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Abstract

In-silico prediction of physicochemical properties such as solvation free energy is

crucial for efficient drug discovery. However, accurate prediction remains challenging

due to complexities inherent in molecular representations and model transferability.

This study systematically evaluates the influence of different molecular representations,

namely descriptor-based, fingerprint-based and graph-based, on the predictive perfor-

mance and transferability of supervised machine learning (ML) models. Using three

diverse datasets (MNSol, FreeSolv, and CombiSolv), we compared classical regression

techniques (XGBoost, Random Forest, Support Vector Regression, Kernel Ridge Re-

gression) against deep learning models, specifically the Chemically Interpretable Graph

Interaction Network (CIGIN). Our findings indicate that while traditional models with

interpretable descriptors provide insights into the important features, their transfer-

ability is limited by dataset size and chemical diversity. Molecular fingerprints show
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improved performance, and a Multilayer Perceptron (MLP) Regressor demonstrates

better regularization with high-dimensional fingerprints compared to traditional mod-

els. The graph-based CIGIN model exhibits strong performance and chemical inter-

pretability but faces challenges in generalizing to novel chemical entities absent in the

training data, showing increased errors for molecules with long hydrocarbon chains

or polyol moieties. This research highlights the critical interplay between data qual-

ity, molecular representation, and model choice in achieving accurate and transferable

predictions of molecular properties, underscoring the need for further refinement in

handling novel chemical space and incorporating physics-informed features.

Scientific Contribution

This study provides a systematic comparative analysis of diverse molecular representations,

highlighting their impact on predictive accuracy and model transferability in supervised

learning of solvation free energies. By rigorously evaluating classical and deep learning

models using multiple chemically diverse datasets, we uncover specific strengths and critical

limitations in current methodologies, particularly emphasizing issues with transferability and

dataset overlap. These insights will guide the future developments of robust, interpretable,

and generalizable ML models for molecular property prediction and computational drug

discovery.

Introduction

Efficient computational prediction of molecular properties, such as solvation free energy, is

a cornerstone of modern drug discovery, offering significant reduction in time and resources.

However, accurately predicting these properties remains a formidable challenge due to the

intricate interplay between molecular features, computational complexity, and dataset lim-

itations.1–3 A fundamental aspect of predictive modeling in cheminformatics involves the
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appropriate selection and representation of molecular data, directly influencing the effective-

ness and generalizability of machine learning (ML) models.

In-silico, there are broadly two approaches to compute/predict physicochemical proper-

ties of chemical compounds: first principle methods, e.g. density functional theory (DFT)

or other advanced electronic structure methods and molecular dynamics (MD) simulations

based on classical Newtonian and statistical mechanics.4–9 While these methods have solid

theoretical foundations and can accurately calculate various molecular properties, they are

computationally expensive and time-intensive due to the extensive numerical calculations

involved.7,10 As a result, there is a growing need for data-driven approaches to address these

challenges efficiently.

In the context of computer-aided drug discovery, accurate prediction of the pharma-

cophore and pharmacokinetic properties to refine candidates is crucial.11–22 Pharmacophore

properties describe the spatial arrangement of chemical features, such as size, shape, and

charge distribution, that are essential for binding to a biological target and eliciting a desired

response. Wermuth et al. (1998) likened pharmacophores to a “fingerprint” responsible for

a drug’s biological effect.23–28 Pharmacokinetics, on the other hand, involves a drug’s Ab-

sorption, Distribution, Metabolism, and Excretion (ADME) kinetics. While binding affinity

is crucial, a drug’s pharmacokinetic profile determines whether it reaches the target site

at sufficient concentrations with minimal safety concerns, ultimately influencing its clinical

viability.29–32

Recent advancements in machine learning (ML) have revolutionized cheminformatics, en-

abling large-scale property predictions. Quantitative structure–activity relationship (QSAR)

and quantitative structure–property relationship (QSPR) models predict molecular proper-

ties based on empirical or structural features.33–38 These models use two main mathemat-

ical functions: an encoding function, which encodes the chemical structure into a molec-

ular descriptor, and a mapping function, which predicts the target property or activity

using the encoded descriptor.39 Numerous databases of experimentally measured pharma-
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cophore and pharmacokinetic properties have been compiled—many of which are publicly

available—leading to the development of QSAR models trained on these datasets.40–48

Advancements in machine learning (ML) modeling, coupled with the availability of ex-

tensive chemical and biological datasets, have created a critical need to translate raw data

into machine-readable formats before model training. Chemical data can be represented

in various forms, including empirical, molecular, and structural formats such as molecular

graphs, fingerprints, and descriptors.49,50

Traditionally, molecular descriptors, which are easily interpretable physicochemical pa-

rameters, have provided insights into structure-property relationships. Nevertheless, they

often fall short in capturing the complex chemical environments influencing properties like

solvation energy. Alternatively, molecular fingerprints encode substructural information into

fixed-length vectors, striking a balance between interpretability and flexibility but occasion-

ally struggling with capturing novel chemical motifs.

