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Abstract 9 

The development of quantitative structure-retention relationship (QSRR) models has, until 10 

recently, required an adequate selection of molecular descriptors necessarily obtained based on 11 

a known chemical structure. However, these complex descriptors are not always available nor 12 

calculable when the high-resolution mass spectrometry (HRMS) annotation process is 13 

underway. Depending on the level of annotation, many structures or even various molecular 14 

formulas could be candidates. To secure and improve the annotation process and to save time, 15 

a QSRR model (using only 0D molecular descriptors) to predict retention times in reverse-16 

phase liquid chromatography (RPLC) based on the molecular formula was developed, and a 17 

general QSRR annotation-based methodology was also proposed.  18 
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1. Introduction 22 

As mentioned by Schymanski and colleagues [1], the increased availability of high-resolution 23 

mass spectrometry (HRMS) for chemical analysis has improved the detection and identification 24 

of a large variety of compounds in environmental, food, human and other samples. The 25 

discovery of unexpected, emerging compounds/contaminants and their by-products or/and 26 

metabolites through suspected and non-targeted approaches is gaining increasing attention and 27 

has opened new horizons in many fields, including food safety, ecotoxicology, the environment 28 

and health. Nevertheless, the process of moving from annotation to identification can be time-29 

consuming, complex and difficult. The prediction of liquid chromatographic retention times 30 

(RTs) by different approaches can be an useful and operational way to efficiently discriminate 31 

and select between several molecular formulas (annotation level 5 to 4 based on the work of 32 

Schymanski et al. [1]) and between several molecular structures (annotation level 4 to 3, and 3 33 

to 2 based on the work of Schymanski et al. [1]).  34 

To predict liquid chromatographic RTs, various quantitative structure-retention relationship 35 

(QSRR) strategies using diverse molecular descriptor type (0D to 4D) and sets (MDs) and 36 

different machine-learning algorithms have been investigated [2-12]. These strategies rely on 37 

logKow model with a simple linear regression [13] and/or to go further concerning 38 

performances, on more complex in silico approaches based on artificial neural networks 39 

(ANNs), support-vector machines (SVMs), random forest (RF) and others [3, 4, 11, 14] and 40 

used various sets of MDs and various type of molecular descriptors from 0D to 4D. In each of 41 

the above-mentioned cases, a set of MDs based on a molecular structure is required to predict 42 

the corresponding RT. And even for the model using simple linear regression and logKow, the 43 

structure of the molecule is required. Nevertheless, these types of descriptors are not always 44 

available nor computable when the process of annotation is in progress. In fact, depending on 45 
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the level of annotation (e.g. level 4 of Schymanski et al. [1]), many molecular formulas or 46 

molecular structures could be candidates (e.g. level 3 and 2 of Schymanski et al. [1] article).  47 

The aim of this study was, firstly, to develop a QSRR model based solely on the molecular 48 

formula, without any other more complex molecular descriptors, in order to help the analyst in 49 

his selection process of the most probable molecular formula among several potential molecular 50 

formulas. For this reason, only constitutional descriptors (0D) have been retained for this first 51 

step. Then, a second objective was to develop a methodology, still based on QSRR models, to 52 

improve and secure the annotation process. 53 

 54 

2. Materials and Methods 55 

2.1 Dataset 56 

The dataset included 792 RTs of pesticides obtained on an ultra-high-performance liquid 57 

chromatography (UHPLC) system equipped with a reverse-phase column (conditions described 58 

in Table 1). No software was used to calculate the MDs of the compounds. The MDs are related 59 

to the numbers of each atom in the atomic composition of the molecules – which are called also 60 

constitutional descriptors or 0D: carbon (nC), hydrogen (nH), nitrogen (nN), oxygen (nO), 61 

phosphorus (nP), sulphur (nS), fluorine (nF), chlorine (nCl), bromine (nBr), iodine (nI) and 62 

halogen (nX) (sum of all halogens as a complementary descriptor). 63 

In the end, 792 pesticides, their RTs and 11 MDs constituted the dataset (SM1).  64 

