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SUMMARY 
 

The low solubility of drugs presents a significant challenge in pharmaceutical development. This study 

evaluates the ability of five artificial intelligence models — Artificial Neural Network (ANN), Random 

Forest, K-Nearest Neighbors (KNN), Linear Regression, and XGBoost — to predict drug solubility in 

cosolvent systems. The study uses a dataset that integrates the physicochemical properties of the solute 

and solvent. The objective was to identify the most accurate model and analyze the relative importance 

of the predictor variables. The results demonstrate a clear hierarchy in model performance. Tree-based 

algorithms XGBoost and Random Forest showed exceptional predictive power with coefficients of de-

termination (R²) of 0.9737 and 0.9752, respectively, and the lowest mean squared errors. The ANN 

model also demonstrated robust performance (R² = 0.9585), whereas the linear regression model was 

unable to capture the nonlinear relationships inherent in the system (R² = 0.4463).  Feature importance 

analysis revealed significant differences: tree models prioritized the drug's molar mass, while ANN 

attributed considerable importance to the cosolvent system's properties, such as the solvents' molar 

mass and volume. These differences highlight the complexity of solubility as a multifactorial phenom-

enon. We conclude that ensemble models, particularly XGBoost, are highly effective and accurate tools 

for in silico solubility prediction. Additionally, we find that a comparative modeling approach is crucial 

for gaining a holistic understanding of the physicochemical interactions that govern the process. 
 

Keywords: Solubility; drugs; artificial intelligence (AI); predictive models; cosolvent systems; phar-

macy. 
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RESUMEN 
 

Evaluación de modelos de IA para predecir la solubilidad de fármacos en sistemas cosolventes 
 

La baja solubilidad de los fármacos supone un reto importante en el desarrollo farmacéutico. En este 

estudio se evalúa la capacidad de cinco modelos de inteligencia artificial (red neuronal artificial, bosque 

aleatorio, K-vecinos más cercanos, regresión lineal y XGBoost) para predecir la solubilidad de los fár-

macos en sistemas cosolventes. El estudio utiliza un conjunto de datos que integra las propiedades fisi-

coquímicas del soluto y el solvente. El objetivo era identificar el modelo más preciso y analizar la im-

portancia relativa de las variables predictivas. Los resultados muestran una clara jerarquía en el rendi-

miento de los modelos. Los algoritmos basados en árboles, XGBoost y Bosque Aleatorio, mostraron una 

capacidad predictiva excepcional, con coeficientes de determinación (R²) de 0,9737 y 0,9752, respectiva-

mente, y los errores cuadrados medios más bajos. El modelo ANN también demostró un buen rendi-

miento (R² = 0,9585), mientras que el modelo de regresión lineal no pudo captar las relaciones no lineales 

inherentes al sistema (R² = 0,4463). El análisis de importancia de las características reveló diferencias 

significativas: los modelos de árbol dieron prioridad a la masa molar del fármaco, mientras que la ANN 

atribuyó una importancia considerable a las propiedades del sistema cosolvente, como la masa molar y 

el volumen de los disolventes. Estas diferencias ponen de manifiesto la complejidad de la solubilidad 

como fenómeno multifactorial. En conclusión, los modelos de conjunto, en particular XGBoost, son he-

rramientas muy eficaces y precisas para la predicción de la solubilidad in silico. Además, consideramos 

que un enfoque de modelización comparativa es fundamental para obtener una comprensión global de 

las interacciones fisicoquímicas que rigen el proceso. 
 

Palabras clave: Solubilidad; medicamentos; inteligencia artificial (IA); modelos predictivos; sistemas 

cosolventes; farmacia. 
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RESUMO 
 

Avaliação de modelos de IA para prever a solubilidade de medicamentos em sistemas de co-solven-

tes 
 

A baixa solubilidade dos fármacos representa um desafio importante no desenvolvimento farmacêutico. 

