
European Journal of Medicinal Chemistry 42 (2007) 81e86
http://www.elsevier.com/locate/ejmech
Original article

QSAR analysis of tyrosine kinase inhibitor using modified ant colony
optimization and multiple linear regression

Wei-min Shi a, Qi Shen a,b,*, Wei Kong a, Bao-xian Ye a

a Chemistry Department, Zhengzhou University, Zhengzhou 450052, China
b State Key Laboratory of Chemo/Biosensing and Chemometrics, College of Chemistry and Chemical Engineering,

Hunan University, Changsha 410082, China

Received 21 December 2005; received in revised form 19 July 2006; accepted 11 August 2006

Available online 22 September 2006

Abstract

Quantitative structureeactivity relationship (QSAR) models of inhibiting action of some analogues of 4-(3-bromoanilino)-6,7-dimethoxyqui-
nazoline on epidermal growth factor receptor tyrosine kinase were constructed using modified ant colony optimization (ACO) method. As a com-
parison to this method, the evolutionary algorithm (EA) was also tested. It has been demonstrated that the modified ACO is a useful tool for
variable selection comparable to EA. In the selected descriptors, electronic descriptor sY

� is the most important descriptor in predicting
EGFR inhibitory activity. Electron-donating groups such as Y-substituents enhance the activity as evident by negative sY

�. In addition, for qui-
nazoline substituents, nitro group has a large deactivating effect.
� 2006 Elsevier Masson SAS. All rights reserved.
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1. Introduction

Many of the tyrosine kinase enzymes are involved in cellu-
lar signaling pathways and regulate key cell functions such as
proliferation, differentiation, anti-apoptotic signaling and neu-
rite outgrowth. Unregulated activation of these enzymes,
through mechanisms such as point mutations or over-expres-
sion, can lead to a large percentage of clinical cancers [1,2].
The importance of tyrosine kinase enzymes in health and dis-
ease is further underscored by the existence of aberrations in
tyrosine kinase enzymes signaling occurring in inflammatory
diseases and diabetes. Inhibitors of tyrosine kinase as a new
kind of effective anticancer drug are important mediators of
cellular signal transduction that effects growth factors and on-
cogenes on cell proliferation [3,4]. The development of
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tyrosine kinase inhibitors has therefore become an active
area of research in pharmaceutical science.

Epidermal growth factor receptor (EGFR) which plays a vi-
tal role as a regulator of cell growth is one of the intensely
studied tyrosine kinase targets of inhibitors. EGFR is overex-
pressed in numerous tumors, including those derived from
brain, lung, bladder, colon, breast, head and neck. EGFR hy-
peractivation has also been implicated in other diseases includ-
ing polycystic kidney disease, psoriasis and asthma [5e7].
Since the hyperactivation of EGFR has been associated with
these diseases, inhibitor of EGFR has potential therapeutic
value and it has been extensively studied in the pharmaceutical
industry.

One could not, however, confirm that the compounds de-
signed would always possess good inhibitory activity to
EGFR, while experimental assessments of inhibitory activity
of these compounds are time-consuming and expensive.
Consequently, it is of interest to develop a prediction method
for biological activities before the synthesis. Quantitative
structureeactivity relationship (QSAR) searches information
.

mailto:shenqi@zzu.edu.cn
http://www.elsevier.com/locate/ejmech


82 W.-m. Shi et al. / European Journal of Medicinal Chemistry 42 (2007) 81e86
relating chemical structure to biological and other activities by
developing a QSAR model. Using such an approach one could
predict the activities of newly designed compounds before
a decision is being made whether these compounds should
be really synthesized and tested.

QSAR analysis is the analysis of the quantitative relation-
ship between the experimental activity of a set of compounds
and their structural properties using statistical methods. The
experimental information may associate with biological prop-
erties, such as activity, toxicity or bioavailability, which are
taken as dependent variables in building a model. The param-
eters to be calculated are numerous descriptors that are indic-
ative of molecular structures. In QSARs, the number of
compounds with the biological activity values available is usu-
ally small compared to the number of structural descriptors.
This can lead either to possible overfitting or even to a com-
plete failure in building a meaningful regression model. The
selection of variables that are really indicative of the biologi-
cal activity concerned is necessary for producing a useful pre-
dictive model and becoming one of the key steps in QSAR
studies.

