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Abstract

Deep Eutectic Solvents (DESs) emerged as promising alternatives to conven-

tional solvents for their peculiar characteristics. Among these, melting temper-

ature is a critical parameter that deeply in昀؀uences their industrial applicabil-

ity. It is possible to use machine learning (ML) models to predict the melting

temperatures of DES mixtures based on their molecular features, to reduce

time-consuming and costly experimental work. The approach involves train-

ing and testing a series of existing learning models, using the code developed

by a separate research group, on an expanded dataset curated by a colleague.

Moreover the possibility of modifying the molecular descriptors originally used

as input for prediction will be explored. The impact of the changes imple-

mented in the original code will be assessed using statistical metrics, which

also allows to compare each model9s performance. The results should provide

valuable insight into the in昀؀uence of feature selection and dataset size on pre-

diction accuracy, and con昀؀rm the most e昀؀ective model for melting temperature

prediction.
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1 State of the art

In the last decades, the 昀؀eld of arti昀؀cial intelligence (AI) has progressed at

a blistering pace. One reason for this growth is the innumerable time- and

cost-saving applications in all sectors.[1] The development of machine learning

(ML) algorithms and techniques has recently yielded impactful results. Most

people9s understanding of these advancements begins and ends with chatbots,

planted in everyday search engines and apps, considered by the public as rev-

olutionary, while barely understanding what machine learning truly enables,

quietly, in 昀؀elds most have never even heard of. Among the most astonish-

ing of these specialized advancements are those revolutionizing scienti昀؀c re-

search particularly in biology and drug discovery. Notable examples include

the development of AlphaFold-3 to predict protein structure and the Insilico

AI platform[2], implemented to fully design a drug that entered human clinical

trials. In chemistry, e昀؀orts are being made towards full in-silico laboratories,

though it lies beyond our grasp for now. Nonetheless, advances have been

pursued in exploring chemical space for de novo molecular design, synthesis

pathway prediction, and molecular property prediction. The possible applica-

tions range from the medical to the industrial 昀؀eld; from new antibiotics to

environmentally friendly solvents.

The ML algorithms employed in these endeavours are various, but can be

categorized in two main groups: predictive and generative. Predictive models

estimate an output after discerning a pattern from a large amount of input

data. Generative models create new data based on patterns learned from

training sets. This thesis focuses on the former, speci昀؀cally various regression

models and one neural network (NN) and their applicability in chemistry,

in particular in relation to mixtures called Deep Eutectic Solvents (DES).

These compounds have been of rising interest in the chemistry 昀؀eld, as an

environmentally safe alternative in various industrial processes.[1]

The complexity and variability of DES mixtures, combined with the in-

creasing demand for sustainable solvents, motivates the emerging interest in

exploiting ML models to design, optimize and predict their properties. While
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many experimental studies on DES exist, only a few recent papers include rele-

vant computational approaches. Two research groups focused on two di昀؀erent

aspects of DES in their investigation. Odegova et al.[3] aimed at computa-

tionally predicting DES properties to lessen the costly experimental work as-

sociated with these compounds, whose complexity stems from the presence of

multiple components, requiring extensive trial and error empirical work to 昀؀nd

the molar ratio that yields the lowest melting temperature, while also consid-

ering viscosity and density, that are in昀؀uenced by the temperature itself. The

research group of Luu et al.[4] addressed the need to discover novel mixtures

with eutectic properties by developing generative models. They employed the

latest algorithms and techniques, such as Di昀؀usion models. Molecule genera-

tion is complex in itself, and even more so when dealing with binary or tertiary

compounds. Luu et al.9s research is sophisticated and ambitious, though it re-

sults in complex and challenging model output evaluation.

In this thesis, the study by Odegova et al.[3] will serve as the foundational

base for further investigation and re昀؀nement. The research group explored

various predictive ML models, each one based on di昀؀erent algorithms, a昀؀ecting

the level of complexity that the models can capture. The key elements of

datasize and feature selection of the ML pipeline will be further investigated

using Odegova et al.[3]9s codebase. Luu et al.[4]9s research, in particular their

data collection, will also partially serve the purpose of this work.

Predictive ML is still at its dawn. Research and development of algorithms and

techniques in various 昀؀elds will provide continuously improved and eventually

reliable AI, as much as data collection will grant valid and enhanced training.

