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ABSTRACT

Background: Enantioseparation in HPLC is a considerable challenge in analytical chemistry, frequently requiring
numerous trials with varying experimental conditions to achieve baseline separations. To address this issue, we
propose a solution that utilizes consensus modelling based on partial least squares (PLS) regression method
together with neural network (NN) algorithms and a graph neural network (GNN) method to predict the
retention times of compounds on Lux Cellulose-1 chiral stationary phase under various polar organic mode
mobile phases.

Results: A homogeneous dataset was collected for the developed machine learning methods, consisting of 535
unique molecules and 1,414 retention time measurements under four polar organic mode conditions (acidic and
basic methanol, acidic and basic acetonitrile). The PLS + NN consensus model showed outstanding results in
condition-specific predictions, achieving R? values over 0.70 and RMSE values below 0.40 in most cases.
Conversely, the GNN model excelled in combined predictions under all conditions, achieving a R? of 0.58 and
RMSEy of 0.49 during cross-validation, as well as a R? of 0.85 and RMSEres of 0.25 on the test set.
Significance: Our research presents a novel approach for predicting chiral separations, offering an easy-to-use,
open-access web tool to the scientific community. The robust GNN model was used to create a web server
(https://chiralscreen.com) that enables the prediction of retention times, separation capabilities, and elution
orders for various compounds. Furthermore, the software helps determine optimal initial chromatographic

conditions for separations.

1. Introduction

The number of chiral pharmaceutical compounds is steadily rising,
hence propelling the development of chiral pharmaceutical analysis [1].
Various methods exist for chiral impurity analysis, such as capillary
electrophoresis, gas chromatography, supercritical fluid chromatog-
raphy, as well as additional spectroscopic techniques [2]. However, the
most significant and the gold standard in this field is high performance
liquid chromatography (HPLC) using chiral stationary phases (CSPs) [3,
4]. Numerous chiral columns are available commercially, each prom-
ising to offer enantiomeric separation for various chiral compounds,
however, no single column is universally successful for the enantiose-
paration of all compounds. Consequently, column manufacturers offer
sets including five-six CSPs, capable of effectively separating the enan-
tiomers of a diverse variety of compounds [5]. Nonetheless, success is
not guaranteed, and method development often relies on a
trial-and-error approach. The greatest challenge with chiral separations
is their unpredictability; it is impossible to determine in advance which
column and eluent mixture will exhibit chiral recognition towards our
analytes. To improve predictive capabilities, researchers have explored
the analysis of structurally similar compounds to establish correlations
between molecular structure and separation efficiency [2,6]. While this
approach has shown some promise, its success has been limited. Map-
ping ligand-selector interactions has provided a deeper understanding of
the processes underlying chiral recognition and has led to the synthesis
of more efficient chiral selectors [7-9]. However, the primary goal of
improving predictive capabilities has been only partially achieved by
this approach. Previously, the quantitative structure activity relation-
ship (QSAR) approach has been utilized; nevertheless, contemporary
machine learning (ML) and different artificial intelligence-based ap-
proaches currently provide novel prospects for enhancing the predict-
ability of chiral separations [10-13]. However, currently, no fully
functional tools are available to scientists in this field. One of the main
limitations in developing such tools is the lack of homogeneous datasets.
Using literature data or data from various databases can introduce errors
during the training phase, consequently leading to less reliable results
[14]. Our other insight, that there is no freely available program, which
can help for scientists to predict the retention time or resolution in chiral
separation.

The aim of the present study is to provide suitable solutions to the
issues. The main goal was to compile our own database of chiral sepa-
ration data on a Lux Cellulose-1 column, containing cellulose tris(3,5-
dimethylphenylcarbamate) chiral selector under polar organic mode,
by analyzing many analytes under various chiral separation conditions.

Lux Cellulose-1 column with polar organic mode was chosen as the
initial model, however, our findings may potentially extend to include
other columns or eluents within this model. Cellulose tris(3,5-
dimethylphenylcarbamate)-based CSPs are among the most widely
used cellulose-based chiral selectors [11,15-17]. The polar organic
mode, using neat alcohol or acetonitrile as eluents, offers significant
advantages over traditional normal-phase enantioseparation methods,
such as excellent separation capabilities, improved peak shapes, reduced
retention times, and are generally more environmentally sustainable
while remaining compatible with reversed-phase chromatographic sys-
tems [18].

