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Abstract 

Quantitative structure-retention relationship models (QSRR) have been utilized as an alternative to 

costly and time-consuming separation analyses and associated experiments for predicting retention 

time. However, achieving 100 % accuracy in retention prediction is unrealistic despite the existence of 

various tools and approaches. The limitations of vast data availability and time complexity hinder the 

use of most algorithms for retention prediction. Therefore, in this study, we examined and compared 

two approaches for modelling retention time using a dataset of small molecules with retention times 

obtained at multiple conditions, referred to as multi-targets (five pH levels: 2.7, 3.5, 5, 6.5, and 8 at 

gradient times of 20 min of mobile phase). The first approach involved developing separate models for 

predicting retention time at each condition (single-target approach), while the second approach aimed 

to learn a single model for predicting retention across all conditions simultaneously (multi-target 

approach). Our findings highlight the advantages of the multi-target approach over the single-target 

modelling approach. The multi-target models are more efficient in terms of size and learning speed 

compared to the single-target models. These retention prediction models offer two-fold benefits. 

Firstly, they enhance knowledge and understanding of retention times, identifying molecular 

descriptors that contribute to changes in retention behaviour under different pH conditions. Secondly, 

these approaches can be extended to address other multi-target property prediction problems, such 

as multi-quantitative structure Property(X) relationship studies (mt-QS(X)R). 

. Introduction  

In the field of analytical chemistry, chromatographic separation has emerged as a powerful technique 

for separating and analysing complex mixtures. Extensive studies are conducted using various 

analytical techniques to gain a deeper understanding of the analytes present in a given sample, among 

which chromatography plays a prominent role. Retention time, a fundamental chromatography 

parameter, is a critical indicator of an analyte’s behaviour within the chromatographic system and 

holds vital information for its separation and identification. It is often determined through a trial-and-
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error process, which can be time- consuming and expensive, especially when retention times need to 

be determined at multiple conditions. In the case of Reverse Phase Liquid Chromatography(RPLC), a 

widely studied type of chromatography, retention time(tR) can be influenced by various factors. These 

factors include pH, column type, mobile phase composition, and other variables encountered in various 

chromatographic techniques. As a result, accurately determining the retention time requires 

conducting multiple experiments to account for these variables effectively. This can become cost-

prohibitive, particularly in high-throughput screening applications. An alternative way of retention 

evaluation is computational methods using quantitative structure retention relationship models 

(QSRRs) [1,2]. QSRR is an advanced approach that establishes a statistical relationship between various 

attributes, such as chemical, physical, and physicochemical properties, and the data associated with 

the structure of molecules, commonly known as structure-derived descriptors [3]. By carefully 

selecting appropriate molecular descriptors and utilizing statistical modelling methodologies, a QSRR 

model can be developed that is both statistically robust and stable [4].  

The field of QSRR has undergone significant advancements, progressing from basic linear regression 

models to sophisticated machine learning algorithms, including algorithms like GA-PLS [5], Bayesian 

Ridge Regression, Extreme Gradient Boosting Regression, Support Vector Regression etc. [6]. 

Traditionally, each study in QSRR has employed a single task or single-targeting approach, wherein a 

separate model is constructed for each response or target in regression studies. In recent studies [7,8], 

researchers have delved into mixed Quantitative Structure-Retention Relationship (QSRR) models. 

However, these models predominantly depend on descriptors for target prediction, employing 

multiple algorithms and feature engineering. However, this approach overlooks the fact that a single 

molecule can elicit different responses under varying chemical environments and experimental 

conditions during separation. Consequently, this creates challenges related to multitasking. None of 

the previous studies have addressed this issue in retention prediction, where multiple experimental 

targets or responses are considered in the data, thereby neglecting the correlation between these 

targets. The time and cost required for modelling can vary significantly depending on the number of 

targets. Employing single-target approaches in QSRR models would not be time and cost-effective 

when multiple targets need to be predicted. Conversely, multi-target models would be more suitable 

in such cases.  

