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Incorporating PLS model information into
particle swarm optimization for descriptor
selection in QSAR/QSPR
Yong Wanga,c, Jing-Jing Huanga, Neng Zhoud, Dong-Sheng Caob*,
Jie Dongb and Han-Xiong Lic
As a representative paradigm of evolutionary algorithms, particle swarm optimization (PSO) has been combined
with partial least square (PLS) (called PSO-PLS) to select informative descriptors in quantitative structure-activity/
property relationship (QSAR/QSPR). However, one of the main limitations of PSO-PLS is that it ignores PLS model
information. In this paper, by incorporating the PLS model information into PSO-PLS, we present a novel weighted
sampling method (called WS-PSO-PLS) to choose the optimal descriptor subset. Due to the fact that the regression
coefﬁcients of the PLS model reﬂect the importance of descriptors in the model development, we ﬁrstly obtain the
normalized regression coefﬁcients by establishing the PLS model with all the descriptors. Afterward, weighted
sampling is used to generate some individuals according to the aforementioned normalized regression coefﬁcients.
Finally, we employ some dimensions of the generated individuals to replace the corresponding dimensions of the individuals with poor quality in the population at each generation. WS-PSO-PLS has been assessed through three
QSAR/QSPR datasets and the experimental results suggest that WS-PSO-PLS has the capability to effectively guide the
search process by introducing the PLS model coefﬁcients into PSO during the evolution and, therefore, performs better
than PSO-PLS. WS-PSO-PLS could be considered as a general and promising mechanism to introduce extra information to
improve the performance of PSO for descriptor selection in QSAR/QSPR. Copyright © 2015 John Wiley & Sons, Ltd.
Additional supporting information may be found in the online version of this article at the publisher’s web site.
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Quantitative structure-activity/property relationship (QSAR/
QSPR), an important area in the chemical and biomedical sciences, searches the relationship between compounds and corresponding biological activities or chemical properties [1]. In order
to obtain this relationship, a variety of statistical learning
methods have been proposed in QSAR/QSPR, including multiple
linear regression (MLR), principal component regression, partial
least square (PLS) regression [2–4], decision tree [5], support vector machines [6,7], random forest [8,9], boosting [10,11], and so
on. In QSAR/QSPR studies, the chemical structure of compounds
is represented by several descriptors, such as molecular constitutional, topological, shape, autocorrelation, and charge descriptors. In general, the number of descriptors is relatively larger
than the number of compounds. Some redundant, noisy, and irrelevant descriptors have a side effect on the QSAR/QSPR model
development. Meanwhile, too many descriptors may result in either over ﬁtting or a low correlation between structures and activities [12]. Therefore, it is necessary to perform descriptor selection
before the QSAR/QSPR model development. Actually, descriptor
selection in QSAR/QSPR has the following advantages [13]: (1) increasing the prediction accuracy of the model; (2) facilitating the
interpretability of relationship between descriptors and activities;
(3) balancing the effective number of degrees of freedom for
calculating reliable estimates of the model’s parameters; and (4)
decreasing the time complexity of model development.

As the selection of informative descriptors has become one of
the key steps for QSAR/QSPR model development, several
descriptor selection methods have been presented [14,15],
including the correlation-based method[16], information theorybased method [17], statistical criteria-based method [18], competitive adaptive reweighted sampling (CARS) [19], Monte Carlo
tree [20], recursive feature elimination [21], ordered predictors
selection [22], uninformative variable elimination [23], artiﬁcial
intelligence-based methods [24,25], and so on. These methods
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can be brieﬂy divided into two categories [26]: ﬁltering
methods and wrapper methods. The ﬁltering methods assess
the relevance of descriptors by only using the intrinsic properties of the data. In most cases, a descriptor relevance score is
calculated, and low scoring descriptors are removed. Afterward,
the resulting subset of descriptors is presented as input of the
modeling algorithm. The disadvantages of the ﬁltering approaches are threefold: (1) they ignore the interaction with
the algorithms, that is, the search in the descriptor subset space
is separated from the search in the hypothesis space; (2) most
proposed methods are univariate; and (3) in these approaches,
each descriptor is considered separately, thereby the descriptor
dependencies have been ignored [27]. On the other hand, the
wrapper methods consist of two components: the objective
function and the optimization algorithm. The latter is used to
select the optimal descriptor subset for the former. The advantages
of the wrapper approaches include the interaction between
descriptor subset search and model selection and the ability to
take into account descriptor dependencies. The current popular
optimization algorithms include simulated annealing [28], genetic
algorithm [29–31], and other evolutionary algorithms (EAs) [32,33].
Among them, EAs have become more and more popular to deal
with the large space of descriptor subsets. Note, however, that
most EAs do not exploit the model information to guide the evolution. As a result, it is still an open issue to incorporate the model
information or prior information into EAs to search for the optimal
descriptor subset quickly.
In the present study, we attempt to address the aforementioned issue by considering the interact information between
the model and EAs. Particle swarm optimization (PSO), one
of the most representative paradigms of EAs, has been widely
applied to select descriptors in QSAR/QSPR studies [34–36].
Taking PSO-PLS [37] as an example, we propose to use the
normalized coefﬁcients, obtained by developing the PLS model
with all the descriptors, to guide the search process. Afterward,
some individuals are produced via weighted sampling, which
is based on the obtained normalized coefﬁcients. Subsequently, these individuals are stored into the population
through replacing some dimensions of the inferior individuals
at each generation. By the aforementioned process, the model
information has been effectively utilized to guide the search
process and a weighted sampling PSO-PLS (called WS-PSOPLS) has been developed to select the optimal descriptor
subset in QSAR/QSPR model development. Furthermore, we
propose a mutation strategy in WS-PSO-PLS to prevent the
population from getting trapped into a local optimum. We
have carefully analyzed two signiﬁcant features of WS-PSO-PLS.
The experimental results show that WS-PSO-PLS exhibits better
performance than the original version and the other improved
versions of PSO-PLS on three QSAR/QSPR datasets. To the authors’ best knowledge, this paper is the ﬁrst attempt to utilize
the PLS model information to bias the evolution of PSO.
The rest of this paper is organized as follows. Section 2 gives a
detailed description of the proposed WS-PSO-PLS. In Section 3,
we brieﬂy introduce three datasets, which are used to validate
the effectiveness of WS-PSO-PLS, and the platform for carrying
out the experiments. In Section 4, the experimental results of
WS-PSO-PLS have been compared with those of PLS, PSO-PLS,
and the other improved versions of PSO-PLS on the chosen
datasets by taking advantage of three performance metrics.
Section 5 discusses the experimental results. Finally, Section 6
provides some concluding remarks.
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2. THEORY AND METHODS
2.1.