Secondly, our aim was to develop and compare two models -
consensus modelling based on PLS and NN algorithms, and a graph
neural network - for the prediction of retention times on Lux Cellulose-1
column under four different polar organic mode conditions. Finally, our
aim was to develop an open-access web tool capable of predicting the
retention time of various analytes and estimating (enantio)separation
based on retention time differences.

2. Materials and methods

The chemicals used in the HPLC measurements came from chemical
pools available at the Department of Pharmaceutical Chemistry of
Semmelweis University and Department of Pharmaceutical Industry and
Management of the University George Emil Palade University of Medi-
cine, Pharmacy, Science and Technology of Targu Mures are listed in
Supplementary Document 1 by simplified molecular input line entry
specification (SMILES) codes [19] with corresponding retention times in
each measurement condition. Most compounds were purchased from
reputable suppliers, including Merck, TCI, and LGC Standards. However,
some compounds (e.g. thiourea derivatives) were synthesized at Sem-
melweis University, and their structures were previously confirmed
using NMR, MS, and IR. All substances stored at 4 °C until use. Methanol
(MeOH), acetonitrile (ACN), acetic acid (Acac) and diethylamine (DEA)
were obtained from Sigma-Aldrich, Hungary (Budapest, Hungary).
Chromatographic measurements were carried out on a Phenomenex Lux
Cellulose-1 [Cellulose tris(3,5-dimethylphenylcarbamate)] chiral col-
umn (150 x 4 mm, particle size 5 pm) which was obtained from Phe-
nomenex (Torrance, CA, USA).

2.1. HPLC analysis

LC-UV analyses of the chemical entities of diverse structure were
carried out on an Agilent 1100 HPLC system, consisting of an inline
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degasser (G1322A), quaternary pump (G1311A), automatic injector
(G1329A) paired with sample thermostat (G1330A), column thermostat
(G1316A) and a diode array detector (G1315A) controlled by Agilent
Chemstation B04.03-SP2 software (Agilent Technologies, Waldbronn,
Germany).

Samples were dissolved in MeOH and diluted to a final concentration
of approximately 0.3 mg/mL using pure MeOH then filtered through
0.45 pm pore size PTFE syringe filters. Chromatographic conditions
were constant for every measurement, a flow of 1 ml/min, 20 °C column
temperature and an injection volume of 1 pL were used. Detection
wavelengths were 205, 210, 254, 270, 310 nm. Analysis time was set at
15 min. Measurements were carried out in polar organic mode using
neat MeOH and neat ACN with Acac or DEA as a modifier in a con-
centration of 0.1 %. Each sample was measured in all the four eluents.
Each analyte was injected separately, pure enantiomers, where avail-
able, were used for retention time determination of the chiral materials,
either by spiking the racemic mixture or by injecting separately.

Strict rules were used for analysing the resulting chromatograms.
Only peaks with a signal to noise ratio of at least 50 were evaluated and
peaks with significant broadening were ruled out as well. During eval-
uation another important aspect was to be able to identify a peak on at
least two different detection wavelengths, this rule was applied to
minimise the possibility of evaluating ghost peaks or system peaks as
real results. Taking into consideration the above-mentioned principles
the retention times of each sample were evaluated and used for further
analysis. As a system suitability control after every 50 sample injections,
acetone was injected, and the retention time was compared to those
previously measured retention time of acetone. Retention times of the
standards were subject to a variation of 0.2 min. It should be noted
that in the ACN-DEA mobile phase, a high background absorption was
observed at lower wavelengths, limiting detection to compounds with
strong absorbance at higher wavelengths. When both a racemic mixture
and an enantiomerically pure compound were available, the two sam-
ples were injected consecutively, and the individual enantiomers were
identified based on their retention times (Supplementary Fig. S1).

2.2. Dataset construction

Measurement data and molecular structures corresponding to those
measurements from the HPLC experiments were collected manually and
subsequently processed through an automated workflow to ensure
consistency and reliability. The processing pipeline included two steps:
labelling followed by standardization and was implemented in RDKit
2023.9.4 [20]. During the labelling phase, each measurement was an-
notated based on its specific experimental conditions, including the
solvent composition and modifier used. For standardization, the input
SMILES strings were pre-processed to obtain uncharged and unsalted
forms, selecting the largest fragment in cases of multiple components.
These SMILES were then normalized to isomeric representations and
chirality information were preserved.

