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Abstract: Models for predicting molecular solubility are indispensable for understanding
chemical properties in location-specific environmental aware Artificial Intelligence. Aque-
ous solubility (LogS) is a key environmental hazard parameter that regulates transport of
pollution, water quality, and ecosystems’ susceptibility to toxic chemical exposure. Here we
present an interpretable machine learning pipeline for LogS prediction that was built us-
ing the ESOL (Estimated SOLubility) dataset and four chemical interpretable descriptors.
We trained a Random Forest regression model that yielded favorable predictive performance
(MAE = 0.59, RMSE = 0.86, R? = 0.84). For transparency and explainability of the model’s
output we further applied SHAP (SHapley Additive exPlanations) to quantify the contri-
bution of each model descriptor and determined that hydrophobicity (LogP) and molecular
weight contributed the most to predicting LogS.The contributions of this research are three-
fold:(i) development of a lightweight and interpretable framework for LogS prediction and
screening, (ii) addition of the SHAP method to support explainability, and (iii) demonstrating
model applicability in GeoAl (geospatial Al) in environmental risk assessment. This study
is crucial in supporting regulators, scientists, and policy-makers in building trustworthi-
ness and substantively assisting with a practical and trustworthy tool towards chemical risk
assessment and sustainability in decision architecture for environmental decision-making.

Keywords: GeoAl, Aqueous Solubility Prediction, Uncertainty Quantification, Model Cor-
rection Framework, SHAP Explainability, Environmental Risk Assessment.

1 Introduction

Recent developments in GeoAl (geospatial Al) have created new possibilities to collect spa-
tial data and enable machine learning to examine important environmental issues, including
air pollution mapping, water quality, and land use under climate change [I]. In these applica-
tions, one of the most important aspects is making accurate predictions of chemical behavior

Received: 11 July 2025; Revised: 27 Aug. 2025; Accepted: 02 Nov. 2025; Published: 20 Oct. 2026 4
(©) 2026 The Author(s). Published by Science Transactions. License: |CC BY 4.0


https://creativecommons.org/licenses/by/4.0/

AITOUHANNI et al., 2026 GeoAl Insights

[2]. Aqueous solubility (LogS) [3] is one of the more prominent chemical properties that af-
fect pollutant transport, ecosystem interactions, and potential toxicity.Reliable functioning
of risk assessments for chemicals for the environment depends on accurate predictions of
LogS. They could be used to establish the groundwork for regulations, planning for agricul-
ture and urbanization [4]. The primary techniques used to develop predictive models have
been linear regression, kernel-based approaches, and QSPR/QSAR. More recently, machine
learning techniques called ensemble learning, specifically Random Forest (RF), and gradient
boosting machines (GBM) are particularly good at handling complex deterministic and non-
linear relationships [5],[6],[7]. However, these models have an issue of interpretability that has
not been resolved. A poor understanding of the detailed mechanisms that trigger internal
decisions can create human-machine ambiguity in decision-making tasks when we use mod-
els involving deep neural networks (DNNs) [8],[9]. Increased complication and uncertainty
about the fairness of predictions is compounded when we do not have concrete limitations
to accountability.Explainable decision-making is essential for high-stakes areas such as envi-
ronmental safety and geochemical monitoring [10],[11], which brings this limitation critical
to light.The motivation for this work is the lack of implementation and more general appli-
cation of interpretable solubility models in environmental domains. Although it is true that
the aims can be partially pursued by existing studies, they often employ a large number of
descriptors or deep learning with low generalization performance and high computational
cost, which is hard to both implement in practice and replicate. Their incorporation into
geospatial and environmental decision-making workflows is also limited. In contrast, this
study presents an entirely transparent and interpretable Random Forest regression model
with only four chemically meaningful descriptors coupled with SHAP (SHapley Additive
exPlanations) analysis for feature contribution quantification.The main objective of this re-
search is to design and evaluate an interpretable framework for predicting aqueous solubility
using the ESOL dataset [12], while also demonstrating how SHAP can enhance feature-level
transparency in model predictions.The contribution of this study extends beyond predic-
tive accuracy by offering a methodological approach that supports reliable decision-making
in environmental and geospatial applications.The remainder of this paper is organized as
follows. Section 2 reviews related work on solubility prediction and explainable machine
learning. Section 3 describes the dataset, methodology, and evaluation metrics employed
in this study. Section 4 presents the experimental results, including predictive performance
and interpretability analyses. Finally, Section 5 concludes the paper with a discussion of
implications for environmental risk assessment and directions for future research.