Este estudo avalia a capacidade de cinco modelos de inteligência artificial (rede neural artificial, floresta 

aleatória, K-vizinhos mais próximos, regressão linear e XGBoost) para prever a solubilidade dos fárma-

cos em sistemas co-solventes. O estudo utiliza um conjunto de dados que integra as propriedades físico-

químicas do soluto e do solvente. O objetivo era identificar o modelo mais preciso e analisar a impor-

tância relativa das variáveis preditivas. Os resultados mostram uma hierarquia clara no desempenho 

dos modelos. Os algoritmos baseados em árvores, XGBoost e Random Forest, mostraram uma capaci-

dade preditiva excepcional, com coeficientes de determinação (R²) de 0,9737 e 0,9752, respectivamente, 

e os menores erros quadráticos médios. O modelo ANN também demonstrou um bom desempenho (R² 

= 0,9585), enquanto o modelo de regressão linear não conseguiu captar as relações não lineares inerentes 

ao sistema (R² = 0,4463). A análise da importância das características revelou diferenças significativas: 

os modelos de árvore deram prioridade à massa molar do fármaco, enquanto a ANN atribuiu uma 

importância considerável às propriedades do sistema co-solvente, como a massa molar e o volume dos 

solventes. Estas diferenças evidenciam a complexidade da solubilidade como um fenómeno multifato-

rial. Em conclusão, os modelos de conjunto, em particular o XGBoost, são ferramentas muito eficazes e 

precisas para a previsão da solubilidade in silico. Além disso, consideramos que uma abordagem de 

modelagem comparativa é fundamental para obter uma compreensão global das interações físico-quí-

micas que regem o processo. 
 

Palavras-chave: Solubilidade; medicamentos; inteligência artificial (IA); modelos preditivos; sistemas 

co-solventes; farmácia. 
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1. INTRODUCTION 
 

The prevalence of low solubility in pharmaceutical research and development (R&D) portfo-

lios has reached alarming proportions. While previous studies indicated that more than 40% 

of new chemical entities (NCEs) were practically insoluble in water, more recent estimates 

place this figure between 70% and 90% of all compounds in development [1, 2]. This phenom-

enon is not random, but rather the result of a paradigm shift in drug discovery strategies. 

Modern tools such as high-throughput screening (HTS) and target-oriented drug design have 

revolutionized our ability to identify potent and selective compounds. However, this success 

has had an unintended consequence [3, 4]. 

These methodologies tend to select molecules that are structurally larger, more complex, 

and—crucially—more lipophilic (fat-loving) to achieve optimal binding to their biological tar-

gets [5]. There is a well-established inverse correlation between lipophilicity and aqueous sol-

ubility. Therefore, as discovery tools become more efficient at identifying potent ligands, they 

systematically generate a higher proportion of candidates with unfavorable physicochemical 

properties. This creates a self-perpetuating solubility crisis where success in the early stages of 

discovery fuels challenges in later stages of formulation. In addition to the drug's intrinsic 

chemical structure, other factors, such as its pKa (which determines its state of ionization based 

on the pH of the medium) and solid state (polymorphism), also significantly influence solu-

bility [6]. Crystalline drug forms are generally less soluble than their amorphous counterparts, 

adding another layer of complexity to the formulation challenge [7]. 

Traditionally, determining solubility has been a laborious experimental process. The ref-

erence method, known as the "shake-flask" method, involves shaking an excess of the com-

pound in a solvent until equilibrium is reached [8]. This process can take days and requires 

significant amounts of compound, solvents, and human resources. While this methodology is 

accurate, it is incompatible with the pace and scale of modern drug discovery, where thou-

sands of compounds must be evaluated in the early stages [8-10]. 

The economic imperative to find alternatives is overwhelming. Bringing a new drug to 

market costs an estimated $1 billion, with more than 30% of that cost devoted to formulation 

[11]. Failure of a candidate in the advanced stages of development due to insurmountable for-

mulation problems represents massive financial loss. In silico (computational) methods emerge 

as a strategic solution here [12, 13]. These approaches can predict a compound's solubility 

based solely on its molecular structure, eliminating the need for physical synthesis [12]. 