Traditional regressors and simple artificial neural networks (ANNs), when trained on

these representations, have demonstrated success in predicting a range of molecular proper-

ties, often providing computationally efficient alternatives to first-principle methods. How-

ever, these models typically depend on recognizing specific substructural patterns, which

restricts their ability to generalize beyond the training set. As a result, their performance

often deteriorates when applied to new datasets, posing challenges for transferability.

Deep learning has significantly improved molecular property prediction due to its ability

to model complex, nonlinear relationships between molecular features and properties. Recent

methodological advancements, such as delta-learning and transfer learning, have further en-

hanced prediction accuracy by integrating domain knowledge and physics-based constraints

into the models.51–56 Among the most impactful developments is the message passing neural

network (MPNN), which has transformed supervised learning for chemical property predic-

tion.57 This has led to a surge in deep learning models that represent molecules as graphs,

capturing atomic interactions more effectively.
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Several cutting-edge models have emerged in this space, including: Delfos, which predicts

solvation free energy with high precision,58 MLSolvA, an improved architecture incorporat-

ing pairwise atomistic interactions59 etc. Recently, graph-based representations, coupled

with deep learning models such as Chemically Interpretable Graph Interaction Network

(CIGIN),60 have demonstrated substantial potential, effectively encoding atomic-level inter-

actions while maintaining chemical interpretability.

Deep learning models excel at detecting patterns, but their performance relies heavily

on data quality and quantity. Biases in training data can lead to overfitting, where a model

performs well on familiar data but fails to generalize to new molecules. Interpretability is

another major challenge. Despite their predictive power, many ML models operate as black

boxes, making their decision-making unclear. To address this, researchers are incorporating

domain knowledge into model architectures and developing explainable AI (XAI) techniques

to enhance transparency.

Despite these advances, critical challenges persist in transferring learned models across

chemically diverse datasets. Performance often diminishes significantly when models en-

counter novel chemical structures outside their training data distributions. Thus, system-

atically evaluating different molecular representations and modeling strategies to enhance

predictive accuracy and transferability is imperative. For example, Llompart et al. have

raised the question “Will We Ever Be Able to Accurately Predict Solubility?”, stressing the

importance of external validation to the trained models.61 They highlight how models that

perform exceptionally well in-house often fail on newly compiled datasets, raising concerns

about data leakage in complicated models and whether deep learning methods are truly

learning or merely memorizing.

This study addresses these challenges by comparing descriptor-based, fingerprint-based,

and graph-based representations across classical ML algorithms and state-of-the-art deep

learning approaches, providing insights to guide the development of robust, generalizable

computational models in drug discovery.
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Computational details

Datasets

Numerous well-curated datasets are publicly available for developing accurate predictive

models. In this work, we utilize three such datasets, dedicated for solvation free energy: the

Minnesota Solvation Database (MNSol),62 the FreeSolv Database,63 and the CombiSolv-Exp-

8780 (CombiSolv).64,65 The MNSol dataset originally contained 3,037 experimental solvation

free energies across 790 solutes in 92 solvents. To specifically focus on water’s solvation

effects, we filtered it down to 390 water-based entries.

The FreeSolv dataset comprises 641 unique solute entries, all in water. CombiSolv, the

largest of the three, initially included solvation free energies for 10,145 solvent–solute pairs,

compiled by Vermeire et al.64,65 The publicly available version contains 8,780 entries, includ-

ing 1,153 water-based samples. To investigate the impact of training data size, we selected

datasets spanning a range of scales—from the smallest (MNSol) to the largest (CombiSolv).

Despite variations in size and chemical entity overlap (Figure 1A), all datasets exhibit a

broad functional group distribution (Figure 1B), making them well-suited for exploring the

influence of dataset scale on model performance. After rigorous curation and merging of

the water-based entries from all three datasets, we constructed a unified benchmark dataset

comprising 1,333 entries. Dataset quality was thoroughly validated, and the models were

subjected to robust intra- and inter-dataset cross-validation to ensure generalizability and

performance consistency.

Molecular representations

In all the datasets used in this study, chemical compounds are represented using SMILES

(Simplified Molecular Input Line Entry System) strings, alongside the target property—free

energy of solvation(in kcal/mol). However, most traditional machine learning models cannot

directly interpret SMILES strings, necessitating their conversion into a numerical format.
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While significant progress has been made in molecular representation, a universally optimal

encoding remains elusive. In this study, we employ three distinct approaches tailored to

different model requirements: descriptors, fingerprints, and graph-based representations.