There have been many variable selection methods existing,
the mostly used ones are stepwise regression, simulated an-
nealing [8], evolutionary algorithms (EAs) [9,10] and genetic
algorithms (GAs) [11,12] and so on. Here, ant colony optimi-
zation (ACO) algorithms [13e15] introduced to QSAR by
present authors were used to perform the variable selection
[16]. ACO has emerged recently as a stochastic optimization
approach, which originated as a simulation of ant colony sys-
tems. ACO algorithms developed by Dorigo et al. have been
inspired by colonies of real ants, which deposit a chemical
substance called pheromone on the ground. This substance in-
fluences the choices the ants make: the larger the amount of
pheromone deposited on a particular path, the larger the
probability an ant selects that path. As a novel computational
approach, ACO algorithms have attracted attention of
researchers in many fields [17e23].

For the ease of multiple linear regression (MLR) imple-
mentation and the interpretability of the resulting equations,
MLR techniques are used for building QSAR models. In the
present work, we employed modified ACO algorithm for vari-
able selection in MLR analysis of EGFR inhibitory activity
and compared it to EA. It has been demonstrated that the
modified ACO is a useful tool for variable selection comparable
to EA.

2. Algorithms and data sets

2.1. Ant colony optimization algorithm

The ACO algorithms developed by Dorigo et al. have been
inspired by the behavior of real ant colonies [13e15]. ACO
can best be described by using the traveling salesman problem
(TSP). Given a set of n cities with known distances between
each pair of them, the aim of the TSP is to find the shortest
path to travel all the cities exactly once and return to the start-
ing city.
ACO was applied to TSP in the following way. Let bi(t) be
the number of ants in city i at time t, and let m ¼

Pn
i¼1 biðtÞ be

the total number of ants; let tijðtÞ be the intensity of phero-
mone trail on connection (i,j ) at time t. tijð0Þ ¼ t0 which is
the initial amount of pheromone deposited on each of the
edges. A certain amount of pheromone is dropped on connec-
tion (i,j ) that ants move on it. As time goes on, the pheromone
left gradually vanished. The pheromone level on the selected
edge is updated according to the updating rule.

tijðtþ nÞ ¼ rtijðtÞ þDtij ð1Þ

where 0 < r < 1 and r is a coefficient which represents the
extent of the pheromone retained on the path.

Dtij ¼
Xm

k¼1

Dt
ðkÞ
ij ð2Þ

Dtij presented the increment of pheromone left on the path
ij at this circle. Dt

ðkÞ
ij showed the pheromone that ant k left on

the path ij at this circle. For each edge, the intensity of trail at
time 0 i.e. tijð0Þ is set to 0.

Dt
ðkÞ
ij ¼

(
Q

LK

if ant k goes from connectionði; jÞ
0 else

ð3Þ

where Q is a constant and LK is the tour length found by the
kth ant. Ant k makes its decision to move according to the
pheromone amount on each path. The moving probability is

p
ðkÞ
ij ¼

8>><>>:
ta

ijh
b
ijP

s˛allowedk

ta
ish

b
is

j ˛ allowedk

0 else

ð4Þ

here allowedk ¼ 0; 1;/n� 1 �tabukgf is the set of cities
available for ant k to select the next step, tabuk records all
the cities that the ant had ever passed. Visibility hij represents
a local heuristic function. For the TSP, hij ¼ dðci; cjÞ�1. a and
b are parameters that allow a user to control the relative impor-
tance of pheromone trail versus visibility.

In other words the algorithm works as follows: m ants are
positioned on a certain city, then every ant moves to another
town which was chosen with a probability given by Eq. (4).
The pheromone left on each path was updated according to
Eqs. (1)e(3). This process is iterated until the minimum error
criterion is attained or the number of iterations reaches a user-
defined limit.

