarisability; the first lowest eigenvalue of BCUT descriptors
weighted by atomic polarisability; the fifth highest eigenvalue of BCUT descriptors weighted
by atomic electronegativity; the fourth highest eigenvalue of BCUT descriptors weighted by
atomic mass; the first highest eigenvalue of BCUT descriptors weighted by atomic
polarisability; the fourth highest eigenvalue of BCUT descriptors weighted by atomic VDW
volume; the second lowest eigenvalue of BCUT descriptors weighted by atomic
electronegativity; the second lowest eigenvalue of BCUT descriptors weighted by atomic
VDW radius; the second lowest eigenvalue of BCUT descriptors weighted by atomic mass;
the fourth lowest eigenvalue of BCUT descriptors weighted by atomic electronegativity; the
fourth lowest eigenvalue of BCUT descriptors weighted by atomic VDW radius; the fourth
highest eigenvalue of BCUT descriptors weighted by atomic mass; the third lowest eigenvalue
of BCUT descriptors weighted by atomic electronegativity

18

Electro-topological state Sum of estate of atom type aaaC; sum of estate of atom type sCH3; sum of estate of atom type
ddsN; sum of estate of atom type dS; sum of estate of atom type ssO; sum of H estate of atom
type HaaCH; sum of estate of all C atoms; sum of estate of atom type aaN; sum of estate of all
C atoms; sum of estate of atom type dsN

11

Autocorrelation descriptors
(2D)

Moreau-Broto autocorrelation of lag 5 weighted by atomic E-state indices, Moreau-Broto
autocorrelation of lag 7 weighted by atomic E-state indices, Moran autocorrelation of lag 2
weighted by atomic electronegativity, Geary autocorrelation of lag 1 weighted by atomic
mass, Geary autocorrelation of lag 3 weighted by atomic VDW radius, Geary autocorrelation
of lag 4 weighted by atomic E-state indices, Geary autocorrelation of lag 2 weighted by
atomic mass, Geary autocorrelation of lag 1 weighted by atomic electronegativity, Geary
autocorrelation of lag 3 weighted by atomic mass, Geary autocorrelation of lag 2 weighted by
atomic polarisability,Geary autocorrelation of lag 6 weighted by atomic electronegativity,
Geary autocorrelation of lag 3 weighted by atomic E-state indices

12

Molecular connectivity and
shape

The second solvation connectivity index; mean eccentricity deviation; dispersion; 0th order
delta chi index; arithmetic topological index by Narumi

5

Fingerprint descriptors Fingerprint for containing rings connected by seven non-ring edges, fingerprint for secondary
ammonium, fingerprint for containing rings connected by four non-ring edges, fingerprint for
diol (C(OH)ZC(OH)Z), fingerprint for containing rings connected by three non-ring edges,
fingerprint for fused rings with two rings, fingerprint for organohalide, fingerprint for six-
member aromatic rings, fingerprint for O heterocyclic rings, fingerprint for ketone
(RZCOZR)

10

a The number of molecular descriptors.
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The electro-topological state indices are numerical values

computed for each atom in a molecule, which encode

information about both the topological environments of

that atom in the molecule [37,84]. Topological auto-

correlation descriptors, including Moreau-Broto autocor-

relation, Moran coefficient and Geary coefficient, are

molecular descriptors encoding both molecular structure

and physicochemical properties attributed to atoms as a

vector [31]. Molecular connectivity and shape descriptors

encode information about molecular size, shape, branch-

ing, un-saturation, heteroatom content and cyclicity

[85,86]. The molecular fingerprints can be considered as

another class of molecular descriptors. They have been

successfully used in molecular similarity search [87],

indicating that they can give more accurate description of

the molecular structures.

As shown inTable 4,most of the selected descriptors are

the distributed-based descriptors taking the atomic proper-

ties as the weighting. So, these descriptors are grouped

according to atomic properties and their ratios in the

descriptor set, which are given in Figure 2. The descriptors

weighted by atomic properties account for 74.1% of all

selected descriptors. The results indicate that these

descriptors reflect the distribution of atomic properties

along the E-state indices, electronegativity and polarisa-

bility play an important role for discriminating the diverse

data-set, which is consistent with a linear discriminant

analysis of structure-based descriptors for multidrug

resistant (MDR) agents that showed that 60% of the

molecular descriptors important forMDRare topological in

nature [88]. Among the 61 selected descriptors, the 18most

important descriptors whoseF-score values are greater than

0.2 are listed in Table 5. The higher the F-score, the more

discriminative power this feature has. So these descriptors

are very important for discriminating between the

DNA-adducts and non-DNA adducts.