Descriptor-based modeling represents chemical compounds as feature vectors derived

from measurable physicochemical properties calculated from their SMILES strings. This ap-

proach enhances interpretability by leveraging domain knowledge while improving predictive

efficiency.

In this study, we adopted a comprehensive approach by computing 217 molecular descrip-

tors using RDKit.66 These descriptors include commonly used features such as: Topological

polar surface area (TPSA), hydrogen bond donors/acceptors, molecular weight, fraction of

different functional groups, Quantitative Estimation of Drug-likeness (QED), logP (octanol-

water partition coefficient), etc. A full list is provided in Table S1 (Supporting Information).

To ensure feature quality and reduce redundancy, we carried out the following preprocess-

ing steps. Descriptors with zero standard deviation (no variability) were discarded. Highly

correlated descriptors were identified and removed using Pearson correlation analysis. The

cutoff threshold was varied to evaluate its influence on model performance. We found (Fig-

ure S1) that a correlation threshold of 0.75 yields optimal performance, particularly when

using ensemble models like XGBoost Regressor (XGBR)67 and Random Forest Regressor

(RFR).68

Unlike descriptors, molecular fingerprints offer a more localized, pattern-based encoding

of structural features into fixed-length binary vectors. Fingerprints are particularly useful

for encoding substructures or fragment-level information and fall into two broad categories:

structural keys and hashed fingerprints.

Structural keys represent a molecule using a predefined set of fragments or substructures,

where each bit corresponds to the presence or absence of a specific feature. MACCS (Molec-

ular ACCess System) keys are one of the most commonly used structural keys.69 There are

two sets—one with 960 keys and a publicly available subset of 166 keys (which we used
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in this study). PubChem fingerprints are 881-bit-long structural keys used by PubChem

for similarity searches and structure neighboring.70 While interpretable, structural keys are

inherently limited by the predefined fragment library and may miss novel or uncommon

features. Hashed fingerprints, on the other hand, generate molecular fragments dynamically

(typically up to a specified radius or path length) and use hash functions to map them

to a fixed-length binary vector. These offer greater coverage and flexibility compared to

structural keys.

In this study we have compared the efficiency of four popular hashed fingerprints. They

are Atom-Pair (AP) Fingerprints,71 RDKit(RDK) Fingerprints,66 Morgan Fingerprints,72

Extended Connectivity Fingerprints (ECFPs),73 a widely used variant of Morgan finger-

prints. To determine an appropriate fingerprint size, we varied fingerprint lengths and eval-

uated model performance. Our results (Supporting Information, Figure S5) indicate that a

fingerprint size of 2048 bits offers the best trade-off between information richness and model

accuracy.

Graph-based representations of molecular structures have gained significant popularity

due to their ability to efficiently encode complex chemical information in a format well-

suited for deep learning models. A graph is a mathematical structure composed of nodes

(representing atoms) and edges (representing chemical bonds), making it a natural fit for

modeling molecular structures. In a graph, each node is assigned a feature vector encoding

atomic properties, typically using a one-hot encoding scheme. These vectors collectively

form a node feature matrix. The edges, which define the relationships between atoms, are

represented in an adjacency matrix(a), where each element aij is 1 if atoms i and j are

bonded, and 0 otherwise.

For this study, we followed the graph construction methodology prescribed in the CIGIN

model,74 converting SMILES strings into molecular graphs. Each atom (node) is annotated

with a predefined set of features (Table S4), while bonds (edges) are assigned feature vec-

tors tailored to capture bond-specific information (Table S5). This structured representation
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enables the model to learn both atomic and bonding interactions effectively, enhancing pre-

dictive performance.

Dimensionality reduction methods

While high-dimensional or complex molecular representations provide a rich foundation for

machine learning (ML) and deep learning (DL) models, they pose challenges for human

interpretation. Our cognitive limitations make it difficult to intuitively grasp patterns in

high-dimensional spaces. To break the curse of dimensionality, we apply dimensionality

reduction techniques that project the data into a lower-dimensional, coarse-grained space

where patterns and clusters become more visually and analytically accessible. In this study,

we evaluated and compared three widely used dimensionality reduction methods for finger-

prints and descriptors:

• Principal Component Analysis (PCA) — a linear projection technique,75

• t-Distributed Stochastic Neighbor Embedding (t-SNE) — a non-linear method focused

on preserving local structure,76–78

• Uniform Manifold Approximation and Projection (UMAP) — a non-linear technique

grounded in manifold learning and topological data analysis.79

Using the merged dataset, we applied these methods to project molecular representations

into 2D space. This enabled us to visualize the spread, clustering, and overlap among

chemical entities across different datasets(Figure 1C and D). Among the three techniques,

t-SNE provided the clearest separation of molecular clusters, especially in larger datasets,

making it more suitable for qualitative assessment in this context.

