
Transworld Research Network 
37/661 (2), Fort P.O. 
Trivandrum-695 023  
Kerala, India 

 
 

 
 
 

Topological Indices for Medicinal Chemistry, Biology, Parasitology, Neurological and                           
Social Networks, 2010: 53-68 ISBN: 978-81-7895-489-9                                                      

Editors: Humberto González-Díaz and Cristian Robert Munteanu 
 

4. QSRR construction of networks for 
chirality inversion reactions 

 
Sonia Arrasate1, Nuria Sotomayor1, Esther Lete1 

 and Humberto González-Díaz2 
1Department of Organic Chemistry II, Faculty of Science and Technology, University of the Basque 

Country/Euskal Herriko Unibertsitatea, Apto. 644, 48080 Bilbao, Spain 
2Department of Microbiology and Parasitology, University of Santiago de Compostela, 15782, Spain 

 
 

Abstract. There are many enantioselective reactions of 
organolithium to imines described with very different substrates, 
organolithium compounds, chiral ligands, solvents, and specific 
reaction conditions, such as, temperature, addition times, reaction 
time, and order of addition of reactans. It implies that we may need 
to use mathematical tools in order to study this huge amount of 
information. In this work, we constructed from experimental 
outcomes large Complex Network, which may be used to perform 
datamining and quantitatively describe changes in reaction 
variables that determine the enantiomeric excess and configuration 
of the stereogenic centre formed in product. Unfortunately, there 
are not models to predict enantioselectivity for these reactions. 
Computational chemistry prediction of the reactivity based on 
Quantitative Structure-Reactivity Relationships (QSRR) may be 
used in this sense. We developed here a Multiple Linear 
Regression QSRR (MLR-QSRR) prediction model for the variation 
on  enantioselectivity  after changing     some   of the above-mentioned  
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reaction conditions and/or reactans. Overall model accuracy was high because the 
model explains 80.37% of variance (R2) for 17404 and 79.99% for 26106 reaction 
pairs used in training and cross-validation respectively. Using the experimental values 
we constructed a Complex Network for Enantioselectivity (ECNobs) for these 
reactions. In addition, the outputs of the MLR-QSRR model were used as inputs to 
predict a ECNpred for these reactions. The ECNobs has 228 nodes (reactions) and 23586 
edges (pairs of reactions with high propensity to R/S chirality inversion) whereas the 
ECNpred has 20374 edges. After edge-to-edge comparison we have demonstrated that 
the ECNpred is significantly similar to the ECNobs one (Accuracy = 76.82%). The 
present study opens a new interesting field of research in organic chemistry reporting 
by the first time the construction and QSRR prediction of ECNs for organic reactions. 
 
