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A B S T R A C T

Quantitative Structure-Property Relationship (QSPR) allows in silico prediction of chromatographic retention time of chemicals from their molecular structure. The 
QSPR approach relies on the principle that retention time is influenced by molecular properties, which can be encoded into chemical-structural descriptors and 
modelled with chemometric techniques. This study focuses on in silico prediction of supercritical fluid chromatography (SFC) retention time. First, we developed a 
novel QSPR model for predicting retention times measured with high-resolution mass spectrometry (SFC-HRMS); then, the same model was adapted to predict 
retention times of a different chromatographic system based on low-resolution mass spectrometry (SFC-LRMS). We used a kernel-based approach to account for 
prediction uncertainties and to leverage the model reliability by defining a structural domain in the chemical space where lower uncertainty is expected. Results 
demonstrated that the proposed approach can predict retention time across two chromatographic systems when considering the reliability domain established with 
the kernel approach. The use of the proposed method for estimating the reliability domain can enhance the application of QSPR models to predict and transfer 
retention times in chromatographic systems similar to those used for the calibration and, consequently, simplify the identification of compounds in untargeted 
analyses and boost the design, development and optimization of novel chromatographic methods.

1. Introduction

Quantitative Structure-Property Relationship (QSPR) is a powerful 
modelling approach with extensive applications in the research field of 
analytical chemistry, specifically for the prediction of retention time (tR) 
[1–5], which is a relevant chromatographic parameter for the structural 
identification of compounds in untargeted analyses. QSPR leverages the 
relationship between the physicochemical properties and molecular 
structural characteristics of chemicals to predict their behaviour in a 
chromatographic system.

The QSPR approach relies on the principle that tR is influenced by a 
complex synergy of molecular properties, such as size, shape, polarity, 
and electronic distribution. By using chemometric techniques, QSPR 
endeavours to establish quantitative relationships between molecular 
descriptors, which encode structural characteristics, and the chro
matographic retention times [6]. This enables the prediction of the 
elution order and separation efficiency of compounds, which is funda
mental in the design and optimization of chromatographic methods. In 
this context, QSPR models serve as important tools for accelerating 

method development, reducing experimental efforts, and providing in
sights into the underlying physicochemical mechanism governing the 
chromatographic process.

In LC− MS experiments, the retention times of compounds provide 
additional evidence to MS/MS spectra for identification of analytes. As a 
result of the high correlation between tR and molecular structure, 
retention time can be used as a filter to eliminate the false positives of 
MS/MS spectra, hence improving the accuracy of the molecular identi
fication [7–9]. Additionally, it can be used in high-resolution mass 
spectrometry (HRMS) as a valid add-on to distinguish isobaric molecules 
in mass-based database searches [10,11]. Among chromatography 
techniques, supercritical fluid chromatography (SFC), which uses su
percritical fluids as the mobile phase for the separation of chemical 
compounds, has been applied for the separation, identification and 
quantification of components in complex mixtures [12]. The ability to 
separate both highly hydrophilic and lipophilic compounds, coupled 
with the advent of more robust instrumentation [12], has resulted in a 
renewed interest in this technique. Recent publications in several 
application fields corroborate its renewed popularity, such as the 

* Corresponding author.
E-mail address: davide.ballabio@unimib.it (D. Ballabio). 

Contents lists available at ScienceDirect

Chemometrics and Intelligent Laboratory Systems

journal homepage: www.elsevier.com/locate/chemometrics

https://doi.org/10.1016/j.chemolab.2025.105435
Received 12 March 2025; Received in revised form 29 April 2025; Accepted 8 May 2025  

Chemometrics and Intelligent Laboratory Systems 263 (2025) 105435 

Available online 8 May 2025 
0169-7439/© 2025 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/ ). 

https://orcid.org/0000-0002-5748-147X
https://orcid.org/0000-0002-5748-147X
mailto:davide.ballabio@unimib.it
www.sciencedirect.com/science/journal/01697439
https://www.elsevier.com/locate/chemometrics
https://doi.org/10.1016/j.chemolab.2025.105435
https://doi.org/10.1016/j.chemolab.2025.105435
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


analysis of drugs and unknown natural products, identification of 
diverse contaminants (i.e., pesticides, antibiotics and their metabolites), 
analysis of additives in food raw-materials and food products, identifi
cation of environmental pollutants in air, water and soil, as well as 
proteomics and metabolomics [6,13–17]. However, this recent interest 
is not sufficient to compensate many years of the diminished attention to 
this technique, resulting in a slow evolution of SFC compared to LC in 
terms of model transfer and prediction of the retention time [18].