The shift toward silico prediction is a fundamental change in development strategy. Rather 

than taking a reactive approach where formulation scientists attempt to "rescue" a promising 

but poorly soluble compound in the late stages, this strategy is proactive and design-based. 

Computational tools enable solubility to be considered a key optimization parameter from the 

earliest stages of discovery, alongside potency and selectivity. Chemists can screen virtual li-

braries of millions of compounds to identify those with a favorable balance of activity and 

physicochemical properties. This approach dramatically accelerates the R&D cycle, reduces 

costs, decreases reliance on animal models, and increases the overall likelihood of clinical suc-

cess. The goal is not to replace experimentation entirely, but rather to guide it, enabling labor-

atory resources to focus on the most promising drug candidates [13].  
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2. METHODOLOGY 
 

The research design aimed to identify the machine learning model with the greatest predictive 

capacity for the solubility of certain drugs in pure solvents and solvent mixtures of industrial 

interest. To ensure reproducibility and prevent information leakage, the entire workflow was 

implemented, from data preprocessing to final validation. 

Each implemented model is based on a distinct learning principle, enabling a comparative 

assessment of their ability to capture the relationships between drug properties, solvent char-

acteristics, and operating conditions. Linear Regression was employed as the baseline model 

due to its simplicity and interpretability, assuming a linear relationship between variables; its 

primary role is to establish a minimum performance benchmark against which more complex 

methods can be evaluated. The K-Nearest Neighbors (KNN) algorithm, in contrast, bases its 

predictions on instance similarity, estimating the solubility of a compound from the values of 

its closest neighbors in the feature space, making it particularly useful for capturing local pat-

terns. 

Decision tree–based models, such as Random Forest and XGBoost, allow for the identifi-

cation of complex and non-linear interactions between variables. Random Forest constructs 

multiple trees trained on random subsets of both the data and the features, averaging their 

outputs to reduce variance and enhance stability. XGBoost, on the other hand, optimizes se-

quentially by correcting the residual errors of previous predictions, incorporating regulariza-

tion to improve generalization. Finally, a Multilayer Perceptron (MLP) Artificial Neural Net-

work was evaluated, capable of approximating highly non-linear functions through intercon-

nected hidden layers of neurons, making it well-suited for modeling complex physicochemical 

phenomena. 

In this context, it is important to remember that the methodology for developing an artifi-

cial intelligence model capable of predicting drug solubility is based on a supervised machine 

learning workflow. Initially, a database was consolidated and curated that integrates some 

specified predictor variables, from the intrinsic properties of the drug such as its Molar Mass, 

Solubility Parameter, Melting Temperature (K), and Melting Enthalpy (kJ/mol), to the charac-

teristics of the co-solvent system, including the properties of Solvents 1 and 2 and their respec-

tive molar fractions. This dataset underwent rigorous preprocessing, which included: 1) en-

coding categorical variables (solvent names) into a numerical format using techniques such as 

one-hot encoding; and 2) standardizing or normalizing all numerical features so that their dif-

ferent scales would not negatively affect the model's performance.  

 

2.1. Data preprocessing and segmentation 

The initial dataset (Tables 1 and 2) was preprocessed to adapt the variables to the modeling 

algorithms. Categorical variables were transformed using one-hot encoding, and numerical 

variables were standardized using z-scores to mitigate scale bias. 

Then, the preprocessed dataset was stratified into training (80%) and testing (20%) sub-

sets. A fixed random seed (random_state=42) was used to ensure reproducibility of the parti-

tion. We encapsulated the entire preprocessing and modeling flow in a Scikit-learn Pipeline 

structure to ensure that data transformers were adjusted exclusively on the training set. 
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Table 1. Physicochemical properties of some drugsa,b 

Drugs Molar 

mass 

Solubility 

parameter 

Molar 

volume 

Melting tem-

perature 

Melting 

enthalpy 

Solubility 

ref. 