Introduction 
 
   The asymmetric 1,2-addition of organometallic reagents to imines is a 
powerful tool to form carbon−carbon bonds. In that way it is possible to 
introduce a new stereogenic centre in organic molecules [1-10]. Thus, it 
provides ready access to enantiomerically enriched amines with a stereogenic 
centre at the α-position, an important structural feature in many biologically 
active compounds. These optically active amines are also important 
compounds because of their broad range of applications such as chiral 
auxiliaries, resolving agents and building blocks for the synthesis of natural 
and unnatural compounds, and their pharmacological properties [11-15]. In 
this kind of reactions are implicated many variables, substrates, organolithium 
reagents, chiral ligands, products and variables of reaction condition for 
instance. Therefore it exist a huge field of possible reactions to investigate. 
 In this sense, it is of the major interest the search of rational approaches 
to predict and describe the high complexity of information generated by the 
changes on enantioselectivity for large databases of these kind of pairs of 
reactions. Satoh and Funatsu have created a reaction generator in SOPHIA 
(System for organic reaction prediction by heuristic approach) considers 
reaction conditions to recognize suitable AAG (Atoms and/or Atomic 
Groups) for suitable free bonds by utilizing reaction condition groups 
obtained by classification based on word combinations of reaction condition 
descriptions in a reaction database. They also has been extended SOPHIA to 
employ the reaction condition groups for interpretation of reaction conditions 
entered by the user and to consider the reaction conditions in reaction 
prediction procedures [16]. In addition, Patel and coworkers have described a 
new approach, iterated reaction graphs (IRG) that simulates complex 
chemical reaction systems. To achieve that they modelling a subset of all 
possible reactions, i.e., those that are specific to Millard chemistry, modeling 
of the rate kinetics with reaction rate probabilities and blocking of the 
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reactions into logical groups [17]. In particular, Quantitative Structure-
Reactivity Relationships (QSRR) studies, based on molecular descriptors of 
chemical structure, may play an important role in the prediction of biological 
activity or specific property of a reaction. For example, Ignatz-Hoover et al. 
describes QSRR for kinetic chain-transfer constants for 90 agents on styrene 
polymerization at 60 oC in which three- and five-parameter correlations were 
obtained with R2 of 0.725 and 0.818, respectively [18]. Varnek et al. propose 
substructural fragments as a simple and safe way to encode molecular 
structures in a matrix containing the occurrence of fragments of a given type 
[19].Satoh and coworkers have investigated a dataset of 131 reactions focusing 
on the changes of electronic features on the oxygen atoms at the reaction sites 
by principal component analysis and selforganizing neural networks analyses 
[20]. On the other hand, Long and Niu have developed quantitative structure-
property relationship/quantitative structure-activity relationship (QSPR/QSAR) 
for rate constants (k) of alkylnaphthalene reactions with chlorine, hydroxyl and 
nitrate radicals using partial least squares (PLS) regression [21]. Mu et al. have 
investigated the prediction of oxidoreductase-catalyzed reactions based on 
atomic properties of metabolites [22]. 
 As above-mentioned QSRR models may be used to predict effect of 
changes in reaction variables over enantioselectivity but we also need tools to 
describe the huge amount of information generated. This sort of problem may 
be investigated using Complex Networks (CNs) to regroup reactions with 
inverse results in which the enantioneric excess and configuration are 
changed from R to S. In fact, we can use CNs to study relationships between 
reactions, proteins, genes, RNAs, organisms, or even non-living objects such 
as web pages but we can also develop in-silico procedures to predict these 
CNs [23-25].  
 In principle, we can extend more than 1 600 different molecular 
descriptors to solve the former problem [26]. Our group has introduced 
elsewhere a Markov Chain Model (MCM) method named MARkov CHains 
Invariants for Network SImulation and Design (MARCH-INSIDE). The 
MARCH-INSIDE approach makes use of MCM to calculate the average 
values of different molecular physicochemical properties in chemical 
structures [27]. We propose herein, for the first time, a QSRR model able to 
predict the difference in enantiomeric excess for R-product between two pair 
of reactions (Δee(R)%), which achieve to similar/dissimilar enatioselectivity 
after modification of reaction variables. This QSRR may predict the 
configuration of the new stereogenic centre formed in the synthesis of amines 
taking into consideration similar reaction pairs in which the enantiomeric 
excess increases or reduces. The task is difficult but interesting because we 
pretend to shun using 3D structures of subtrates, chiral ligand, and products. 
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A method independent of these aspects may become notably faster because 
we do not have to run optimization algorithms to predict the 3D structure; 
these optimization algorithms are computationally expensive. After 
developing the MLR-QSRR prediction model we used it to construct an 
ECN. Last, we compared the ECN predicted with an ECN constructed here 
based on measured values of product enantiomeric excess. A summary 
flowchart for all the steps given in the work is presented in Figure 1 in order 
to guide the reader. 
 

 
 

Figure 1. Flow chart for all steps given in the work. 
 
Results and discussion 
 

Training and validation of the MLR-QSRR model.  
 