2.3. Descriptor and Morgan fingerprint generation

We have used the standardized SMILES codes to generate 3D struc-
tures at pH = 4.5 (for the acid form) and pH = 9 (for the basic form) with
the OPLS4 force field (Schrodinger Suite, Ligprep module) [21]. These
structures were used for 2D/3D descriptor calculation with the DRAGON
7.0 software [22]. Morgan fingerprints (with 1024 bits) were calculated
with RDKit 2021.9.3 package in KNIME (4.6.4) environment. After the
calculation, the descriptors and fingerprints were curated to eliminate
the constant and highly correlated descriptors (intercorrelation limit =
0.997) from the dataset [23].

2.4. Consensus modelling based on PLS and NN algorithms

For consensus modelling, we have combined the traditional partial
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least squares (PLS) regression method [24] with a machine
learning-based neural network (NN) [25] to capture both linear and
non-linear elements in the relationship between the input molecular
descriptors and the output retention times, and therefore to maximize
the performance of the final model. PLS is a classical and well-known
technique, which explores the linear relationship between the refer-
ence (Y) and the input (X) variables with the use of regression co-
efficients (b). The number of latent variables (PLS components or LVs) is
crucial in the modelling, because it affects the performance of the model,
and by selecting the optimal number of LVs, we can avoid overfitting as
well. The number of LVs was determined based on the global minima of
the root mean squared error of cross-validation (RMSEcy) values during
the validation of the model. For the selection of the most important input
variables, we have used genetic algorithm (GA) [26] with a population
size of 100, and 100 iteration circles. PLS regression and genetic algo-
rithm were carried out in MATLAB 2019a (MathWorks, Inc.) with PLS
Toolbox (v. 8.8.1, Eigenvector Research, Inc.). On the machine learning
side of the consensus model, the more complex NN is working with
hidden layers and neurons inside of its architecture to adjust the weights
of the input variables, to maximize the predictive performance of the
model. KERAS neural network (with python deep learning integration in
KNIME) was used for the tasks with three densely connected hidden
layers. The number of neurons was optimized between 100 and 1000 in
a hyperparameter optimization loop [27]. The ReLU activation function
was used in each hidden layer. Model validation involved a 5-fold
iterative and randomized internal cross-validation, an external test
validation with an 80:20 training-to-test split ratio [28], and a permu-
tation test for the detection of possible overfitting. The indexes of the
molecules in the train-test splits were subsequently saved to ensure that
the same splits are used for both PLS-NN and GNN-based modelling. We
have evaluated the models based on the R? values for cross-validation
(R%v) and test validation (R%esy), and the root-mean-squared errors for
both cross-validation (RMSEcy) and test validation (RMSErest). The
performance parameters can be calculated with the following equations:

l_é(}’i -3

R?=1 @

(2)

where y; is the measured value (reference), ¥; is the predicted value, y; is
the average of the measured values and n is the number of samples.

In the consensus modelling, we have used the average values of the
predicted retention times of the compounds, based on the predictions of
the PLS and NN models.

2.5. GNN modelling

GNNs represent a class of neural networks designed to operate on
graph-structured data, enabling the modelling of complex relationships
and interactions between entities. In molecular analysis, GNNs enable
the depiction of molecules as graphs, with atoms as nodes and chemical
bonds as edges, effectively capturing both local and global molecular
features [29-31].

Graph representation for the GNN model were prepared, node em-
beddings with the deepchem 2.7.1 [32] framework utilizing an imple-
mentation of Kearnes et al. work (Supplementary Table S1) [33]. This
method constructed graphs, where the molecule is represented by an
v-dimensional node feature vector (where v is the number of atoms in the
molecule), and a list containing the node pairs that related to an edge
(bond). The features are listed in Supplementary Table S2, and they
include atom type, formal charge, hybridization, hydrogen bonding,
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aromaticity, degree, number of hydrogens, and chirality. These data in
combination produced a 32-dimensional vector representation for each
atom in the molecule.

The GNN architecture consisted of three main components: pre-
message passing layers, message passing layers, and post-message
passing layers. The pre-message passing layers transform the input
node features to prepare them for message passing operations. The
message passing layers, which form the core of the GNN, facilitate the
exchange of information between connected nodes (atoms). Through
multiple iterations, the network aggregates and updates node repre-
sentations based on their local neighbourhoods, enabling the capture of
intricate patterns and interactions within the molecular graph. The post-
message passing layers aggregate the refined node information to
generate a global representation of the entire molecule. To account for
different experimental conditions during retention time prediction, an
embedding layer containing a one-hot encoded environment vector was
concatenated to the molecular representation after the message passing
process.