Modiﬁed particle swarm optimization

Particle swarm optimization is a population-based stochastic optimization technique proposed by Eberhart and Kenndy in 1995
[38,39]. PSO simulates the social behavior of organisms, such as
bird ﬂocking and ﬁsh schooling. In PSO, every particle in the
swarm is a potential solution to an optimization problem. All particles “ﬂy” through a D-dimension search space by learning their
own experiences and the experiences of the entire swarm. PSO is
initialized with a group of random particles, and each particle
(also called an individual) has a velocity, a position, and a corresponding ﬁtness evaluated by the ﬁtness function. The velocity
and the position of the ith particle are represented as v i ¼


v i;1 ; v i;2 ; …; v i;D and →
x i ¼ x i;1 ; x i;2 ; …; x i;D , respectively. In addition, the best previous position of the ith particle is called the per
→
sonal best and represented as p i ¼ pi;1 ; pi;2 ; …; pi;D , and the best
previous position of all the particles in the swarm is called the global

best and represented as →
p g ¼ pg;1 ; pg;2 ; …; pg;D . At each generation, the velocity of each particle is updated by making use of →
pi
and →
p . Afterward, it is necessary to update the position of each
g

particle.
For a discrete optimization problem expressed in a binary notation, a particle moves in the search space, each dimension of
which is restricted to “0” or “1.” Under this condition, the jth dimension of the position of the ith particle (i.e., xi,j) should be in
either state “1” or state “0,” and the corresponding velocity (i.e.,
vi,j) represents the probability of xi,j being equal to “1.” For descriptor selection in QSAR/QSPR, if there are D descriptors in
the model development, then an individual in PSO will have D
bits (i.e., D dimensions) correspondingly. If a bit of an individual
is equal to “1,” then the corresponding descriptor will be selected, otherwise the corresponding descriptor will not be selected. In our study, the discrete PSO developed by Yu [37],
which is proposed to select descriptors in MLR and PLS modeling
for QSAR/QSPR, has been adopted. As in [37], the jth dimension
of the velocity of the ith particle (i.e., vi,j) is a random number between 0 and 1, and xi,j is updated by the following rules:

if 0 < v i;j ≤a ; then x Gþ1
¼ x Gi;j
(1)
i;j


1þa
; then x Gþ1
a < v i;j ≤
¼ pGi;j
i;j
2


1þa
< v i;j ≤1 ; then x Gþ1
¼ pGg;j
if
i;j
2
if

(2)

(3)

where a is a constant between 0 and 1, and G denotes the generation number.
In the proposed WS-PSO-PLS, we incorporate the PLS model
information into the discrete PSO in [37] to guide the search of
the optimal descriptor subset. Firstly, we build the PLS model
with all the descriptors and normalize the coefﬁcient corresponding to each descriptor. Note that the importance of a descriptor can be determined by its normalized coefﬁcient in the
PLS model, that is, the larger the normalized coefﬁcient, the
more important the descriptor in model development [40]. Then,

subsize individuals (denoted as set A, A ¼ →
s i ; i ¼ 1; …; subsize )
are produced via weighted sampling with the normalized coefﬁcients. During the weighted sampling, the value of the normalized coefﬁcient is regarded as the probability of a bit of an
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individual being “1,” and as a result, the more important a
descriptor, the higher probability it will be selected. Subsequently, we sort the population according to the ﬁtness in ascending order and select subsize individuals (denoted as set B,