1.1 Deep Eutectic Solvents

Deep Eutectic Solvents are mixtures of two or more compounds. Their de昀؀ning

characteristic, responsible for the name itself, lies in the fact that at a speci昀؀c

molar ratio of the components, the melting point is lower compared to that of

the components taken singularly. The nature of this behavior is given by the

hydrogen bonds that form. Di昀؀erently from Ionic Liquids, composed of ionic
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compounds, DES are composed of a hydrogen bond donor and a hydrogen

bond acceptor, varying in nature, composition, and structure. Due to their

diversity, depending on their physicochemical composition, they are classi昀؀ed

into 昀؀ve di昀؀erent groups, from type I to type V. Type I, II and III DES combine

a quaternary ammonium salt with, respectively, a metal, a metal hydrate,

and an organic compound. Type IV includes a metal halides and a hydrogen

bond donor; while type V consists of non-ionic substances.[5] Type III and

V DES are the most extensively investigated for being the most industrially

relevant mixtures. DES are preferred to conventional solvents for properties

such as biodegradability and low toxicity, while maintaining high extraction

capabilities.[6]

1.2 Machine-Learning Basics

A common underlying pipeline underlies the implementation of machine learn-

ing algorithms. They are employed to predict a value after identifying a pattern

that relates input data, known as features, to the target variable de昀؀ned as

label. The performance of an ML model in predicting the target variable, is

highly dependable on the selected features that describe each sample, a selec-

tion de昀؀ned as feature engineering. A well-structured dataset with su٠恩cient,

accurate, and appropriate information is needed. ML models are sensitive to

the nature of data, therefore pre-processing is necessary to ensure compatibil-

ity. In the 昀؀eld of chemistry, this involves the correct translation of molecules

and the atoms composing them into their de昀؀ning properties. A molecule9s

physicochemical properties have to be transformed into data, usually vectors,

that can be encoded by a machine. This process produces data points, which

are then decoded from vectoral value back to the comprehensible target fea-

ture.

Standard molecular representations fall into two categories: 2D and 3D fea-

tures. 2D representation derive from molecule graphs with atoms as nodes

and bonds as edges. SMILES (Simpli昀؀ed Molecular Input Line Entry System)

are commonly used strings that encode the molecule9s atoms and bonds infor-
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mation. 3D representations are derived from atomic coordinates and encoded

into machine-readable input.[1]

The models need to interpret and relate the input variable, before making a

prediction. These stages are known as training and testing sessions. During

training ML models build connections between the variables and store them

into a decision function that is employed in testing. Depending on how the

dataset is learned they can be di昀؀erently categorized. In supervised learning

the model is trained on labeled data. In unsupervised learning the data is not

labeled. Reinforcement learning uses a feedback mechanism to improve over

time.

The models implemented by Odegova et al.[3] are based on supervised learn-

ing. During training the model looks for the pattern that better relate features

to label, adjusting the function after each sample based on the discrepancy be-

tween the prediction and the actual label value. This process is referred to as

model 昀؀tting. In the following testing phase, the model can only access the

feature data and predicts the label with the learned pattern. If the model is

unable to capture the complexity of the data, both training and testing metrics

will be underperforming and the model is de昀؀ned as under昀؀tting. In the case

of solely high training scores the model could be over昀؀tting, meaning it knows

the training data too well but it has low generalization capability, so it cannot

predict unseen data. There needs to be a balance between the bias present

during training and the variance observed in unseen data.

To improve model complexity some techniques are introduced, such as regu-

larization, boosting and bagging. Regularization implies the introduction of

a bias or penalty, to reduce over昀؀tting and improve generalization. Boosting

consists of combining simple models sequentially, each learning from the error

of the previous one. Bagging applies the same logic, but the learning occurs

in parallel and the 昀؀nal predictions are aggregated.[7]

Another important aspect to consider in machine learning is the con昀؀gura-

tion of the models settings, de昀؀ned as hyperparameters. Lastly, the model9s

prediction capability has to be correctly evaluated as much during training to

tune the parameters to their best combination, as for 昀؀nal model performance
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assessment. The correct implementation of all the mentioned phases facilitates

obtaining a right 昀؀tting model. [1]

2 Methods

2.1 Software environment and tools

The computational operations were conducted using a Linux-based operating

system, employing the Bash shell in the command line. A speci昀؀c Conda

environment was created to manage dependencies and ensure functionality of

Python packages.

The analysis was implemented in Python, selected for its widespread adop-

tion among the scienti昀؀c community, particularly in biology. Part of the devel-

opment was executed in Jupyter Notebook, for interactive visualization and

initial engagement with coding. This was crucial in the early stages of the

work to gradually gain a certain level of pro昀؀ciency and con昀؀dence.

The online platform GitHub was used throughout the project to facilitate

tracking of code changes, to share progress with collaborators and to ensure

having a backup of the work at all times.