Hydroxytyrosol 154.16 37.05 131.2 333.55 94 [14, 15] 

Indomethacin 357.79 24.5 230 433 55.1 [16-23] 

Triclocarban 315.58 26.5 177.6 527.54 41.5 [24-32] 

Progesterone 314.46 19.81 304.7 403.4 26.9 [33] 

Meloxicam 351.4 30.95 189.1 536.7 43.9 [34-38] 

Amygdalin 457.43 29.9 377.3 499.56 No 

disponible 

[39] 

Acetaminophen 151.16 28.2 111.2 441.2 27.6 [40-41] 

Naproxen 230.26 23.4 189.4 428.8 34.2 [22, 42-44] 

Methocarbamol 241.24 25.64 171.9 369.8 40.06 [45-47] 

Benzoin 212.24 33.07 142.2 406 35.85 [48] 

Sulfadiazine 250.28 28.89 150 532.65 44.3 [49-59] 

Sulfamerazine 264.3 28.1 164.5 508.45 41.3 [49, 50, 60-

66] 

Sulfamethazine 278.33 27.42 179 468.95 39.2 [49, 50, 59, 

62, 67-71] 

Sulfacetamide  214.24 28.4 134.1 455.2 29.79008 [72] 

Sulfapyridine 249.29 27.1 158.5 462.7 40.47 [73-75] 

Sulfamethizole 270.33 23.65 172.3 480.8 46.4 [76-78] 

Sulfanilamide 172.2 24.81 128.7 435.4 23.30488 [77, 78] 

Methylparaben 152.15 28.1 110.5 399.2 25.3 [79] 

Ethylparaben 166.17 26.97 126.5 389.2 27.9 [80, 81] 

Propylparaben 180.2 26.1 142.5 369.25 31.3 [82] 

Nimodipine 418.44 22.9 309.2 397.2 41.7 [83] 
aSee Delgado et al. [84]; bUnits: Molar mass in g/mol; Solubility parameter in MPa1/2, Molar volume in 

cm3/mol; Melting temperature in K; Melting enthalpy in kJ/mol. 

 

2.2. Model training and comparative evaluation: 

 

We trained and evaluated a set of five regression algorithms [85], which were selected to cover 

different modeling approaches: artificial neural network (ANN), a random forest, a K-nearest 

neighbors (KNN) model, a linear regression model, and an XGBoost model. 

The performance of each model was quantified using a five-fold cross-validation protocol 

applied only to the training set. The evaluation was based on three standard regression task 

metrics: the coefficient of determination (R²), root mean square error (RMSE), and mean abso-

lute error (MAE). During this stage, we optimized the hyperparameter k for the KNN model 

and identified k = 11 as the value offering the optimal balance between bias and variance. 
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Table 2. Physicochemical properties of some solvents of interest to the pharmaceutical industry 

Solvents Molar mass 

(g/mol) 

Solubility parameter 

(MPa1/2) 

Molar volume 

(cm3/mol) 

Solubility 

Ref. 

Water 18.01528 47.9 18 

[86, 87] 

Methanol 32.04 29.6 41 

Ethanol 46.068 26.6 59 

1-Propanol 60.0952 24.5 75 

1-octanol 130.23 20.9 158 

Acetonitrile 41.05 24.8 53 

1,4-Dioxane 88.11 23.2 86 

Ethylene glycol 62.07 34.9 56 

Cyclohexane 84.16 16.8 108 

Propylene glycol 76.09 30.7 73.4 

PEG 400 400 21.6 354.45 

PEG 200 200 24.3 177.65 

PEG 300 300 22.5 265.98 

Ethyl acetate 88.11 18.2 98 

N-methyl-2-pyrrolidone 99.13 23 96.24 
 

 