Some of our selected molecular descriptors for

discriminating DNA adducts from non-DNA adducts are

consistent with the structural and physicochemical proper-

ties, reported to be important for DNA adduct formation.

For instance, the food mutagen 2-amino-3-methylimi-

dazo[4,5-f]quinoline approaches DNA and forms DNA

adduct by adopting a specific conformation via large

variation of specific rotatable bond [89]. This feature is

covered by our selected descriptor, number of rotatable

bonds. The reaction of some DNA adducts such as cisplatin

analogues [90] and N-hydroxyarylamins with DNA occurs

at specific nitrogen atoms, which is reflected by our selected

descriptor: number of N atoms. The presence of a benzo ring

in a specific DNA adduct has been found to be important for

stabilised DNA adduct formation and subsequent carcino-

genesis [91]. Our selected descriptors, ‘number of six-

member aromatic rings’, and ‘number of seven-member

aromatic rings’ and fingerprint descriptors for rings,

partially account for the presence of such rings.

4.3 Model validation through Y-scrambling

Y-scrambling was applied to exclude the possibility of

chance correlation, i.e. fortuitous correlation without any

predictive ability. The classification labels (TN) of the 480

compounds in the training set were reordered in a random

manner. Afterwards, attempts were made to build SVM

model with the scrambled activity data. A total of 30

randomisation runs were performed. The results of the

y-scrambling test are given in Table S2 (Supporting

Information). The average accuracies for the DNA adducts,

non-DNA adducts and overall samples are 20.3–44.5%,

55.1–63.4%and 51.4–62.6%, respectively. In all cases, the

obtained random models have much lower prediction

accuracies than the model based on the real data, indicating

no obvious chance correlation in the SVM model.

4.4 Development and test of other machine learning
models

To test whether they are truly relevant to the discrimination

between DNA adducts and non-DNA adducts, the 61

selected descriptors were used to develop ANN, k-NN, LR

and CKD DNA adduct prediction models. The prediction

Figure 2. (Colour online) Classification of the selected descriptors.
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accuracies of these methods and the SVM method are given

in Table 6. The prediction accuracies for DNA adducts,

non-DNA adducts, total agents and MCC C are between

64.1 and 82.5%, 95.1 and 97.6%, 90.2 and 95%, and 0.636

and 0.824, respectively. SVM, k-NN and CKD were found

to outperform LR and ANN. Our study suggests that the

descriptors selected by our multi-step hybrid feature

selection method in developing SVM DNA adduct

prediction model are equally useful for developing other

machine learning models for predicting DNA adducts.

Therefore, these selected descriptors are likely relevant to

the classification of DNA adducts from non-DNA adducts.

Moreover, all the developed machine learning models show

no apparent over-fitting phenomenon, which frequently

occur in the application of wrapper methods (http://www.

scss.tcd.ie/publications/tech-reports/reports.05/TCD-CS-

2005-17.pdf).

4.5 Performance evaluation by the external test set

Before evaluating our developed SVM and other machine

learning models by using the external test set, the

applicability domain of these models needs to be

determined. The applicability domain of a model is the

chemical space covered by the training set, from which the

model has been developed and is applicable to make

predictions for new compounds. Ideally, the model should

only be used to make predictions within that domain by

interpolation, not extrapolation [92]. In mathematical

terms, it means the estimation of interpolation regions in

the multivariate space of training set, because, in general,

interpolation is more reliable than extrapolation. The

consideration of applicability domain is essential for proper

applications and confidence assessment of the performance

of machine learning methods. The applicability domain

problem has been addressed by several groups [93,94].

There are four major approaches (range based, distance

based, geometrical and probability density distribution

based) to estimate interpolation regions in a multivariate

space (http://ecb.jrc.ec.europa.eu/documents/QSAR/INF-

ORMATIONSOURCES/applicability domain over-

view.pdf). In the study by Tropsha et al., the applicability

domain was defined as the distance cutoff value

DT ¼ ,D . þZs, where Z is a threshold parameter and

,D . and S are the average and SD of all Euclidean

distance between each compound and its nearest neighbour

for all compounds in the training set [93]. In this study,

Table 5. The Fisher-scores of the 18 most important descriptors.