2.2 Codebase

Odegova et al.[3] developed the open platform DESignSolvents in 2023 com-

prising nine machine learning models trained on an exhaustive DES dataset.

Their comprehensive work included data collection, data analysis, feature se-

lection, descriptor generation, splitting into train and test sets, feature nor-

malization, model training and its evaluation.

The dataset was manually curated including all minimal and experimen-

tally relevant data. The data analysis performed examined the DES class dis-

tribution, revealing an imbalanced dataset given by type III and V prevalence.

The melting temperature distribution for each class was also examined and it

did not follow a Gaussian pattern. The molecular descriptors for each compo-

nent were obtained from their SMILES representation and include molecular
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weight, potential toxicity, hydrogen bond donor count, and nine descriptors

quantifying speci昀؀c functional groups in the molecule. The dataset was split

into training and testing ensuring that each data point was con昀؀ned a single

subset. Training and testing were iterated 昀؀ve times for each model, rotating

sequentially the test set to perform cross-validation, fundamental for statistical

relevance of the 昀؀ndings. Preprocessing involved a scaling step, for features to

have values between 0 and 1, necessary to ensure robust performance across

all models. Each model was 昀؀rst trained on every possible combination of hy-

perparameters, and with the generated information were assessed the results

on model performance using statistical metrics.

To compensate for any limitations, the research group evaluated the results

accordingly, as will be explained in more detail for the most critical elements

of model training.[3]

2.2.1 Feature engineering

The performance of machine learning algorithms in predicting the target vari-

able is highly dependable on the selected features that describe each sample.

Odegova et al.[3] carefully considered this when compiling the dataframe, im-

plementing a series of measures to avoid miscalculations.

Each component was converted into a series of molecular descriptors de-

rived from its SMILES representation and encoded into numerical features able

to capture their physicochemical properties. This transformation was possible

using RDKit, a cheminformatics toolkit. Publicly available descriptors were

used to allow for more accessible reproducibility of results.

From hundreds of generated descriptors, only 20 were maintained following

feature selection based on correlation matrices. To avoid redundancy, descrip-

tors with high mutual correlation, that therefore contribute in the same way

to the pattern estimation, were excluded. Their presence could prevent the

models from capturing complex relationships and introduce unnecessary com-

putational weight.

Following model training and testing the researchers retrieved and ana-

lyzed featured importance employing the framework SHAP (SHapley Additive
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exPlanations)[8]. This method was proposed to aid in the correct interpre-

tation of prediction by machine learning models. It is possible to obtain a

quantitative importance value associated with each feature, revealing which

ones contributed most signi昀؀cantly to the prediction. These results were pre-

sented averaged for all models, visually available in the article, and singularly

for the best model, accessible in the speci昀؀c notebook repository.

2.2.2 Datasets

All the available data was obtained from two data collections. The 昀؀rst, cu-

rated by Odegova et al.[3] contains 2,305 entries collected from articles pub-

lished between 2003 and 2022. The other, compiled experimentally by Luu et

al.[4] includes 402 entries. Both are available as CSV 昀؀les and include the min-

imal information for each mixture: the molecular structures of the individual

components in SMILES format, their respective molar ratio, singular compo-

nent9s melting temperature and system9s melting temperature. Exclusively

Odegova et al.[3] includes the chemical classi昀؀cation of the mixture, de昀؀ned

as =type of DES=. An integrated dataset was compiled by Dalla Pozza[9].

The colleague removed repeated and invalid entries, obtaining a 昀؀nal dataset

of 2,658 mixtures. The originating data entries were merged, including only

shared attributes to avoid obtaining an incomplete dataset.

Odegova9s original dataset and Dalla Pozza9s expanded dataset were further

manipulated for the models training. The minimal information in the datasets

were expanded to include the molecular features from the SMILES of each

component, obtaining dataframes complete with all selected descriptors con-

tributing to model prediction. Conversely, redundant and obsolete columns

were removed during preprocessing. The main di昀؀erence lies in the =Type of

DES= variable, which is present exclusively in Odegova et al.[3]9s original col-

lection. For this variable, part of the pre-processing consisted in making this

categorical variable compatible with machine learning algorithms. One-hot

encoding was applied for the conversion, obtaining individual binary columns

for each DES class, including the entry 8IL9 for Ionic Liquids.
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2.2.3 Evaluation Metrics

The performance of the models is evaluated through two metrics: R² ( Coe٠恩-

cient of Determination) and RMSE (Root Mean Squared Error). R² measures

how much better the model performs compared to simply predicting the mean

value. It indicates the proportion of the variance in the target that can be ex-

plained by the input features, meaning it gives an idea of how well the model

was able to capture the underlying relationships. RMSE quanti昀؀es model ef-

昀؀ciency by measuring the average deviation of predicted versus actual values.