2.2. Modified ant colony optimization

According to the information positive feedback and the in-
direct communication mechanism of ACO, a modified ACO
for variable selection is proposed as follows. For a variable se-
lection problem expressed in a binary notation, an ant moves
in an N-dimensional search space of N variables, it’s motion
is restricted to 0 or 1 on each dimension. State ‘‘1’’ represents
the selection of this variable and state ‘‘0’’ represents the
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reverse. In binary variable selection problem, the motion of
ants is determined by moving probability of 0 or 1. The pher-
omone levels on each dimension (variable) rather than on
a path are divided into two kinds: ti0 and ti1, which represent
the pheromone of a dimension i taking the values 1 and 0, re-
spectively. The pheromone levels corresponding to a dimension
taking the value 1 or 0 are updated according to the updating
rule.

ti0ðnewÞ ¼ rti0ðoldÞ þDti0 ð5Þ

Dti0 ¼
Xm

k¼1

Dt
ðkÞ
i0 ð6Þ

ti1ðnewÞ ¼ rti1ðoldÞ þDti1 ð7Þ

Dti1 ¼
Xm

k¼1

Dt
ðkÞ
i1 ð8Þ

where Dti0 and Dti1 presented the increment of pheromone
corresponding to i dimension taking the value 1 or 0 at this cir-
cle. Dt

ðkÞ
i0 and Dt

ðkÞ
i1 showed the amount of pheromone that ant

k left on the variable i at this circle. For each dimension, the
intensity of pheromone at time 0ðti0 and ti1Þ is set to 0.

Dt
ðkÞ
i1 ¼ FþFH if kth ant selected variable i both in

the current iteration and in it0s global best solution ð9Þ

Dt
ðkÞ
i1 ¼ F if kth ant selected variable i only in the

current iteration ð10Þ

Dt
ðkÞ
i1 ¼ FH if kth ant selected variable i only in it0s

historical global best solution ð11Þ

Dt
ðkÞ
i0 ¼ FþFH if variable i was not selected by ant

k in the current iteration either in it0s historical

global best solution ð12Þ

Dt
ðkÞ
i0 ¼ F if variable i was not selected by ant k in

the current iteration ð13Þ

Dt
ðkÞ
i0 ¼ FH if variable i was not selected by ant k in

it0s historical global best solution ð14Þ

where F and FH are defined by fitness function. For improving
the convergence velocity, the information FH which corre-
sponds to the historical global best result of the ith ant was in-
troduced to the increment of pheromone ðDt

ðkÞ
i0 and Dt

ðkÞ
i1 Þ.

Ant k makes decision concerning the variable selection ac-
cording to the pheromone amount. The moving probability is

p
ðkÞ
i ¼

ti1

ti1 þ ti0

ð15Þ
In the modified ACO, m ants select variables from all N var-
iables according to the probability defined by Eq. (15). After
one selection, the amount of pheromone is updated according
to Eqs. (5)e(14). This process is iterated until the minimum
error criterion is attained or the number of iteration reaches
a user-defined limit.

In the modified ACO, the pheromone levels were updated
not only by current individual’s information but also by each
ant’s previous or historical global best performance, so the in-
formation positive feedback in the modified ACO was really
different from that in the conventional ACO. Using each ant’s
previous best information, the modified ACO converges quite
quickly towards the optimal position with satisfactory con-
verging characteristics. The detail of the modified ACO has
been described elsewhere [11].

2.3. Fitness function

In the modified ACO, the increment of pheromone left on
a certain variable is measured according to a pre-defined fit-
ness function. The following objective function is applied to
variable selection in the modified ACO:

F¼�lg
�

RSSp=bs2
PLSþ 2p

�
ð16Þ

here p is the number of dependent variables, RSSp is the resid-
ual sum of squares of p-variable model, bs2

PLS is defined as the
value of RSS corresponding to the minimum number of prin-
cipal components in conventional PLS analysis of the original
data set when further increase of the number of principal com-
ponents does not cause a significant reduction in RSS. The
smaller the residual sum of model is and the fewer variables
are involved in the model, the larger the fitness function is
and the higher the probability that the model is being selected.

2.4. Tyrosine kinase inhibitor data

Sixty-one analogues of 4-(3-bromoanilino)-6,7-dimethoxy-
quinazoline with the corresponding inhibitory activities taken
from the study by Bridges et al. [5] were used as a data set for
variable selection and QSAR analysis. The chemical structures
are represented in Fig. 1. A list of inhibitory activities is given
in Table 1. We randomly divided the data into two subsets,
a training set of 47 compounds, and a predicting set of 14
compounds.