While multitasking models have been utilized in other fields for activity prediction [9,10], lipophilicity 

[11], toxicity [12], brain penetration [13], and more, the chromatography field has primarily overlooked 

their potential application. Some studies have explored multi-output regression in fields like real-time 

train arrival time prediction [14], ecological modeling [15], gas-phase kinetic rate constants prediction 

of chemicals [16], and chemometrics to infer concentrations of several analytes from multivariate 

calibration [17]. However, to our knowledge, none of the previous works have addressed the challenge 

of incorporating target relationships, including various retention times under varied conditions, into 

retention prediction models. Therefore, in this study, we aimed to explore different approaches to 

QSRR modelling for a comprehensive analysis.  

In the literature, two methods of multi-target modelling have been reported [18]: (1) the problem 

transformation method and (2) the algorithm adaptation method.   
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• Problem transformation method: The problem transformation method involves converting the 

original multi-output regression problem into one or more single-output regression sub-problems, 

which can be solved using traditional single-output regression algorithms. Several techniques fall 

under this approach, including the Independent Model (IM), where each output variable is modelled 

independently using separate single-output regression models. The input features train each model 

separately, independently predicting each output variable. Another technique is the 

Transformation-Based (TB) approach, where the multi-output regression problem is transformed 

into a series of single-output regression problems by combining the input features with 

transformation functions. Separate single-output regression models are then trained for each 

output variable using these transformed features. An example of this approach is the chaining or 

regressor chain method [19].   

• Algorithm adaptation method: The algorithm adaptation method involves modifying existing 

single-output regression algorithms to handle multiple output variables directly. This is a Multi Task 

Learning (MTL), where a single model is trained to predict multiple output variables jointly by 

optimizing a standard objective function that considers all the output variables simultaneously. The 

idea behind this approach is that the model can leverage the dependencies between the output 

variables to improve overall prediction performance.  

To summarize, relying on a single-target approach-based model may not be sufficient for retention 

prediction models in real-world scenarios. Although creating separate models for each response 

variable is an option, it can be time-consuming and less accurate.  

Therefore, multi-output-multi-target prediction models, known as the “mt-QSRR modelling” approach, 

can be a more efficient alternative [20]. The practical utility of mt-QSRR models can be effectively 

extended and comprehended within the context of analytical method development, particularly for 

emerging pharmaceutical products. In such scenarios, where the “analytical quality by design” 

framework is followed [21], the implementation of the design of experiments (DoE) becomes 

imperative to establish a design space. This design space ensures that the chromatographic method 

exhibits desirable properties, including robustness in the face of experimental parameters [22]. 

However, conducting numerous laboratory experiments to identify optimal experimental conditions 

for the DoE can be time-consuming and resource-intensive. To address this challenge, the initial 

screening phase can be conveniently performed in silico utilizing one mt-QSRR model, even if their 

accuracy may not be exceptional. By employing these models, a range of parameters can be selected, 

significantly streamlining the subsequent experimental optimization DoE [23]. This allows for the 

identification of the most favourable separation and robustness conditions through practical 

experimentation not only in analytical chemistry but in other pharmaceutical and biomedical analysis 

as well [24–26].  

In this study, we have compared the model performance of QSRR models based on single-target 

learning over multi-target learning(mt- QSRR) using retention data gathered for five pHs. Multi-target 

learning approach offers several advantages over single-target retention prediction[27,28], including 

considering interdependencies between targets, reducing computational burden by using a single 

model, improving model interpretability, and training on larger datasets to enhance generalization and 

reducing overfitting[29,30]. Multi-target QSRR models(mt-QSRR) can significantly advance quantitative 

structure retention prediction and holds promise for applications in drug discovery, environmental 
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analysis, and other fields where accurate and efficient retention times are critical for chromatographic 

separations.  

Materials and methods  

2.1. PROBLEM DEFINITION  

For a given data set P containing feature and target couple (x, y) with x ∈  X, the input vector and y ∈

 Y =  Y1 ×  … ×  Yn  the target vector. Denote with 𝑦𝑖 ∈  𝑌𝑖 𝑡ℎ𝑒 𝑖′th component of 𝑦.  

Hence, the mt-QSRR model can be defined as: Yn  =  f(X) 

In single-target approach: A learner learns from a data set 𝑃 =  {(𝑥, 𝑦𝑖)}, with  𝑦𝑖 ∈  𝑌𝑖 a scalar 

variable, a function fi: X → Yi such that  is minimized, with Li some loss function over 

Yi.  