2 Related Work

Aqueous solubility (LogS) has been demonstrated as one of the most important physico-
chemical properties for drug discovery, environmental risk assessment and geospatial pollu-
tant mapping [14],[I5],[16], which is primarily used for the parameterization model in terms
of Quantitative Structure—Activity/Property Relationship (QSAR/QSPR) simulation. Re-
gression methods and support vector machines (SVMs) consisting of a small number of
descriptors, such as molecular weight, LogP, and H-bonding capacity, were used mainly in
the early approaches [17],[I8]. An important milestone was the ESOL dataset that De-
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laney introduced, which showed in practice the trade-off between model interpretability and
predictive performance by giving a clear example of how few descriptors were needed to gen-
erate high-quality solubility predictions [12].Piggybacking off of this work, ensemble learning
models ended up gaining steam as a way to get both predictive accuracy and robustness.For
example, in the case of solubility a comparative study reported that solubility predictions
made using Random Forest (RF) models systematically outperform those created by linear
regression and k-nearest neighbors [19]. A study systematically tested random forests, deep
neural networks, and message passing neural networks (MPNNs) on several datasets and
showed that RF models often achieved the highest coefficient of determination (R? 0.80-
0.88), while allowing for interpretable analysis using SHAP values [27]. Similarly, another
study introduced a multimodal approach combining tabular descriptors, electrostatic poten-
tial neighborhood descriptors,and graph neural networks (GNNs) and demonstrated high
accuracy on the ESOL and AqSolDB datasets [25]. However, while more accurate, these ap-
proaches were computationally expensive and less interpretable and therefore have further
limited applications into environmental settings.Research trends in parallel have focused on
explainable artificial intelligence (XAI) to solve these transparency problems. Loecher[22]
called out the possible biases from SHAP value calculations within Random Forests and
the need for careful debiasing methods. In a recent study, SHAP was used to investigate
polymer solubility patterns, indicating that interpretable feature attribution is particularly
important in environmental recycling research and sustainable material design [23].Even
with improvements, there are major drawbacks in previous studies.Many prediction models
requested many molecular descriptors or applied computation-heavy deep learning method-
ologies, making them difficult to recapitulate and implement in existing best science practice
workflows. Additionally, only a few studies have considered solubility prediction as part of
the environmental and geospatial decision-making process, where solubility has been identi-
fied as a key indicator of pollutant dispersal and water quality. This requires the development
of approaches that will offer significant predictive power with light-footprint interpretability
properties, so future work can be implemented into environmentally focused GeoAl type
applications.

3 Methodology

3.1 Dataset and Molecular Representation

In this paper, we use the ESOL (Estimated SOLubility) dataset [12], a well-known bench-
mark for estimating aqueous solubility, which consists of 1,128 compounds with solubility
values (Log S) that were actually measured.Each compound is represented as a SMILES
string (Simplified Molecular Input Line-Entry System), which is a linear text format for rep-
resenting molecular structure. We acquired four chemically interpretable descriptors from
the RDKit cheminformatics toolkit: molecular weight (MolWt), octanol-water partition co-
efficient (LogP), number of hydrogen bond donors (NumHDonors), and number of hydrogen
bond acceptors (NumHAcceptors). We chose these descriptors based on their established role
in solubility behavior and for their interpretability in both environmental and pharmaceuti-
cal contexts [19],[26]. Recent studies have confirmed the validity of ESOL as a benchmark
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dataset for solubility models [24],[25].

3.2 Regression Model Training

We selected a Random Forest Regressor (RFR) based on its strong predictive accuracy, sta-
bility, and interpretability. We randomly divided the ESOL dataset into 80% training and
20% testing sets. The Random Forest model was fit with the Random Forest implementa-
tion from scikit-learn, 100 estimators, and a random seed of 42 to facilitate replication.We
optimized the model by minimizing mean squared error between the predicted and actual
LogS values in the training set.We reported the regression model performance using standard
regression metrics for the testing set.

