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a b s t r a c t 

Artificial neural networks (ANN; feed-forward mode) are used to quantitatively estimate the enantioreso- 

lution ( Rs ) in cellulose tris(3,5-dimethylphenylcarbamate) of chiral molecules from their structural infor- 

mation. To the best of our knowledge, for the first time, a dataset of structurally unrelated compounds 

is modelled using ANN, attempting to approach a model of general applicability. After setting a strategy 

compatible with the data complexity and their relatively limited size (56 molecules), by prefixing ini- 

tial ANN inner weights and the validation and cross-validation subsets, the ANN optimisation based on a 

novel quality indicator calculated from 9 ANN outputs allows selecting a proper (predictive) ANN archi- 

tecture (a single hidden layer of 7 neurons) and performing a forward-stepwise feature selection process 

(8 variables are selected). Such relatively simple ANN offers reasonable good general performance in pre- 

dicting Rs (e.g. validation plot statistics: mean squared error = 0.047 and R = 0.98 and 0.92, for all or 

just the validation molecules, respectively). Finally, a study of the relative importance of the selected vari- 

ables, combining the estimation from two approaches, suggests that the surface tension (positive overall 

contribution to Rs ) and the –NHR groups (negative overall contribution to Rs ) are found to be the main 

variables explaining the enantioresolution in the current conditions. 

© 2022 The Authors. Published by Elsevier B.V. 

This is an open access article under the CC BY-NC-ND license 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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. Introduction 

Chiral stationary phases (CSPs) based on amylose and cellulose 

olysaccharide derivatives are by far the preferred choice for the 

nantioseparation of chiral compounds in high-performance liquid 

hromatography (HPLC). Besides the wide availability of commer- 

ially CSPs, their broad chiral recognition capacity enables the sep- 

ration of the enantiomers of a high variety of compounds [1] . 

hen using polysaccharide-based CSPs in HPLC, separations can 

e carried out in normal phase (NPLC), in reversed phase (RPLC) 
∗ Corresponding author. 
∗∗ Corresponding author. 
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s well as in polar organic mode [1] . For the analytical scale, RPLC 

as some advantages in the analysis of pharmaceuticals and aque- 

us biological samples and coupling with mass spectrometry de- 

ection [2] . 

There are numerous studies on the fundamentals of enantiosep- 

ration mechanisms involving polysaccharide-based CSPs [3–13] . 

pectroscopic methods and molecular modelling approaches have 

ontributed to elucidating the chiral recognition mechanism [3–

3] . Despite the insight provided by these studies, finding the right 

SP/mobile phase (MP) combination that allows the separation of 

 given pair of enantiomers remains a very challenging task. Dif- 

erent strategies have been proposed for this purpose. The most 

ommon consists of screening a series of CSP/MP combinations, a 

rial-and-error approach that often requires a considerable exper- 

mental and economical effort [14–20] . Alternatively, quantitative 

tructure-enantioselective retention relationships (QSERR), which 
nder the CC BY-NC-ND license ( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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orrelate relevant separation parameters with molecular descrip- 

ors derived from molecular structure, have emerged as a useful 

trategy to select a suitable CSP/MP combination in chiral RPLC op- 

imisation processes [ 21 , 22 ]. 

For polysaccharide-based CSPs, QSERR have been built using 

hemometric tools, like multiple linear regression (MLR) [23–26] , 

artial least squares regression (PLS) [ 25 , 27 ] or random forest ap-

roach [ 28 , 29 ]. These models, most of them constructed using 

hromatographic data of structurally related compounds, allow the 

rediction of retention times [25] , logarithm of the retention factor 

log k ) [ 22 , 26 , 27 ], separation factor α [ 28 , 29 ] and log α [26–28] . 

In previous papers, our research group modelled the enan- 

ioresolution (as a categorical variable) of structurally unrelated 

ompounds in some commercial cellulose- and amylose-based sta- 

ionary phases using data in RPLC mode [ 30 , 31 ]. 56 structural vari-

bles, including chiral topological parameters, molecular descrip- 

ors and molecular topological parameters were used. Discriminant 

artial least squares for one categorical response variable (DPLS1) 

as used for feature selection and modelling purposes. The mod- 

ls obtained for the different CSPs presented adequate predic- 

ive and descriptive capacity. The descriptive ability (importance –

ontribution– of structural variables to explain enantioresolution) 

as explored in two stages: (i) feature selection, FS, (eliminating 

nnecessary variables) and (ii) calculation of the normalised re- 

ression coefficients of variables. 