No.
Molecular
descriptors Description F-score value

Average valuea

DNA adduct

Average valuea

non-DNA
adduct

1 2x 5 The second solvation connectivity index 0.522 20.779 0.165
2 Med Mean eccentricity deviation 0.518 20.807 0.171

3 lSE
H3 The third highest eigenvalue of BCUT descriptors

weighted by atomic electronegativity
0.469 20.897 0.189

4 I5(ES) Moreau-Broto autocorrelation of lag 5 weighted
by atomic E-state indices

0.463 20.716 0.152

5 lES
H5 The fifth highest eigenvalue of BCUT descriptors

weighted by atomic E-state indices
0.426 20.714 0.152

6 I7(ES) Moreau-Broto autocorrelation of lag 7 weighted
by atomic E-state indices

0.391 20.667 0.141

7 SS(aaaC) Sum of E-state of atom type aaaC 0.380 1.151 20.244

8 lSE
L2 The second lowest eigenvalue of BCUT descriptors

weighted by atomic electronegativity
0.355 0.796 20.169

9 D Dispersion 0.345 20.629 0.133
10 D0x Zeroth delta chi index 0.322 20.634 0.134

11 lES
H3 The third lowest eigenvalue of BCUT descriptors

weighted by atomic E-state indices
0.320 0.768 20.163

12 lSE
L4 The fourth lowest eigenvalue of BCUT descriptors

weighted by atomic electronegativity
0.314 0.729 20.154

13 lSE
L3 The third lowest eigenvalue of BCUT descriptors

weighted by atomic electronegativity
0.301 0.727 20.154

14 lSE
L1 The fifth lowest eigenvalue of BCUT descriptors

weighted by atomic electronegativity
0.246 0.704 20.149

15 lSE
H5 The fifth highest eigenvalue of BCUT descriptors

weighted by atomic electronegativity
0.237 20.742 0.157

16 Nr The number of six-member non-aromatic rings 0.234 20.531 0.113
17 f Fingerprint for containing rings connected by

seven non-ring edges
0.231 20.516 0.109

18 sCH3 Sum of estate of atom type sCH3 0.226 20.532 0.113

a The values of descriptors have been standardised.
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we define the applicability domain in a similar way using a

similarity cutoff instead of distance cutoff

ST ¼, S . 2Zs; ð22Þ

where,S . ands are the average and SD of the normalised

Tanimoto similarity coefficient of all compounds in the

training set to its nearest neighbour. Z is an arbitrary

parameter to control the significance level. We set the default

value of this parameter Z at 0.5, which formally places the

allowed Tanimoto coefficient at one-half of the SD. Thus, if

the normalised Tanimoto coefficient of an external

compound to its nearest neighbour in the training set is less

than this threshold, the compound is considered as beyond

the application domain and the prediction is unreliable.

In this study, the applicability domain was estimated in

the multivariate space defined by the 61 selected

descriptors for the training set. Before the calculation of

the applicability domain, each descriptor was auto-scaled

to zero mean and unit variance, and PCA was applied to

reduce the dimensionality and remove redundant infor-

mation. In the end, the first 27 principal components with

.90% of the information content were selected for the

calculation of the similarity coefficient. For the training

set, the average maximum and SD of the normalised

Tanimoto coefficient are 0.857 and 0.131, respectively,

and the similarity threshold ST is 0.791. Only 3 of the 311

compounds in the external test set are not in the

applicability domain and their normalised Tanimoto

similarity coefficients to their nearest neighbours are

0.569, 0.557 and 0.474. The structures of these three

‘non-applicable’ compounds are shown in Figure 3.

Table 7 gives the DNA adduct prediction performance

estimated by the external test set. The prediction accuracy

for DNA adducts, non-DNA adducts, overall accuracy Q

and MCC C are 78.2–100%, 92.6–98.4%, 91.9–96.5%

and 0.726–0.893, respectively, for the five tested machine

learning models SVM, CKD, k-NN, ANN and LR.