In multi-target approach: A learner learns from a data set 𝑃 =  {(𝑥, 𝑦𝑖)}, with 𝑦 ∈  𝑌 an n-dimensional 

vector, a function 𝐹: 𝑋 →  𝑌 such that  is minimized, with L a loss function over Y. In 

this study, we have checked if the multi-target learner performs better than a single-target learner by 

checking for any (x, y), drawn randomly from the population, on average,  

2.2. DATASET  

The dataset used in this study was taken from [31], which consists of retention time observed for small 

pharmaceutical compounds reported in minutes. The data were acquired in RPLC mode at five different 

pH conditions- 2.7,3.5,5.0,6.5,8.0 with a gradient elution of 0–95 % of methanol in 20 min. The column, 

flow rate and temperature specification are mentioned in [31,32]. The dataset encompasses 

compounds with a diverse range of molecular weights, spanning from 46.005 to 454.611 g/mol. The 

efficacy and usefulness of a model rely heavily on the dataset it is trained on. Therefore, during the 

data collection process, we prioritised including a diverse range of molecules with varying pKa. This 

allowed us to capture different trends in retention times as the pH of the analysis increased. Four 

distinct types of data trends were observed, as depicted in Figs. 1− 3 in the supplementary file.  

The training data included various molecule types, with the majority falling into Cases 1 and 3 with 37 

% and 33 % of total compounds, while Case 2 with 26 % and a smaller portion belonged to Case 4 with 

4 % of the total number of compounds used for modelling (Figure 3 in supplementary file). The 

retention time showed a strong correlation(in terms of r) across five different pH conditions(Figure 4 

supplementary file). Therefore, employing a modelling strategy that considers multiple experimental 

responses simultaneously and leverages the correlation between the modelled endpoints becomes 

crucial.  

This study used observed retention times at five pH conditions as targets for QSRR modelling. The 

targets, all with a gradient time of 20 min, are denoted as follows- tR_2.7 for pH 2.7, tR_3.5 for pH 3.5, 

tR_5.0 for pH 5.0, tR_6.5 for pH 6.5, and tR_8.0 for pH 8.0.  
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2.3. MOLECULAR DESCRIPTORS  

In this study, we employed constitutional, topological, and geometrical descriptors as numerical 

characteristics to analyze the chemical structures. A total of 225 descriptors were calculated using the 

RDKit software, which was then utilized to develop models for predicting compound retention based 

on their physicochemical properties.  

Some of these descriptors were aligned with the parameters used in LSER theory, a concept initially 

applied in retention prediction models [33,34]. LSER theory focuses on the linear solvation energy 

relationship, which relates solute retention to its solute-solvent interactions. These descriptors capture 

the specific solvation effects and improve the accuracy of retention prediction models. The remaining 

descriptors were included to provide additional meaningfulness to the model and enhance its 

predictive capabilities. The RDKit package, version 2015, was utilized to compute these descriptors 

derived from the chemical structures [35].  

2.4. DATA CLEANING AND PREPROCESSING  

Compounds with less than 2 min retention times were classified as non-retained and removed from 

the dataset. Before modeling, the training data was standardized using a zero mean and unit variance 

approach. Additionally, the descriptors of the test molecules were standardized using the mean and 

standard deviation of the training samples.  

2.5. QSRR MODELLING  

Considering the given data description, our objective was to predict multiple continuous targets 

(responses) for new test samples based on a set of independent variables. Two approaches were used 

in this study (Fig. 1) to predict the retention times: the single-target and multi-target regression 

approaches, which are explained in Section 2.1. The problem transformation and algorithm adaptation 

methods for retention predictions were employed to check this differentiation. The problem 

transformation method converts the multi-output regression problem into one or more single-output 

regression sub-problems. Two ways of modelling were tested for this method- IM and RC(Regressor 

Chain) methods corresponding to Model1 and Model2, respectively (shown as a red dotted box). On 

the other hand, the algorithm adaptation method involves modifying existing single-output regression 

algorithms to handle multiple output variables directly.  