Artificial neural networks (ANN) methodology is a flexible ma- 

hine learning (artificial intelligence) approach capable of mod- 

lling complex/non-linear relationships between input and re- 

ponse variable(s) [ 32 , 33 ]. ANN were designed to learn from a

raining dataset (until the predictive ability of a different validation 

ataset improves) by using a neural architecture that consists of 

nterconnected neurons arranged in several layers. In the so-called 

eed-forward modality, the architecture comprises an input layer 

independent variables), one or more hidden layers, and an output 

ayer (response variable(s)). The ANN behaviour depends on the 

eights of the connections. During ANN training, these weights are 

ptimised using an iterative algorithm to obtain a final model that 

rovides the minimal prediction error on the response variable(s) 

34] . 

However, due to the inner complexity of ANN, it is difficult to 

xtract information on how models work to predict the output 

rom input variables (in ANN, the difficulty in establishing the re- 

ationship between input-output variables is commonly referred to 

s a black box). Different approaches have been developed to ap- 

roximate the relative importance of the input variables to predict 

he response, although all of them have limitations [34] . For in- 

tance, the approach from Olden et al. comprises the sum of the 

roduct of the inner weights connecting the input-response vari- 

bles through the hidden layer [35] but is sensitive to the neu- 

al architecture and the initial starting inner weights [34] . The Lek 

t al. approach changes the value of one input variable while main- 

aining the other variables at a constant value (at different quan- 

iles) [36] , but it could provide different data compared to those 

sed for training [34] . However, we have found no evidence on 

hich approach could provide a correct estimation of the impor- 

ance of variables, due to the lack of a way to verify the estimation

uality up to now. 

After an exhaustive search, only three ANN applications to pre- 

ict enantioselective parameters in chiral liquid chromatography 

ave been found [37–39] . All these QSERR studies have been car- 

ied out for a limited number of structurally related compounds 

sing macrocyclic antibiotics [37] , cellulose [38] and brush-type 

39] CSPs. The homogeneity (simplicity) of the data sets used prob- 

bly allows performing standard conditions for ANN (that normally 

pplies to big datasets) as well as a comparison with a conven- 

ional regression model. 
2 
The main objectives of this work can be summarised as de- 

igning a global strategy, based entirely on ANN, able to se- 

ect a (preferably short) set of structural variables capable of 

atisfactorily estimating enantioresolution in cellulose tris(3,5- 

imethylphenylcarbamate) chiral stationary phase and aqueous- 

cetonitrile mobile phases, working with a relatively limited 

ataset of 56 compounds from 14 different chemical families. An 

dditional aim is to approximate the relative importance of the 

elected variables to quantitatively predict Rs . To the best of our 

nowledge, ANN have not been used to directly predict the enan- 

ioresolution values ( Rs ) of structurally unrelated chemical com- 

ounds nor to perform a selection of the more relevant structural 

arameters describing Rs in such a complex situation due to the 

eterogeneity of the dataset. 

. Experimental 

.1. ANN nomenclature 

Fig. 1 depicts the scheme of ANN used in this work. For all 

ompounds, the known structural variables ( X ) are set as the in- 

ut layer and the predicted Rs values ( y ) are the output layer (to

e compared with the known experimental Rs data ( t ) during the 

raining process). In the middle, we arranged up to 2 hidden lay- 

rs and tried up to 30 neurons in each layer; so, a total of 930

NN were evaluated. Each ANN architecture was identified by Nv - 

 k - kk ] −1, where Nv is the number of structural variables and k and

k are the number of neurons in the first and second hidden layer, 

espectively. In the case of only one hidden layer, kk = 0, the ANN 

ere identified by Nv -[ k ] −1. Note that k and kk should be opti-

ised, that Nv could be reduced after a feature selection process, 

nd finally, from the ANN information (e.g. W i , y ) the relative im- 

ortance of the Nv input variables could be approximated. 

.2. Structural and chromatographic data 

To study the structure-enantioresolution relationships for each 

ompound under study, 56 structural variables ( X ) were used. 

hese variables include chiral carbon-related parameters, molecu- 

ar descriptors and topological parameters predicted by software 

ChemSpider Database) [40] , and calculated hydrophobicity param- 

ters as the octanol-water partition coefficient (log P ) and the ap- 

arent log P at pH = 8 (log D ) [30] . These structural variables

ere described in detail in previous papers [ 30 , 41 , 42 ]. Briefly, vari-

bles x 1 to x 7 correspond to chiral carbon ( C ∗) related parameters 

e.g. number of aromatic heterocycles groups bonded to the chiral 

arbon ( C ∗hA ) as x 3 ); variables x 8 to x 12 correspond to predicted

olecular descriptors from ACD/Labs and ChemAxon calculations 

40] (e.g. surface tension ( ST , dyn 

•cm 

−1 ) as x 12 ); variables x 13 to 

 29 correspond to molecular topological parameters predicted by 

hemAxon (e.g. Balaban index ( Bi ) and number of sp 

3 hybridized 

arbons divided by the total carbon count ( fsp 3 ) as x 28 and x 29 ,

espectively), variables x 30 to x 54 are obtained as the count of 

toms/groups present in the compound (e.g. number of -NHR and 

NR 2 amino groups in the molecule ( NHR, NR 2 ), number of R-O-R 

ther groups in the molecule ( ROR ) and number of - NHCOR amide 

roups bonded to an aromatic ring in the molecule ( ANHCOR ) as 

 36 , x 37 , x 38 and x 46 , respectively), while variables x 55–56 are the

ydrophobicity parameters. 