In this framework, when a chemical is analysed through different 
chromatographic systems, different tR values are expected, depending 
on the characteristics of the systems. Therefore, individual QSPR models 
should be calibrated for the prediction of tR provided by each chro
matographic system. This workflow is often time consuming and re
quires enough experimental data, which are not always available, to 
adequately calibrate accurate QSPR models. Alternatively, one could 
predict tR of a less represented system using the experimental data 
measured from another (similar) chromatographic system, based on the 
assumption that similar systems should provide similar elution and the 
associated retention times are therefore expected to be correlated [19]. 
Another option is multitask modelling that contemporaneously predicts 
the retention times of multiple systems from the input data, but this still 
requires an adequate amount of data for all tasks in the training step [20,
21]. In this study we propose a novel strategy to develop QSPR models 
for the retention time prediction of pesticides, which can be afterword 
transferred for the accurate prediction of tR of a different experimental 
chromatographic system. In particular, models were initially trained and 
validated to establish the quantitative relationship between molecular 
structure and tR in SFC coupled to high-resolution mass spectrometry 
(HRMS) and then applied for the prediction of tR still in SFC but with 
unitary (low)-resolution mass spectrometry (LRMS). The model reli
ability was leveraged with the support of an innovative kernel-based 
approach for determining the uncertainty associated to the model pre
dictions. This type of approach can enhance higher applicability of QSPR 
predictions in untargeted analyses, that is, expanding the application of 
individual QSPR models to predict retention times in chromatographic 
systems similar to those used for the calibration and thus simplifying the 
identification of compounds [22].

2. Materials and methods

2.1. Chromatographic retention time dataset

Experimental chromatographic retention times (tR) of pesticides 
were retrieved from two studies, where carbon dioxide and methanol 
were used as the mobile phase and modifier, respectively. Different 
experimental set-up of supercritical fluid chromatography (SFC) in 
terms of gradient elution and chromatographic columns were used.

Ishibashi et al. [23] measured the retention time of 525 multiresidue 
pesticides by means of SFC-HRMS, that is, SFC coupled to a 
high-performance benchtop quadrupole Orbitrap mass spectrometry 
(SFC/Q Exactive) integrated to an automated library-based detection. 
The SFC mobile phase consisted of supercritical carbon dioxide as sol
vent A, and methanol with 0.1 % ammonium formate as solvent B. The 
percentage of solvent B was increased from 5 % to 30 % to accommodate 
varying pesticide solubility levels. The column was an inertsil ODS-EP 
(250 × 4.6 mm i.d. and particle size equal to 5 μm) with polar 
embedded reverse phase particles. The MS operated in full scan 
acquisition.

In another study, Cutillas et al. [24] measured the retention time of 
215 pesticides by SFC coupled to unitary (low)-resolution (LRMS) mass 
spectrometry (SFC-LRMS). The carbon dioxide mobile phase was mixed 
with methanol 1 mM of ammonium formate, and the gradient elution 
was set as follows: the percentage of the modifier was kept constant at 1 
% for 2 min, then it was increased linearly to 4 % at min 4 and 8 % at 
minute 8. After 1 min, the modifier percentage increased to 40 %, and 
this condition was kept for 2 min. Methanol containing 5 mM 

ammonium formate, 0.1 % formic acid, and 5 % of water was used as 
make-up solvent at a flow rate of 80 μL/min. A C18 Shimpack UC-X RP 
(3 μm, 250 × 2.1 mm) stationary phase column was used.

The pesticides reported in Ishibashi’s study but not associated with 
their exact isomer were excluded (4 compounds), with the exception for 
those pesticides that had negligible difference in their retention indices 
(3 molecules) or were also included in Cutillas’s study (4 pesticides). 
These isomers were considered as a single entry and the average tR was 
calculated. Then, the chemical formula, PubChem CID, CAS registry 
number and the .sdf file format of 3D conformers for each chemical were 
retrieved from the PubChem open access library [25]. We further 
excluded chemicals for which geometry optimization failed, that is, 1) 
disconnected pesticides, 2) charged compounds and 3) molecules with 
silicon and tin atoms.