However, when working with graph-based molecular representations, direct application

of traditional dimensionality reduction is not feasible due to their non-Euclidean structure.

To address this, we employed a Graph Convolutional Neural Network–based Variational

Autoencoder (GCN-VAE) to learn meaningful low-dimensional embeddings from molecular
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Figure 1: (A) A Venn diagram illustrating the overlap of chemical entities among the three
datasets used. (B) A bar plot comparing the populations of different functional groups
within each dataset. (C) Spread of molecules in tSNE space of descriptor and (D) 881 bit
PubChem fingerprint. (E) Molecules in 2D latent space of GCN-VAE model. The color code
for datasets remains same for each sub figure.

graphs. The GCN-VAE architecture operates on graph data (implemented using DGL80)

derived from SMILES strings and consists of two main components:

• Encoder: Composed of multiple Relational Graph Convolutional Network (R-GCN)81

layers followed by dense layers. The R-GCNs capture atom-bond relationships by

assigning distinct weight matrices to different bond types. A global average pooling

layer aggregates the node-level features into a graph-level representation, which is then

transformed into latent space parameters—mean (zmean) and log-variance (logvar).

• Decoder: Responsible for reconstructing the original graph structure and molecular

features from the latent space.

10



The GCN-VAE is trained by minimizing a composite loss function, which includes:

• Reconstruction losses for both node features and adjacency matrix (measured via cross-

entropy),

• Kullback-Leibler (KL) divergence loss82 to regularize the latent space toward a stan-

dard normal distribution,

• Binary cross-entropy loss for auxiliary property prediction,

• An optional gradient penalty to improve training stability and prevent overfitting.

In the latent space of trained GCN-VAE model the richness of CombiSolv is promi-

nent(Figure 1E). Comparison of datasets in every reduction tequnique applied to each rep-

resentation is provided in Supporting information(Figure S6 - Figure S12)

ML and DL Models

We systematically compared several classical and widely adopted regression models for pre-

dicting solvation free energies based on abovementioned molecular feature representations.

Preliminary analyses revealed that simple linear regression was insufficient, likely due to the

inherently non-linear relationships between molecular descriptors and solvation properties.

This observation motivated the adoption of more advanced machine learning algorithms

capable of capturing these complex, nonlinear structure–property interactions. To model

solubility behavior more effectively, we employed two powerful ensemble-based learning tech-

niques, each with distinct advantages:

• XGBoost, a cutting-edge gradient boosting framework, has consistently demonstrated

superior performance in recent solubility prediction tasks.67,83–85 It operates by sequen-

tially refining an ensemble of decision trees, allowing for effective handling of missing

values, outliers, and large datasets with high dimensionality. One of its key strengths
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lies in its built-in feature importance analysis, which offers mechanistic insight into the

relationship between molecular structure and solvation behavior.

• Random Forest Regression (RFR), in contrast, builds an ensemble of uncorrelated deci-

sion trees in parallel, then averages their outputs to make predictions.68 This approach

is particularly robust when dealing with high-dimensional feature spaces and mixed

data types, and it shows strong resistance to overfitting and noise in experimental

data.

In parallel, we evaluated two kernel-based models: Kernel Ridge Regression (KRR)86,87

and Support Vector Regression (SVR).88 KRR blends the regularization benefits of ridge

regression with the flexibility of kernel methods, making it well-suited for moderately sized

datasets and smooth, non-linear patterns—even in the presence of noise. SVR, on the other

hand, transforms input features into higher-dimensional spaces using kernel functions, al-

lowing it to model complex, non-linear relationships. Its maximal margin approach helps

it generalize well, especially in high-dimensional settings and with limited data. Thanks to

its mathematical rigor and stability, SVR is effective at capturing subtle patterns in struc-

ture–property relationships. Among all models tested, both XGBoost and SVR consistently

delivered strong results, showing high predictive accuracy and adaptability across differ-

ent molecular representations. This comparison highlights the complementary strengths of

ensemble and kernel-based methods for solvation energy prediction.

To test the performance of a deep learning approach against traditional models, we

evaluated the CIGIN model (Chemically Interpretable Graph Interaction Network), which

processes molecular structures, in terms of grpah, through three intuitive stages. First, the

message-passing phase treats molecules as interconnected networks(graphs) where atoms(nodes)

continuously update their representations by exchanging information with bonded(edge)

neighbors. The interaction phase then examines how atoms of solute and solvent molecules

influence each other. The model creates a detailed map of pairwise relationships, assess-

ing how strongly each solute atom interacts with each solvent atom. Rather than treating
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molecules as single entities, this approach captures the atomic-level interactions that may

influence solubility. Finally, the prediction phase synthesizes all this information. The model

combines the refined atomic representations(graph) with the interaction patterns, processing

them through a series of neural network layers to estimate the solvation energy. What makes

CIGIN particularly valuable is its ability to maintain chemical interpretability - while com-

plex, the model’s architecture preserves meaningful relationships between molecular features

and the final prediction, unlike traditional black-box approaches. This three-stage design al-

lows the model to capture both local atomic environments and global molecular interactions

that govern solvation behavior. We have adapted the original idea of CIGIN as described in

the paper37 and used the code provided at https://github.com/devalab/CIGIN.