 We used Forward-stepwise to investigate which variables more strongly 
influence the change on enantioselectivity and construct the MLR-QSRR 
equation model. The more important variables were the differences between 
the initial and final reaction for: product partition coefficient (ΔPp), chiral 
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ligands hardness (ΔHl), solvent dipolar moment (ΔDs), reaction time (Δtr), 
reaction temperature (ΔTr), addition temperature (ΔTa), average enantiomeric 
excess for reactions using same procedure (ΔAe), substrate molar refractivity 
(ΔMi), and steric constant (ΔSo) and hardness of organolithium compounds 
(ΔPo) respectively. Using these variables the best model found was: 
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where, n is the number of cases (reaction pairs) used to train the model, R2 
and R2

adjusted 
 are the train and adjusted square regression coefficients, F is 

Fisher ratio, and p the level of error. All these reactions were previously 
reported in the literature [28-40]. This model, with ten variables, predicts 
correctly 80.3% of variance of the data set with a standard error of 29.35%. 
Notably, the values of R2 and R2 adjusted are equal, which indicates that the 
model is not over-fitted due to incorporating an elevated number of 
parameters. In the Figure 2 we plot the observed Δee(R) % values vs. the 
values predicted with the model. In order to validate the model we used it to 
predict 26106 reactions pairs never used to train the model (validation series). 
In this series the results were: R2 79.98%, F 1043E2 and p < 0.00001. The 
model explains correctly 80.0% of variance of the data set with a standard 
error of 29.79% in the validation series. These results indicate that we 
developed an accurate model according to previous reports on the use of 
MLR in QSRR [41-43].  
 Using this model we can construct QSRR-based charts to depict visually 
the influence of the change in reaction variables over the enantioselectivity of 
the reaction [44]. This kind of analysis, known as desirability analysis (DA), 
allows us to predict which levels of the reactions variables ensure a desired 
enantioselectivity. [45] It could be used to optimize the reaction changing 
only one property by organic synthesis modification of substrate or chiral 
ligand or modifing a reaction condition. In Figure 3, we illustrate some of 
these charts. Note that these charts may refer to only one receptor region or 
two different regions at the same time. In this sense, if we represent Mi vs. Po 
we can observe that between -6.6 and 0.7 values of Mi the enantiomeric 
excess remains in spite of changes on substrates Figure 3 (a). If we represent 
T(a) vs t(r) we can observed that between -3.44 and 49.9 values of reaction 
time (t(r)), the enantiomeric excess remains although reactive addition 
temperature change Figure 3 (b).  

(1)
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Figure 2. Observed vs predicted values. 
 

 
Figure 3. Example of chart used for the desirability analysis of the QSRR model. 
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 Complex networks study. Molecular CNs are used to study large data 
bases and/or complex systems [46-48]. For instance, proteins, nucleic acids, 
and small molecules (metabolites) form a dense network of molecular 
interactions and metabolic reactions in a cell [49]. In order to recall the 
capacity of the MLR-QSRR to predict new CNs we selected the same data 
employed for training and validating the QSRR model. With these goals in 
mind, we constructed first a new ECNobs using the observed values 
considering the experimental data. Next, we predicted the ECNpred with the 
QSRR model and last we compared both ECNs. In our CNs we explored the 
threshold values in a range from -98.31 to -175, obtaining an average values 
of output node degree from 89.3 to 103.4 respectively (see Table 2). Finally, 
a cut off = -175 was selected to obtain average node degree equal to 103.4; 
which guarantee that the number of disconnected reactions is 0. Next, we 
used the MLR-QSRR equation to predict the enantiomeric excess and 
configuration of some amines. The same as before, we explored the threshold 
values in a range from -98.31 to -175, obtaining average values of output 
node degree from 77 to 89.4 respectively, a cut-off = -175, which leads to an 
average output node degree of 89.4, was selected being 0 the number of 
disconnected reactions. Additionally, with this threshold, the number of 
edges is 23586 for the observed network and 20374 for the predicted 
network. In Figure 4 we illustrate the complex relationships between ECN 
drawing coincident edges for both ECNobs and ECNpred. In order to compare 
the ECNobs and ECNpred, we used the sensitivity, specificity and accuracy a 
Chi-Square test; the obtained value for the p < 0.00001 error level was Chi-
square = 293.364. 
 