Experimental Rs values of 56 structurally unrelated chem- 

cal compounds under study were obtained as described in 

31] using the chiral column Lux Cellulose-1 (cellulose tris(3,5- 

imethylphenylcarbamate) and mobile phases consisting of binary 

ixtures of ammonium bicarbonate buffer (5 mM, pH 8) and ace- 

onitrile (ACN) in varying proportions (10–98% in volume of ACN). 
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Fig. 1. Architecture of the artificial neural networks (ANN) in this work. The known structural variables ( X ) are set in the Nv neurons of the input layer. The resolution ( Rs ) 

estimated values ( y ) will be obtained in a single neuron (output layer). In the middle, the so-called hidden layers must be arranged, defining the complete architecture. ANN 

architectures assayed (930) include up to 2 hidden layers and up to 30 neurons ( k, kk ) in each layer. Sigmoid (hidden layers) and linear (output layer) activation functions 

are used. The weights ( W i ; connecting all the neurons, including those side neurons introducing bias) are adjusted during the learning process, minimising the differences 

between y and the known experimental Rs values ( t ). Once an ANN has been trained is able to estimate y -values for novel compounds. 

F

i

c

c

T  

a

2

t

s

a

c

A

d

s

c  

o

c

o

r  

r

o

p

i

t

t

c

c

r

m  

r

R  

v

(

s

4

o

s

t

t

s

m

u  

E

a

[

c

i

v

f

l

X

u

n

f  

fi

t

o

A

t

n

i

a

c

(  

a  

a

c

s

c

p

m

(

or each compound, amongst the various Rs values obtained us- 

ng the different mobile phases tested, the maximum Rs value was 

hosen to be used as the response variable ( t ). Other separations 

onditions were: flow-rate, 1 mL •min 

−1 and temperature, 25 °C. 

hese Rs values are shown in Table 1 . Both X and t were autoscaled

s pretreatment. 

.3. Software and calculations 

The global approach developed in this paper includes three au- 

omatic strategies based on ANN outputs: (i) architecture optimi- 

ation, (ii) feature selection (FS) and (iii) approximation of the rel- 

tive importance of variables. The first two strategies involve the 

omparison of the results from different ANN. To ensure a reliable 

NN comparison, all aspects that could lead to different outputs 

ue to the limited number of compounds, combined with the pre- 

umable complexity of the t - X relationship, were prefixed in ANN 

alculations. So, all the inner weights ( W i in Fig. 1 ) were set to

ne, and the same subsets of compounds (training, validation and 

ross-validation) were used in all ANN. The validation subset for 

verfitting control includes 7 compounds covering a representative 

ange of Rs values (see Table 1 ). The rest of the 49 compounds cor-

esponds to the training block (for learning). Additionally, 9 sets 

f 5 different training compounds were used in a cross-validation 

rocess implemented to improve robustness. Training compounds 

n these cross-validation subsets were punctually converted into 

est compounds, i.e., they did not participate in the training nor 

he validation task and were just predicted by the ANN as external 

ompounds. 

To compare the performance of any ANN tested, a quality indi- 

ator Q ( Eq. (1) ) was introduced. Q depends on 9 different statistics 

elated to the differences between the estimated ( y ) and experi- 

ental ( t ) Rs values, in terms of mean squared errors ( MSE ) and

egression statistics of the validation plot (correlation coefficient, 

 ; slope b 1 , and intercept, b 0 ), for all, training (subscript train ) and

alidation (subscript v ) compounds. MSE statistics were ‘penalised’ 

identified using p before the statistic), adding to the mean the 

tandard deviation, both estimated from 10 ANN outputs (one with 

9 training compounds plus 9 cross-validation runs). 