Hyperparameter tuning of the models

The performance of machine learning models critically depends on selecting appropriate hy-

perparameters. We conducted systematic optimization for each algorithm using exhaustive

grid search (GridSearchCV) and randomized parameter sampling (RandomSearchCV) tech-

niques. These methods evaluate multiple parameter combinations through cross-validation

to identify optimal configurations that maximize predictive accuracy while preventing over-

fitting.

For traditional machine learning models including XGBoost, Random Forest, and kernel-

based methods, we tuned key parameters such as tree depth, learning rates, regularization

terms, and kernel coefficients. The CIGIN model demonstrated robust performance with

its default configuration, as the original authors’ parameter choices already represented an

optimized balance between model complexity and generalization capability.
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Metric to evaluate model performance

For each model tested, statistical metrics are computed: the squared correlation coefficient

(R2) and the Mean-Squared Error (MSE). These metrics are defined as:

R2 = 1−

∑n

i=1
(yi − ŷi)

2

∑n

i=1
(yi − ȳ)2

(1)

MSE =
1

n

n∑

i=1

(yi − ŷi)
2 (2)

where yi represents the experimental data, ŷi represents the model-predicted values, and ȳ

is the mean of the experimental data. Model performance was evaluated by training each

model on a training set and then testing it on a test set, created by splitting the dataset at an

8:2 ratio. To ensure the robustness of the models, k-fold cross-validation was performed. We

have used scikit-learn library to construct the classical regressor and to analyze the efficiency

of the models.89

Results and discussion

Having established the molecular representations and committed to our set of machine learn-

ing models, we systematically evaluated their performance across all the datasets. We begin

by discussing the descriptor-based modeling of chemical compounds.

Interpretable descriptors has limited information

Following rigorous preprocessing that involves eliminating descriptors with zero variance and

removing highly correlated or redundant features, we reduced the feature space to a refined

set of 116 descriptors. This final feature set was used to train and validate classical machine

learning models using k -fold cross-validation, ensuring robust and unbiased performance

estimates.
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When trained individually on each dataset, the models achieved reasonably strong predic-

tive performance, with Support Vector Regression (SVR) and XGBoost Regressor (XGBR)

consistently emerging as top performers(Figure 2(a) and (b)). Interestingly, the FreeSolv

dataset produced the best results, despite not being the largest. While the MNSol dataset

underperformed—likely due to its limited size—the most surprising outcome came from

CombiSolv, the largest dataset, which also lagged behind FreeSolv in predictive accuracy.

This observation highlights a crucial point: data quality often outweighs quantity, and there

may exist a threshold beyond which additional noisy data contributes little to model im-

provement.

One of the advantages of descriptor-based modeling is interpretability. By analyzing the

relative feature importance from XGBR, we found that topological polar surface area (TPSA)

alone contributed to over 50% of the model’s predictive power. The number of hydrogen

bond donors followed as the second most important feature, contributing approximately

10%. A detailed bar chart in the Supporting Information(Figure S2) illustrates the ranked

importance of features. These two properties—both physically relevant to solvation—show

strong correlations with the target variable (free energy of solvation), underscoring the value

of such physically interpretable models.

Next, we evaluated the transferability of the models across datasets—that is, training a

model on one dataset and testing it on a different one. This serves as a form of external

validation, providing insight into the model’s ability to generalize beyond its training distri-

bution. As illustrated in Figure 2(c)-(e), when the XGBoost Regressor (XGBR) was trained

on the smallest dataset, MNSol, it completely overfit the training data, achieving an MSE

of 0 and an R2 score of 1.0. However, this model failed to generalize, performing poorly on

other datasets except for the overlapping entries. This outcome highlights a key limitation

in model transferability, especially when trained on small, potentially narrow datasets. This

pattern was consistent across other cross-dataset evaluations (see Supporting Information).

Why do these models fail to generalize, despite the datasets having similar functional
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Figure 2: Performance of machine learning models using feature-based descriptions. (a) R2

scores of the models and (b) MSE values (in kcal/mol) presented as bar plots with standard
error bars for each dataset. (c) to (e) Predicted vs. experimental ∆Gsolv plots, highlighting
the transferability issue of classical models. In this case, an XGBoost model was trained on
the MNSol dataset and tested on other datasets to assess generalization performance.

group distributions?