 65 

2.2 QSRR model development 66 

The previously constituted dataset containing the pesticides (792), their MDs (11), and their 67 

corresponding RTs was used to select the best algorithm among multi-linear regression (MLR), 68 

support-vector regression (SVR) and a multi-layer perceptron (DL). 69 
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In the case of the present work, all the MDs were used, which also eases the model’s 70 

development process. 71 

For MLR model development, a five-fold cross-validation was carried out. For the development 72 

of the SVR and DL models, a grid search was carried out to refine the hyper-parameters, 73 

combined with a five-fold cross-validation to avoid any bias in the learning process.  74 

For SVR, the hyper-parameters tuned were: 75 

- The kernel is a radial basis function (rbf) 76 

- Gamma value: 0.001 to 1000 77 

- C value: 0.001 to 1000 78 

For DL, the hyper-parameters tuned were: 79 

- Number of hidden layers constituted each by a number of neurons equal to the number 80 

of MD used as inputs: 1 (1 layer constituted by 11 neurons) to 5 (5 layers constituted by 81 

11 neurons each) 82 

- The activation function among: ReLu and logistic 83 

- The alpha value: 0.1 to 10 84 

- The solver function among: Adam, SGD and Lbfgs. 85 

The data were standardized (mean-centred) to accelerate and enhance the training and the 86 

predictions. The entire model’s development was performed on Jupyter Notebook 5.5.0 in the 87 

Anaconda environment.  88 

 89 

2.3 Model validation 90 

The validation of QSRR models using a five-fold cross-validation process is probably the most 91 

important and crucial part of model evaluation. The coefficient of determination (R²) and the 92 

root mean square error (RMSE) were used to evaluate and compare the models with each other 93 

(Table 2). These parameters were also used to determine the error between the experimental 94 
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and predicted RTs in the QSRR models, especially to consider their ability to be generalised to 95 

other substances with unknown RTs. The lower the RMSE and the higher the R² value, the 96 

better the model fits. Mean R² and mean RMSE were measured on the training set (n = 633 97 

pesticides, corresponding to four fifths of the whole dataset), and on the test set (n = 159 98 

pesticides, corresponding to a fifth of the whole dataset). As five-fold cross-validation was 99 

carried out in this work, the mean R² and mean RMSE on the training and test sets were 100 

calculated five times. Moreover, standard deviation of the mean R² and mean RMSE was also 101 

computed to avoid possible bias in the data set.  102 

 103 

3. Results and discussion 104 

3.1 Selection of the best QSRR model 105 

The mean R² values on the training set were 0.51, 0.73 and 0.8 for the MLR, SVR and DL 106 

models, respectively with a standard deviation (SD) of 0.01 or 0.02. The mean RMSE values 107 

on the training set were 1.31, 0.96 and 0.83 for MLR, SVR and DL, respectively with an SD 108 

around 0.03. On the test set, similar results between SVR and DL were observed, with a mean 109 

R² of 0.63 and a mean RMSE of 1.11, in both cases. The performance of the MLR was worse 110 

with a mean R² of 0.47 and a mean RMSE of 1.35 (Table 2). Based on the results shown in 111 

Table 2 and on the fact that SVR is easier to fine tune than DL, the SVR model with the 11 112 

MDs was selected as the final QSRR model based on molecular formula. This model can be 113 

used to predict an RT for a pesticide with a confidence interval of 1.11 min, which represents a 114 

percentage of error values (mean RMSE test set/maximum measured retention time * 100) of 115 

10% as McEachran and colleagues [7] did it in their work. 116 

If we compare the performances of this model based on 0D MDsto a QSRR model based on the 117 

use of only LogP [3], and on the same dataset, we obtain the same range of results. In fact, in 118 

Parinet [3] and in the model named McEachran 1, the mean R² on the internal set was 0.65 and 119 
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on the external set was 0.64 with SD of 0.01 and 0.03, respectively. The mean RMSE on the 120 

internal and external set were 1.11 (SD = 0.01) and 1.12 (SD = 0.03), respectively. Importantly, 121 

it is not feasible to calculate a LogP of any compound without a chemical structure, which 122 

makes the McEachran 1 model from the article of Parinet [3] inoperative in the case of features 123 

annotation of level 5, as defined by Schymanski and colleagues [1]. The use of the model 124 

developed here and based on molecular formula, which has a percentage of error of about 10%, 125 