To incorporate the influence of chromatographic conditions, a one-
hot encoded vector representing the solvent and pH environment was
embedded through a dedicated transformation block (linear layer, batch
normalization, activation, dropout). This solvent embedding was
concatenated with the learned molecular representation after pooling
and passed through the final prediction layers. This design allows the
model to jointly learn the effects of molecular structure and experi-
mental environment on retention time.

The GNN architecture was implemented using PyTorch 1.31.1 [34],
PyG 2.3.0 [35]. Parallelization was carried out with the ray 2.8.0
package [36], meanwhile hyperparameter optimization was performed
with the Hyperopt 0.2.7 package [37]. Experiment tracking was done
using MLflow 2.10.0 [38]. All the experiments were conducted with the
Python 3.9.18 programming language. Cosine weight decay [39] was
employed during training for 300 epochs, and the model parameters
corresponding to the lowest validation loss were used for the final
predictions.

2.6. GNN model webserver

The publicly available webserver was implemented in the Dash
2.15.0 package [40] and bundled into a docker 26.1.4 container [41] to
be run on a webserver.

3. Results and discussion

A total of 535 compounds were analyzed, yielding a dataset of 1,414
retention times. The mean number of atoms was 19.30 + 7.35 and the
average Tanimoto similarity [42] was 0.10 + 0.06 as depicted in Fig. 1.

The low average Tanimoto similarity indicates a high degree of di-
versity within the dataset. Fig. 2 presents a Uniform Manifold Approx-
imation and Projection (UMAP) plot, illustrating the distribution of our
dataset within the drug-like molecular space [43].

The projected descriptors of the compounds in our dataset (blue) are
compared to FDA-approved molecules in the DrugBank dataset (gray).

Number of atoms in the molecules
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The dataset is well-dispersed across the chemical space of known drugs,
indicating that it sufficiently spans the diversity of drug-like molecules.
This broad coverage suggests that the dataset accurately represents a
wide range of chemical properties relevant to medicinal chemists. The
entire dataset was divided into four subsets based on experimental
conditions, and an identical modelling protocol was applied to each: (i)
MeOH-acid, (ii) MeOH-base, (iii) ACN-acid, and (iv) ACN-base.

Table 1 depicts summary statistics of retention times and selected
molecular properties across the full dataset and each solvent condition.
The dataset comprised 1,414 measurements across 535 unique mole-
cules. In the dataset containing all four conditions, the mean retention
time was 2.41 min (SD 0.73), the median was 2.32 min with an inter-
quartile range (IQR) from 1.96 to 2.84 min, and values ranged from 1.07
to 5.57 min. In MeOH acidic (n = 474), the mean retention time was
2.08 min (SD 0.71), the median was 2.08 min with an IQR from 1.41 to
2.51 min, and the range was from 1.07 to 4.31 min. In MeOH basic (n =
470), the mean was 2.34 min (SD 0.61), the median was 2.22 min with
an IQR from 1.89 to 2.70 min, and the range was from 1.44 to 4.32 min.
In ACN acidic (n = 244), the mean was 2.71 min (SD 0.53), the median
was 2.55 min with an IQR from 2.26 to 3.01 min, and the range was from
2.10 to 4.25 min. In ACN basic (n = 226), the mean was 2.95 min (SD
0.79), the median was 2.76 min with an IQR from 2.33 to 3.28 min, and
the range was from 2.11 to 5.57 min. Molecular weight averaged 274.72
overall (SD 101.93), with solvent specific means of 275.86, 275.01,
263.39, and 283.98 for MeOH acidic, MeOH basic, ACN acidic, and ACN
basic, respectively. LogP averaged 2.42 overall (SD 1.78), with solvent
specific means of 2.23, 2.27, 2.55, and 3.00, respectively. Histograms of
the retention time distributions under the four solvent conditions are
provided in Supplementary Fig. S2.