B¼ →
x i ; i ¼ 1; …; subsize ) with the worst quality at each
→
generation. Next, each dimension of an individual s i in set A is
utilized to replace the corresponding dimension of an individual
→
x i in set B by the following equation:
if rand > b; then x Gþ1
¼ sGþ1
i;j
i;j ; i ¼ 1; …; subsize; j ¼ 1; …; D

(4)

where rand stands for a uniformly distributed random number between (0, 1) and b is a constant between 0 and 1. By Equation 4, the
quality of the individuals in set B could be improved by exploiting
the information of some important descriptors. Moreover, we can
control how much the model information will be incorporated into
the inferior individuals in the population through tuning the value
of b. In this paper, subsize is set to α * popsize, where α is a constant
in (0,1) and popsize is the number of individuals in the population. It
is necessary to point out that in the initial population, subsize individuals are generated based on the weighted sampling, and the remaining individuals are generated randomly.
Next, we use an example to illustrate the weighted sampling proposed in this paper. Suppose that there are four descriptors in
QSAR/QSPR model development, which implies that an individual
in PSO includes four bits (i.e., four dimensions) correspondingly.
Suppose also that the vector of the normalized coefﬁcients, which
are obtained by building the PLS model with all the four descriptors,
is equal to p = [0.145, 0.8, 0.05, and 0.005]. Under this condition, the
probability that the ﬁrst bit of an individual is equal to “1” and the
ﬁrst descriptor is selected, is 0.145, the probability that the second
bit of the individual is equal to “1” and the second descriptor is selected, is 0.8, and so on. Compared with the random sampling, in
which each descriptor is selected with the same probability (i.e.,
0.25), in the weighted sampling, the important descriptors, which
have relatively larger normalized coefﬁcients, are more likely to be
selected. As a result, high quality individuals can be generated by
the weighted sampling, which is beneﬁcial to improve the overall
quality of the whole population. We just incorporate such information into each generation of PSO to improve the quality of individuals, thus guiding the evolution process.
According to the aforementioned introduction, it is clear that the
PLS model coefﬁcients can be utilized to improve the quality of the
population in PSO. Consequently, WS-PLS-PSO has the capability
to ﬁnd the optimal descriptor subset promptly.
In this paper, a mutation strategy has been proposed, the
purpose of which is to prevent the population from getting
trapped into a local optimum. The mutation strategy is implemented as follows. Firstly, we choose ⌈c * popsize⌉ individuals
from the population randomly, where c is the mutation probability between 0 and 1. And then, a randomly selected bit of each
individual is ﬂipped from “1” to “0” or from “0” to “1.”
2.2.

The ﬁtness function

In order to evaluate the performance of each individual, the
predictive Q2 value [41] is used as the ﬁtness function, which is
deﬁned as follows:
n

∑ ðy i  y^i Þ2

i¼1
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(5)

2.3. Weighted sampling particle swarm optimization with
partial least square
Figure 1 shows the ﬂowchart of WS-PSO-PLS. The detailed steps
are summarized as follows:
Step 1. Deﬁne the parameters (all the parameters are listed in
Table I), set the generation number G = 1, obtain the
coefﬁcients by establishing the PLS model with all the
descriptors, and normalize the aforementioned coefﬁcients.
Step 2. Initialize the population (i.e., →
x i ; i ¼ 1; …; popsize ):
α * popsize individuals are generated based on
weighted sampling (sampling part), and the remaining
individuals are generated randomly (random part).
Next, initialize →
pi : →
pi ¼ →
x i ; i ¼ 1; …; popsize.
Step 3. Evaluate the population: for each individual →
x i , we
choose the bits, one of which is equal to “1.” Then, the
corresponding descriptors constitute a subset. Subsequently, the PLS regression is applied to the subset to
calculate the ﬁtness Q2. Clearly, the larger the value of
Q2, the better the individual. Afterward, initialize →
pg :
→
p g is equal to the individual with the maximum Q2.
Step 4. Update each individual according to Equations 1–3, perform the mutation strategy, and evaluate the population.
Then, ﬁnd subsize individuals with the worst quality in the
population, update these individuals according to
Equation 4, and evaluate these subsize updated individuals.
Step 5. Update →
p i and →
p g according to the following rules:

→
→ 
→
→
If Q2 x i Gþ1 > Q2 p i G then p i Gþ1 ¼ x i Gþ1 ;
(6)
→ 
→ 
→
→
If Q2 x i Gþ1 > Q2 p gG then p gGþ1 ¼ x i Gþ1 ;

(7)

Step 6. If the stopping criterion is satisﬁed, then stop and output
→
p g , otherwise let G = G + 1 and go to Step 4.

3.