Q = pMSE + pMS E v + W 1 | pMS E v − pMS E train | + W 2 ( ( 1 − R ) 

+ | 1 − b 1 | + | b 0 | ) + W 3 ( ( 1 − R v ) + | 1 − b 1 v | + | b 0 v | ) (1) 
3 
The term │pMSE v - pMSE train │ characterises the (penalised) 

verfitting degree. Note that penalised values aim to take deci- 

ions in ANN comparisons including both the estimation of ex- 

ernal compounds (test) as well as the uncertainty arising from 

he different cross-validated outputs. Note also that the regres- 

ion terms in Eq. (1) were set in a format where lower values 

ean better quality (as MSE does intrinsically); thus, lower Q val- 

es imply higher ANN quality. The Q -weights ( W1, W2 and W3 ) in

q. (1) were set at values 1, 10 and 5, respectively, to provide an 

lmost similar contribution of all the terms in Eq. 1. 

Algorithms were written in MATLAB® R2019a (Mathworks®) 

43] . MATLAB has a Toolbox containing algorithms and tools for 

reating and training artificial neural networks, called Deep Learn- 

ng Toolbox. The programs used in this work include routines pro- 

ided by this Toolbox: feedforwardnet.m, which generates a feed- 

orward (regression-focused) ANN from a defined [ k - kk ] hidden 

ayers architecture; train.m, that trains a shallow ANN from given 

 - t data and architecture and net.m, which predicts response val- 

es ( y ) from a trained ANN. To carry out the different strategies, 

ovel algorithms were also developed, such as fANN.m, a MATLAB 

unction that builds and trains an ANN from X - t data with a de-

ned [ k - kk ] hidden layers architecture by prefixing validation and 

est blocks and initial W i and, optionally, eliminates variables or 

bjects (the last allows to perform cross-validation studies); Stu- 

NN.m, which numerically and graphically compares Q values (and 

heir parameters) of different ANN architectures up to k and kk 

eurons in the hidden layers. 

The ANN final architecture was chosen from the 930 studied, 

n two steps. First, selecting those ANN showing R > 0.9 (filter-1), 

nd from them, those whose Q values were below the 10th per- 

entile (filter-2). Finally, a visual inspection of the validation plots 

 y vs. t ) and the statistics of Eq. (1) allowed to select the definitive

rchitecture, preferably one with a lower k x kk value (see Fig. 1 ),

ssuming that simpler ANN, with a lower number of connecting 

oefficients ( W i ) should be more robust. 

The optimal ANN architecture was chosen to conduct the sub- 

equent FS process. The function sequentialsfs.m (part of the Ma- 

hine Learning/Artificial Intelligence suite of MATLAB®) was em- 

loyed. This function uses a sequential strategy (i.e. adds or re- 

oves one variable in each run). In this case, a forward mode 

adding variables) was used. As before, the variables selected in 
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Table 1 

Compounds of different families, with their maximum enantioresolution 

values ( Rs ) obtained in cellulose tris(3,5-dimethylphenylcarbamate) CSP 

using aqueous-acetonitrile mobile phases. Compounds are identified by 

their name and numbered order ( N ). Validation set compounds (indi- 

cated by + ) and test compounds (in 9 cross-validation subsets indicated 

by its number in parenthesis) are shown. 