Finally, a total of 438 pesticides were retained from Ishibahi’s study 
and 213 pesticides from Cutilla’s study. For the sake of simplicity, we 
hereinafter refer to the retention times measured in the Ishibahi’s study 
as the HRMS tR and those measured in Cutilla’s study as the LRMS tR. The 
two studies share a total of 159 pesticides, which have experimentally 
measured tR in both experimental settings. The dataset, including the 
information on the chemicals structures and the experimental values of 
HRMS and LRMS retention times, is freely available for download [26].

2.2. Geometry optimization and calculation of molecular descriptors

QSPR establishes the mathematical relationships between molecular 
properties and structural characteristics of chemicals, which are 
numerically encoded by molecular descriptors. Molecular descriptors 
(MDs) are obtained by algorithms that transform the information 
encoded within a symbolic representation of a chemical into a number. 
Thousands of descriptors have been proposed in literature, which 
encode very different features of the molecular structure [27].

It is important to select a proper representation of the molecular 
structure to calculate the appropriate molecular descriptors. We selected 
the .sdf file format, which allowed to compute the atomic partial charges 
by means of the web-based tool Atomic Charge Calculator II [28]. 
Specifically, we employed the Electronegativity Equalization Method 
(EEM) using the B3LYP/6-311G/NPA parameterization [29]. In a recent 
study, this robust quantum mechanics (QM) approach has been applied 
for the development of quantitative structure-retention relationships for 
the prediction of chromatographic tR of diverse antineoplastic drugs 
[30].

We initially applied an a-priori knowledge-based selection of de
scriptors that should exhibit proper relationships with the modelled 
property, that is, the chromatographic retention time. Chromatographic 
properties are expected to be mainly correlated to molecular charac
teristics related to size, shape, polarity, and electronic distribution [2–4,
31]. In particular, the following types of 2D and 3D descriptors were 
calculated: constitutional, charge, molecular properties, e-state indices, 
atom-centred, functional groups, connectivity, “shape” (Petitjean, Kier, 
Randic), Pelikan, geometrical, WHIM. These chromatographic-based 
molecular descriptors were computed by the Dragon software [32].

2.3. Dataset splitting for model development

QSPR modelling requires strict validation procedures to avoid model 
overfitting and get a reliable estimate of the predictive capability of 
models. To this end, we organised the data as detailed in the following. 
The 438 selected pesticides from Ishibashi’s study, associated with 
experimental HRMS tR, were used to train and validate QSPR models. 
The dataset was therefore randomly divided into training (333 chem
icals, corresponding to 76 % of the set) and validation (105 compounds, 
24 %) sets: training molecules were used to select molecular descriptors 
and calibrate QSPR models, which were then applied to predict tR of 
pesticides included in the validation set. Random selection was used 
because a rational approach, such as the Kennard-Stone algorithm, is not 
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advisable when combining modelling with descriptor selection, as the 
chemical space changes drastically from the initial to the final set of 
descriptors.

As described above, 159 out of 213 pesticides from Cutillas’s study, 
associated with experimental known LRMS retention times, are also 
included in the Ishibashi’s study. Thus, there are 54 pesticides for which 
only the tR measured in LRMS is known. These pesticides were not 
present in the training nor in the validation set used for model devel
opment and, therefore, they were used as external test set to further 
validate models and determine if we can accurately predict LRMS tR by 
QSPRs trained with HRMS tR. The size of training, validation, and test 
sets along with the overlaps of the experimental values of HRMS and 
LRMS tR are represented in Fig. 1.

2.4. QSPR modelling and descriptor selection

The most critical step in QSPR studies is the definition of the model 
and the selection of the optimal set of molecular descriptors. In the 
framework of Quantitative Structure-Retention Relationships (QSRRs), 
Ordinary Least Squares (OLS) is the most used regression method to 
establish the relationship between tR and molecular descriptors [33]. 
However, OLS suffers from the inclusion of a large number of descriptors 
and the associated presence of redundancy. Moreover, the presence of 
irrelevant descriptors can change the underlying data patterns and 
unfavourably influence the estimation of model coefficients.

Therefore, an initial reduction of the number of descriptors was 
carried out by means of the V-WSP procedure [34], which aims at 
decreasing multicollinearity and redundant information with the unsu
pervised selection of a representative set of descriptors based on linear 
correlation. V-WSP requires the selection of a correlation threshold (0.9 
in this study) and an initial molecular descriptor (seed) to perform the 
reduction (we used the molecular weight).