3.3 Evaluation Metrics

To evaluate the performance of the Random Forest model, we utilized three commonly
used regression evaluation metrics: Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and Coefficient of Determination (R?).

e Mean Absolute Error (MAE): The MAE measures the average magnitude of errors
without considering their direction:

1 — A
MAE = =3 |y — i M
=1

e Root Mean Squared Error (RMSE): The RMSE emphasizes larger errors by squar-
ing deviations before averaging:

n

RMSE — (i — i) 2)

=1

SRS

e Coefficient of Determination (R?): The R? value quantifies the proportion of
variance in the observed data explained by the model:

R2—1_ 2%1 (yi — y:z)j (3)
> o1 (i — )

Here, y; represents the true LogS values, y; represents the predicted values, i represents
the mean of the observed values, and n represents the number of test samples.These metrics
provide complementary insights into accuracy and error variance, and they are widely used in
cheminformatics and QSAR/QSPR research [12],[22]. The Mean Absolute Error is calculated
using (I). The Root Mean Squared Error is calculated using (2)), while the coefficient of
determination is calculated using (3).
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3.4 Methodology Workflow

The research process, in general, moved through a well-defined pipeline that initiated with
the compounds collection and preprocessing from the ESOL dataset.Next, molecular de-
scriptors were generated with RDKit and only chemically interpretable features were kept.A
Random Forest Regressor was fitted to the created dataset for building the predictive
model and its performance was extensively validated via MAE, RMSE, and R? metrics for
regression.SHAP-based feature attribution analysis was performed to improve interpretabil-
ity by quantifying the importance of each descriptor in influencing the predictions.The in-
terpretation of the insights obtained from this workflow was lastly discussed in context to
environmental risk assessment,presenting the possibility of how the framework might be
integrated into GeoAl applications.

4 Results

4.1 Predictive Performance

The Random Forest Machine Learning Regression model predictive performance was ex-
cellent on the hold-out test set.The mean absolute error (MAE) of the model was 0.5918,
the root mean squared error (RMSE) was 0.8563 and the coefficient of determination (R?)
was 0.8449. These results suggest that the model captured most of variance within the
available LogS values, validating the use of our models for predicting solubility. That the
model achieved this level of accuracy while also only using four lines of interpretable code is
particularly implausible and illustrates the efficacy of this approach.

4.2 Regression Fit Analysis

The association between predicted and observed solubility values is displayed in[Figure 1} Most
data points are tightly clustered about the diagonal, which suggests a reliable and unfet-
tered mapping from molecular descriptors to LogS predictions. Importantly, the points in
the middle of the data structure appear consistent with the linear and non-linear mitigations
taken from the dataset.The distribution of the residual errors is displayed in [Figure 2] The
residuals show a nearly symmetric distribution about zero, indicating that the model ex-
hibits no systemic bias.There were very few extreme observations or outliers, which further
supports the reliability of the model.

4.3 Feature Importance and Interpretability

The assessment of model interpretability was carried out using a SHAP analysis. The sum-
mary bar plot in shows that, of the descriptors, the octanol-water partition coeffi-
cient (LogP) was the most impactful descriptor, followed by molecular weight as the second
most impactful descriptor.The predictors number of hydrogen bond donors and hydrogen
bond acceptors contributed significantly less to the importance of the model. This finding
aligns with chemical knowledge, which often considers hydrophobicity and molecular size to
be the primary solubility factors. The SHAP analysis affirms these established relationships
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Fig. 1. Scatter plot of actual versus predicted aqueous solubility (LogS) values on the test set.
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Fig. 2. Histogram of residual errors (Actual — Predicted) for LogS predictions.
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and further provides clarity and confidence for the use of the model proposed for environ-
mental and geospatial purposes.

worw: |
NumHAcceptors .
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mean(|SHAP value|) (average impact on model output magnitude)

Fig. 3. SHAP summary bar plot showing the average contribution of each input feature to the
Random Forest model’s predictions.