In particular, CKD and SVM show slightly better overall

performance than k-NN and ANN, which in turn are

substantially better than LR. Overall, our testing results

suggest that all the tested machine learning methods are

potentially useful for predicting DBA-adducts at good

prediction accuracy levels.

Table 6. Performance of SVM and other machine learning methods using the selected 61 descriptors.

Prediction for DNA
adducts

Prediction for non-DNA
adducts

Methods Parameter Fivefold cross-validation TP FN SE(%) TN FP SP (%) Q(%) C

k-NN k ¼ 1 1 35 9 79.5 197 7 96.5 93.2 0.775
2 33 11 77.2 197 7 96.5 92.4 0.743
3 37 6 86.1 189 16 92.2 91.1 0.723
4 34 9 79.1 196 9 95.6 92.7 0.747
5 36 8 83.7 193 11 94.6 92 0.745

Average 81.1 95.1 92.3 0.747
ANN n ¼ 35 1 35 9 79.5 199 6 97.1 94 0.788

2 34 10 77.2 196 9 95.6 92.4 0.743
3 34 9 79.1 196 9 95.6 92.7 0.747
4 34 9 79.1 198 7 96.6 93.6 0.771
5 31 12 72.1 192 12 94.1 90.3 0.662

Average 77.4 95.8 92.6 0.742
LR C ¼ 1 1 27 17 61.4 196 9 95.6 89.6 0.618

2 29 15 65.9 197 8 96.1 90.8 0.665
3 29 15 67.4 194 11 94.6 89.9 0.629
4 28 15 65.1 195 10 95.2 89.9 0.633
5 26 17 60.5 198 7 97.1 90.7 0.636

Average 64.1 95.7 90.2 0.636
CKD h ¼ 0.4 1 35 9 79.5 198 7 96.6 93.6 0.775

2 34 10 77.3 198 7 96.6 93.2 0.760
3 36 7 86 189 16 92.2 91.1 0.706
4 34 9 79.1 196 9 95.6 92.7 0.747
5 36 8 83.7 193 11 94.6 92.7 0.745

Average 81.1 95.1 92.7 0.747
SVM s ¼ 4 1 34 10 77.3 201 4 98 94.4 0.799

2 34 10 77.3 202 3 98.5 94.8 0.813
3 36 7 83.7 200 5 97.6 95.2 0.828
4 38 5 88.4 202 3 98.5 96.8 0.886
5 37 6 86 195 9 95.6 93.9 0.795

Average 82.5 97.6 95 0.824

Molecular Simulation 269



5. Conclusion

Our study demonstrated the usefulness of machine learning

methods for predicting DNA adducts. The prediction

performance of machine learning methods can be

significantly improved by using molecular descriptors

most relevant to classification of DNA adducts. We used a

multi-step hybrid feature selection method to select the

relevant descriptors from a large pool of molecular

descriptors. The performance of SVM was found to be

significantly improved by our selected descriptors, and the

machine learning methods also showed good performance

based on these selected descriptors. Moreover, some of the

selected descriptors are consistent with the structural and

physicochemical properties reported to be important for

DNA adduct formation. These suggest that our multi-step

hybrid feature selection method is efficient in selecting

molecular descriptors relevant for classification of DNA

adducts. Our study also reveals that the cross-validation

method may be used to optimise the model parameters and

select the relevant descriptors to overcome the over-fitting

problem, and the hold-out method by designing a

representative training set may be used to build the final

reliable classification model, which can be virtually used in

screening from large compound libraries and the prediction

of DNA adducts compounds of the untested compounds.

Supporting Information

Supporting information including the all calculated

descriptors are provided in Table S1 and the validation

results of the proposed model by y-scrambling test are

listed in Table S2 and the molecular structures of the DNA

adducts and non-DNA adducts are given in sdf format.

Figure 3. Structures of the compounds that are out of the application domain.

Table 7. Comparison of prediction accuracies of different machine learning approaches by independent test set with the selected
molecular descriptors.

External validation method

Approaches TP FN SE (%) TN FP SP (%) Q (%) C

k-NN 55 0 100 237 19 92.6 93.9 0.830
ANN 54 1 98.2 237 19 92.6 93.4 0.817
LR 43 12 78.2 243 13 94.9 91.9 0.726
CKD 55 0 100 252 4 98.4 98.7 0.886
SVM 55 0 100 245 11 95.7 96.5 0.893
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