Both the RC(Model2) and MTL(Model3) models can handle target correlations but not the Independent 

model(Model1) that utilizes a multioutput regressor function to build the model. The pseudo 

algorithms for the three methods are described in Figs. 2, 3 and 4, respectively. 
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Fig. 2. Algorithm1: Pseudoalgorithm for DirectMultioutput Regressor (single- target approach used for Model1).  
 

 

 

Fig. 3. Algorithm2: Pseudoalgorithm for RegressorChain method (single-target approach used for Model2).  

 

Fig. 4. Algorithm3: Pseudoalgorithm for Algorithm adaptation (multi-target approach used for Model3).  

 

This study focuses on applying a single-target approach (Model1 and Model2) and a multi-target 

approach (Model3) approaches to deal with the challenges associated with predicting the retention 

time of small molecules based on multivariate data. The high number of descriptors relative to the 

compounds used for modelling introduces the possibility of multicollinearity. To address this issue, we 

employ specific algorithms, with a focus on random forest (RFR) regression method [16,36], which 

allows for the analysis of multivariate and megavariate data while mitigating the risk of overfitting. By 

utilizing random forest for retention time prediction, we effectively prevent overfitting and create a 

robust and reliable model that generalizes well to unseen data. This is achieved through the ensemble 

nature of the random forest, coupled with feature randomization, bootstrapping, regularization, and 

out-of-bag (OOB) error estimation. In our analysis, we developed three models using the sklearn library 

in Python. For Model 1, we utilized a multioutput wrapper around RFR (Random Forest Regressor). 

Model 2, on the other hand, employed a regressor chain around RFR. Lastly, for Model 3, we directly 

used the RFR function available from the sklearn.ensemble module. All models were constructed using 

hyperparameter values as such: n_estimators=100, min_samples_split=2, min_samples_leaf=1, 

min_weight_fraction_leaf=0.0, max_features=1.0. We employed the impurity based feature 

importance to calculate the variable importance. This allowed us to identify the descriptors that had 

the most impact on the predictive performance of the models.  
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Fig. 1. Different approaches of mt-QSRR models were implemented in this study. Red dotted box: Sequential multiple-output 

prediction methods with a single-target approach. Blue dotted box: Multi-output simultaneous prediction using a single 

model approach. Green dotted box: Modeling methods that consider the relationship of the target variable. 

2.6. MODEL VALIDATION AND EVALUATION  

The developed mt-QSRR model underwent rigorous validation procedures to ensure its accuracy and 

reliability. Both internal and external validation methods were employed, following a similar approach 

as outlined in [32], in order to minimize prediction errors across multiple target compounds. For the 

external validation, a dataset comprising ten compounds was carefully selected based on their diverse 

trends in observed retention time and chemical nature. This selection ensured that the model’s 

performance was evaluated across a wide range of chemical properties, enhancing its applicability and 

robustness. By assessing the model’s predictive capabilities on this external dataset, its generalizability 

and ability to handle various compound types were thoroughly assessed. Internal validation, on the 

other hand, was conducted using a 10-fold cross-validation technique. This method involved dividing 

the dataset into ten subsets of roughly equal size. The model was trained on nine subsets while utilizing 

the remaining subset for testing. This process was repeated ten times, each subset serving as the test 

set once. By performing cross-validation, the model’s performance was assessed on multiple iterations, 

enhancing the credibility of its predictive capabilities. To evaluate the performance of the mt-QSRR 

model quantitatively, external validation performance measures were calculated. These measures 

were expressed in terms of the average root mean square error (aRMSE), as shown in Eq. (1), and the 
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average coefficient of determination (aR2), as shown in Eq. (2). These performance metrics provided a 

comprehensive assessment of the model’s predictive accuracy and its ability to explain the variance in 

the observed retention times across multiple target compounds. By averaging the performance metrics 

over all the individual models, a consolidated evaluation was obtained, enabling a comparative analysis 

between single-target and multi-target prediction approaches. Furthermore, the individual model with 

the best performance was selected, and its predictions were compared against the corresponding 

observed values. This visual representation of the model’s performance allowed for a more intuitive 

understanding of its predictive capabilities.  