Subsequently, genetic algorithms (GAs) were used for supervised 

selection of the optimal subset of molecular descriptors [35]. GAs mimic 
the evolution of biological populations of chromosomes, which in this 
framework are binary vectors representing the presence or absence of 
molecular descriptors in the QSPR models. An initial random population 
of chromosomes was evolved through genetic operations (crossover and 
mutation), which generated new chromosomes by coupling the chro
mosomes of the initial population and optimising a defined fitness 
function, that is, the minimisation of the prediction error in 
cross-validation in this study. Internal cross-validation was carried out 
splitting the chemicals of the training set into 5 cancellation groups on 
the basis of a stratified venetian blind approach. The detailed list of 
settings used for the evolution of genetic algorithms is provided in 
Table S1 of the supplementary material.

Finally, the regression performance of the models was assessed with 
the coefficient of determination for training (R2) and validation (Q2) 
[36] and the mean absolute error (MAE), as already reported in the 
literature [19]: 

MAE =

∑n

i=1
|yi − ŷi|

n
(1) 

where n is the number of molecules, yi and ŷi are the experimental and 
the predicted tR for the i-th molecule, respectively. We calculated the 
coefficient of determination considering the tR values in logarithmic 
scale and the mean absolute error considering the tR values in the 
original scale (minutes).

2.5. Structural-based prediction reliability mapping

QSPR models are data-driven models, that is, they depend on the 
training data that were used in the model calculation. Therefore, for an 
adequate evaluation of the model generalization ability, it is common 
practice to define the boundaries of the response/descriptor space in 
which the model predictions can be considered reliable [37]. This space 
is generally referred to as the model applicability domain (AD). We used 
a model-independent confidence estimation to quantify the uncertainty 
of the predictions in the chemical-structural space; the confidence esti
mation here depends both on the location of the training objects within 
the chemical space and their associated prediction errors [38]. The 
selected method has been recently proposed [39] in the framework of 
consensus modelling to enhance the definition of specific regions within 
the chemical space where lower uncertainty is expected. Following the 
same principle, we adapted the confidence estimator to the output of 
individual regression models, considering the distribution of the model 
errors in the chemical space. In particular, kernel-based potential 
functions centred on each training object were used to calculate a po
tential score that quantify the reliability of predictions in each point of 
the chemical space: the higher the potential score, the higher the belief 
the compound located in that specific region of the chemical space is 
predicted with lower uncertainty.

The potential score calculation is the following: let X (n × p) be a 
training dataset, including n chemicals and p molecular descriptors, and 
let t (p × 1) be the vector with the values of the p molecular descriptors 
for a new compound t, then, the prediction reliability estimation for t is 
obtained by the following potential score Pt: 

Pt =
1
hp ⋅

∑n

i=1
wi⋅
∏p

j=1
k
(
tj, xij

)
(2) 

where k
(
tj, xij

)
is the kernel smoothing function (eq. (3)) that estimates 

the structural similarity between the compound t and each i-th training 
sample on the basis of each j-th molecular descriptor (xij and tj being the 
values of the j-th descriptor for the i-th training sample and the com
pound t, respectively); h is a tuning parameter known as the bandwidth 
and wi is the weighting factor for the i-th training sample, which 

Fig. 1. Number of chemicals included in the training, validation, and test sets 
along with the overlaps of the experimental values of HRMS and LRMS reten
tion times (in italics).
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accounts for the magnitude of its prediction error.
Among the many available kernel smoothing functions, we used the 

Epanechnikov kernel defined as [40]: 

k
(
tj, xij

)
=

3
4

⋅
1̅
̅̅
5

√

(

1 −
u
(
tj, xij

)2

5

)

if k
(
tj, xij

)
> 0,0 otherwise (3) 

where u
(
tj, xij

)
is the one-dimensional dissimilarity metric defined as: 

u
(
tj, xij

)
=

tj − xij

h
(4) 

Finally, the weighting factor wi for the i-th training sample was 
calculated as: 

wi = 2 exp

(

−
(ŷi − yi)

2

MSE

)

− 1 − 1 ≤ wi ≤ +1 (5) 

where yi and ŷi are the experimental and predicted responses for the i-th 
training sample, respectively, and MSE is the mean squared error of the 
model: 

MSE=
1
n

⋅
∑n

i=1
(ŷi − yi)

2 (6) 

Hence, the training objects are weighed by their model errors, which 
are estimated by a function of the relative predicted residuals; these 
weights are constrained between − 1 (in the case of high residuals) and 
+1 (in the case of no residuals). The training compounds that contribute 
more to the positive potential value Pt (eq. (1)) are those with small 
prediction errors. Therefore, a point in the chemical space surrounded 
by structurally similar training compounds with small residuals will 
have high potential score, that is, a new compound located in that point 
will have low uncertainty in its prediction.