3.1. Influence of molecular properties on retention time

To elucidate the influence of molecular properties on chromato-
graphic behaviour, we examined the correlations between retention
time (t;) and two key molecular descriptors: molecular weight (MW) and
lipophilicity (logP). The analyses were undertaken in all solvents to
assess how solvent composition and pH affect these relationships
(Supplementary Figs. S3 and S4).

Pearson correlation was used to quantify these relationships. As
shown in Supplementary Fig. S5, the distributions of both MW and logP
were approximately normal, with few outliers and no strong skew.

The reported correlations are calculated with Pearson’s method [44].
The correlation between t, and MW was negligible in all environments.
The relationship between ¢, and logP was negligible in all eluents except
in basic methanol where it exhibited a slight positive correlation (r =
0.32). These patterns are consistent with differences in hydrogen
bonding capacity. In acetonitrile, hydrogen bonds can form between the
analyte and the CSP, whereas methanol suppresses this interaction [18,
45,46].

3.2. MeOH-acid model
For the MeOH-acid model, we have developed the PLS model on 380

Tanimoto Similarity
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Fig. 1. Distribution of the number of atoms in the molecules (left side) and Tanimoto similarities (right-side).
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Table 1
Summary statistics of retention times and selected molecular properties across datasets.
Dataset Number of Number of unique Train Test  Retention Time (minutes) Molecular Weight”  LogP*
measurements molecules - R .
Mean (SD) Median (IQR) Min Max Mean (SD) Mean (SD)
Total 1,414 535 1,140 274 2.41 (0.73) 2.32 (1.96-2.84) 1.07 5.57  274.72(101.93) 2.42 (1.78)
MeOH- 474 474 380 94 2.08 (0.71) 2.08 (1.41-2.51) 1.07 4.31 275.86 (107.81) 2.23 (1.86)
Acid
MeOH- 470 470 376 94 2.34 (0.61) 2.22 (1.89-2.70) 1.44 432  275.01 (105.33) 2.27 (1.81)
Base
ACN-Acid 244 244 200 44 2.71 (0.53) 2.55 (2.26-3.01) 210 425  263.39 (94.90) 2.55 (1.60)
ACN-Base 226 226 184 42 2.95 (0.79) 2.76 (2.33-3.28) 2.11 5.57 283.98 (87.97) 3.00 (1.59)

2 Predicted with RDKit 2023.9.4.

training and 94 test compounds. The covered retention time range of the
model was between 1.00 and 4.32 min. Standardization (pre-scaling)
was used both on the input variables (X) and target retention times (Y)
before regression analysis, and five latent variables were included for
the final model according to RMSE¢y values of the cross-validation.
Genetic algorithm has selected 262 variables out of 2723 with an
initial population set of 100 in 100 iteration circles. The performance of
the model is discussed in Supplementary Table S3 together with the
results of NN and the consensus model.

The selected 262 variables were moved forward to the NN model
building, utilizing three hidden nodes with an optimum neuron count
for predicting retention time. In the optimization process the final
number of neurons in the hidden layers were 1000, 518 and 100,
respectively. The same training and test set was used as in the case of
PLS, for consistency. Both the training and test set values were stan-
dardized, and all the validation protocols were consistent with those
utilized during PLS modelling. Finally, the predicted retention time

values from both models were used to estimate the average values in the
consensus model. Supplementary Table S3 contains the performance
parameters for the NN and consensus model as well. The permutation
test proved that neither the PLS, nor the NN models are overfitted. As
shown in Supplementary Table S3, the consensus model outperformed
both the PLS and NN single models based on the R? and error metrics
(especially in the test validation part). Even though the consensus model
provided the most accurate predictions, the two single models are also
acceptable. The predicted vs. measured retention time values based on
the consensus model are plotted against each other in Fig. 3b.

For comparison we also included the GNN model with an R? of 0.51
for the CV set and 0.85 for the test set, considering the fact of the low (n
= 478) sample number as presented in Fig. 4b.

3.3. MeOH-base model

In the case of the MeOH-base model, the dataset contained 376
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a) Combined model

b) MeOH-Acid model
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training compounds and 94 test compounds. The covered retention time
range of the model was between 1.40 and 4.40 min. The same stan-
dardization (pre-scaling) was used as for PLS regression. For variable
selection, we have selected 298 variables out of the 3833 based on the
genetic algorithm. Five latent variables were selected in the final PLS
model. The performance of the model is shown together with NN and the

consensus model in Supplementary Table S3.