To investigate this, we conducted a comparative analysis of feature distributions across

datasets. Although the most influential features (TPSA, hydrogen bond donors, etc.) re-

mained consistent, we observed that descriptors from the smaller MNSol dataset did span the

broader range seen in the larger datasets (see Figure S3 A–C and Figure S3 E–F). This im-

plies that the current feature set lacks sufficient discriminatory power to capture the subtler

distinctions present in larger or more diverse datasets.

In this context, a recent study by Yadav et al.90 showed that a minimal but physics-
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informed feature set—including polar surface area, hydrogen bond donors and acceptors,

number of rotatable bonds, logP, and a simplified polar energy term derived from Generalized

Born (GB) theory—can significantly improve both model interpretability and predictive

accuracy. Notably, the GB energy term should directly correlate with the solvation free

energy. However, computing the GB energy term can be expensive for larger molecules and

it is not strictly a data-based description of the molecules.

Molecular fingerprints encodes local structure

Descriptors offer a coarse-grained representation of molecules and often fail to capture crit-

ical local neighborhood information, which can be especially important for properties like

solvation free energy. To address this limitation, molecular fingerprints have been widely

adopted due to their ability to encode local substructural patterns. Fingerprints represent

molecules as binary vectors, where each bit corresponds to the presence or absence of specific

substructures. Depending on the fingerprinting method, the bit size can vary and is often

user-defined.

To identify the optimal fingerprint length, we followed a protocol similar to that used for

descriptor selection—systematically varying the bit size and evaluating model performance.

Our results indicate that a fingerprint length of 2048 bits provides the best balance between

informativeness and model accuracy(Figure S5). Consequently, all subsequent tests were

conducted using 2048-bit fingerprints.

From our analysis, structure-based fingerprints—specifically MACCS keys and PubChem

fingerprints—consistently outperformed hashed fingerprints in terms of predictive accuracy.

This was evident from the mean squared error (MSE) and R2 scores (as provided in Figure 3).

For example, using CombiSolv as the training dataset:

• XGBoost Regressor (XGBR) with MACCS keys achieved an MSE of 1.7 kcal/mol

• Random Forest Regressor (RFR) achieved an MSE of 1.8 kcal/mol
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A possible reason for the inferior performance of hashed fingerprints lies in the nature

of hash functions, which map arbitrary-sized data into fixed-length values. Enumerating all

possible molecular fragments can generate a vast number of fragments, but hashing them

into a fixed range introduces bit collisions, where distinct fragments are assigned the same

numeric value and bit position.73 Unlike structural keys, hashed fingerprints lack a one-to-

one correspondence between fragments and fingerprint bits, which may challenge standard

machine learning models in capturing meaningful relationships.

Figure 3: Performance comparison of different fingerprints using two popular machine learn-
ing models: XGBoost(upper panel) and Random Forest Regressor(lower panel). (a) and (c)
display bar plots of the R² scores for all fingerprints across each dataset, while (b) and (d)
show the corresponding MSE values (in kcal/mol). Five-fold cross-validation was employed
for robustness, with standard error bars indicating the confidence in metric measurements.

To overcome the limitations of classical models with hashed fingerprints, we hypothesized
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that artificial neural networks (ANNs)—known for their ability to model complex, non-linear

relationships in high-dimensional data—might offer improved performance. To evaluate this,

we implemented a Multilayer Perceptron Regressor (MLPR) with the following architecture:

three hidden layers comprising 2048, 1024, and 1024 neurons, ReLU activation functions,

and an Adam optimizer with a learning rate of 0.001.91

Figure 4: Multilayer Perceptron (MLP) Regressor outperforms traditional machine learning
models. (a) and (b) compare the performance of the Random Forest Regressor (RFR) and
MLP Regressor (MLPR) on the CombiSolv dataset using Morgan fingerprints, where RFR
exhibits a skewed learning curve, while MLPR demonstrates better generalization. (c) and
(d) show a bar plot of MSE scores for each dataset, comparing the efficiency of RFR and
MLPR with different fingerprints.

The MLPR showed improved predictive performance over both XGBR and RFR models

when trained on hashed fingerprints. This is reflected in lower mean squared error (MSE)

and higher R2 scores (Tables S2 and S3, Supporting Information). Unlike classical models,
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which tend to skew toward underfitting in such high-dimensional spaces, the MLP was better

able to regularize learning(Figure 3). However, despite this improvement, the model still

yielded large prediction errors—exceeding 10 kcal/mol for certain molecules—which limits

its practical reliability.

Among the fingerprint types, MACCS and PubChem again outperformed other repre-

sentations, achieving MSE values of 1.01 and 1.10 kcal/mol, respectively for MLPR model.