Lower RMSEs correspond to higher prediction accuracy, as this re昀؀ects smaller

errors in the model9s output.

The model is trained on 80% of the data, validated on the remaining

20% and 昀؀ve-cross fold validation is performed. The metrics are calculated

separately for the test set of data for each cross-validation fold (CV) and the

train set of data for each fold (Train). The values reported as results are an

integration of the metrics: the mean R² and RMSE across all 昀؀ve folds. This

repeated evaluation ensures statistical reliability, while maximizing the use of

available data. The separation into 昀؀ve groups is e٠恩ciently performed using

the =mixtures out= method to avoid data leakage from train to test. Since the

mixtures include multiple components that could be repeated across entries,

an indexing system is implemented to assign the same value to all mixtures

with a common component. The data is then split ensuring that entries with

the same component are in the same set. This strategy avoids overlapping

between training and validation data, ensuring fair and reliable assessment

of the models prediction accuracy. Through these measures, the results are

consistent and more accurately re昀؀ect the models9 true predictive capabilities.

The best-performing model is not selected on the sole best metric out-

put. The researchers accounted for the imbalanced dataset and evaluated per-

formance across all classi昀؀cations of DES, choosing the model that performs

consistently well across all categories, not just the frequent ones.
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2.3 Machine Learning Models

The models compared by Odegova et al.[3] are nine. The 昀؀rst eight are vari-

ous regression models of increasing complexity, while the last one is a neural

network (NN). The python library SciKit-learn is mainly implemented. It

contains various models with pre-written functions for training and testing.[7]

2.3.1 Training and Testing

Models using supervised learning are subjected to a training session, where

the model has access to features and labels and it infers the pattern that best

relates them. During this process of model 昀؀tting the formula can be adjusted

after each iteration based on the error observed in the previous one. In SciKit-

learn for each model the method .昀؀t is used for training using as arguments

the feature and label data. The parameter =sample weights= can optionally

be included as an argument. It allows to determine the contribution of each

sample to model learning, which is otherwise equal. Its implementation can be

useful to correct imbalanced datasets. In the following session of testing, the

model can only access the feature data and predicts the label with the pattern

captured during the training. In SciKit-learn, .predict is used to output the

predicted variable from solely features as input. Since some models can be

sensitive to value range, it is good practice to normalize all data before training

and testing, and subsequently reconvert the output. This is considered part of

the preprocessing of data and the function MixMaxScaler from SciKit-learn is

used. [7]

2.3.2 Hyperparameter optimization

Machine learning algorithms are composed of various modular parts. The tun-

able parameters, known as hyperparameters, can be considered as the settings

of learning for a model. Depending on the model structure and components,

the hyperparameters will be di昀؀erent. In the codebase, for each model two dis-

tinct blocks of code were executed: one for hyperparameter optimization and

the other for performance evaluation. To identify the best combinations of hy-
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perparameters a grid was created including all their possible combinations. For

each of them training and testing was performed, including cross-validation.

The best con昀؀guration yielding the highest average R² value on the test set was

selected and subsequently used for performance assessment. The 昀؀nal metric

evaluations for both the training and testing sets were computed separately and

presented in tabular form. A plot of predicted versus actual values including

the regression line was also generated for visual support in the interpretation

of performance. From the repository of Odegova et al.[3] can be inferred that

hyperparameter optimization is not to be unquestionably followed, although it

is not clear what criterion guided this group in the ultimate hyperparameter

selection.

2.3.3 Models

A basic understanding of each model is crucial for an insightful interpretation

of performance results.

The 昀؀rst model, Ridge Regression, is implemented to act as baseline, it is a

variation of linear regression (LR), but it is referred to as LR nonetheless. The

model introduces L2 regularization to linear regression, adding a penalty to

avoid over昀؀tting and improve generalization. The linearity constraint it is able

to capture remains, therefore it is not really applicable for the more complex

data being related.[7]

The next models are increasingly complex decision tree-based algorithms. De-

cision Tree models use 昀؀owchart-like structures to infer non-linear relationships

between variables. They obtain a set of decision rules from the feature data and

then follow the learned splits and paths to predict the label. In Decision Tree

Regression (DTR) each leaf is a numeric value and it represents a cluster of

observed data. It is prone to over昀؀tting and unstable, meaning small changes

in data can result in completely di昀؀erent trees. To overcome this limitation

ensembles are implemented where the predictions of several base models are

combined. Gradient Boosting Regression (GBR) combines the models sequen-

tially, so a train and test error is produced at each iteration and implemented

by the following decision tree for learning. The number of trees and contribu-
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tion of each one are some of the tunable hyperparameters. Further developed

versions of this model are Cat Boosting Regression (CBR) and Extreme Boost-

ing Regression (XGB). The former supports categorical features and ordered

boosting, training each model only on preceding data points to avoid label

information leakage. The latter introduces regularization in the boosting pro-

cess, introducing a penalty to the error of each sequential model being trained.