The selected 298 variables were used in the NN model as input data.
The optimized number of neurons for the three hidden layers were 1000,
1000 and 100 respectively. The same standardization protocol and
training-test split were used for modelling as in the case of PLS. Finally,
the predicted retention time values were merged with the same data
from PLS, and the average values were calculated for the consensus
model. Both the PLS and NN models were additionally tested with a
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permutation test, which proved that the models are not overfitted
(Supplementary Figs. S6 and S7).

Here, the most accurate model is the consensus one, however these
models are slightly worse than those based on the acid variant. On the
other hand, the consensus model could still provide an R? value above
0.70 even for test validation. Finally, the predicted vs. measured
retention time values based on the consensus model are plotted against
each other in Fig. 3c.

The GNN model performed acceptably, with an R? of 0.59 for the CV
set and 0.75 for the test set as presented in Fig. 4c.

3.4. ACN-acid model

The third consensus model was developed for the ACN-acid dataset.
In this case 200 compounds were used as training set and 44 as test
compounds. The range of the retention time was between 2.10 and 4.30
min. During variable selection, we have reduced the number of variables
to 267 out of 2485. The final model contained 9 latent variables. The NN
model was developed based on the selected 267 variables. In the
hyperparameter optimization phase, the most optimal number of neu-
rons were 769, 1000 and 100 for the three hidden layers respectively.
After the same validation process, the predicted retention time values
were used together with the PLS results for consensus modelling. The
predicted values are plotted against the measured retention time data
based on the consensus model in Fig. 3d. The performance of the single
PLS, NN and the consensus model is summarized in Supplementary
Table S3. The permutation test verified that neither the PLS, nor the NN
models are overfitted.

While cross-validation related performances were better in the case
of PLS, the consensus model could provide a much better performance in
the test validation phase, thus we have selected that one as the most
accurate. The NN model alone would not have been accurate enough for
the prediction, but it was still useful to improve the consensus model
especially in the case of test validation (Supplementary Figs. S6 and S7).
The performance of the GNN model diminished notably, with an R? of
0.02 for the CV set and 0.47 for the test set as presented in Fig. 4d. This
reiterates previous findings, as the GNN model’s performance highly
depends on the sample size (see MeOH-acid and -base models).

3.5. ACN-base model

Finally, a consensus model for the ACN-base dataset was also
developed. Here, the dataset contained 184 compounds in the training
set and 42 in the test set. The range of the retention time was 2.10 and
5.60 min. As previously, the dataset was standardized before modelling.
We have selected 285 variables out of 3482 with the genetic algorithm.
The PLS model contained nine LVs. The developed NN model contained
891, 988 and 525 neurons in the three hidden layers, which were
optimized in a separate hyperparameter optimization loop. The per-
mutation tests have verified that neither the PLS, not the NN models
were overfitted. The predicted retention time values based on the PLS
and NN models have been averaged in the consensus model. The per-
formance of the models is summarized in Supplementary Table S3. In
the case of test validation, the consensus model outperformed the single
ones, while in the CV phase, the PLS model was slightly better. However,
the two single models strengthen each other in the consensus variant.
The final consensus model can predict the retention times with accept-
able accuracy. The predicted and measured retention time values are
plotted against each other for the consensus model in Fig. 3e.

The GNN model’s performance continues to drastically underper-
form, with an R? of —0.08 for the CV set and 0.46 for the test set as
presented in Fig. 4e. In summary, all the four consensus models are
acceptable for the prediction of the retention times, however the MeOH-
acid,MeOH-base and CAN-base models were slightly more accurate than
the ACN-acid model.
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3.6. Combined model

The performance of the combined model was thoroughly evaluated
using PLS and NN based consensus and a GNN approach. In this case, the
GNN model achieved higher R?> and RMSE values compared to the
consensus model: R? of 0.58 and RMSEcy of 0.49 during cross-validation
and an impressive R? of 0.85 and RMSEreg of 0.25 on the hold-out test
set. These results, depicted in Fig. 4a and Supplementary Table S3,
encompass both the aggregated dataset and the individual sub-datasets,
highlighting the model’s robust performance across different data seg-
ments. It is well-established that the performance of deep learning
models is highly dependent on the size and quality of the training
dataset [47]. In this context, the GNN model’s strong performance
suggests that it effectively captures the complex, non-linear relation-
ships among solvents, molecular structures, and retention times inherent
in chromatographic analyses. This capability is particularly advanta-
geous in modelling retention behaviour, where interactions can be
highly intricate.