These results are within an acceptable error margin, but when evaluating cross-dataset

transferability, the model exhibited the same shortcomings observed in descriptor-based ap-

proaches. As shown in Figure S4, the trained models failed to generalize well to external

datasets.

So we conclude that while neural networks offer incremental gains, traditional machine

learning models—regardless of feature representation—face a bottleneck when trained on

small or narrowly distributed datasets. This underscores the need for more physics-informed

feature engineering and/or models that incorporate physical priors to better capture the

underlying structure–property relationships.

Transferability test for CIGIN

In recent years, the adoption of deep learning has become nearly inevitable due to advance-

ments in computational resources and the development of sophisticated algorithms. In this

study, we evaluated the performance of CIGIN (Chemically Interpretable Graph Interaction

Neural Network), a state-of-the-art deep learning model proposed by Devapriyakumar and

colleagues.60,74 CIGIN leverages graph convolutional neural networks (GCNNs) and message-

passing neural networks (MPNNs) to model solute–solvent interactions, offering a chemically

interpretable and robust framework for molecular property prediction.

Following the original protocol established by the authors, we adapted the model specif-

ically for solute–water interactions, in contrast to the broader solvent–solute scope of the

original study. When trained on the MNSol dataset, the model generalized well to FreeSolv,
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replicating the performance trends reported previously (Figure 5A–B). However, perfor-

mance declined on the larger and more chemically diverse CombiSolv dataset (Figure 5C).

This discrepancy can be attributed to the substantial overlap between MNSol and FreeSolv,

while CombiSolv introduces numerous novel chemical entities absent from the training set.

Table 1: Cross-dataset transferability of models. Mean Squared Error (MSE) and R2 are
reported for each combination.

Trained on
MNSol FreeSolv CombiSolv

MSE R2 MSE R2 MSE R2

MNSol 0.786 0.960 1.804 0.878 5.479 0.778
FreeSolv 1.330 0.932 0.366 0.975 3.008 0.878
CombiSolv 2.225 0.886 0.481 0.968 0.366 0.985

A notable trend emerged in the prediction errors within CombiSolv, especially for alkane

molecules (highlighted in Figure 4C), where errors scaled approximately linearly with molecule

size (Figure 4D). Despite the use of undirected, heterogeneous graph representations that

capture general chemical features, the model struggled to learn size-dependent behavior,

particularly in nonpolar molecules. This suggests that the current graph features may lack

key structural descriptors required to model such molecules effectively. A detailed table

(Table 1) summarizes the cross-dataset performance and highlights this transferability lim-

itation. Interestingly, the model consistently performed better on FreeSolv than on MNSol

or CombiSolv, underscoring the critical role of dataset quality and overlap in deep learning-

based predictions.

To further address this issue, we trained the CIGIN model on the merged dataset, em-

ploying cross-validation to ensure robustness. This broader training set significantly reduced

overall prediction errors, and the previously observed alkane-related errors were largely miti-

gated (Figure 4E). However, certain molecules still exhibited errors exceeding 2 kcal/mol—a

threshold that can be problematic in drug design and solubility prediction. A closer analysis

of these outliers revealed consistent structural patterns, such as long hydrocarbon chains

or polyol moieties, which appear challenging for the current model to accurately capture

(Figure 6).
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Figure 5: Transferability Test for CIGIN. (A–C) Predicted vs actual solvation energy plots,
when the model is trained on the MNSol dataset and tested on other datasets, with perfor-
mance shown in terms of R2 scores and MSE values. A decline in performance is observed as
the model encounters novel solutes.(D) presents a scatter plot showing the length of alkane
molecules from the CombiSolv dataset against their absolute prediction errors, revealing
higher errors for longer alkanes. These molecules are marked by circle in (C). (G) shows the
overall model performance with a predicted vs. experimental ∆Gsolv plot for the merged
dataset using k-fold cross-validation, where data points are colored according to functional
group classification.

These findings indicate that while data augmentation and diversity improve generaliza-

tion, some structural motifs still evade accurate modeling, highlighting the need for improved

feature engineering or architecture refinement in future work.

Dealing with broader datasets poses its own challenges. When we tested the performance

of our well-trained model on the CombiSolv-QM dataset, which includes many molecules

unfamiliar to the model, its performance degraded significantly. This indicates the model’s

limitations in generalizing to new, unseen data.
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Figure 6: Outliers of CIGIN. Molecules that have mean error of prediction more than 2.0
kcal/mol are analyzed in the sun-burst plot. A few representative molecules are shown beside
their respective functional group category.