To define the chemical space of the proposed QSPR models, we 
calculated the 1024-bit Extended Connectivity Fingerprints (ECFPs) as 
the molecular descriptors and then applied the MultiDimensional 
Scaling (MDS) method to reduce the data dimensionality [41]; hence, 
the chemical-structural space was defined by the first five MDS di
mensions (i.e., p = 5), that is, tj and xij in equations (2)–(4) refer spe
cifically to the j-th MDS dimension of the t-th point in the chemical space 

and the i-th training sample, respectively.

2.6. Software

Molecular descriptors were calculated by Dragon 7 software [32]. 
OLS regression and GAs were calculated by means of the Regression 
toolbox for MATLAB [42]. Data to reproduce the results obtained in this 
study, including experimental tR and molecular descriptors, are avail
able for download [26].

3. Results

3.1. Transfer function between chromatographic systems

As previously shown in Fig. 1 and 159 pesticides were associated to 
both experimental HRMS and LRMS retention times: the relationship of 
HRMS tR (Ishibashi) vs LRMS tR (Cutillas) for this set of chemicals is 
shown in Fig. 2. Given the correlation between the two experimental 
retention times, a QSPR model trained on HRMS tR can be expected to be 
sufficiently accurate to also predict the LRMS tR by transferring the 
predictions with the quadratic model shown in Fig. 2 (R2 equal to 
0.867). Coefficients of the transfer model are listed in Table S2. More
over, for the subsequent modelling phases, experimental tR was log 
transformed, since this transformation allowed a more suitable distri
bution of tR values for linear modelling (Fig. S1).

3.2. Descriptor selection and QSPR model calculation

The initial set of 511 calculated molecular descriptors, including 
Dragon 2D and 3D descriptors (i.e., constitutional, charge, molecular 
properties, e-state indices, atom-centred, functional groups, connectiv
ity, “shape” (Petitjean, Kier, Randic), Pelikan, geometrical, WHIM), was 
reduced to 227 descriptors through the application of the V-WSP 
approach and removal of constant and almost-constant descriptors (less 
than 5 % of values different from zero). After this initial screening, the 
retained molecular descriptors were used as the independent variables 
to model HRMS tR in the subsequent supervised selection based on GAs 
coupled with OLS regression. The maximum number of descriptors to be 
selected by GAs was set to 10 in order to get parsimonious and simple 
linear models.

Among the final population of models generated by GAs (Table S3), 
we selected two models, one based on 10 molecular descriptors (model 
ID M10) and a more parsimonious model, which included 4 descriptors 
(model ID M04). We chose these two models because the former (M10) 
was associated with the best fitness function, i.e., the lowest prediction 
error in cross-validation, while the latter (M04) ensured a good balance 
between predictive ability and simplicity, being very low the number of 
included descriptors. Interestingly, both models exclusively utilized 
conformation-independent molecular descriptors, corroborating the 
findings of previous QSPR models developed for the prediction of 
retention time in liquid chromatography (LC) [1,2,5]. Moreover, the 
calculation of 3D descriptors depends on the conformational states of the 
molecule and their optimization involves significant computational cost 
and time.

In particular, the model M10 included MLogP, three constitutional 
indices (mean atomic van der Waals volume, percentage of halogen 

Fig. 2. Plot between HRMS tR (Ishibashi) vs LRMS tR (Cutillas) for the 159 
chemicals associated to both experimental values of retention times. The orange 
function represents the quadratic transfer model between the two chromato
graphic systems. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the Web version of this article).

Table 1 
Regression performance of the QSPR models when predicting HRMS tR: coeffi
cient of determination for training (R2) and validation (Q2) and MAE (in mi
nutes) for training (333 chemicals) and validation (105 chemicals) sets.