3. RESULTS AND DISCUSSION 
 

The solubility of a solid drug in a solvent mixture is fundamentally governed by the balance 

between the energy required to break down the crystalline lattice of the solute and the energy 

released by the solvation of the drug molecules [6]. In this context, the melting temperature 

(K) and melting enthalpy (kJ/mol) directly reflect the stability of the crystal lattice [7]. A high 

melting temperature and enthalpy indicate an energetically stable crystal, which hinders dis-

solution and decreases solubility at a given temperature. This dissolution process is only fa-

vorable if the drug-solvent interactions offset the energy penalty. Solubility parameters (δ), 

based on Hildebrand-Scatchard theory, are crucial here because affinity is maximized and sol-

ubility is enhanced when the drug solubility parameter is very close to that of the solvent me-

dium [87, 88]. In a cosolvent system consisting of Solvent 1 and Solvent 2, the parameters are 

not evaluated in isolation. Instead, an effective solubility parameter for the mixture is calcu-

lated [89]. This parameter is a weighted function of the Solvent 1 Solubility Parameter and the 

Solvent 2 Solubility Parameter [90, 91]. It is adjusted according to the molar fractions of Solvent 

1 and Solvent 2. In this way, by manipulating the molar fractions, we can “tune” the solubility 

parameter of the mixture to optimally match that of the drug, thereby maximizing solubility. 

Finally, the molar volume of the drug and the molar volumes of solvents 1 and 2, together 

with their respective molar masses, are fundamental properties that, although sometimes 

omitted in simple approximations, are indispensable for rigorous calculations of the free en-

ergy of mixing, as they influence the entropic and energetic contributions of the process, al-

lowing for a precise quantitative description of the system at the molar level, which is the 

foundation of all these thermodynamic relationships [6]. 

Figure 1 provides a detailed analysis of the five machine learning models that were eval-

uated to predict the solubility of certain drugs compared to the experimental solubility values. 

The solid line represents the identity line, which indicates a perfect prediction where the cal-

culated solubility (x3Cal) equals the experimental solubility (x3Exp). The dotted line shows the 

trend of the model's predictions. Five models were analyzed: an artificial neural network 
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(ANN), a random forest, a K-nearest neighbors (KNN) model, a linear regression model, and 

an XGBoost model.  

 

 
Figure 1. Predictions from different machine learning models for the calculated solubility variable vs. 

experimental solubility. 

 

In relation to the first model, the artificial neural network demonstrates high performance. As 

shown in the graph, there is a tight grouping of points around the identity line, indicating high 

accuracy and an almost perfect correspondence between the predicted and experimental val-

ues. This is supported by the performance metrics, which include a coefficient of determina-

tion (R²) of 0.9585 and a mean squared error (MSE) of 0.00012522. These values suggest that 

the model explains 95.85% of the variability in the experimental data, with very low residual 

error. The dotted regression line nearly overlaps with the identity line, indicating that the 

model is unbiased and highly effective for prediction. The Random Forest model also exhibits 

outstanding performance when evaluated. Its predictions cluster tightly around the identity 

line with minimal point dispersion. The metrics confirm this: an R² of 0.9752, surpassing even 

the ANN. The mean square error (MSE) is 0.00008593, the lowest of all the analyzed models, 

indicating exceptional accuracy and minimal prediction error. The proximity of the regression 

line to the identity line further supports the idea of a robust and highly reliable model. The K-

Nearest Neighbors model shows moderate performance compared to tree and neural network 

models. The graph shows greater dispersion of points around the identity line, indicating 

lower prediction accuracy. This is confirmed by the metrics: an R² of 0.8996 and an MSE of 