Over 100 descriptors were calculated, which encoded dif-
ferent aspects of the molecular structure and consist of elec-
tronic, thermodynamic, spatial, and structural descriptors.
The descriptor analysis involves the detection and removal
of those structural descriptors which exhibit high pair-wise
correlations with other descriptors, or which contain little dis-
criminatory information. Pairs of descriptors that are highly
correlated (r� 0.90) encoded similar information, and one
of them should be removed. Descriptors that contain a high
percentage (�90%) of identical values are also discarded.
Thus, only 50 of total descriptors were used which are listed
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in Table 2. All these molecular descriptors were generated us-
ing Cerius23.5 software on Silicon Graphics R3000 worksta-
tion. The modified ACO, EA and MLR algorithms were
written in Matlab 5.3 and run on a personal computer (Intel
Pentium processor 4/1.5 GHz 256 MB RAM).

3. Result and discussion

For the selection of the most important descriptors the mod-
ified ACO was used, which contained a population of 100 in-
dividuals and evolved for 200 iterations. Then the selected
descriptors were taken as independent variables to build
QSAR models with MLR method (ACOeMLR). The names
of selected descriptors by modified ACO and statistical param-
eters obtained by these models for the training and prediction
set are shown in Table 3. The best model with the largest fit-
ness value includes seven descriptors and the second best one
includes six descriptors. It was found that by using six descrip-
tors the correlation coefficients (R2) for the training and the
test sets were 0.7011 and 0.7223, respectively. The standard
deviation for the training set was 0.8917. The leave-one-out
cross-validated correlation coefficient (Rcv

2 ) and standard devi-
ation were 0.6347 and 0.9884, respectively, for the six-
descriptor model. In these equations, negative coefficient of
PMI-X indicates that increasing the principal moments of iner-
tia about the X-axis of a molecule causes inhibitory activity
decreasing. Y-substituents at 7-position enhance the activity
by a positive steric effect shown by B1Y,7. The positive coef-
ficient of B1X,3 indicates that the X-substituents at the 3-posi-
tion of the 4-phenylamino moiety is beneficial for the activity.
The negative coefficient of descriptor LUMO implied that
molecules with low-energy LUMOs would promote the inhib-
itory activity. Shadow-XYfrac [24] is a fraction of area of mo-
lecular shadow in the XY plane over an area of enclosing
rectangle. Its large coefficient being negative shows that the
selectivity increased with the decreased value of shadow-XY-
frac. That is to say the smaller area of molecular shadow in
the enclosing rectangle will benefit the activity. sY

� is the
most frequently appearing descriptor. Electron-donating
groups such as Y-substituents enhance the activity as evident
by negative sY

�. The s values are parameterized with respect

N
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Fig. 1. Structure of 4-(X-bromoanilino)-Y-quinazolines.
Table 1

Summary of experimental and calculated inhibitor data for analogues of 4-(3-bro-

moanilino)-6,7-dimethoxyquinazoline along with their structures used in QSAR

study

No. Substituent lg(1/IC 50)