Random Forest Regression (RFR) introduces the bagging method, it trains

trees in parallel and aggregates their 昀؀nal predictions. The introduced ran-

domness derives from bootstrap sampling, building the trees on a subsample

that is randomly selected from the training dataset; and feature subsampling,

considering a random subset of features at each tree split. [7]

The Support Vector Machine Regression model (SVM) builds the decision

function based on a subset of training points, given by the ones excluded from

the acceptable margin of error, so those whose prediction is far o昀؀. By not

considering good predictions for the cost function, it avoids over昀؀tting and is

robust to noise.

K-nearest Neighbor Regression (KNN) is an instance-based learning model.

It stores instances from data and predicts the label on a new point based on

the mean of the labels of its nearest neighbors. Parameters that can be tuned

are on the way to compute the distance between neighboring points and the

number of neighbors the algorithm considers.

The last model is the only one based on more recent Deep Learning (DL)

techniques. Multilayer Perceptron (MLP) is a neural network with some hid-

den layers, between an input and output layer. The input layer has a set of

neurons representing the features, the hidden layers use activation functions

to convey non-linear relationships, and the output layer returns a continuous

value. To enhance prediction accuracy, backpropagation is implemented, with

iterative training where errors from each round are used for improvement to

adjust the model for the next iteration. The number of neurons, hidden layers

and iterations, together with the type of activation function are modi昀؀able

hyperparameters. [7]

The novelty or complexity of a model should not be misinterpreted as a
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synonym for improved prediction. The best algorithms depend on the data

available and its nature, just as the predictive function can convey certain,

but not all, associations between variables and labels. The yield relies on the

correctness of the hyperparameters selection. There is not one model that

outperforms the others, only one that demonstrates itself to be the optimal 昀؀t

given the structure and content of the features and labels.

2.4 Work昀؀ow

In this thesis all modi昀؀cations, analysis and model training is performed using

the code deposited by the research group of Odegova et al.[3]. In the primary

source the predicted labels include melting temperature, viscosity and density,

all industrially important properties of DES mixtures. Nonetheless in this

study the focus is solely on the prediction of melting temperature.

The aim of this work is to train and test the prede昀؀ned machine learning

models on the ampli昀؀ed dataset, evaluate their performance and compare it to

the results obtained with the more limited original dataset. Therefore a series

of modi昀؀cations were performed on the original code, the original dataset and

the novel dataset.

Firstly, the code was correctly executed on the original dataset, after

proper adaptations to newer versions of dependencies to ensure compatibility.

In addition to code maintenance, a 昀؀le =Requirements= including all pack-

ages and versions needed to run it, was compiled. Finally, to facilitate result

interpretation and comparison, the evaluation metrics from all models were

integrated into a single DataFrame and exported as a CSV 昀؀le.

Secondly, for the implementation of the various models on the novel dataset

the adjustments consisted in dataset cleaning, dataframe adaptation, hyper-

parameters optimization and debugging.

Dataset cleaning - One of the 昀؀les used to obtain an augmented dataset,

contained 昀؀ve empty entries regarding the single components melting

temperatures, returning a =Not a Number= error for most of the mod-

els. Since this feature is very relevant to the training, the empty cells
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were manually 昀؀lled with the correct values sourced from a separate 昀؀le

containing the same entries, but di昀؀erent dataframe, that included the

missing values.

Dataframe adaptation - The larger dataset derived from integration lacks

some columns, since only some of the features were present in both the

smaller datasets used to build it. Most of the missing features were

removed and not used in the models, with the exception of DES classi-

昀؀cation. All references to non-existing columns were removed to avoid

errors. In particular, it was critical to eliminate the function that stored

the results partitioned by DES type as well as the 昀؀nal visual plots gen-

erated based on this categorization.

Hyperparameters optimization - After execution of the code that outputs

the optimal combination of hyperparameters, the corresponding input

parameters were applied for the 昀؀nal evaluation of the models and plot-

ting of the predicted versus actual values. Given the unawareness of an

alternative criterion, no further critical adjustments were applied and

the automated optimization outputs were implemented without modi昀؀-

cation.