Formulas for calculating RMSE and R2 for multi-target regression approach:  

 

In the above-mentioned equations, 𝑌 and 𝑌̂ represent the observed and predicted retention times of 

unseen test data respectively, ’n’ denotes the number of test molecules while ’d’ represents the 

number of targets which in this study corresponds to five pH conditions.  

 

2.7. SIGNIFICANCE TEST FOR PERFORMANCE DIFFERENCES  

To assess whether the differences in performance are statistically significant, we employed the 

corrected Friedman test [37,38]. The Friedman test is a non-parametric test for multiple hypotheses 

testing. The algorithms were ranked according to their performances for each dataset separately. The 

best-performing algorithm was ranked 1, the second 2, and so on. In the situation where there were 

equal ranks, average rank was used. The Friedman test is based on two assumptions: The nK-variate 

random variables are mutually independent, i.e., the results within one row do not influence the results 

within the other rows (Tables 2 and 3). The second hypothesis is that the data can be meaningfully 

ranked. Friedman’s test statistic is: 

 

where K is the number of models, Rk ARik is the sum of the ranks for model k over the n parameters. 

Under the null hypothesis, the statistic T has an asymptotic Chi-squared distribution with K − 1 degrees 

of freedom. At the α level of significance, the null hypothesis is rejected if T1 ≥ χ2
K− 1;1− α, where χ2

K− 1;1− α is 

the (1-α) quantile of the Chi-squared distribution with K − 1 degrees of freedom.  
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3. Results and discussion  

3.1. DATA CHARACTERIZATION  

The multivariate dataset considered in this study comprised the experimental retention times (in 

minutes) of diverse small pharmaceutical compounds having varied molecular weights and retention 

times. The high correlation of retention values across all pH levels (Figure 4 supplementary file) 

underscores the importance of employing QSRR models that leverage this relationship for predicting 

retention times.  
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Fig. 5. Plots of Observed retention time(tR) Vs. Experimental retention time(tR) from Model 3 (tR is back transformed in 

Minutes) for(a) pH 2.7, (b)pH 3.5 (c)pH 5.0 (d)pH 6.5,(d)pH 8.0. Blue points: train, orange points: test, fit line: blue dotted, 

Regular line: Black dotted. 

3.2. MULTI-TARGET QSRR MODELLING AND VALIDATION  

This study focuses on studying pH’s influence on the retention behaviour of small molecules in RPLC. 

Here, we attempted to develop an mt-QSRR model for simultaneous prediction of multiple targets that 

are retention times (retention times at five pH of diverse pharmaceutical compounds). All the targets 

were experimentally observed as the dependent variables, and the considered compounds’ molecular 

descriptors were calculated computationally as the predictor variables. The optimal model was 

established by utilizing a training set of 61 compounds. For the most effective model, a set of the top 

five descriptors was identified using Gini importance, also called mean decrease impurity. While 

additional descriptors do make a contribution, their importance is comparatively lower. The leading 

descriptor among them is “MolLogP,” which signifies the octanol-water partition coefficient. Other 
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noteworthy descriptors include “LogD,” “VSA-Estate5,” “SMR- VSA3,” and “QED.” The model was 

validated internally using a 10-fold CV and externally with the test set (n = 9). Model1 and Model2 

represented prediction from MultiOutput regression and regressor chain methods, and Model 3 as the 

Algorithm Adaptation method. The performance measures of three mt-QSRR models are given in 

(Tables 1, 2 and 3). Table 1 displays the performance results based on the average root mean square 

error (RMSE) computed across all the targets using equations (1) and (2). The models captured 66–85 

per cent of the variance in the test data (Table 3 and Fig. 5). A high variance explained by a model 

implies that the majority of the information present in the data has been encompassed. Moreover, all 

the developed mt-QSRR models exhibited significantly low RMSE values ( < 0.1) for both observed and 

predicted log values of the target in the test data (Table 2).  

 
Fig. 6. Average rank of the models based on the RMSE (left) and R2 (right). 