 
 

Figure 4. Graphical view of the observed vs. predicted ECNs. 
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Methods 
 
Computational chemistry methods 
 
 The MARCH-INSIDE approach is based on the calculation of the 
different physicochemical molecular properties (λm) for substrates, 
organolithium reagents, chiral ligands and products (λs, λo, λl, λp) 
respectively. These λm are calculated as an average of atomic properties (λj). 
For instance, it is possible to derive average estimations of refractivities 
(MRs, MRo, MRl, MRp), partition coefficients (Ps, Po, Pl, Pp), and hardness 
(ηs, ηo, ηl, ηp) that we are going to use in this work, as seen in the equation 
below [50]: 
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It is possible to consider isolated atoms (k = 0) in the estimation of the 
molecular properties 0η, 0χ, 0MR, 0α, 0P. In this case the probabilities 0p(λj) 
are determined without considering the formation of chemical bonds (simple 
additive scheme). However, it is possible to consider the gradual effects of 
the neighbouring atoms at different distances in the molecular backbone. In 
order to reach this goal the method uses a MM, which determines the 
absolute probabilities kp(λj) with which the atoms placed at different 
distances k affect the contribution of the atom j to the molecular property in 
question.  
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Where, from left to right, the first term is kλ, which is the average molecular 
property considering the effects of all the atoms placed at distance k over 
every atomic property λj. The vector on the left-hand side of the equation 
contains the probabilities 0p(λj) for every atom in the molecule, without 
considering chemical bonds. The matrix in the centre of the equation is the 
so-called stochastic matrix. The values of this matrix (1pij) are the 
probabilities with which every atom affects the parameters of the atom 
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bonded to it. Both kinds of probabilities 0p(λj) and 1pij are easily calculated 
from atomic parameters (λj) and the chemical bonding information: 
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 The only difference is that in the probabilities 0p(λj) we consider isolated 
atoms by carrying out the sum in the denominator over all n atoms in the 
molecule. On the other hand, for 1pij chemical bonding is taken into 
consideration by means of the factor δij. This factor has the value 1 if atoms i 
and j are chemically bonded and it is 0 otherwise. All calculations were 
performed using the program MARCH-INSIDE version 3.0 [51]; which can 
be obtained for free academic use, upon request, from the corresponding 
author of the present work. 
 
Statistical analysis  
 
 Given the λm the molecular parameters above-mentioned and λorv other 
reaction variables such as (T(a), T(r), t(r)) we can calculate the differences Δλ 
= λ(r2) - λ(r1) for any reaction pairs. Using these Δλm and Δλorv values as 
input we performed a MLR anlysis to fit the QSRR equation with the form: 
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The parameter Δ%ee (R)pred (the prediction of the difference in enantiomeric 
excess for R-product between two pair of reactions) is the output of the 
model. In equation (6), b represents the coefficients of the variables in the 
model determine with MLR module of the software package STATISTICA 
6.0 [52]. We used Forward Stepwise algorithm for variable selection. The 
statistical significance of the MLR model was determined calculating the R2 
= 0.803, R2

adjusted = 0.803, F = 7120.7 and p-level (p) < 0.00001 of error with. 
The validation of the model was corroborated with external prediction series. 
The quality of the validation was determined by R2 = 0.799, R2

adjusted = 0.799, 
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F = 1043E2 and p-level (p) < 0.00001 for validation. The data set was 
conformed by a set of reported organolithuim addition to imines in presence 
of chiral ligands reactions.  
 