Finally, the original code and dataset were further re昀؀ned to allow for more

precise comparison of the results. Since the ampli昀؀ed dataset lacked a feature,

it seemed proper to also remove it from the original dataset, allowing for a

more objective comparison of the results and further insight into the relevance

of this particular feature to the models9 training.

A substantial part of the computational work consisted in the conversion

from a Jupyter Notebook format to Python scripts. For easier visualization

of the complexity and signi昀؀cance of the lengthy code, each model was modu-

larized into a function, including data preprocessing and graph visualization.

In the module 昀؀le desmol.py, all libraries are imported and each code block

is stored as a function. In the 昀؀le main.py, the module is imported and the

needed functions are called in the desired order and the output plots, origi-

nally shown in jupyter notebook, are saved as PNG 昀؀les, one for each fold for
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each model with the optimized hyperparameters, along with a CSV table of

R² and RMSE outputs for both training and testing for each model. Through

this implementation, the code can be executed as a whole, di昀؀erently from

the cell division structure of Notebooks. Moreover, optimized hyperparame-

ters are optional arguments of the functions, facilitating their integration once

the best combination has been identi昀؀ed. For completeness the more compact

code for Data Analysis was converted, obtaining a complete scripted Python

version of the code. The functions were added to the same module 昀؀le and

later called and executed from a new python script for both the original and

ampli昀؀ed dataset.

3 Results

The evaluation metrics used to assess model performance are R² and RMSE,

consistent with the approach employed by Odegova et al.[3]. The evaluation

encompasses training and testing of all models in three di昀؀erent dataset sce-

narios: the original dataset, the original dataset after removal of a feature, and

the ampli昀؀ed dataset.

While cross-validation serves a good basis for statistical validation, ad-

ditional reliability was ensured by repeating full model training and testing

昀؀ve times for each dataset con昀؀guration. This approach allows for calculation

of mean (µ) and standard deviation (σ) values derived from multiple runs.

Variation across runs is expected, due to machine learning models including

algorithm-speci昀؀c randomness. These models are generally non-deterministic

unless explicitly con昀؀gured. In this implementation, randomness was partially

contrasted using a 昀؀xed random seed in group-based data splitting, ensuring

reproducible folds as long as the input remains constant.

RMSE (CV and Train) is reported for completeness, however in assess-

ing model performance, the focus will be placed on R² of the cross-validation

testing set(CV). Metrics derived from the training set (Train) are not consid-

ered for comparative evaluation, but will be taken into account qualitatively

to ensure that no over昀؀tting occurs.

14



Firstly, the original dataset of 2,305 entries is used to validate the results

of Odegova et al.[3] and their reproducibility.

Table 1: Original Performance Metrics

Name ML R² CV RMSE CV R² Train RMSE Train
LR -1257.43 1735.46 0.543651 52.6733
DTR 0.580097 47.4616 0.703426 42.4362
RFR 0.729735 38.2291 0.918986 22.1485
GBR 0.738335 37.5928 0.956714 16.2013
CBR 0.756928 36.1843 0.953196 16.8572
XGB 0.707312 39.8644 0.999877 0.854109
SVM 0.704009 39.5265 0.788522 35.7411
KNN 0.66637 41.1073 0.921516 21.8243
MLP 0.617088 45.1355 0.757535 38.1508

Secondly, the same dataset is applied excluding the molecular feature Of

DES classi昀؀cation.

Table 2: Original Performance Metrics Excluding Type of DES

Name ML R² CV RMSE CV R² Train RMSE Train
LR -1226.46 1698.11 0.498506 55.2121
DTR 0.583633 47.3243 0.703946 42.3969
RFR 0.713469 39.311 0.918783 22.1787
GBR 0.733936 37.9431 0.947041 17.9158
CBR 0.757018 36.2145 0.970909 13.2903
XGB 0.733484 38.0284 0.996108 4.86269
SVM 0.629013 43.7242 0.73385 40.0113
KNN 0.642345 43.0502 0.8974 24.9557
MLP 0.469012 52.9626 0.606542 48.2267

Lastly, the ampli昀؀ed dataset including 2,658 entries by Dalla Pozza [9] is

used to assess the models9 susceptibility to datasize.
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Table 3: Performance Metrics on the Ampli昀؀ed Dataset

Name ML R² CV RMSE CV R² Train RMSE Train
LR 0.449161 54.4788 0.568353 50.0968
DTR 0.652694 47.7102 0.74987 37.9342
RFR 0.785704 37.278 0.930924 19.9236
GBR 0.788667 36.6524 0.956177 15.8575
CBR 0.823381 33.8333 0.96524 14.1091
XGB 0.803071 35.6826 0.998849 2.57332
SVM 0.812928 34.8591 0.865566 27.7883
KNN 0.80552 35.3635 0.953392 16.3674
MLP 0.771632 38.4747 0.831733 31.0895

Table 4 summarizes the performance metrics across 昀؀ve repeated runs, by

reporting the mean (µ) and standard deviation (σ) of R² CV for each model,

providing insight on average performance and consistency under repeated ex-

ecution.