R2 Q2 mean absolute error MAE on HRMS tR

Model ID Descriptors Training (333) Validation (105)

M10 10 0.77 0.70 0.651 0.894
M04 4 0.69 0.64 0.732 0.953
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atoms, number of Fluorine atoms), two functional group counts (number 
of ethers (aromatic) and number of sulfenic (thio-) acids), two atom- 
centred fragments (N-068, O-060), one Atom-type E-state index 
(NssCH2) and one molecular property (SAdon, surface area of donor 
atoms from P_VSA-like descriptors). The model M04 was instead 
comprised of two constitutional indices (number of Fluorine atoms and 
mean atomic van der Waals volume), the number of donor atoms for H- 
bonds and a connectivity index. The full list of molecular descriptors 
included in the two QSPR models and their standardised regression 
coefficients are listed in Table S4 and Table S5 of the supplementary 
material.

Considering training and validation sets, both the calculated models 
have satisfactory prediction performance when predicting HRMS tR: the 
model M10 has values of R2 and Q2 equal to 0.77 and 0.70, while the 
mean absolute error (MAE) is equal to 0.651 and 0.894 min for training 

and validation sets, respectively; the model M04 has R2 and Q2 equal to 
0.69 and 0.64 and MAE equal to 0.732 and 0.953 min, respectively. The 
regression performances are shown in Table 1, while in Fig. 3 experi
mental vs predicted log HRMS tR of both models are shown.

The mean absolute modelling errors should be considered in the light 
of the fact that the retention mechanism in SFC is strongly affected by 
pressure, temperature and modifier concentration, which is a crucial 
factor governing the retention, and different design of instruments and 
specific operating conditions can lead to differences when measuring 
retention times [43,44].

3.3. QSPR model transfer

The two developed QSPR models M04 and M10, coupled with the 
transfer function shown in Fig. 2, were later used to predict LRMS tR for 
the 213 compounds with known experimental retention time in SFC- 
LRMS. More specifically, we applied the QSPR models to predict the 
retention times in SFC-HRMS of chemicals and, subsequently, these 
predictions were used as input of the transfer function (shown in Fig. 2) 
to obtain the retention times in the new chromatographic system (SFC- 
LRMS). The performance of this prediction approach is reported in 
Table 2. We evaluated the accuracy of LRMS tR prediction for the 159 
common chemicals that were within the training and validation set used 
to calibrate the QSPR models; for this subset of chemicals, the mean 
absolute error (0.817 and 0.842 for model M10 and model M04, 

Fig. 3. Experimental vs predicted log HRMS tR for model M10 (a) and model M04 (b): training chemicals in blue, validation chemicals in yellow. (For interpretation 
of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Table 2 
Regression performance of the QSPR models when predicting LRMS tR: MAE (in 
minutes) for training and validation (159 chemicals) and test (54 chemicals) 
sets.

mean absolute error MAE on LRMS tR

Model ID Descriptors Training and validation (159) Test (54)

M10 10 0.817 1.241
M04 4 0.842 1.262

Fig. 4. Experimental vs predicted LRMS tR for model M10 (a) and model M04 (b): training and validation chemicals in blue, test chemicals in red; chemicals with 
negative residuals lower than − 2 are marked in dark colours. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web 
version of this article.)
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respectively) was in agreement with the regression performance ach
ieved on HRMS tR (Table 1). However, when predicting LRMS retention 
time for the test set, we noticed an undesirable decrease of the prediction 
accuracy, with MAE values increasing to 1.241 and 1.262 for the M10 
and M04 model, respectively (Table 2).

However, higher prediction errors could be somehow expected, since 
the LRMS retention time was predicted by means of QSPR models 
trained with experimental data that were acquired by a different chro
matographic system (HRMS) and with the application of the transfer 
function. Anyway, when looking at the plot of experimental vs predicted 
LRMS tR (Fig. 4), it is interesting to observe that the majority of test 
chemicals (light red squares) have residuals comparable to those of the 
majority of training and validation chemicals (light blue circles), except 
for a small group of compounds, which have considerably higher 
negative residuals. This group of chemicals includes test compounds 
(dark red squares in the plot) with experimental LRMS tR in the range 
between 4 and 7 min. A similar pattern is also present when looking at 
training and validation chemicals, where a limited number of molecules 

have predicted LRMS tR noticeably lower than experimental LRMS tR 
(dark blue circles).