X Y Observed Calculateda Seriesb

1 H H 6.46 6.05 1

2 3-F H 7.25 6.46 1

3 3-CL H 7.64 7.47 1

4 3-Br H 7.57 7.51 1

5 3-I H 7.10 8.44 2

6 3-CF3 H 6.24 6.45 2

7 H 6-OMe 7.26 6.42 1

8 3-Br 6-OMe 7.52 6.97 2

9 H 6-NH2 6.11 7.02 1

10 3-CF3 6-NH2 6.24 6.72 1

11 3-Br 6-NH2 9.11 7.85 2

12 H 6-NO2 5.30 4.88 1

13 3-Br 6-NO2 6.05 6.92 1

14 H 7-OMe 6.92 6.90 1

15 3-Br 7-OMe 8.00 8.33 1

16 H 7-NH2 7.00 7.79 1

17 3-F 7-NH2 8.70 8.31 1

18 3-Cl 7-NH2 9.60 9.40 1

19 3-Br 7-NH2 10.00 9.31 1

20 3-I 7-NH2 9.46 10.02 1

21 3-CF3 7-NH2 8.48 8.56 1

22 H 7-NO2 4.92 4.13 1

23 3-F 7-NO2 5.22 4.90 2

24 3-Cl 7-NO2 6.09 6.24 1

25 3-Br 7-NO2 6.00 6.28 1

26 3-I 7-NO2 6.27 6.69 1

27 H 6,7-Di-OMe 7.54 8.10 1

28 3-F 6,7-Di-OMe 8.42 9.19 2

29 3-Cl 6,7-Di-OMe 9.51 10.12 2

30 3-Br 6,7-Di-OMe 10.60 8.75 1

31 3-I 6,7-Di-OMe 9.05 8.31 1

32 3-CF3 6,7-Di-OMe 9.62 8.47 1

33 3-Br 6-NHMe 8.40 7.56 2

34 3-Br 6-NMe2 7.08 8.08 1

35 3-Br 6-NHCOOMe 7.92 7.90 2

36 3-Br 7-OH 8.33 8.72 2

37 3-Br 7-NHCOMe 7.40 8.34 1

38 3-Br 7-NHMe 8.16 7.82 1

39 3-Br 7-NHC2H5 7.92 8.67 2

40 3-Br 7-NMe2 7.96 8.01 2

41 3-Br 6,7-Di-NH2 9.92 9.67 1

42 3-Br 6-NH2, 7-NHMe 9.16 7.78 1

43 3-Br 6-NH2, 7-NMe2 6.80 8.01 1

44 3-Br 6-NH2, 7-OMe 8.42 9.31 1

45 3-Br 6-NH2, 7-Cl 8.19 7.83 1

46 3-Br 6-NO2, 7-NH2 7.28 7.40 1

47 3-Br 6-NO2, 7-NHMe 7.17 7.37 1

48 3-Br 6-NO2, 7-NMe2 5.70 6.04 1

49 3-Br 6-NO2, 7-NHCOMe 7.55 7.25 1

50 3-Br 6-NO2, 7-OMe 7.82 7.39 1

51 3-Br 6-NO2, 7-Cl 7.60 8.09 2

52 3-Br 6,7-Di-OH 9.77 9.05 1

53 3-Br 6,7-Di-OC2H5 11.22 9.31 1

54 3-Br 6,7-Di-OC3H7 9.77 8.46 1

55 3-Br 6,7-Di-OC4H9 6.98 7.34 1

56 3-Br 6,7-Di-OMe 5.86 8.51 1

57 3-Br 5,6,7-Tri-OMe 9.17 9.55 2

58 2-Br 6,7-Di-OMe 6.89 7.95 1

59 4-Br 6,7-Di-OMe 9.02 9.03 1

60 3,4-di-Br 6,7-Di-OMe 10.14 9.96 1

61 3,5-di-Br 6,7-Di-OMe 6.95 7.42 1

a Calculated by the second equation in Table 3.
b Randomly selected as the member of training (1) and validating (2) sets.
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Table 2

List of molecular descriptors for 4-(X-bromoanilino)-Y-quinazolines as candidate variables

Functional families of descriptors Descriptors

Spatial descriptors RadOfGyration (radius of gyration), shadow indices (surface area projections) (shadow-XY, shadow-XZ, shadow-YZ,

shadow-XYfrac, shadow-XZfrac, shadow-YZfrac, shadow-nu, shadow-Xlength, shadow-Ylength, shadow-Zlength), Vm

(molecular volume), density, area (molecular surface area), PMI (principal moment of inertia) (PMI-mag-X, PMI-mag-Y,

PMI-mag-Z ) B1Y,7, B1X,3 (Veloop’s sterimol parameter).

Structural descriptors MW (molecular weight), Hbond acceptor (number of hydrogen bond acceptors), Hbond donor (number of hydrogen bond

donors), Rotbonds (number of rotatable bonds).

Electronic descriptors Apol (sum of atomic polarizabilities), dipole (dipole-mag, dipole-X, dipole-Y, dipole-Z ) Sr (superdelocalizability), sY
�

(the Y-substituent effect on aromatic system).

Quantum mechanical descriptors HOMO (highest occupied molecular orbital energy), LUMO (lowest unoccupied molecular orbital energy).

Thermodynamic descriptors C log P, log P (the octanol/water partition coefficient), Fh2o(desolvation free energy for water), Foct (desolvation free

energy for octanol), MRCM**-3, MolRef (molar refractivity).