N Family a Compound Rs b Validation Test 

1 AAD Disopyramide 0.0 (1) 

2 AAD Mexiletine 0.0 (2) 

3 AAD Propafenone 0.0 (3) 

4 ACO Warfarin 0.0 + 

5 AD Nomifensine 1.8 (4) 

6 AD Citalopram 0.0 (4) 

7 AD Fluoxetine 0.0 (5) 

8 AD Viloxazine 0.5 (3) 

9 AD Trimipramine 0.7 (7) 

10 AD Bupropion 0.0 (6) 

11 AD Mianserin 1.8 + 

12 AF Benalaxyl 1.2 (2) 

13 AF Imazalil 0.6 (5) 

14 AF Penconazole 0.9 (1) 

15 AF Hexaconazole 2.5 (7) 

16 AF Myclobutanil 3.0 (8) 

17 AF Metalaxyl 5.5 

18 AH Doxylamine 0.0 (7) 

19 AH Brompheniramine 0.0 (8) 

20 AH Chlorpheniramine 0.0 

21 AH Orphenadrine 2.3 (6) 

22 AH Carbinoxamine 0.0 (9) 

23 AH Hydroxyzine 1.8 (5) 

24 AH Terfenadine 0.5 (4) 

25 AH Cetirizine 0.0 (1) 

26 AH Fexofenadine 0.0 (2) 

27 LA Mepivacaine 0.0 (3) 

28 LA Propanocaine 0.0 (4) 

29 LA Prilocaine 0.4 + 

30 LA Bupivacaine 0.0 (5) 

31 ANP Aminoglutethimide 2.7 + 

32 ANP Bicalutamide 0.0 (6) 

33 BB Pindolol 1.6 (3) 

34 BB Propranolol 0.0 (7) 

35 BB Metoprolol 0.0 (8) 

36 BB Acebutolol 0.0 (9) 

37 BB Atenolol 0.0 

38 BB + BD Salbutamol 0.0 

39 BB Timolol 0.0 

40 BD Bambuterol 0.0 (9) 

41 BD Isoprenaline 0.5 + 

42 BD Orciprenaline 0.0 (2) 

43 BD Clenbuterol 0.3 (1) 

44 BD Terbutaline 0.0 (1) 

45 CaB Verapamil 0.7 (8) 

46 CaB Felodipine 0.0 (2) 

47 CaB Cilnidipine 0.7 + 

48 ACD Procyclidine 0.0 (3) 

49 APD Trimeprazine 0.0 (4) 

50 APD Ethopropazine 0.0 + 

51 APD Promethazine 0.0 (6) 

52 APD Thioridazine 0.0 (7) 

53 PPI Pantoprazol 0.0 (8) 

54 ANAL Methadone 0.0 (9) 

55 PPI Rabeprazol 0.7 (9) 

56 PPI Lansoprazol 0.6 (6) 

a Drug/Pesticide families: AAD (antiarrhythmic drugs), ACO (antico- 

agulants), AD (antidepressants), AF (antifungals), AH (antihistamines), 

LA (local anaesthetics), ANP (antineoplastics), BB ( β-blockers), BD 

(bronchodilators), CaB (calcium channel blockers), ACD (anticholinergic 

drugs), APD (antipsychotic drugs), PPI (proton pump inhibitors), and 

ANAL (analgesics). 
b Maximum Rs value obtained using the mobile phases tested con- 

sisting of binary mixtures of ammonium bicarbonate buffer (5 mM, pH 

8) and acetonitrile (ACN) in varying proportions (10–98% in volume of 

ACN). 
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4

ach run were those that provided the lowest Q. Since FS is based 

n ANN outputs, the whole process can be called ANN-FS process. 

To approximate the relative importance of the selected vari- 

bles two approaches adapted from [ 35 , 36 ] were used. They are

ased on the use of connecting weights (ANNcw) and y -estimates 

o calculate the variable effect (ANNef). Since there is no litera- 

ure evidence on which approach could provide correct (and the 

est) estimations, we used the mean and standard deviation of the 

utputs from these two approaches. Both approaches include as a 

rst step the estimation of a vector of regression-like coefficients 

 b; one coefficient per variable as occurs e.g., in PLS). In the AN- 

cw case, b was calculated by multiplying the W i -inner matrices 

hidden-output layers and input-hidden layers) calculated by the 

NN algorithm. In the ANNef case, b was estimated, creating two 

artificial extreme molecules’ per X variable, using the maximum 

nd minimum values of this variable and the mean value for the 

est of the variables. The half difference between y -estimations as- 

ociated with the ‘extreme molecules’ was an estimation of b . Fi- 

ally, the b -vector was normalised with respect to its maximum 

alue ( b max ) as: 

 = b / b max (2) 

We calculated the I vectors using Eq. (2) for both approaches. 

hen, the mean I and the standard deviation were used as an ap- 

roximation of the relative importance of the variables (including 

he sign) on the Rs estimation. 

. Results and discussion 

.1. Previous results and data complexity 

The use of a PLS model for predicting Rs values did not provide 

atisfactory results. Only by dividing the compounds into two cat- 

gories (resolved and non-resolved) and using a discriminant ap- 

roach (DPLS1 model) adequate predicted categories were found 

results not shown). In our opinion, the data complexity is too high 

o be solved by this model (despite that, in general, PLS can deal 

ith moderate non-linear problems). This was the main reason to 

ry ANN to reach a quantitative level of prediction. 

ANN is intrinsically less robust than PLS (since much more 

eights must be estimated). Moreover, ANN outputs can vary de- 

ending on the complexity of the ANN architecture, but also on the 

nitial W i values and validation and test subsets, mainly when the 

umber of objects (here compounds) is limited. Thus, fixing the 

nitial W i values ( Fig. 1 ) and pre-fixing the validation (see Table 1 ),

s well as the cross-validation subsets (see Table 1 ), was necessary 

or consistently comparing the ANN results (i.e., architecture com- 

arison and FS-ANN process). An extra element of complexity is 

he fact that the Rs values present a very asymmetric distribution 

e.g. 62% of the Rs values are 0). Consequently, a random selection 

f subsets could be inadequate. As can be seen in Table 1 , the val-

dation set contains Rs values ( t = 0, 0, 0.4, 0.5, 0.7, 1.8 and 2.7),

hile the entire data set ranges between 0 and 4.86. 