Complex network (CN) analysis 
 
 In order to achieve the enantiomeric excess and configuration of the 
product with a network approach where one node represents a reaction and 
the edges show reactions pairs with high propensity to R/S chirality inversion, 
we carried out the following steps:  
 
1.  First, we calculated the observed and QSRR-predicted average-scores 
that numerically characterize the propensity of one reaction to yield R/S 
chirality inversion. These scores were labelled as Obs. Avg.Δee(R)% and 
Pred.Avg.Δee(R)%: 
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(7b) 
Where Obs.Avg.Δee(R)%ν is the difference between observed R enantiomeric 
excess for reaction ν minus observed R enantiomeric excess for reaction � 
and Pred.Avg.Δee(R)% is the difference between predicted R enantiomeric 
excess for reaction ν minus observed R enantiomeric excess for reaction �. 
2. Then, we used these scores as inputs in a Microsoft-Excell sheet to 
calculate the elements of the Boolean or Adjacency matrix (A) associated to 
the ECNs as follows: 
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3.  Next, we compared the observed and predicted ECNs pair-by-pair. For 
this comparison we measured the total number of coincident predictions 
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(Accuracy), the total number of reactions connected (Sensitivity), and not 
connected (Specificity) as well as a Chi-square (χ2) test. For (χ2) test, we 
used a contingency table where a, b, c and d are the observed frequencies in 
our networks.72 (See Table 1). These frequencies were calculated as follows: 
f = if (and (obs B2! = 1, pred B2! = 1), 1, if (and (obs B2! = 1, pred B2! = 0), 
2, if (and (obs B2! = 0, pred B2! = 1), 3, 4)). Then: 
 
�  “a” is the number of pairs of reactions connected in observed and in 
predicted networks (observed and predicted are 1). 
� “b” is the number of pairs of reactions connected in observed but not 
connected in predicted networks (observed is 1 and predicted is 0). 
� “c” is the number of pairs of reactions not connected in observed but 
connected in predicted networks (observed is 0 and predicted is 1). 
� “d” is the number of pairs of reactions not connected neither in observed 
nor in predicted networks (the elements in the observed and predicted 
matrices are equal to 0). 
 
4. Chi-square test lets us determine if the variables are associated or not. If 
they are not associated we could conclude that they are independent. The first 
step of the chi-square test for independence is to establish hypotheses. The 
null hypothesis is that the two variables are independent (observed and 
predicted activity of the ECNs is not associated). The alternative hypothesis 
to be tested is that the two variables are dependent. χ2 was calculated as 
follows [53]: 
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5. Where Oij is the observed frequency, Eij is the expected or theoretical 
frequency. Eij is calculated as follows  
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6. Then we compared the value calculated in the formula above to a 
standard set of tables. The value returned from the table is p < 0.005. Thus, 
we can reject the null hypothesis and conclude that there is an association 
between the variables.  
7. The Boolean matrix was saved as a .txt format file. After we had 
renamed the .txt file as a .mat file we read it with the software CentiBin [54, 
55]. Using CentiBin we can not only represent the network but also highlight 
all nodes connected to a specific node but calculate connectivity parameters 
including node degree. 
8. CentiBin software was used to generate random networks by five 
different algorithms including: Barabasi-Albert random network, Kleinberg 
Small Wolrd Network (SWN), 2D Lattice network, Erdos-Renyi network and 
Epsstein power law network (PLN) [55]. These random networks were 
compared with the observed and predicted networks. 
9. Last, all node degrees were used as input in STATISTICA in order to 
study the distribution of the network and compare it with other ideal network 
distributions including normal, lognormal, exponential, gamma, and Chi-
square [52]. 
 
Supplementary material 
 
  In the online supplementary material we depict all the parameters 
necessary to evaluate a reaction with the QSRR as well as the dataset used 
including corresponding structures, in the form of SMILE codes, for all 
compounds involved in this study. 
 
Conclusions 
 
 Using the MARCH-INSIDE approach is possible to seek a MLR-QSRR 
classifier to predict the probability of chirality inversion of reactions; which 
occur by adition of organolithium reagents to imines in presence of chiral 
ligands. The model can be used as a tool for preliminary screening of 
reactions without relaying upon geometrical optimization of substrate, 
organolithium, chiral ligand, or product structure. This MLR-QSRR was also 
demonstrated to be an efficient tool for computational construction of 
Enantioselectivity Complex Networks that accurately reproduces the network 
based on experimental findings. This kind of Complex Networks could 
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become a valuable approach to explore the complexity of the enantioselectivity 
in these reactions. 
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