can be adapted to the different cases encountered by the analyst. Based on the QSRR 126 

predictions, we will be able to rank the chemical formulas according to the difference between 127 

the expected and modelled retention time. An initial strategy to select the best candidate 128 

chemical formula would be to retain the one with the lowest deviation and reject all the others, 129 

regardless of the value of the deviation. If in another situation, we obtain more than two 130 

chemical formulas with predicted retention times lower than the RMSE, then it will be possible 131 

to retain these two chemical formulas and continue the annotation process by relying on the 132 

other indicators, namely the MS² spectrum and/or the isotope profile. This QSRR model tool is 133 

a decision support tool, no more and no less, and must be used on a case-by-case basis. 134 

If we compare the performances of the QSRR model developed in this article, based on 0D 135 

MDs, to more complex QSRR models in terms of MD, and based on molecular structures used 136 

and applied to the same data set [3], we obtain poorer results, as expected. In fact, in Parinet 137 

[3], the best QSRR model obtained was the model named McEachran 3, which used eight 138 

descriptors (LogP, LogD, Molecule weight, Molecule volume, Molar refractivity, PSA, H-139 

Donor, and H-Acceptors), these MDs belonging to 0D to 2D type of molecular descriptors.  140 

These MDs when associated with an SVR algorithm, allowed him to get the following 141 

performances with a R2, mean a RMSE and a percentage of error values of 0.85, 0.69 min and 142 

6% measured on the external dataset, respectively. Here again, it is not feasible to calculate any 143 

kind of MD used in the McEachran 3 model without a chemical structure, which makes this 144 
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model, regardless of its performances, inoperative in the case of feature annotation of level 5, 145 

but particularly efficient for level 4 to 2 according to the work of Schymanski and colleagues 146 

[1]. 147 

 148 

3.2 Annotation methodology based on the work of Schymanski and colleagues (2014) and 149 

with the help of QSRR  models 150 

3.2.1 Levels 1 and 2: structure identification 151 

At level 1, as a reference standard is required, a high level of confidence in the process of 152 

identification is reached. A perfect match (according to SANTE/11312/2021 guidelines [15]) 153 

is necessary between the reference standard and the experimental results on the MS (exact mass 154 

and isotope profile), MS² and RT. In this specific case, which assumes the availability of a 155 

reference standard, there is no need to use QSRR-type models. 156 

At level 2 (a and b), it is possible to propose an exact structure using different evidence: MS, 157 

MS² spectra and Library MS²/Experimental data as explained by Schymanski and colleagues 158 

[1]. “Desirable additional evidence” is also recommended to provide “retention behavior”, but 159 

this parameter is not mentioned in their well-known figure entitled “Proposed identification 160 

confidence levels in high resolution mass spectrometric analysis”. Here (Figure 1), we propose 161 

to use different models based on the molecular structures like PredRet (www.predret.org), Retip 162 

[15] (www.retip.app) or the models developed by Parinet et al. [3, 4], among many [12, 14]. 163 

By applying QSRR models dedicated to molecular structures on various plausible structures, 164 

we would be able to select among them the most probable one. Based on the QSRR predictions, 165 

we will be able to rank the molecular structures according to the difference between the 166 

expected and modelled RTs. 167 

As an example, we have shown four plausible structures (structure (1) to (4)) on Figure 1 and 168 

for each structure a RT has been predicted by using a QSRR approach. Based on the RT 169 
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predicted by a QSRR approach and the RT measured experimentally, the following equation 170 

has been used: 171 

Diff. RT = │RT measured – RT QSRR│ (Eq. 1) 172 

Where RT measured is the RT value obtained experimentally and RT QSRR the RT value 173 

predicted by a QSRR approach. 174 

Then, the plausible structures were ranked according to the Diff. RT values. The structure (4) 175 

has been retained by this approach (Figure 1), as the RMSE for the QSRR model (based on 176 

molecular structures) used here was less than 0.6 min. 177 

 178 

3.2.2 Level 3 to 5: substance class, formula or “mass of interest” 179 

At level 3, we are faced with a "grey area" where evidence exists for one or more possible 180 

structures: the exact molecular structure remains speculative. To validate the correct one, or at 181 

least gain more confidence in the different structures among which the correct one is found, we 182 

can also use QSRR molecular structure models as was done for level 2. Following this 183 

approach, we would be able to predict the corresponding RT of the different plausible structures 184 

and compare them to the experimental RT to select one or a sub pool of molecular structures.  185 