DATASETS AND SOFTWARE

3.1. Quantitative structure-activity/property relationship
datasets
In this study, three QSAR/QSPR datasets are used for demonstrating the effectiveness of our method. The ﬁrst is artemisinin
dataset, which consists of 211 artemisinin analogues [42]. Due
to the fact that this dataset has many enantiomeric pairs of
activities, the element in each enantiomeric pair with smaller
logarithm of the relative activity is used as the output variable
(referred as log RA), and the other element is removed [43].
Therefore, the artemisinin dataset used in this paper has 178
compounds. As pointed out in [43], several structural diverse
compounds have the same log RA (i.e., 4.0), which makes the

Copyright © 2015 John Wiley & Sons, Ltd.
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Q2 ¼ 1  i¼1
n
∑ ðy i  y i Þ2

where yi is the observed value of activity, i,n is total number of compounds, y i is the average of yi, and ŷi is the value predicted by the
PLS model via using the ﬁvefold cross-validation procedure. In the
ﬁvefold cross-validation procedure, the original whole dataset is
randomly partitioned into ﬁve subsets with equal size. Afterward,
four of these ﬁve subsets are used as training data and the remaining one is used as the validation data for testing the model. The
aforementioned procedure repeats ﬁve times (i.e., ﬁvefolds), then
all the predicted results ŷi(i = 1, …, n) can be obtained.

Y. Wang et al.

Figure 1. The ﬂowchart of weighted sampling particle swarm optimization with partial least square.

Table I. The parameter values used in different methods
Parameters
Methods
PSO-PLS
PSO-PLS-1
WS-PSO-PLS-1
WS-PSO-PLS-2
WS-PSO-PLS

Population
size: 50
√
√
√
√
√

Number of
generations: 200

Learning rate
a: 0.5

Mutation
probability c: 0.05

Proportion of weighted
sampling: α = 0.5

Learning rate
b: 0.8

√
√
√
√
√

√
√
√
√
√

√
√
√
√

—
—
√
√
√

√
√

PSO-PLS, particle swarm optimization with partial least square; WS-PSO-PLS, weighted sampling PSO-PLS.
√
The parameter have been used in corresponding method.
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model development more difﬁcult. For each compound, twodimensional (2D) descriptors are calculated using ChemoPy software package [44], which is developed by our group. Note that
before further descriptor selection by WS-PSO-PLS, two descriptor preselection steps are performed to eliminate some uninformative descriptors: (1) remove the descriptors, the variance of
which is near zero or zero and (2) if the correlation of two descriptors is larger than 0.95, then remove one of them. Finally,
89 molecular descriptors are obtained for representing compounds in the artemisinin dataset, and these molecular descriptors are used as inputs for QSAR/QAPR model development.
These molecular descriptors include 18 constitutional descriptors, 32 topological structural descriptors, 27 electrotopological
state (E-state) descriptors, 5 molecular property descriptors, 4
kappa descriptors, and 3 connectivity descriptors.
The second is benzodiazepine receptors (BZR) dataset. In the
BZR dataset, benzodiazepines are a class of psychoactive drugs,

wileyonlinelibrary.com/journal/cem

which are used to treat anxiety, insomnia, and a range of other
circumstances conditions. At the same time, benzodiazepines exhibit sedative, hypnotic, anti-anxiety, anticonvulsant, and muscle
relaxant properties, and act via the BZR, which have been extensively researched in QSAR/QSPR [45–47]. The BZR dataset used in
our study is presented in [48]. It contains 163 compounds and 75
2.5D descriptors consisting of S_sCH3, S_dssC, CHI-0, and so on.
The third is selwood dataset [49], which has become a benchmark to evaluate the performance of different methods and has
been well-studied in QSAR/QSPR [50]. It consists of 29 compounds, 53 descriptors, and a set of corresponding antiﬁlarial
antimycin activities expressed as -log(IC50). The molecular descriptors in the selwood dataset include partial atomic charges
for atoms 1–10 (ATCH1-ATCH10), dipole vector (DIPV_X, DIPV_Y,
and DIPV_Z), dipole moment (DIPMOM), and so on.
The previous three datasets, together with calculated molecular descriptors, could be found in the Supporting Information.

Copyright © 2015 John Wiley & Sons, Ltd.
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3.2.

Software

All the computations are performed with an in-house code in
MATLAB (Version 2010a, The MathWorks, Inc., Natick, MA, USA)
on a general-purpose computer with Inter® Core® i3 2.4GHz
CPU and 2GB of RAM. The MATLAB source code can be obtained
from the authors upon request.