3.7. Elution order analysis

After evaluating the combined model, we examined whether the
GNN could also predict the elution order of stereoisomers. This analysis
provides a direct measure of the model’s practical value in enantiose-
paration. In MeOH-acid, 58 stereoisomer pairs were identified, of which
32 were experimentally separated, corresponding to 55.17 %. The
average measured difference in retention time for separated pairs was
0.13 + 0.23 min, while the average predicted difference was 0.09 +
0.06 min. The elution order was correctly predicted in 68.75 % of
separated pairs.

In MeOH-base, 56 pairs were identified and 31 were separated,
corresponding to 55.36 %. The average measured difference was 0.12 +
0.18 min, the average predicted difference was 0.08 + 0.06 min, and the
correct elution order was achieved in 77.42 % of separated pairs.

In ACN-acid, 27 pairs were identified and 20 were separated, cor-
responding to 74.07 %. The average measured difference was 0.09 £+
0.11 min, the average predicted difference was 0.04 + 0.03 min, and the
correct elution order was obtained in 80.00 % of separated pairs.

In ACN-base, 31 pairs were identified and 22 were separated, cor-
responding to 70.97 %. The average measured difference was 0.09 +
0.11 min, the average predicted difference was 0.06 £ 0.10 min, and the
correct elution order was achieved in 81.82 % of separated pairs.

3.8. Web server implementation and usage

To facilitate the practical application of our GNN model, we devel-
oped a publicly accessible web server that allows users to predict
retention times of molecules on a cellulose tris(3,5-
dimethylphenylcarbamate) column under polar organic mode condi-
tions. The web server, designed for user-friendliness and requiring
minimal input, is intended to support researchers and practitioners in
the field of chiral chromatography. The web server is freely available for
research purposes at https://chiralscreen.com. Users can submit their
compounds of interest by uploading a comma-separated values (CSV)
file containing two columns: one for the compound name and one for the
SMILES. The SMILES strings must be valid and accurately represent the
correct stereochemistry of the chiral centres to ensure precise pre-
dictions. This straightforward input method allows users to efficiently
process multiple compounds simultaneously. Upon submission, the
server processes the input compounds using the trained GNN model and
predicts the retention times for each compound under all four solvent
conditions studied (MeOH-acid, MeOH-base, ACN-acid, ACN-base).

The predicted retention times are presented in a tabulated format,
allowing users to easily interpret and compare the results across
different solvent conditions. Additionally, the webserver provides the
option to download the results as a CSV file, facilitating further analysis
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or integration into the user’s workflow. This web server is a valuable
tool for various applications. In method development, it assists analyt-
ical chemists in predicting retention times of questionable compounds,
potentially reducing the time and resources required for experimental
trials. When differences exist between the predicted values of the mol-
ecules to be separated, chiral recognition ability is likely to be observed.
An example of web server application is presented in Supplementary
Fig. S8, illustrating the separation of racecadotril enantiomers. The Lux
Cellulose-1 column exhibited enantioselectivity for racecadotril, with
the highest enantioselective resolution observed in acidic methanol.
Furthermore, the web server allows for easy prediction of the enan-
tiomer elution order. It should be noted that the model is not limited to
enantiomers; it is applicable to any type and number of compounds. It
can be used for the separation of chiral and achiral compounds alongside
each other, that is useful for impurity analysis. The enantiomeric elution
order can also be easily deduced from the model, which can be espe-
cially useful when analysing racemic mixtures. The database was
created using the Lux Cellulose-1 column, but our results can also be
applied to columns from other manufacturers containing the same
selector and can also be extrapolated for different column lengths. For
compound screening, it could enable medicinal chemists to rapidly
assess the chromatographic behaviour of large libraries of compounds,
thereby facilitating high-throughput screening processes. Moreover, the
web server can be utilized for educational purposes, demonstrating the
practical application of machine learning in chromatographic prediction
and enhancing the understanding of both chromatography and
computational modelling.