Table 4: Mean R² (µ) and Standard Deviation R² (σ) across datasets

Original No Type Ampli昀؀ed
Model µ σ µ σ µ σ

DTR 0.5836 0.0000 0.5836 0.0000 0.6527 0.0000
RFR 0.7314 0.0021 0.7153 0.0016 0.7873 0.0019
GBR 0.7383 0.0000 0.7243 0.0000 0.7887 0.0000
CBR 0.7343 0.0000 0.7468 0.0000 0.8234 0.0000
XGB 0.7073 0.0000 0.7328 0.0000 0.8031 0.0000
SVM 0.7040 0.0000 0.6290 0.0000 0.8129 0.0000
KNN 0.6664 0.0000 0.6241 0.0000 0.8055 0.0000
MLP 0.5961 0.0162 0.4192 0.0216 0.6565 0.0747

The highest variability is observed in the performance of the MLP model

across runs. The model showed testing R² values ranging from 0.5665 to 0.8230

in the Ampli昀؀ed Dataset. The ample variation suggests higher sensitivity

compared to the other models.

By comparing the model9s performance in the presence and absence of a

feature, we are able to better grasp the importance of type of DES in the

prediction by the models.
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Tabella 1: Average R² 3 Baseline vs. Removed feature

Model Original no Type of DES � R²
LR -1257.43 -1226.46 -30.9719
DTR 0.583633 0.583633 0.000000
RFR 0.731417 0.715286 -0.016131
GBR 0.738335 0.724271 -0.014064
CBR 0.734335 0.746789 0.012454
XGB 0.707312 0.732827 0.025515
SVM 0.704009 0.629013 -0.074996
KNR 0.66637 0.624124 -0.042246
MPR 0.596118 0.419198 -0.17692

The results show that MLP and SVM are the most in昀؀uenced by this

feature, MLP exceptionally.

As the ample dataset inherently lacks the DES classi昀؀cation feature, to

assess the models performance we compare it with the results obtained from

the original dataset with the same feature removed. This allows for a more

objective evaluation of whether a bene昀؀t is brought by the increased training

data available.

Tabella 2: Average R² 3 Removed feature vs. Ampli昀؀ed Dataset

Model no Type of DES Ampli昀؀ed � R²
LR -1226.46 0.449161 1226.9
DTR 0.583633 0.652694 0.069061
RFR 0.715286 0.787328 0.072042
GBR 0.724271 0.788667 0.064396
CBR 0.746789 0.823381 0.076592
XGB 0.732827 0.803071 0.070244
SVM 0.629013 0.812928 0.183915
KNN 0.624124 0.80552 0.181396
MLP 0.419198 0.656549 0.237351

The results show an overall improvement for all models. SVM, KNN and

MLP are the most noteceably improved.

For a 昀؀nal comparison across all datasets, we focus on the models that de-

mostrated the most distinctive behavior, excluding those that did not bene昀؀t

nor were a昀؀ected by the data manipulation.

Linear Regression (LR) and Decision Tree Regression (DTR) show poor per-

formance, as they are not able to reproduce complex, non-linear relationships.
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The models RFR, GBR, CBR perform well and demonstrate robustness across

changes. Only CBR is included in the 昀؀nal comparison as it is the top per-

former among them. XGB will be excluded, even if it appears well-performing,

due to a high concern of over昀؀tting. SVM, KNN and MLP are included for

their high sensitivity to changes in the data.

Table 7: Average R² 3 Baseline vs. Removed feature vs. Ampli昀؀ed Dataset

Model Original No Type of DES Ampli昀؀ed
LR -1257.43 -1226.46 0.449161
CBR 0.734335 0.746789 0.823381
SVM 0.704009 0.629013 0.812928
KNN 0.66637 0.624124 0.80552
MLP 0.596118 0.419198 0.656549

RL is used as baseline, allowing us to appreciate the other models results.

CBR retains the best metric values and consistently strong R² that is stable

across datasets. SVM, KNN are responsive to dataset changes and are subject

to meaningful improvement with ampli昀؀cation. MLP is the most variable,

most sensitive to feature removal and ampli昀؀cation.