0.00030587. While the model still has acceptable explanatory power, the dispersion is signifi-

cantly greater, particularly within the lower range of values. The dotted regression line follows 

the general trend but deviates more than it does in high-performance models, suggesting 

lower generalization ability. The Linear Regression model shows poor performance for this 

task. The graph shows wide dispersion and clear deviation of the regression line from the 
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identity line. The metrics support this observation: an R² of 0.4463 indicates that the model 

explains less than 45% of the variability in the data. The MSE is 0.003471, which is much higher 

than in the other models and implies substantial prediction error. The presence of outliers and 

clustering of points in the lower left of the graph suggest that the linear model fails to capture 

the underlying nonlinear relationship between the variables. Finally, the XGBoost model's per-

formance is exceptional and comparable to that of the Random Forest model. The compact 

clustering of points around the identity line indicates high accuracy. This observation is con-

firmed by the metrics, which show an R² of 0.9737, like the R² of the Random Forest model. 

The MSE is 0.00008629, nearly identical to Random Forest's, which reinforces the conclusion 

that this model is accurate. The dotted regression line nearly overlaps with the identity line, 

demonstrating zero bias and optimal predictive power. 

Upon comparing the five models, three clear performance categories emerged. XGBoost 

and Random Forest are the highest performing models. These models are based on decision 

trees and demonstrate a superior ability to capture complex, nonlinear relationships in the 

data. This ability is confirmed by their high R² values (0.9737 and 0.9752, respectively) and low 

MSEs. These results suggest that ensemble learning techniques are particularly effective for 

this dataset. The artificial neural network falls into the second category. Although it performs 

excellently with an R² of 0.9585, it is slightly inferior to boosted tree models. However, its abil-

ity to model nonlinear relationships makes it a solid option for prediction with an excellent fit. 

The K-Nearest Neighbors model is intermediate. Its proximity-based approach is less accurate 

than ensemble methods or neural networks for this problem, resulting in greater data disper-

sion. Finally, linear regression is the model with the lowest performance. Its inability to handle 

the data's inherent nonlinearity results in a poor fit and high error, rendering it unsuitable for 

predicting solubility. In summary, the most appropriate model depends on the priority given 

to maximum accuracy versus interpretability. Thus, XGBoost and Random Forest are the best 

options in terms of accuracy. 

 When analyzing the residual plots (Figure 2) for the five machine learning models, a clear 

performance hierarchy emerges. The XGBoost model shows the best performance, with resid-

uals that are densely and homogeneously clustered around the zero line. This demonstrates 

high accuracy and ideal homoscedasticity. The Random Forest model also ranks highly, show-

ing a consistent and random distribution of residuals across the entire prediction range, indi-

cating robust performance. The artificial neural network (ANN) also performs well, though it 

shows slight heteroscedasticity for higher predicted values. In contrast, the K-Nearest Neigh-

bors model shows moderate performance, with greater dispersion and more evident hetero-

scedasticity patterns, resulting in lower accuracy. Linear Regression is clearly the least effec-

tive model, with a pattern of residuals that deviates dramatically from the zero line. This re-

veals a systematic bias and an inability to capture the nonlinear nature of the data. 
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Figure 2. Analysis of residuals from machine learning models implemented in the prediction of solu-

bility of certain drugs. 
 

3.1. Comparison of the importance of predictor variables determined by permutation of AI 

models 

Table 3 summarizes the importance values for each feature across the five analyzed models. 

The features are ranked according to their importance in the artificial neural network (ANN) 

model, which was found to be the most sensitive to all variables. 
 