3.8.1. Limitations

While the web server provides a practical and accessible platform for
retention time prediction, users should be aware of its limitations. The
accuracy of predictions is generally higher for compounds that are
structurally like those included in the training dataset. As a result,
compounds that fall outside the chemical space of the training data may
yield less accurate predictions (Supplementary Fig. S9). It is important
to emphasize that axial chirality cannot be specified using the SMILES
code; hence, our model is inapplicable for predicting the separation of
axially chiral compounds. Additionally, the predictions are currently
limited to the specified CSP, the four solvent conditions and the chro-
matographic parameters mentioned in this study. Therefore, retention
times under different chromatographic conditions are not available
currently. It should also be noted that the constructed model predicts
retention times and not retention factors. It is well-known, that retention
time is highly dependent on the applied HPLC system, however the
determination of dead time (tg) on cellulose column in ACN-based or
MeOH-based mobile phase was problematic and unnecessary for our
work. We focused on predicting the difference between peaks rather
than their absolute values. Future developments aim to enhance the
utility of the web server. Plans include expanding the dataset by incor-
porating additional compounds to broaden the chemical space and
improve the model’s generalization capabilities. We also intend to
extend the range of solvent systems and chromatographic parameters
available for prediction, thereby increasing the applicability of the
model to a wider array of chromatographic conditions. Enhancements to
the user interface are also considered to improve usability and incor-
porate features based on user feedback.

3.9. Discussion

The comparative evaluation of the two modelling strategies—the
condition-specific PLS-NN consensus and the global GNN approach-
—highlights a trade-off between predictive sharpness under narrowly
defined circumstances and operational versatility in real-world settings.

Strategic model selection depends critically on analytical workflow
requirements. The PLS-NN consensus approach exhibits superior per-
formance precision under single mobile phase conditions, consistently
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achieving test-validation metrics of RMSEP <0.40 and RZ > 0.70. This
performance profile establishes its utility for standardized analytical
protocols requiring stringent validation criteria, particularly in method
validation, impurity quantification, and regulatory compliance appli-
cations where analytical precision supersedes operational flexibility.

On the other hand, our GNN architecture is highly adaptable in
multi-condition screening scenarios. In this case, the web-based imple-
mentation facilitates SMILES-to-retention conversion with parallel
enantiomeric elution prediction, optimising high-throughput screening
workflows where operational efficiency compensates for minor preci-
sion trade-offs.

Thus, the PLS-NN consensus model offers superior precision for
single-condition optimization, whereas the GNN’s holistic representa-
tion, coupled with web-based deployment, delivers broader applica-
bility and immediate translational impact. Selecting between them
should be guided by the analytical context: local accuracy versus multi-
condition adaptability.

The elution order analysis further illustrates this distinction. The
GNN achieved between 68 % and 82 % accuracy across the four solvent
conditions, showing that it not only predicts retention times but also
reproduces the relative order of stereoisomers with meaningful accu-
racy. This strengthens its role in exploratory and screening contexts,
where knowledge of likely elution order can guide experimental design
even if absolute retention predictions are less precise than those of the
consensus models.

4. Conclusions

This study presents a large, homogeneous dataset containing reten-
tion of 535 structurally diverse molecules on the Lux Cellulose-1 CSP
under four polar organic mode conditions (a total of 1,414 retention
time measurements) and developed two machine learning strategies for
retention time prediction. When modelling each condition separately,
the PLS-NN consensus method generally provide the most accurate re-
sults, routinely achieving R? values over 0.70 and RMSEP values below
0.40 during test-validation. By contrast, in a unified model including all
four conditions, the GNN method excelled with an R? of 0.58 and an
RMSEy of 0.49 in cross-validation, and an R? of 0.85 with an RMSEes
of 0.25 on the external test set. The resulting GNN model was imple-
mented as an open-access web tool. Users can input SMILES strings with
correct stereochemical annotations to predict retention times of new
compounds under each polar organic mode and to approximate enan-
tiomeric separation potential. This resource can optimize method
development by minimizing the necessity for extensive experimental
trial-and-error and assist in compound screening and impurity analysis.
At the same time, several limitations warrant attention. Predictions are
expected to be more reliable for molecules that lie within the broad, but
still finite chemical space of our training set. Additionally, the pre-
dictions extend only to the four tested mobile-phase conditions and
currently focus on retention time. Utilizing over a thousand experi-
mentally obtained data points, we have developed an ML-generated web
server, accessible free at www.chiralscreen.com. Our approach enables
the accurate prediction of retention times on the Lux Cellulose-1 col-
umn, providing a reliable solution to the challenges associated with the
unpredictability of chiral separations.
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