 

The regressor chain method (Model 2) performed poorly in comparison, suggesting that the 

effectiveness of chaining methods depends on the specific case. If the initial model’s error is high, it 

may continue to increase with each subsequent target prediction. RMSE provides a measure of the 

average error in forecasting the dependent variable. The comparable RMSE values between the 

training and test sets indicate the usefulness of the algorithm adaptation method (model3-MTL)mt-

QSRR model. Algorithm adaptation methods have been particularly advantageous in scenarios where 

the tasks exhibit notable commonalities. They utilize an inductive transfer approach for enhancing 

generalization in machine learning by leveraging the domain-specific knowledge present in the training 

data of related tasks. Better performances of this method can be considered effective for simultaneous 

prediction of multiple retention times due to the regularization it enforces by demanding an algorithm 

to excel in correlated retention times with given five pHs, surpassing the regularization achieved by 

uniformly penalizing complexity to prevent overfitting. Significantly, the mt-QSRR model, which 

predicts multiple retention times simultaneously, demonstrates comparable performance to the 

single-target QSRR models, highlighting the significance of evaluating performance disparities (see 3.3). 

Additionally, the time needed for modelling consistently remained lower for mt-QSRR compared to 

predicting individual targets separately. In the single-target approach, each step had to be repeated 

multiple times based on the number of targets, whereas this repetition is unnecessary in the mt-QSRR 

modelling approach.  

The newly introduced mt-QSRR model exhibits the potential to efficiently generate variations in 

retention time for diverse chemical compounds across multiple pH values. This offers the advantage 

of reduced effort and time.  
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3.3. COMPARISON OF THE MODELS  

The comparison of the models based on their RMSE and R2 are presented in Fig. 6. On the axis, the 

algorithms are plotted according to their average rank across analyses. Note that for each analysis, the 

best model is ranked 1 and the worse is ranked 3. The corresponding radar plots are presented in Fig. 

7 as an alternative visualization of the ranks of the models for each analysis separately. In the radar 

plots, the lower the area in the coloured lines, the better. Overall, Figs. 6 and 7 show that Model 1 and 

Model 3 perform better than Model 2 based on the RMSE, and Model 3 performs best based on the 

R2. Hence, we recommend Model 3 for similar analyses. We used the Friedman test to detect whether 

the differences in performances of mt-QSRR models are statistically significant. The Friedman test 

concluded that the difference in the performance of these algorithms is not statistically significant (p-

value > 0.05).  

 

Fig. 7. Per-model rank based on the RMSE (left) and R2 (right).   

Conclusion  

This study has successfully developed multiple multi-target QSRR (mt-QSRR) models involving a 

comparison between two modelling approaches: single-target and multi-target regression. The 

primary goal was to predict the retention times (tR) of a diverse range of structurally small molecules 

under various reversed-phase liquid chromatography (RPLC) conditions. The retention time prediction 

capabilities of the mt- QSRR model were assessed using three distinct methods. However, despite 

employing these diverse strategies, no statistically significant distinctions were observed in their 

predictive performance. The performance of the mt-QSRR models within our dataset indicated a 

reduction in efficiency as pH levels increased. Particularly, the regressor chain method exhibited higher 

root mean square error (RMSE), suggesting that retention prediction errors accumulate as they 

progress from lower to higher pH levels. One of the notable advantages of multi- target models is their 

interpretability in terms of the relationship between features and retention time variations with pH. 

Unlike single- target models, where descriptor importance varies per target specificity, the mt-QSRR 

model provides transparent insights into the pertinent input variables for predicting specific groups of 

response variables. Based on their performance, the optimal mt-QSRR model identified in this study 
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highlighted five pivotal structural features: MolLogP, VSA- Estate5, LogD, SMR-VSA3, and QED. These 

descriptors encompass the molecular partition coefficient, molecular surface area, distribution 

coefficient state index, and drug-likeness. These attributes are crucial in accounting for the diverse 

retention times observed for the considered small molecules across varying pH levels. In summary, our 

findings underscore the potential of mt-QSRR models as a more effective and efficient predictive 

strategy compared to constructing separate models for each target. Adopting the mt-QSRR approach 

holds the promise of streamlining efforts and reducing time and computational costs while 

simultaneously assessing the effective separation of molecules within the RPLC setup. Lastly, it is 

imperative to acknowledge that the test set encompasses a limited number of molecules, leading to 

an incomplete representation of the explored chemical space. As a result, the outcomes presented in 

this study are preliminary in nature.  
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