At level 4, an unequivocal molecular formula must be defined: a formula that is unambiguously 186 

assigned using spectral information, but without sufficient evidence to propose possible 187 

structures. In this case, we propose to use a QSRR model based on the molecular formula, 188 

developed and detailed previously, to select from the formula found by software such as MF-189 

Finder, Formula Finder, or ChemCalc among others. These formulas were derived from the 190 

exact mass measured in the sample. It will then be possible to select the most likely molecular 191 

formula by comparing the predicted RT with the experimental RT.  192 

As an example to illustrate the process (SM1), we have produced four plausible raw formulas 193 

(MF1 to MF4), based on the exact mass of m/z = 192.076, by using the software ChemCalc 194 
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(www.chemcalc.org) with a mass error (m.e.) less or equal to 10 ppm (absolute value) (Figure 195 

1) : C7H8N6O (m.e. = 0.21 ppm), C9H10N3O2 (m.e.  = - 6.78 ppm), C6H12N2O5 (m.e.  = 7.18 196 

ppm) and C5H6N9 (m.e. = 7.20 ppm). For each molecular formula (MF) a predicted RT has 197 

been produced by using the QSRR model developed in this article and based on 0D molecular 198 

descriptors which are: number of carbon, hydrogen, nitrogen, oxygen, phosphorus, sulfur, 199 

fluoride, chlorine, iodine, bromine, halogen. We have considered an experimental RT for the 200 

feature with an exact mass of 192.076 equal to 4 minutes (Figure 1). The MF1 (C7H8N6O) has 201 

a predicted RT equal to 3.18 minutes, the MF 2 has a predicted RT equal to 3.61 minutes, the 202 

MF 3 has a predicted RT equal to 2.88 minutes and MF4 4 has a predicted RT equal to 4.77 203 

minutes 204 

 By using the RT predicted by the past mentioned approach, the RT measured experimentally 205 

and the Eq. 1, Diff. RT values were generated and used to classify the MF. Hence, if we take 206 

into account the RMSE, then it becomes impossible to choose between MF1, MF2 and MF4. 207 

However, it is possible to remove MF3 from candidate formulas (SM1). What is already 208 

appreciable.  209 

In order to continue to illustrate the usefulness of the approach, we applied the same process to 210 

a second feature characterized by an exact mass equal to 292.0760 and a RT measured equal to 211 

6 minutes. By using ChemCalc we were able to generate the four MFs: MF5 - C21H10NO (m.e. 212 

= - 0.82 ppm), MF6 - C6H16N2O11 (m.e.  = 2.02 ppm), MF7 - C5H10N9O6 (m.e.  = 2.04 ppm) 213 

and MF8 - C4H4N16O (m.e. = 2.06 ppm). All these MFs have a m.e. less than 5 ppm. 214 

By using the QSRR 0D developped and used previously we were able to predict the 215 

corresponding RT (RT QSRR) for each of the four MF. The MF5 (C21H10NO) has a predicted 216 

RT equal to 7.58 minutes, the MF6 (C6H16N2O11) has a predicted RT equal to 5.79 minutes, the 217 

MF7 (C5H10N9O6) has a predicted RT equal to 5.32 minutes and the MF8 (C4H4N16O) has a 218 

predicted RT equal to 7.57 minutes. By measuring their corresponding Diff. RT, and by taking 219 
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into account the RMSE, this approach would led us to remove MF5 and MF8 as probable MF 220 

candidates (SM1).  221 

In order to continue to illustrate the approach, we applied the same process to a third feature 222 

characterized by an exact mass measured equal to 335.024 and a RT measured equal to 8.6 223 

minutes. By using ChemCalc we were able to generate fourteen MFs: MF9 – C17H13Cl2O3 (m.e. 224 

= -0.52 ppm), MF10 – C4ClN18 (m.e.  = -0.55 ppm), MF11 – C5H6ClN11O5 (m.e.  = -0.57 ppm), 225 