4. EXPERIMENTAL RESULTS AND
DISCUSSION

J. Chemometrics 2015; 29: 627–636
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The proposed WS-PSO-PLS includes two main features: (1) the
mutation strategy and (2) introducing the PLS model coefﬁcients
into PSO, including the ﬁrst generation and the subsequent
evolution process. In order to demonstrate the effectiveness of
WS-PSO-PLS, ﬁve different methods are employed for comparison on the three datasets. These methods include the following:
(1) PLS; (2) PSO-PLS[36]; (3) PSO-PLS-1, which is formed by
combining the original PSO-PLS with our proposed mutation
strategy; (4) WS-PSO-PLS-1, the difference between it and PSOPLS-1 is that WS-PSO-PLS-1 only incorporates the PLS model
information into the population at the ﬁrst generation; and (5)
WS-PSO-PLS-2, the difference between it and PSO-PLS-1 is that
WS-PSO-PLS-2 incorporates the PLS model information into the
population throughout the search process except the ﬁrst
generation.
By comparing the performance of the involved methods, three
performance metrics have been chosen: Q2, the root mean
square error from ﬁvefold cross-validation (denoted as RMSECV)
and the number of the selected descriptors (denoted as NSD).
Here, the reason that we choose ﬁvefold cross validation is as follows: Firstly, the ﬁvefold cross-validation and the standard leaveone-out cross-validation are similar owing to that they both
belong to the class of k-fold cross-validation. Secondly, in our
previous trial and error experiments, we found that ﬁvefold
cross-validation has higher computational efﬁciency than that
of the standard leave-one-out cross-validation. Thirdly, maybe
you think that the ﬁvefold cross-validation is not as stable as
the standard leave-one-out cross-validation. Note that all the involved methods have been implemented 100 times to obtain
the statistical results. Thus, the experimental results are credible
and steady in our paper. All the data were ﬁrstly auto-scaled to
have zero mean and unit variance before modeling. Note that
in PLS, all the descriptors were directly used for the model development. The maximum number of latent components was set to
20 and the optimal number of latent components was determined by the ﬁvefold cross-validation. Owing to the randomness
of PSO, the results may be different in different experiments.
Thus, all the methods were implemented 100 times to obtain
the statistical results. Moreover, Wilcoxon’s rank sum test at a
0.05 signiﬁcance level was used to check the statistical signiﬁcance between two methods, in which the Wilcoxon rank sum
test is a nonparametric approach to establishing signiﬁcant difference between two sample groups using magnitude-based
ranks [51]. The parameter settings for all the involved methods
have been listed in Table I and the experimental results have
been presented in Table II.
The ﬁrst observation from Table II is that when using all the
descriptors in PLS, the mean Q2 is 0.60, 0.40, and 0.24 and the
mean RMSECV is 0.99, 0.85, and 0.65 for the artemisinin, BZR,
and selwood datasets, respectively. In contrast, the average

number of the selected descriptors in PSO-PLS is drastically decreased. However, under this condition, the mean Q2 is 0.7476,
0.5396, and 0.8685 and the mean RMSECV is 0.7875, 0.7451,
and 0.2668 for the artemisinin, BZR, and selwood datasets, respectively. The aforementioned results suggest that PSO-PLS
with less number of descriptors is signiﬁcantly better than PLS,
which veriﬁes the necessity to perform descriptor selection before the QSAR/QSPR model development.
From Table II, it can be seen that PSO-PLS-1 performs better
than PSO-PLS in terms of all the performance metrics on the
three datasets. For example, with respect to the artemisinin
dataset, the mean Q2 is 0.7545 versus 0.7476, the mean RMSECV
is 0.7716 versus 0.7875, and the mean NSD is 35.05 versus 39.04.
As pointed out previously, PSO-PLS-1 is a combination of PSOPLS with the mutation strategy. Therefore, the mutation strategy
can be adopted to enhance the performance of PSO-PLS based
on the experimental results.
The PLS model information has been incorporated into WSPSO-PLS-1 only at the ﬁrst generation, and PSO-PLS-1 does not
use such model information. Compared with PSO-PLS-1, the
mean Q2 of WS-PSO-PLS-1 increase by 0.74%, 1.75%, and
0.77%, the mean RMSECV of WS-PSO-PLS-1 decrease by 0.39%,
0.46%, and 2.86%, and the mean NSD of WS-PSO-PLS-1 decrease
by 1.71%, 5.90%, and 4.54% for the artemisinin, BZR, and
selwood datasets, respectively, as shown in Table II. Thus, we
can conclude that the incorporation of the PLS model information at the ﬁrst generation does improve the performance of
PSO-PLS-1. In order to further compare WS-PSO-PLS-1 with
PSO-PLS-1, Figure 2(A) shows the mean Q2 of all individuals at
the ﬁrst generation for these two methods on the artemisinin
dataset (see Figure S1(A) and Figure S2(A) for the BZR and
selwood datasets, respectively). From Figure 2(A), WS-PSO-PLS1 outperforms PSO-PLS-1 for the ﬁrst half of the population,
while the performance of WS-PSO-PLS-1 and PSO-PLS-1 is nearly
the same for the remaining half of the population at the ﬁrst
generation. Note that the ﬁrst 50% individuals in the population
of WS-PSO-PLS-1 are generated by weighted sampling while the
remaining 50% individuals are generated randomly. The aforementioned phenomenon veriﬁes that the model information
can be exploited to enhance the quality of the population even
in the initialization. Moreover, the superiority of WS-PSO-PLS-1
can also be demonstrated by the initial Q2 in each run for the
artemisinin dataset (Figure 2(B)), as well as for the BZR dataset
(Figure S1(B)) and the selwood dataset (Figure S2(B)). It is not difﬁcult to understand because the initial individuals are of higher
quality by weighted sampling, which has also been veriﬁed by
our previous study in [30].
As shown in Table II, WS-PSO-PLS-2 is better than PSO-PLS-1 in
terms of all the performance metrics on the three datasets. As
mentioned previously, the difference between them is that
WS-PSO-PLS-2 incorporates the PLS model information into the
population after the ﬁrst generation. As a result, we can conclude
that WS-PSO-PLS-2 beneﬁts from the PLS model information
during the evolution.
Figure 3, Figure S3, and Figure S4 provide the boxplots of
RMSECV for the involved methods on the artemisinin, BZR, and
selwood datasets, respectively. As shown in these ﬁgures, WSPSO-PLS achieves the best overall performance among the
involved methods, which further validates that the mutation
strategy and the introduction of the PLS model coefﬁcients into
the whole evolution process are both effective for the performance improvement of PSO-PLS.
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Table II. Experimental results on the three datasets
Dataset