4.4 Comparative Analysis with Literature

The predictive performance attained in this study is competitive with more recent state-
of-the-art results.For example, Loecher reported Random Forest models with R? ranging
from 0.80-0.88 across multiple solubility datasets [22], which is comparable to the R? =
0.84 demonstrated here.Ghanavati et al. presented a more complicated multimodal model
that combined tabular descriptors with graph neural networks and electrostatic potential
features. Their model had an even higher accuracy (R* ~ 0.918); however, the downside
of their approach was a corresponding loss of interpretability and increased computational
complexity [25]. In comparison to these studies, the framework developed here achieves a
balance between predictive performance and interpretability, relying on only four descrip-
tors and a simple, easy-to-understand Random Forest model.This balance gives the model an
added benefit toward applications in GeoAl and environmental risk assessment, disciplines
where both influence and explainability are important.In order to more clearly position our
results in the context of recent works, presents a comparative summary of solubil-
ity prediction models reported in the literature.The table demonstrates that the Random
Forest model exhibits comparable accuracy to recent descriptor-based approaches, despite
only using a few features. Although new multimodal approaches by Ghanavati et al. have
shown slightly higher R? values, the models rely on complicated feature integration and high
resource use, limiting interpretability and usability. The current research, in contrast, demon-
strates a preference for reproducibility in consideration of the nature of most environmental
and geospatial risk assessments.

10
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Table 1. Comparative performance of solubility prediction models in the literature.

Study / Model

Dataset(s)
Used

Descriptors /
Features

Reported Perfor-
mance (R? / MAE
/ RMSE)

Remarks

This Study -
Random  Forest
+ SHAP

[27]
DNN,

Deng et al.
- RF,
MPNN

Ghanavati et al.
[25] — Multimodal
(RF + GNN +
ESP)

Su & Herrero [24]
— ML for aqueous
solubility

ESOL (1,128

compounds)

Multiple solubil-

ity datasets

ESOL, AqSolDB

ESOL, FreeSolv

4 interpretable de-
scriptors  (MolWt,
LogP, H-bond
donors, H-bond
acceptors)

Molecular descrip-
tors, graph features

Tabular descriptors
+ GNN + electro-
static potential

Descriptor-based
ML pipelines

R?> = 0.8449; MAE
= 0.5918; RMSE =
0.8563

R? ~ 0.80-0.88

R? ~ 0.918; MAE ~
0.458; RMSE ~ 0.613

R2% ~ 0.82

High
accuracy
with
minimal
descrip-
tors,
inter-
pretable
Random
Forest
com-
petitive
with deep
models;
inter-
pretable
via SHAP
High
accu-
racy but
computa-
tionally
expensive
and less
inter-
pretable
Balanced
results;
high-
lighted
repro-
ducibility
challenges
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5 Conclusions

This research disclosed an interpretable machine learning framework for estimating aqueous
solubility (LogS) with a Random Forest model trained on the ESOL dataset.Based solely on
four chemically meaningful descriptors, the model generated a level of predictive power con-
sidered to be competitive (R* = 0.8449, MAE = 0.5918, RMSE = 0.8563).Beyond predictive
power, the models were made transparent by using a SHAP-based interpretable approach
which demonstrated that LogP and molecular weight were the most impactful descriptors
on solubility. Overall, these results supported previous knowledge within the chemical lit-
erature and improved confidence in the model’s reliability. The primary contribution of this
research is that it achieves similar performance to more complex models while being light
and yielding explainable Random Forest modeling. The framework extends the notion of ex-
plainable predictions in GeoAl systems with analytical techniques for environmental uses.It
enables a repeatable and transparent method bridging computation with transparency, and
is now ready for environmental monitoring, chemical disclosure, or geospatial decision mak-
ing. There are limitations as this was accomplished with a single dataset that was small
and only four descriptors were chosen. While it is interpretable, descriptor selection could
have lost the understanding of potentially more subtle, more complicated molecular interac-
tions.Additionally, the model would need to be validated externally with a wider variety of
data and a larger sample size to establish reliability and generalizability. Future work should
address reproducible descriptors even with small data and find ways to build on these de-
scriptors for other datasets and ensemble approaches to build robustness.In regard to ap-
plications, this work provides a framework for environmental scientists, policy-makers and
regulators. The framework provides a clear and usable format for chemical risk assessment
and for environmental monitoring and planning.The aim of the paper’s vision of linking pre-
dictive performance and explainability seeks to contribute to the development of scientifically
valid and practically useful GeoAl systems for end-users.
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