Important note on metrics: Each model uses a different metric to calculate importance. 
 

a) ANN and KNN: Measure the average decrease in performance (R²) per permutation. A 

higher value means that the feature is more important. 

b) Linear Regression: It measures the absolute magnitude of the coefficient. A larger coef-

ficient indicates greater influence on the prediction. 

c) Random Forest and XGBoost: They use internal importance metrics, such as Gini impu-

rity reduction or gain. A higher value means greater importance. 
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Table 3. The importance of predictor variables determined by permutation of AI models 

Variable  ANN (R² 

Drop) 

KNN (R² 

Drop) 

Random Forest 

(Importance) 

XGBoost (Im-

portance) 

Linear regression 

(Coefficient) 

Molar mass solvent 1 ~1.350 ~0.490 0 0 ~0.220 

Molar volume solvent 1 ~0.780 ~0.040 0 0 ~0.290 

Molar volume of drug ~0.600 ~0.015 0 0 ~0.095 

Mole fraction of most polar sol-

vent (in cosolvent mixture) 

~0.530 ~0.140 ~0.150 0 ~0.008 

Mole fraction of least polar sol-

vent (in cosolvent mixture) 

~0.330 ~0.130 ~0.160 ~0.080 ~0.007 

Molar mass of drug ~0.300 ~0.015 ~0.670 ~0.940 ~0.025 

Enthalpy of fusion (kJ/mol) ~0.280 ~0.025 0 0 ~0.012 

Drug solubility parameter ~0.150 ~0.005 ~0.010 ~0.010 ~0.020 

Solvent 1 solubility parameter ~0.140 ~0.001 0 0 ~0.035 

Molar volume of solvent 2 ~0.140 0 0 0 ~0.100 

Solvent 2 solubility parameter ~0.130 0 0 0 ~0.040 

Melting temperature of drug (K) ~0.120 ~0.010 0 ~0.002 ~0.015 

Molar mass of solvent 2 ~0.080 0 0 0 ~0.090 

Study temperature ~0.040 ~0.035 ~0.020 ~0.010 ~0.005 

 

A comparative analysis of the models reveals that solubility does not depend on a single dom-

inant characteristic, but rather on a complex interaction of multiple factors. This conclusion is 

evident in the clear divergence between the approaches of each algorithm. Tree models, such 

as XGBoost and Random Forest, emphasize the properties of the solute and show a preference 

for drug molar mass, probably because it is a strong indicator of molecular size and intermo-

lecular forces. However, other models paint a different picture. The artificial neural network 

(ANN), K-nearest neighbors (KNN), and linear regression models give significant weight to 

the properties of the solvent mixture, such as its molar masses and volumes. This finding has 

profound physicochemical significance since solvation (the solute-solvent interaction) is the 

true thermodynamic driver of dissolution. This comparison ultimately demonstrates the risk 

of relying on a single model. A limited analysis of XGBoost could mistakenly conclude that 

solvent properties are irrelevant. This is because both XGBoost and Random Forest show zero 

values for the importance of physicochemical parameters, such as solubility parameters. This 

is theoretically unlikely and highlights the limitations of these AI models in explaining solu-

bility behavior. Therefore, contrasting different algorithms is crucial to obtaining a multifac-

eted view, which validates that both the drug and the solvent system are indispensable pieces 

in the complex puzzle of solubility. 
 

 

4. CONCLUSION 
 

The study's comparative analysis conclusively demonstrates that tree-based models are supe-

rior for predicting solubility. The XGBoost and Random Forest algorithms achieved the high-

est performance, with coefficients of determination (R²) of 0.9737 and 0.9752, respectively. Lin-

ear Regression, on the other hand, proved inadequate for this complex problem. Its inability 

to capture the nonlinear relationships inherent in the solubility system resulted in poor per-

formance (R² = 0.4463) and high prediction error. This disparity underscores the complexity of 
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solubility as a multifactorial phenomenon, a reality reinforced by the models' differing inter-

pretations of variable importance. Significant differences in weighting were found: while the 

tree models prioritized the drug's molar mass, the artificial neural network (ANN) attributed 

considerable importance to the cosolvent system's properties, such as the solvents' molar mass 

and volume. For these reasons, the study concludes that model comparison is crucial for a 

comprehensive understanding. Using a comparative modeling approach is essential to gain-

ing a holistic understanding of the physicochemical interactions that govern the process and 

avoiding biased or incomplete conclusions that could arise from relying on a single algorithm. 
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