Methods

Artemisinin PLS
PSO-PLSa
PSO-PLS-1
WS-PSOPLS-1
WS-PSOPLS-2
WS-PSOPLSb
BZR
PLS
PSO-PLSa
PSO-PLS-1
WS-PSOPLS-1
WS-PSOPLS-2
WS-PSOPLSb
Selwood
PLS
PSO-PLSa
PSO-PLS-1
WS-PSOPLS-1
WS-PSOPLS-2
WS-PSOPLSb

Mean Q2 ± Standard
deviation

Mean RMSECV ± Standard
Deviation

Mean NSD ± Standard
deviation

Mean NLV ± Standard
deviation

0.60
0.7476 ± 0.0093
0.7545 ± 0.0107
0.7601 ± 0.0090

0.99
0.7875 ± 0.0145
0.7716 ± 0.0168
0.7686 ± 0.0130

89
39.04 ± 4.40
35.05 ± 4.19
34.45 ± 4.17

15
13 ± 2.25
12 ± 2.65
12 ± 1.57

0.7622 ± 0.0075

0.7646 ± 0.0119

34.34 ± 3.98

12 ± 1.72

0.7744 ± 0.0067

0.7447 ± 0.0110

32.24 ± 3.55

10 ± 0.34

0.40
0.5396 ± 0.0092
0.5489 ± 0.0131
0.5585 ± 0.0096

0.85
0.7451 ± 0.0075
0.7330 ± 0.0099
0.7296 ± 0.0079

75
32.35 ± 4.02
29.14 ± 3.68
27.42 ± 3.14

8
7 ± 1.86
7 ± 1.94
7 ± 0.72

0.5588 ± 0.0095

0.7289 ± 0.0084

28.34 ± 2.93

6 ± 1.67

0.5632 ± 0.0073

0.7258 ± 0.0061

26.96 ± 2.74

5 ± 0.41

0.24
0.8685 ± 0.0337
0.8917 ± 0.0334
0.8986 ± 0.0228

0.65
0.2668 ± 0.0331
0.2416 ± 0.0340
0.2347 ± 0.0259

53
20.43 ± 2.79
18.74 ± 3.07
17.89 ± 3.01

6
5 ± 1.78
5 ± 1.65
5 ± 1.41

0.9153 ± 0.0122

0.2125 ± 0.0152

17.34 ± 2.34

5 ± 1.89

0.9200 ± 0.0130

0.2090 ± 0.0170

16.44 ± 2.79

4 ± 0.36

PLS, partial least square; PSO-PLS, particle swarm optimization with partial least square; WS-PSO-PLS, weighted sampling PSO-PLS.
NLV is the number of latent variables in each PLS model. The results of Wilcoxon’s rank sum test at a 0.05 signiﬁcance level
between a and b in terms of mean Q2 are: p = 4.46 × 1033, p = 1.11 × 1030, and p = 9.90 × 1029 on artemisinin, benzodiazepine
receptors (BZR), and selwood datasets, respectively.

2

Figure 2. (A) The mean Q of the population at the ﬁrst generation for the artemisinin dataset. WS-PSO-PLS: the red “*-”, and PSO-PLS: the blue “-”. (B)
2
The initial Q of PSO-PLS and WS-PSO-PLS for the artemisinin dataset. WS-PSO-PLS: the red “*-”, and PSO-PLS: the blue “-”. WS-PSO-PLS, weighted sampling PSO-PLS ; PSO-PLS, particle swarm optimization with partial least square.
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Next, we will verify the effectiveness of WS-PSO-PLS from another point of view. At the end of the evolution, by making use
of all the descriptors in the artemisinin dataset, we plot the bar
chart of the normalized coefﬁcients of the PLS model in Figure 4
(A). Figure 4(A) shows that some descriptors have relatively larger

wileyonlinelibrary.com/journal/cem

normalized coefﬁcients, such as nring and naccr, the normalized
coefﬁcients of which are 0.0892 and 0.0446, respectively. However,
some descriptors have relatively smaller normalized coefﬁcients.
As pointed out previously, the value of the normalized coefﬁcient
represents the importance of a descriptor in QSAR/QSPR model