.2. ANN architecture optimisation 

ANN architecture optimisation was carried out according to the 

rocedure described in the experimental section based on the ap- 

lication of two consecutive filters. Fig. 2 shows the quality values 

 Q ; Eq. (1) ) for the 930 architectures assayed. As it can be seen, the

NN architecture has a notable influence on the quality of the ANN 

utputs. In the plot, dots show the ANN architectures that pass 

lter-1 ( R > 0.9), while circles indicate which of these also pass 

lter-2 ( Q below 10th percentile). This last group exhibit similar 

 -values, close to the target line ( Q = 0). The simplest architecture 
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Fig. 2. Quality ( Q ; upper part) values ( Eq. (1) ) through the ANN architecture study, where the runs correspond to different ANN architectures obtained by increasing the 

number of neurons in the first hidden layer ( k , from 1 to 30; See Fig. 1 ) for a given number of neurons in the second hidden layer ( kk , increasing from 0 (no layer) to 30, 

See Fig. 1 ). Thus, runs 1–30 correspond to ANN with a hidden layer with k from 1 to 30 neurons; runs 31–60 values correspond to ANN with two hidden layers with kk = 1 

with k from 1 to 30 neurons, and so on. Internal ANN complexity (number of hidden neurons, k + kk , units; lower part) of each run. Symbols: dotted line = Q values for 

the 930 architectures assayed; dot = ANN architectures that pass filter-1 ( R > 0.9). Circle = ANN architectures that pass both filter-1 and filter-2 ( Q below 10th percentile). 

Q = 0 (target line) is also included as a horizontal dotted line. 

Fig. 3. Quality ( Q ) values ( Eq. (1) ), in percentage respect to the Q value obtained 

with the initial 56 variables (horizontal dotted line; Q = 0%), through the ANN- 

based feature selection (FS-ANN) process, where input variables are sequentially 

added. The vertical dashed line indicates the number of variables added that pro- 

vides a Q < 0%. 
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Fig. 4. Rs validation plot of the ANN: 8-[7] −1. Selected variables are: x 3 , C 
∗hA ; x 12 , 

ST ; x 28 , Bi ; x 29 , fsp 3 ; x 36 , NHR ; x 37 , NR2 ; x 38 , ROR and, x 46 , ANHCOR (See Section 2.2 ), 

including all the compounds (empty circles). Validation compounds are highlighted 

using full circles. Vertical and horizontal dashed lines indicate Rs = 1.5. The diago- 

nal dashed line reflects the target line while the solid line is the regression line. 
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tting the two filters corresponds to run 7 ( Q = 3.2). This architec- 

ure consists of 7 neurons in a single hidden layer (56-[7] −1) and 

as selected and used in the next step (FS-ANN process). The min- 

mum Q value (2.8) was found at run 524, which corresponds to an 

NN with two-hidden layers (56-[14 17] −1). However, as could be 

xpected, this more complex ANN showed a higher penalised over- 

tting (0.49; i.e. extremely good prediction for training but worse 

rediction of the validation set) than the selected one (penalised 

verfitting 0.13). Thus, this ANN was not considered for the next 

tep (feature selection). 

.3. Feature selection 

The FS-ANN process, applied to the previously chosen ANN, 

imed to reduce the current Nv value (56 variables) to (i) improve 

he current performance and (ii) be a first stage in defining the im- 

ortance of variables by eliminating the unnecessary ones. Fig. 3 

hows the evolution of the FS-ANN process, as variables are added 

forward mode, 1 variable added in each run) by means of the Q - 
5 
alues ( Eq. (1) ), calculated in percentage respect the Q value ob- 

ained using all the variables (previous section). After adding only 

 variables we observed a Q value lower than the initial one ob- 

ained with 56 variables (a satisfactory result). Since this fact fitted 

he main aim of this work, i.e., to select a reduced set of variables

ble to estimate the enantioresolution, we stopped the search for 

 higher number of variables at this point. Thus, the final architec- 

ure becomes 8-[7] −1. The selected variables are: x 3 , C 
∗hA ; x 12 , ST ;

 28 , Bi ; x 29 , fsp 3 ; x 36 , NHR ; x 37 , NR2 ; x 38 , ROR and, x 46 , ANHCOR

see Section 2.2 ). 