MF12 – C9H17Cl4N5 (m.e. = 0.58 ppm), MF13 – C6H12ClN4O10 (m.e. = -0.58 ppm), MF14 – 226 

C9H9N3O11 (m.e. = 0.87 ppm), MF15 – C8H3N10O6 (m.e. = 0.89 ppm), MF16 – C24H3N2O (m.e. 227 

= - 1.61 ppm), MF17 – C14H16Cl3NO2 (m.e. = -1.98 ppm), MF18 – H7Cl2N15O3 (m.e. = 1.99 228 

ppm), MF19 – C2H9Cl2N12O4 (m.e. = -2.02 ppm), MF20 – C12H14Cl3N4O (m.e. = 2.03 ppm), 229 

MF21 – C22HN5 (m.e. = 2.40 ppm), MF22 – C21H6ClN3 (m.e. = -3.06 ppm). All these MFs have 230 

an m.e. less than or equal to 3 ppm. 231 

By using the QSRR 0D developped and used previously we were able to predict the 232 

corresponding RT (RT QSRR) for each of the fourteen MF. MF9 – C17H13Cl2O3 has a predicted 233 

RT equal to 9.05 minutes, MF10 – C4ClN18 has a predicted RT equal to 7.83 minutes, MF11 – 234 

C5H6ClN11O5 has a predicted RT equal to 5.94  minutes, MF12 – C9H17Cl4N5 has a predicted 235 

RT equal to 8.83 minutes, MF13 – C6H12ClN4O10 has a predicted RT equal to 6.87 minutes, 236 

MF14 – C9H9N3O11 has a predicted RT equal to 6.30 minutes, MF15 – C8H3N10O6 has a 237 

predicted RT equal to 5.09 minutes, MF16 – C24H3N2O has a predicted RT equal to 6.90 238 

minutes, MF17 – C14H16Cl3NO2 has a predicted RT equal to 8.78 minutes, MF18 – H7Cl2N15O3 239 

has a predicted RT equal to 7.58 minutes, MF19 – C2H9Cl2N12O4 has a predicted RT equal to 240 

6.93 minutes, MF20 – C12H14Cl3N4O has a predicted RT equal to 8.43 minutes, MF21 – C22HN5 241 

has a predicted RT equal to 5.38 minutes, MF22 – C21H6ClN3 has a predicted RT equal to 8.01 242 

minutes. By measuring their corresponding Diff. RT, and by considering the RMSE (1.1 min), 243 

this approach would led us to remove 8 of the fourteen candidates as probable MF candidates 244 
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(SM1). In this third example we can see the interest of modeling the retention times in order to 245 

help us in our selection of the most probable molecular formulas. 246 

At level 5, the exact mass (m/z) can be measured by HRMS and associated with a corresponding 247 

RT in the case of LC-HRMS analysis. These features (m/z; RT) could be determined in a sample 248 

of interest. Nevertheless, as mentioned by Schymanski et al. [1], level 5 indicates that no 249 

unequivocal information about the structure or formula are available. It is necessary to move 250 

forward in the annotation, at least to level 4, to use QSRR models based on molecular formula.  251 

 252 

4. Conclusions 253 

A QSRR model dedicated to pesticides and based on the molecular formula (0D molecular 254 

descriptors) only was developed. No information on the structure of the pesticides is required. 255 

This model uses the number of atoms (C, H, N, O, S, P, F, Cl, Br, I and X) – 0D molecular 256 

descriptors - classically found in pesticides. An SVR allowed us to obtain satisfactory 257 

performances of predictions (mean R² test set = 0.63 and RMSE test set = 1.11), considering the 258 

relative simplicity of the molecular descriptors used and if the model is compared to other 259 

QSRRs already published. Despite the relative simplicity of this QSRR model, its utility 260 

remains certain, especially for annotation purposes for suspect and non-targeted screening in 261 

order to select among different molecular formula candidates.  262 

Based on the present model, and on already published QSRR using chemical structures, we are 263 

able to propose a complete workflow that improves and secures the annotation process. This 264 

workflow of annotation is largely inspired by the proposed identification confidence levels 265 

defined by Schymanski and colleagues (2014).  266 

 267 

 268 

Figures 269 
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Figure 1: Annotation methodology based on QSRR 270 
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– Level 1: Confirmed structure 

                 by reference standard    – MS, MS², RT, Reference Std. 