Copyright © 2015 John Wiley & Sons, Ltd.
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Figure 3. Boxplot of RMSECV for different methods on the artemisinin
dataset. In each box, the horizontal line inside the box represents the median, the edges of the box are the 25th and 75th percentile, the whiskers
extending to the most extreme data points are the maximum and minimum, the dot inside the box is the mean, and red “+” represents outliers.
RMSECV, root mean square error from ﬁvefold cross-validation

development. According to our careful observation, the descriptors with relatively larger normalized coefﬁcients, marked by the
black arrow in Figure 4(A), can be frequently chosen according to
weighted sampling strategy. Taking the descriptor of nring as an
example, it has the largest normalized coefﬁcient. It is interesting
to note that nring represents the number of rings in the compounds. Because the rings are basic elements of artemisinin
analogues, it is undoubted that the use of nring with a relatively
higher probability is very helpful for model development. Note,
however, that PSO-PLS does not use any prior information of
the model, and therefore equally treats each descriptor in
QSAR/QSPR model development. With respect to the BZR dataset,
we ﬁnd out that the 10th descriptor has the largest normalized
coefﬁcient, which means that the corresponding descriptor (i.e.,
S_sssN) is very important in model development (Figure S5(A)).
It is interesting to note that when the iteration terminates, this
descriptor is consistently included by →
p g in all the runs, which
has the best Q2 in the population. In addition to the previous

two datasets, the similar result can also be observed in the
selwood dataset (Figure S6(A)). Overall, PSO-PLS selects descriptors evenly regardless of their normalized coefﬁcients, while
WS-PSO-PLS has a reasonable trend to select descriptors with
large normalized coefﬁcients (see Figure 4(C), Figure S5(C), and
Figure S6(C) for details).
Based on the aforementioned experiments, one can conclude that WS-PSO-PLS with less number of the selected descriptors has the capability to achieve better performance
than PSO-PLS. As we all know that the interpretability is important in the PLS model development, which means the fewer
descriptors with larger Q2, the better. Although the number
of the selected descriptors is not as few as expected, but WSPSO-PLS still proves to be effective. We think this problem
can be solved by optimizing the number of descriptors and
Q2 at the same time in future work through making use of
other methods, such as weighted sum, multi-objective optimization, and so on.
Finally, to guard against the possibility of having learned
such chance models, we have taken the artemisinin dataset
and one of the optimal descriptor subsets as an example to
validate the reliability of our QSPR/QSPR model. We used Yrandomization to check the robustness and chance correlation
of the models. In Y-randomization test, the log RA values were
randomly shufﬂed to change their true order. Thus, although
the log RA values (and the statistical distribution) stayed the
same, their position against the appropriate compound and
its descriptors was now altered, thus destroying any meaningful relation that may have existed between independent variables and response values. By these new data such obtained,
we can construct a large number of QSAR/QSPR models (e.g.,
500) to get metrics like Q2 and RMSECV. These metrics can
be compared with those from the true model to obtain some
hints about chance correlation. By constructing 500 models
based on the permutated response values, we found that Q2
and RMSECV are located in the range of [0.2582, 0.0782]
and [1.5054, 1.7587], respectively. Compared with the true
model (i.e., mean Q2 = 0.7744, mean RMSECV = 0.7447), there
is a signiﬁcant difference between the Q2 of these shufﬂed
models and the real one. The bad prediction statistics of these
shufﬂed models suggest that our previous model indeed
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Figure 4. (A) Bar chart of the normalized PLS coefﬁcients for the artemisinin dataset. In WS-PSO-PLS, the large normalized PLS regression coefﬁcients,
marked by the black arrow, can easily be selected according to the weighted sampling strategy. (B) The selection frequency of each descriptor for the
artemisinin dataset in PSO-PLS. (C) The selection frequency of each descriptor for the artemisinin dataset in WS-PSO-PLS. WS-PSO-PLS, weighted sampling PSO-PLS; PSO-PLS, particle swarm optimization with partial least square.
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reﬂects the true relationship between molecular descriptors
and log RA values rather than from chance correlation.
4.2.

Effect of the parameters

In this section, the effect of the parameters on the performance
of WS-PSO-PLS has been discussed through various experiments.
4.2.1.

Effect of the function evaluations

To fairly compare the performance between PSO-PLS and WSPSO-PLS, the number of function evaluations (FES) was set to
10 000 in the previous experiments. Under this condition, the
performance of WS-PSO-PLS is better than that of PSO-PLS on
all the datasets. One question that naturally arises is whether
the performance of PSO-PLS is similar to or even better than that
of WS-PSO-PLS with the increase of FES. In order to answer the
aforementioned question, we empirically studied on the effect
of FES on the performance of WS-PSO-PLS and PSO-PLS. In our
experiment, the number of FES was added to 50 000, and other
parameters were kept unchanged. We chose the selwood
dataset as an example to test the performance of WS-PSO-PLS
and PSO-PLS. The evolutionary curves of the mean ﬁtness
provided by PSO-PLS and WS-PSO-PLS are shown in Figure 5.
As shown in Figure 5, after 10 000 FES, the performance of
PSO-PLS and WS-PSO-PLS slightly improves. Note, however, that
the performance of WS-PSO-PLS is consistently superior to that
of PSO-PLS during the evolution. Therefore, we can conclude
that WS-PSO-PLS is able to ﬁnd better descriptor subset with less
number of the FES.
4.2.2.