3.4. Structural-based estimation of model prediction uncertainty

To compensate for such high residuals, a structural-based model 
applicability domain was defined as an additional tool to set up a more 
reliable prediction system of retention times. Our goal was to enhance 
the identification of compounds with potential high uncertainty in 
prediction. To this end, we used a recently proposed approach to assess 
the degree of model accuracy in the chemical space, which can assist the 
prediction uncertainty mapping and the definition of those regions of 
the chemical structural domain where QSPR models are expected to 
have better accuracy [39]. The uncertainty mapping was carried out 
with kernel-based potential functions: the higher the potential of a 
compound, the higher the confidence in its model prediction.

In particular, the chemical space was defined by the scores of 
Multidimensional Scaling (MDS) calculated on the molecular 

Fig. 5. Violin plots of the LRMS prediction absolute errors tR for training and validation sets, test set and for test molecules located in the reliability domain (RD) for 
model M10 (a) and model M04 (b).

Fig. 6. Projection of compounds into the reduced chemical space defined by the first 2 MDS dimensions; training and validation (circles) molecules are coloured in 
blue and test (squares) molecules in red; chemicals with differences between experimental and predicted LRMS tR lower than − 2 min are coloured in dark colours, as 
in Fig. 4; the contour lines graphically highlight the regions associated to the highest potential. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the Web version of this article.)
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Table 3 
Test chemicals with LRMS tR model residuals lower than − 2 min: chemical name, CAS number, experimental and predicted LRMS tR (minutes), inclusion in the M10 
model reliability domain.

Id Chemical name CAS number exp LRMS tR – 2021 (min) exp LRMS tR – 2018 (min) pred LRMS tR (min) M10 reliability domain

M099 Methomyl 16752-77-5 4.1 3.1 1.6 out
M496 Ametoctradin 865318-97-4 6.7 – 4.5 out
M500 Chlorotoluron 15545-48-9 6.0 – 2.2 out
M506 Difenoxuron 14214-32-5 6.5 – 3.7 out
M509 Ethirimol 23947-60-6 5.6 4.7 2.7 out
M511 Fenamiphos-sulfoxide 31972-43-7 4.4 2.7 1.9 out
M515 Fenuron 101-42-8 5.0 – 2.2 out
M519 Isoproturon 34123-59-6 4.5 – 1.9 out
M523 Methiocarb-sulfone 2179-25-1 5.0 4.3 2.2 out
M524 Methiocarb-sulfoxide 2635-10-1 5.6 4.8 2.1 out
M527 Monuron 150-68-5 6.0 – 2.4 out
M528 Neburon 555-37-3 6.3 – 2.5 out
M540 Spirotetramat 203313-25-1 4.4 2.9 2.2 in
M544 Tritosulfuron 142469-14-5 4.8 – 2.8 in

Fig. 7. CAS number and chemical structure of the test chemicals with differences between experimental and predicted LRMS tR lower than − 2 min.
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fingerprints (FPs) of the training molecules. Binary extended connec
tivity fingerprints (ECFPs) with 1024 bits encoding the relevant struc
tural features of molecules were used, since they provide a holistic and 
comprehensive representation of molecular structures [27]. The pair
wise similarities between molecules were calculated by means of the 
Jaccard-Tanimoto metric [45] and used as input for MDS [41], which 
reproduces the similarity/diversity relationships of all the pairs of 
molecules through a projection into a low-dimensional space. The first 
five MDS dimensions were used to define the chemical space.

The kernel potential functions were calculated by means of the 
Epanechnikov smoothing function with bandwidth equal to 0.8 and 0.6 
for models M10 and M04, respectively, which were selected with a trial- 
and-error procedure looking at prediction accuracy over the validation 
set. Looking at the accuracy of predictions of the validation chemicals 
over the different potential levels, we set a threshold of the potential to 
define the reliability domain (RD), that is, the region of the chemical 
space where predictions for the validation set were found to be most 
accurate. Finally, the reliability domain was defined using the joint 
training and validation set, so as to have a better representation of the 
chemical space for the subsequent application of the procedure to the 
molecules of the test set.