Conclusion

In this study, we conducted a systematic investigation into the challenges of predicting

molecular properties, specifically solvation free energy, using supervised learning. By com-

paring various molecular representations and machine learning models, we elucidated their

strengths and limitations. Our findings underscore the critical impact of data quality, size,

and chemical diversity on predictive performance and model transferability.
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We demonstrated that traditional machine learning models, while offering interpretabil-

ity through descriptor analysis and achieving reasonable accuracy on datasets with high

overlap, struggle to generalize effectively to novel chemical space. The transferability issue

is particularly pronounced when trained on smaller, potentially biased datasets, highlighting

that data quantity alone does not guarantee robust model performance; data quality and

representativeness are paramount.

Molecular fingerprints, especially structural keys, proved more effective in capturing local

structural information compared to simple descriptors. The use of a Multilayer Perceptron

Regressor showed promise in handling the complexity of high-dimensional fingerprint data,

offering improved regularization over traditional methods. However, even with these ad-

vancements, achieving consistently low prediction errors across diverse datasets remains a

challenge for classical ML approaches.

The application of the graph-based deep learning model, CIGIN, showcased the poten-

tial of learning complex atomic and bonding interactions for molecular property predic-

tion. While CIGIN exhibited strong performance and maintained a degree of chemical inter-

pretability, its predictive accuracy diminished when faced with chemical entities significantly

different from its training distribution. Our analysis of outliers revealed that certain struc-

tural motifs, such as long hydrocarbon chains and polyol moieties, pose particular difficulties

for the current model architecture and feature set.

This work reinforces that while sophisticated machine learning and deep learning models,

coupled with rich molecular representations, have significantly advanced in-silico property

prediction, challenges related to data transferability and the accurate modeling of diverse

chemical structures persist. Future efforts should focus on developing more physics-informed

molecular representations, enhancing model architectures to better capture complex inter-

actions and novel chemical space, and employing strategies to mitigate dataset biases to

improve the generalizability and reliability of supervised learning models for molecular prop-

erty prediction. The identification and analysis of erroneous predictions, as demonstrated
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in this study, can provide valuable feedback for iterative model refinement and feature engi-

neering.
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brute-force feature set. Figure S2 highlights the relative importance of top features for predic-

tive accuracy in the trained XGBR model. Figure S3 addresses the transferability challenge

in descriptor-based modeling by comparing XGBoost performance across multiple datasets.

Figure S4 evaluates the trade-off between fingerprint bit size and model effectiveness. Fig-

ure S5 visualizes molecular graphs projected into the 2D latent space of the trained Graph

Convolutional Network-Variational Autoencoder (GCN-VAE). Figure S6 demonstrates the

dataset-dependent performance of the Contextual Integration of Graph and Interaction Net-

works (CIGIN) model. Finally, Figure S7 confirms the stable convergence of the GCN-VAE

training process.
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(3) Keserü, G. M.; Makara, G. M. The influence of lead discovery strategies on the prop-

erties of drug candidates. Nature Reviews Drug Discovery 2009, 8, 203–212.

(4) Kang, J.; Hagiwara, Y.; Tateno, M. Biological Applications of Hybrid Quantum Me-

chanics/Molecular Mechanics Calculation. Journal of Biomedicine and Biotechnology

2012, 2012, 1–11.

(5) Cavalli, A.; Carloni, P.; Recanatini, M. Target-Related Applications of First Principles

Quantum Chemical Methods in Drug Design. Chemical Reviews 2006, 106, 3497–3519.

(6) Spiegel, K.; Magistrato, A. Modeling anticancer drug–DNA interactions via mixed

QM/MM molecular dynamics simulations. Org. Biomol. Chem. 2006, 4, 2507–2517.

26



(7) Senn, H. M.; Thiel, W. QM/MM Methods for Biomolecular Systems. Angewandte

Chemie International Edition 2009, 48, 1198–1229.

(8) Cardoso, F. J. B.; de Figueiredo, A. F.; da Silva Lobato, M.; de Miranda, R. M.;

de Almeida, R. C. O.; Pinheiro, J. C. A study on antimalarial artemisinin derivatives

using MEP maps and multivariate QSAR. Journal of Molecular Modeling 2007, 14,

39–48.

(9) Barua, H.; Gunnam, A.; Yadav, B.; Nangia, A.; Shastri, N. R. A n ab initio molecular

dynamics method for cocrystal prediction: validation of the approach. CrystEngComm

2019, 21, 7233–7248.

(10) Senn, H. M.; Thiel, W. QM/MM studies of enzymes. Current Opinion in Chemical

Biology 2007, 11, 182–187.

(11) Kalyaanamoorthy, S.; Chen, Y.-P. P. Structure-based drug design to augment hit dis-

covery. Drug Discovery Today 2011, 16, 831–839.

(12) Meng, X.-Y.; Zhang, H.-X.; Mezei, M.; Cui, M. Molecular Docking: A Powerful Ap-

proach for Structure-Based Drug Discovery. Current Computer Aided-Drug Design

2011, 7, 146–157.
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