.4. Performance of the ANN (predictive ability) 

Fig. 4 shows the validation plot ( y vs. t ; rescaled values rep- 

esenting Rs ) obtained with ANN 8-[7] −1 for all compounds (the 

alidation set is highlighted by full circles). As can be observed, a 

ood agreement between experimental and predicted values was 
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Fig. 5. Relative importance of selected variables ( I ; Eq. (2) ) to estimate Rs of the ANN: 8-[7] −1. Selected variables in the order: 1-x 3 , C 
∗hA ; 2-x 12 , ST ; 3-x 28 , Bi ; 4-x 29 , fsp 3 ; 

5-x 36 , NHR ; 6-x 37 , NR2 ; 7-x 38 , ROR and 8-x 46 , ANHCOR . Data include the mean (bar) and standard deviation (error bar) of two strategies (ANNcw, based on inner connecting 

weights and ANNef, based on the variable effect). 
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btained, according to the low Q value found for this relatively 

imple architecture. Only for one compound, with experimental 

s = 0, a low Rs estimate is observed, still sufficiently below the 

s = 1.5 critical line (indicating full enantioresolution). A good 

greement is also visible between the regression line and the tar- 

et (diagonal) line of the validation plot. These observations fit 

ell with the first aim fixed for the present work since a rela- 

ively simple ANN (architecture, few structural variables) becomes 

apable of satisfactorily estimating enantioresolution in the current 

onditions. 

On the other hand, to check the final ANN performance, it is 

dvisable to use not only a validation subset (mandatory) but also 

 test (external) subset. When using a big dataset (the conven- 

ional situation in ANN models), this option normally does not re- 

ult in a loss of representativeness of the remaining training data 

o build the ANN (due to the large number of cases). However, if 

he amount of data available is not high (as in many situations 

n the scientific context), separating an extra test subset (proba- 

ly with particular structural information) would likely affect the 

epresentativeness in the learning process, providing a less general 

NN. 

.5. Importance of variables 

The importance of the variables (also known as sensitivity 

nalysis) for describing the Rs data is an important issue in all 

he QSERR models. Fig. 5 shows an approximation of the rela- 

ive importance ( I ; Eq. (2) ) of the 8 selected variables in pre-

icting the enantioresolution. I is the mean of the results of two 

dapted/simplified approaches, ANNcw and ANNef [ 35 , 36 ]. I abso- 

ute magnitude and sign approximate the importance of the vari- 

ble and the positive or negative overall contribution to Rs , respec- 

ively. It must be pointed out that I values do not act as real re-

ression coefficients. On the other hand, all the selected variables 

re necessary to obtain the Rs -estimations ( Fig. 4 ), however, not all

hould be equally important ( Fig. 5 ). 

The standard deviation is an indication of the uncertainty aris- 

ng from the two different approaches. The uncertainty for some 

ariables was low, which could confer more reliability of their I - 

stimations. Fig. 5 results suggest that the contribution of variables 

 3 ( C ∗hA ) and x 29 ( fsp 3 ) is unclear since the error bar is higher

han their magnitude. On the other hand, x 12 ( ST ) is the most im-

ortant, with a global positive effect on the enantioresolution. The 

econd important variable is x 36 ( NHR ), which should globally in- 

ersely affect Rs . Other less important variables are: x 38 ( ROR ), pos-

tive overall contribution to Rs , and x 28 ( Bi ), x 37 ( NR2 ) and x 46 ( AN-

COR ), negative overall contribution to Rs . 

For a given compound, the balance between positive and neg- 

tive contributions determines enantioresolution in that CSP. The 
6 
esults suggest that the presence of dipoles (variable ST ) and ether 

roups (variable ROR ) in the molecule (e.g. compounds N = 13, 

7, 21, 22, 23, 25, 33, 35, 47, 55; Table 1 ) favours enantioresolu-

ion, which indicates the importance of van der Waals forces and 

ydrogen-bond interactions with the phenylcarbamate moiety in 

he CSP on enantiomer separation. 

On the other hand, high steric factors (high values of Babalan 

ndex), together with the presence of secondary ( N = 3, 7, 10, 29, 

3–44), tertiary amines ( N = 1, 6, 9, 18–22, 28, 45, 49–51, 54) and

mide groups ( N = 27, 29, 30, 32, 36) in the molecule decrease 

nantioresolution. As can be observed in Table 1 , this second group 

f compounds, except N = 21 and 33, show null or partial res- 

lution. However, both compounds present ether groups in their 

olecules and are fully enantioresolved. 