4 Conclusion and discussion

The comprehensive work carried out by Odegova et al.[3] provided a solid and

well-structured foundation for this study. The group accounted for all critical

aspects of machine learning, from descriptor selection and dataset curation to

rigorous preprocessing and evaluation. The robust codebase o昀؀ered a reliable

basis for subsequent targeted modi昀؀cations and analysis, enabling this work

to focus on and expand speci昀؀c elements.

This study concentrated on two key aspects: the contribution of the single

feature DES type to model performance, and the impact of dataset size on

predictive accuracy.

The results indicate that the relevance of the DES type feature di昀؀ers de-

pending on the model. The kernel based models, SVM, KNN and MLP, were

the most sensitive to this feature removal with a notable drop in performance.
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On the other hand, CBR, the model identi昀؀ed as the top performing by Ode-

gova et al.[3], is the least a昀؀ected with an almost unchanged output. When

performing the contribution estimation with SHAP values avaraged across

models, DES classi昀؀cation was not identi昀؀ed as a signi昀؀cant contributor in

Odegova et al.[3]9s results. In particular when the same SHAP analysis was

con昀؀ned to the CBR model, Type V DES appeared in eighth position. While

this might suggest some in昀؀uence, its actual SHAP value was low, indicating

limited impact despite ranking in the top ten most contributing features.

Changing the focus to the dataset size, the results con昀؀rm the expected

improved performance across all models. Also in this case, the kernel models

are deeply a昀؀ected in their performance, more than with the feature removal.

In the 昀؀eld of machine learning data abundance generally enhances model ac-

curacy. Quantity is important for an increasingly better model9s performance,

nonetheless quality is even more crucial. Elements such as proper data struc-

ture, complete and accurate information, thoughtful feature selection, and cor-

rect separation into training and testing subsets are all imperative for e昀؀ective

model training and reliable output.

Despite the expanded dataset, concerns about uneven data distribution

persist. Although the additional entries lacked the DES class information, it

is assumed that their inclusion did not attenuate the imbalance, leaving type

III and V disproportionately represented. Classi昀؀cation being removed as a

feature does not dismiss the concern. Each DES type is de昀؀ned by chemical

characteristics, so the information is indirectly encoded into the molecular de-

scriptors. It cannot be excluded that the seemingly strong model performance

is driven primarily by the overrepresented classes, while the model may struggle

to capture relationships within underrepresented DES types. This highlights,

once again, the importance of the dataset quality. A perfectly balanced dataset

is not always achievable, therefore it is essential to apply pondered measures

that account for the imbalance.

Although removing the DES type feature from both datasets allowed for a more

objective comparison, the inability to analyze which DES classes contributed

most to the positive metrics remains a signi昀؀cant limitation. Odegova et al.[3]
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accounted for the dataset imbalance through retrospective analysis that cannot

be replicated due to lack of data, so a direct comparison is not feasible. It is

not possible to guarantee that the prediction is improved across all DES cate-

gories. The possibility remains that overrepresented classes drive the observed

improvement.

The top performing model remains Cat Boosting Regression, even after

removal of a feature and with an augmented dataset.

Table 8: Cat Boosting Regression

Dataset R² CV RMSE CV R² Train RMSE Train
Original 0.734335 37.922182 0.950760 17.290322
Removed Feature 0.746789 36.998356 0.961418 15.280578
Ampli昀؀ed 0.823381 33.833303 0.965240 14.109087

In all conditions, it yielded the highest average R² on the test subset and

as this value rose sharply, the corresponding training increased mildly. This

suggests that the model performance improved on unseen data points and

has therefore good generalization capabilities. SVM and KNN are also worth

mentioning for their great potential in future predictions with more training

data available. The same cannot be said for Multilayer Perceptron despite

its similarly better results. This model exhibited unstable behavior across

runs, therefore its outputs are not considered robust enough for reliable con-

clusions. They may serve as a guideline, but further assessment and greater

reproducibility is needed for validation.

Future contribution in the application of ML in the study of Deep Eutectic

Solvents is possible. These include the analysis of other features to explore the

signi昀؀cance of their contribution to the prediction, and obtaining even larger

datasets to enhance further model precision. Completing the dataset with

DES classi昀؀cation would be relevant for data analysis and to 昀؀t the models

most a昀؀ected by this feature. It would be insightful to address the dataset

imbalance during training, possibly by implementing sample weights, rather

than only subsequently in result analysis.

A solid foundation for ML implementation in DES has been laid both in

the prediction and generative direction. Advancements in AI development, im-
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proved molecule representation, and increased data collection will serve great

progress in this 昀؀eld in time to come.
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