 

 

 

– Level 2: Probable structure 

a) by library spectrum match    – MS, MS², library MS² AND RT 

b) by diagnostic evidence            – MS, MS², Exp. data AND RT 

 

 

 

 

 

 

 

– Level 3: Tentative candidate(s) – MS, MS², Exp.data AND RT 
                    Structure, substituent, class 

 

 

 

 

 

 

 

C9H10N3O2 – Level 4: Unequivocal molecular formula – MS isotope/adduct AND RT 

 

 

 

 

 

 

 

m/z = 192.0760; RT measured= 4 min – Level 5: Measurement of an exact mass AND a corresponding RT – 

MS AND RT 

*Diff. RT = │RT measured – RT QSRR│  

MF-Finder  

or  

ChemCalc  

C7H8N6O (m.e. = 0.21 ppm) – RT QSRR= 3.18 min 

C9H10N3O2 (m.e.  = - 6.78 ppm) – RT QSRR= 3.61 min 

C6H12N2O5 (m.e.  = 7.18 ppm) – RT QSRR= 2.88 min 

C5H6N9 (m.e. = 7.20 ppm) – RT QSRR= 4.77 min 

QSRR – based on molecular formula 

C7H8N6O (Diff. RT* = 0.82 min) 

C9H10N3O2 (Diff. RT* = 0.39 min) 

C6H12N2O5 (Diff. RT* = 1.12 min) 

C5H6N9 (Diff. RT* = 0.77 min) 

Which structure to select?  

 

         (1)            (2)                 (3)           (4) 

QSRR - based on molecular structures  

 

Structure (1) (Diff. RT* = 1.5 min) 

Structure (2) (Diff. RT* = 1 min) 

Structure (3) (Diff. RT* = 0.8 min) 

Structure (4) (Diff. RT* = 0.7 min) 

Which structure to select among the 

plausible structures? 

 

 

QSRR - based on molecular structures  
 

Structure (1) (Diff. RT* = 1.5 min) 

Structure (2) (Diff. RT* = 1 min) 

Structure (3) (Diff. RT* = 0.8 min) 

Structure (4) (Diff. RT* = 0.7 min) 



Table 1: Ultra-high-performance liquid chromatography conditions used to generate the retention time data 

UHPLC conditions 

Gradient Column 

temperature 

(°C) 

Mobile phases 
Type of 

column 
Instrument 

Time 

(min) 

Flowrate 

(µL/min) 
A (%) B (%) 

0.0 300 88 12 

45 

A: water, 

consisting of 4 

mM 

ammonium 

formate, 0.1% 

formic acid 

Thermo 

Hypersil Gold 

C-18: 100 mm 

x 2.1 mm x 1.9 

µm with a 

UHPLC Guard 

Column 

Holder 

(ThermoFisher 

Scientific, 

Bremen, 

Germany) 

Accela 1250 LC 

pump and 

autosampler 

(ThermoFisher 

Scientific, 

Bremen, 

Germany) 

8.0 300 5 95 

9.0 300 0 100 

11.0 300 0 100 B: methanol, 

consisting of 4 

mM 

ammonium 

formate, 0.1% 

formic acid 

11.1 300 88 12 

14.0 300 88 12 

 

  



Table 2: QSRR model performances with five-fold cross-validation 

 Training set Test set 

Algorithm Mean R² ∓  ��  Mean RMSE ∓ ��  
Mean 

R² ∓ �� 

Mean 

RMSE ∓ �� 

MLR 0.51 ∓  0.01  1.31 ∓ 0.03 0.47 ∓ 0.05 1.35 ∓ 0.10 

SVR 0.73 ∓ 0.01 0.96 ∓ 0.02 0.63 ∓ 0.08 1.11 ∓ 0.10 

DL 0.80 ∓ 0.02 0.83 ∓ 0.03 0.63 ∓ 0.1 1.11 ∓ 0.10 

 



 
 

 

Who is who ? 
 

 

 

 

 

 

 

A QSPR approach could be 

the solution 

 

 

 

 

 

 

 

 

 

 