.6. Additional remarks 

Since this work constitutes the first attempt to obtain ANN 

odels to estimate Rs of a heterogeneous group of chiral com- 

ounds, we focused on adapting conventional ANN strategies to 

he current complex problem. Considering the introductory con- 

ext of this work, we opted for simple fit-for-purpose strategies in- 

tead of more sophisticated ones. For instance, in a problem with 

 large number of input variables, an independent criterion to per- 

orm a previous feature selection is a logical strategy. However, 

n our case, in addition to the limited number of variables, we 

ere interested in performing the feature selection based on the 

NN outputs themselves (as an alternative to other approaches de- 

cribed [44] ); thus, we preferred to initiate the FS-ANN process 

ith a suitable ANN (architecture optimized; note that many ar- 

hitectures provide inadequate outputs; probably connected with 

he complexity of the current data; Fig. 2 ). Then, in FS, variables 

ere added progressively until an improved ANN with a reduced 

umber of variables was obtained (8 input variables; Fig. 3 ), which 

lso facilitates establishing the relative importance of variables. On 

he other hand, after the ANN-FS process, to verify the consistency 

f the previous optimized architecture ( k = 7), an additional (fo- 

used) architecture optimization was performed, now using the 8 

nput variables selected (probing architectures with k from 1 to 7 

ombined with kk from 0 to 3). The results were comparable to 

hose obtained previously with 56 variables, and again, a single 

idden layer of 7 neurons provided the best Q value, which sup- 

orts the validity of our strategy. 

In the same context, there are more sophisticated strategies 

roposed for the data division on subsets, e.g. those based on 

 clustering approach [44] , that uses both descriptors and the 

esponse variable to divide compounds into subsets. A k-means 

eighbour clustering approach was used to separate 7 subgroups of 

ompounds using the autoscaled y and X variables, followed by a 
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Fig. 6. Estimated autoscaled Rs response curve for variable x 12 (Surface tension; 

ST ). The autoscaled ST values are used to derive the curve, keeping the rest of the 

autoscaled variables in Fig. 5 in their mean value. 
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rincipal component analysis (PCA). The main (PC1-PC2) PCA plots 

ere evaluated. The PCA score plot showed rough segregation be- 

ween the clusters. On the other hand, the Rs variable was located 

lose to the origin of coordinates in the PCA loading plot (negligi- 

le contribution), suggesting that it is not well represented by the 

lusters. Thus, taking into account the extreme asymmetry of the 

s data, we have prioritized the selection of the subsets based only 

n the response variable, for simplicity and representativeness of 

he current available Rs -space. 

One of the approaches used in Section 3.5 (ANNef approach) 

or evaluating the impact of a single descriptor on the response 

ariable uses the extreme values of the descriptor understudy. A 

ore sophisticated strategy, involving the whole range under ex- 

mination, provides a response curve [44] ; broadening the ANNef 

pproach. In this work, five of the selected variables in Fig. 5 are 

inary (so a response curve can not be obtained) and only vari- 

bles 2–4 are continuous. For the most important variable, ST , a 

esponse curve was obtained ( Fig. 6 ). As it can be observed, the

utoscaled Rs - ST data corresponding to the current ANN model 

how a complex-non linear relationship, which indicates (in the 

xtremes of the ST data) the overall positive contribution of ST to 

 s already shown in Fig. 5 . 

onclusion 

For the first time (to the best of our knowledge), ANN have 

een used to quantitatively estimate the enantioresolution ( Rs ) of 

 heterogeneous dataset of chiral molecules from their structural 

nformation. Furthermore, the relative importance of a reduced 

umber of predicting variables was established. The strategy has 

een designed for consistently comparing different ANN (architec- 

ure, feature selection) for a relatively short dataset (here 56 com- 

ounds), which implies prefixing some parameters (ANN initial in- 

er weights, validation and cross-validation subsets) to strengthen 

he decision-making process. 

The proposed strategy has been tested in the prediction of 

nantioresolution values of the 56 chiral compounds from 14 dif- 

erent chemical families chromatographed in cellulose tris(3,5- 

imethylphenylcarbamate) and aqueous-acetonitrile mobile phases, 

rom selected structural information. The entire approach only uses 

utputs provided by ANN. The key of the ANN comparison strategy 
7 
s a novel 9-parameters quality indicator ( Q ) which relies on pe- 

alised (by the cross-validated uncertainty) MSE statistics (includ- 

ng an overfitting level) as well as on regression statistics. 

After selecting the optimum architecture (first ANN compari- 

on stage), it was used to reduce the X dimension (sequential FS- 

NN approach; second ANN comparison stage). The final ANN is 

eady to: (i) estimate further enantioresolution data for novel non- 

hromatographed compounds and (ii) establish the relative impor- 

ance of the selected variables. For the current dataset used, a sim- 

le architecture of 8 structural variables input layer and 7 neurons 

n a single hidden layer previous to the response variable layer 

8-[7] −1), offers good general performance (e.g. MSE = 0.047 or 

 = 0.98 and 0.92, for all or just the validation compounds, re- 

pectively) in predicting Rs . The analysis of the relative importance 

f the selected variables in this final ANN suggests that the surface 

ension (positive overall contribution to Rs ) and the groups –NHR 

n the molecule (negative overall contribution to Rs ) are the most 

elevant for enantioresolution prediction. 
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