All the test compounds were screened on the basis of the calculated 
potentials and only the test compounds located in the reliability domain 
were retained (test RD). In this region of the chemical space, the model 
performance is quite satisfactory: the filter by prediction uncertainty 
estimation enhances the model performance reducing the mean absolute 
error for test compounds from 1.241 to 0.828 min in the case of model 
M10 and from 1.262 to 0.972 min when considering model M04. This is 
also evident from the distribution of the individual absolute errors for 
LRMS prediction for the compounds included in the training and vali
dation sets, test set and for test molecules located in the reliability 
domain (RD), as shown in Fig. 5: test compounds exhibit greater dis
tribution of errors in prediction, but when considering the RD domain, 
errors on test compounds can be reduced. This magnitude of prediction 
error can be considered acceptable to predict SFC retention time for 
future compounds in the framework of the design, development and 
optimization of chromatographic methods. Of course, the benefit of the 
improvement in predictive capabilities is counterbalanced by the fact 
that the structural-based uncertainty estimation mapping limits the 
model domain with the consequence that a certain number of molecules 
cannot be predicted by our models. In particular, the results refer to 44 
% and 56 % of the test molecules (for models M10 and M04, respec
tively), which were considered within the reliability domain and whose 
predictions were then accepted as reliable.

Fig. 6 provides an illustrative graphical representation of the reli
ability potential mapping in the chemical space. Note that this is a low- 
dimensional approximation of the chemical space, since the kernel po
tential function was calculated on the first 5 dimensions of MDS and here 
we are showing only the first two dimensions, where training and 
validation samples are represented with circles, test chemicals with 
squares and the contour lines graphically highlight the regions in the 
space associated to the highest potential. The molecules with high 
negative residuals, that is between predicted LRMS tR and experimental 
tR (log units) lower than − 2 min, are marked with darker colours. The 
majority of these chemicals lie in the outer part of the region associated 
to the greater reliability. Considering test samples associated with low 
negative residuals, only 2 among 14 pesticides were retained in the 
model reliability domain (Table 3).

3.5. Analysis of anomalous test compounds

Since only a specific group of test molecules was found to be asso
ciated with considerably high prediction residuals, we carried out a 
literature data search to further investigate their anomalous behaviour. 
We focused on the test compounds associated with negative prediction 
residuals lower than − 2 min, which are highlighted in dark red in Figs. 4 

and 6. Fig. 7 shows the molecular structures and CAS numbers for these 
14 pesticides. The retention times of six of these chemicals were 
measured in a previous study of Cutillas published in 2018 [46], where 
the same chromatographic column (Shimpack UC-X RP) was used, but 
with different experimental conditions. In particular, the SFC analysis 
was carried out in a C18 stationary phase column Shimpack UC-X RP (3 
μm, 250 × 2.1 mm) using a Nexera UC chromatographer [46]. Further 
details on the experimental settings are listed in Table S6. The experi
mental retention times for these compounds measured early by the same 
Authors are reported in Table 3 (column “exp LRMS tR 2018”). From the 
data comparison, it is noteworthy that the retention times reported in 
the 2018 study seem to be systematically lower than the experimental 
values the same authors measured in 2021 (collected in column “exp 
LRMS tR 2021” of Table 3), which are more in agreement with our 
predicted LRMS retention times (listed in column “pred LRMS tR”). 
Moreover, 12 out of these 14 anomalous test compounds were associated 
with low prediction reliability (i.e., out of RD) as a consequence of some 
diversity on their chemical structure and/or similarity to those training 
compounds with large residuals.

4. Conclusions

In this study, a novel strategy of QSPR modelling for the in silico 
prediction of retention time of chemicals from their molecular structures 
has been proposed; in particular, this approach enabled the subsequent 
transfer of the prediction of tR to a different chromatographic system.

Models were trained and validated to establish the relationship be
tween molecular structures and retention time in supercritical fluid 
chromatography in high-resolution mass spectrometry and then applied 
for the prediction of retention time in supercritical fluid chromatog
raphy with low-resolution mass spectrometry. We thoroughly validated 
QSPR models and results provided enough accurate predictions for the 
validation compounds. When predicting retention times measured in 
low-resolution mass spectrometry for test compounds, it was necessary 
to leverage predictions with the support of an innovative kernel-based 
approach for determining the reliability associated to the model 
predictions.

We demonstrated that, using an ad-hoc prediction reliability domain, 
enough accurate QSPR predictions of tR measured with different con
ditions with respect to the tR used to train the QSPR model can be ob
tained. In the framework of analytical chemistry and within a controlled 
domain, this can enhance transferability of predictions from different 
chromatographic systems. This type of approach can therefore enhance 
the application of QSPR models to predict retention times in chro
matographic systems similar to those used for the calibration. This can 
simplify the identification of compounds in untargeted analyses and 
therefore boost the design, development and optimization of novel 
chromatographic methods.
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