Effect of the parameter b

As mentioned previously, the main aim of the parameter b in
Equation 4 is to control how much the PLS model information
will be incorporated into the inferior individuals of the
population. If the value of b is too small, too much model information will be injected into the poor individuals in the population. More importantly, nearly all the dimensions of the poor
individuals in the population will be replaced by the correspond-

ing dimensions of the weighted sampling individuals, which
might have a side effect on the search ability of PSO. On the
other hand, WS-PSO-PLS is almost the same as PSO-PLS if the
value of b is too large, because little model information will be
incorporated into the evolutionary process. In order to ascertain
the effect of b on the performance of WS-PSO-PLS, we tested six
different values of b: 0, 0.2, 0.4, 0.6, 0.8, and 1. In our experiments,
the other parameters were kept unchanged, and the selwood
dataset was taken as an example.
The experimental results have been given in Figure 6. As
shown in Figure 6, Q2max of WS-PSO-PLS with b = 0, 0.2, 0.4, 0.6,
0.8, and 1.0 is equal to 0.9086, 0.9091, 0.9098, 0.9138, 0.9209,
and 0.9012, respectively, which means the algorithm exhibits
the best performance when b = 0.8. In addition, Q2max of PSOPLS is equal to 0.8653. Therefore, WS-PSO-PLS has an advantage
over PSO-PLS with all the values of b. It is necessary to note that
when b = 1, the implementation of WS-PSO-PLS is equivalent to
PSO-PLS expect for the initialized process. Due to the fact that
WS-PSO-PLS utilizes the PLS model information in the initial population, WS-PSO-PLS performs better than PSO-PLS when b = 1.
We have tested the other two datasets and found that similar
conclusion can be made. Based on the earlier experiments,
b = 0.8 is recommended in our method. However, generally
speaking, the optimal b value should be optimized according
to the problems investigated.
4.3.

Some further comments

Some key points are worth again highlighting in WS-PSO-PLS. In
general, WS-PSO-PLS could be considered as a supervised version of PSO-PLS. With the help of the weighted sampling, PLS
model information can be effectively incorporated into PSO to
rapidly guide the search process at each generation. Thus, WSPSO-PLS could progressly focus on that important descriptor
subset for modeling. This idea is analogous to that from boosting
to some extent. The other is the sampling way for descriptors
during the generating of individuals at each generation. Instead
of the simple random sampling in PSO-PLS, weighted sampling
is used to select the more eligible descriptor subset for each
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Figure 5. Relationship between the mean Q and the function evaluations in PSO-PLS and WS-PSO-PLS for the selwood dataset. WS-PSOPLS, weighted sampling PSO-PLS; PSO-PLS, particle swarm optimization
with partial least square.
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Figure 6. The mean Q of PSO-PLS and WS-PSO-PLS with different b for
the selwood dataset WS-PSO-PLS, weighted sampling PSO-PLS; PSO-PLS,
particle swarm optimization with partial least square..
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individual in WS-PSO-PLS. Unlike simple random sampling,
which treats all descriptors impartially, weighted sampling takes
a new strategy called “the survival of the ﬁttest” and gives these
descriptors different weights according to their contributions to
regression. The descriptors with high weights are considered to
be important for model development and therefore should have
a high probability that WS-PSO-PLS selects it. The bigger the
weight of the descriptor is, the higher the probability that WSPSO-PLS selects the descriptor is. Ideally, if one descriptor does
not contain any information at all for modeling, we hope that
WS-PSO-PLS should not take this descriptor into account. That
is, the descriptor should be removed from the descriptor pool.
Thus, WS-PSO-PLS could effectively focus on those meaningful
and important descriptors by feedback information from the
PLS model information or prior information. Herein, it should
be noted that we only used the simple PLS model coefﬁcients
to select the informative variables. In fact, other variable importance information could also be used in weighting sampling to
guide the search process.

5. CONCLUSION
In this paper, we have introduced a novel idea of incorporating
the PLS model information into PSO-PLS to improve its performance, and a new method called WS-PSO-PLS has been proposed. In WS-PSO-PLS, some individuals are generated through
weighted sampling, which is conducted based on the normalized coefﬁcients obtained by building the PLS model with all
the descriptors, and some dimensions of these individuals are
used to replace the corresponding dimensions of a few individuals with poor quality in the population at each generation.
Moreover, a mutation strategy is performed to avoid getting
trapping into a local optimum for WS-PSO-PLS. From the experimental results on three QSAR/QSPR datasets, we can conclude
that the performance of WS-PSO-PLS is statistically better than
that of the original PLS and PSO-PLS. Therefore, WS-PSO-PLS is
a good alternative for descriptor selection in QSAR/QSPR model
development. In the near future, we will try to apply our idea to
other evolutionary algorithm diagrams in QSAR/QSPR studies for
solving the problems with high-dimensional descriptor space. In
addition, we also intend to design other methods to exploit the
model information for descriptor selection in QSAR/QSPR.
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