E-state index S-ssCH3, S-aaCH, S-aasC, S-aaaC, S-NH2, S-ssNH, S-aaN, S-sF, S-sCl, S-sBr

Indicator variable I
to the 1,3-N- in the quinazoline ring. This indicates that the in-
creased electron density on these nitrogens improves the bind-
ing of the molecules to the receptor. That is in accordance with
the conclusions given by Bridges et al. [5] that for quinazoline
substituents, nitro group has a large deactivating effect. It
merits attention that descriptors relevant X coordinate axis
such as shadow-XYfrac and PMI-X has deactivating effect
and shadow-YZfrac independent of X-axis has activating ef-
fect. The other descriptors are E-state indices. E-state indices
[25,26] combine the electronic state of the bonded atom with
its topological nature in the context of the whole molecule. In
the symbol S-aaCH, ‘S’ represents electronic topological state
of carbon atoms connected with hydrogen in the phenyl ring,
‘a’ stands for the bond in an aromatic ring, and ‘C’ represents
the formula of the carbon. The nature of aromatic rings is
structurally important for inhibitory potency. Negative coeffi-
cient of the descriptor ‘S-aaCH’ suggests that an increase in
the value of S-aaCH would reduce the activity of molecules.
Hydrophobicity, a factor usually much considered in the devel-
opment of QSAR in biochemistry, seems to have a small effect
on the activity as A log P is excluded in these equations and in
the most frequently appearing descriptors. This may be due to
values of ‘‘A log P’’ of most compounds that lie between 4 and
6. The correlation between the calculated and experimental
values of lg 1/IC50 of six-descriptor model is shown in
Fig. 2. The correlation coefficient (R2) for the training set is
0.7011, and Rp for the prediction set is 0.7223. In Fig. 2, there
is an obvious outlier with rather high deviation of calculated
activity from the experimentally measured value of compound
56. This value for this compound is an outlier also in all equa-
tions shown in Table 3, no matter whether it was placed in the
training sets or predicted sets.

Compared to the modified ACO, EAs were used for
variable selection and the selected descriptors were also
used for constructing QSAR models (EAeMLR). The mini-
mum fitness value can be obtained in the searching process
not only by the modified ACO but also by EAs. But fitness
value drops more quickly in the modified ACO algorithm.
The best fitness can be obtained after 35 iterations during
the modified ACO searching, but it needs 55 iterations during
EAs search.

4. Conclusions

The modified ACO algorithm has been employed in vari-
able selection and satisfactory results have been obtained. In
the selected descriptors, electronic descriptor sY

� is the most
important descriptor in predicting EGFR inhibitory activity.
Electron-donating groups such as Y-substituents enhance the
activity as evident by negative sY

�. In addition, for quinazoline
substituents, nitro group has a large deactivating effect. The
modified ACO has been testified to be an effective method
for variable selection comparable to EA. The statistical criteria
of Table 3 feel relatively weak by looking to R2. Bridges et al.
[5] hypothesized that certain substituted analogues possess the
ability to induce a change in the conformation of the receptor
when they bind with it, and the mechanism of these com-
pounds may be different. Are the weak statistical criteria of
Table 3 due to the method, or due to quality of experimental

Fig. 2. Calculated versus observed lg 1/IC50 of six-variable model using MLR

modeling.
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Table 3

Results of variable selection by the modified ACO and MLR modelings

No. Equation R2a Rcv
2 b Sa Scv

c Fa Rp2 d

1 lg 1/IC50¼�18.5080� shadow-XYfrac� 0.0098� PMI-X� 1.9034� sY
�

þ 1.8556�B1Y,7þ 3.5000�B1IX,3þ 12.6039

0.6704 0.5894 0.9248 1.0374 16.6859 0.5006

2 lg 1/IC50¼�20.9847� shadow-XYfrac� 0.0155� PMI-X� 1.8850� sY
�

þ 3.7443�B1X,3� 0.2962� S-aaCH� 0.0466� S-sFþ 21.4143

0.7011 0.6347 0.8917 0.9884 15.6408 0.7223

3 lg 1/IC50¼� 22.5296� shadow-XYfrac� 0.4380� LUMOþ 8.1485

� shadow-YZfrac� 0.0120� PMI-X� 2.0967� sY
�þ 1.7580

�B1Y,7þ 3.0909�B1X,3þ 11.2022

0.7172 0.6247 0.8785 1.0187 14.1275 0.6422

a R2: square of correlation coefficient; S: standard deviation; F: F-statistics.
b Rcv

2 : square of the leave-one-out cross-validated correlation coefficient.
c Scv: leave-one-out cross-validated standard deviation.
d Rp2: square of correlation coefficient of prediction set.
data or due to the hypothesis? It cannot be said without more
extensive work and benchmarks. Work is underway to face this
interrogation.
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