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A large number of chemicals remain poorly characterized in terms of their physicochemical properties,

biological activity, and environmental fate. Quantitative structure–activity relationship (QSAR) models

have become indispensable tools for predicting these properties, especially for compounds that lack

comprehensive experimental data. The choice of structural representation as an input to such models

plays a critical role in ensuring high predictive performance and in identifying molecular features that

strongly contribute to activity prediction. Both hashed and non-hashed molecular fingerprints are widely

employed as inputs in QSAR modeling across various domains. While some studies have explored

combining multiple fingerprints to improve molecular representation, comprehensive investigations into

different fingerprint fusion strategies and the generalizability of a fused fingerprint across diverse

prediction tasks remain limited. In this study, we applied low-, mid-, and high-levels fusion strategies to

combine six non-hashed fingerprints and evaluated model performance across six publicly available

datasets, including three regression and three classification tasks. Our results demonstrate that mid-level

fusion, where fingerprint bits are selectively combined based on their importance within individual

models, consistently improves predictive accuracy, as assessed by RMSE and R2 for regression, and F1-

score and ROC-AUC for classification. The algorithm developed for molecular fingerprints fusion is

methodologically general and can be applied to a wide range of predictive modeling problems or other

non-hashed molecular fingerprints.
1 Introduction

The increase in variety and global scale of chemical production
has resulted in thousands of new chemicals being introduced
into the market and eventually into the environment.1,2 A
number of these chemicals have been shown to have adverse
impact on environmental and human health.3,4 Due to limited
resources, experimental assessment of activities and properties
of such a large number of chemicals has become unfeasible.
According to the Registration, Evaluation, Authorisation and
Restriction of Chemicals (REACH) regulation, among thou-
sands of new chemicals produced in the European Union
annually, only substances with production exceeding one tonne
per year are required to be registered while the rest remain
uncharacterized.5,6 To address this gap, modeling approaches
become indispensable in investigating and estimating chemical
properties and behavior.7–11
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A major part of the existing modeling approaches employ
QSAR, establishing a relationship, linear or non-linear, between
a chemical's structure and its activity.10 For such models,
a chemical's structure can be represented in many ways, for
example by molecular descriptors, molecular ngerprints (FPs),
or graph-based molecular representations.10–16 Molecular
descriptors are abstract numerical values that capture different
properties of a molecule. Molecular ngerprints simplify the
molecular structure into a series of bits or counts in a vector.17,18

In graph-based representations, each node (atom) carries
certain features (such as atom type, charge, or hybridization
state), and these features are aggregated and processed by
computational models, such as graph neural networks (GNNs),
to predict molecular properties or activities.19

Among these representations, molecular ngerprints (FPs)
deserve particular attention because of their interpretability
and broad applicability across machine learning models. FPs
provide a standardized way to encode molecular structure into
a format that is easy to process while still retaining important
chemical information. Moreover, they have become a founda-
tional tool in many cheminformatics applications, including
virtual screening,17,20,21 similarity searching, and predictive
modeling.
Digital Discovery
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Generally, there are two ways of encoding a molecular
structure into FPs: non-hashed, which uses a predened list of
molecular features, and hashed, where the structure is con-
verted with the help of a hash function.17,22,23 The hashed
algorithms are specically tailored to capture intricate details of
the structure.24 However, depending on the complexity of the
structure, multiple molecular features may be represented with
the same bit. This leads to a loss of one-to-one correspondence
between bits and structural information.18 Such clarity in
interpretation is crucial for establishing structural rules for
potential hazard identication.25 While non-hashed FPs avoid
this issue, the initial predened list does not always include
a comprehensive set of structural features necessary to effec-
tively distinguish relevant variations in structures.18 This limi-
tation can lead to the exclusion of information essential for
accurate modeling.

There are several hashed and non-hashed algorithms to
calculate FPs with different levels of structural information
included. For example, topological FPs describe molecular
features limited to a certain distance, while structure-based FPs
depict different aspects of the molecular substructures.17

Although different FPs are extensively used in various elds,
it has also been demonstrated that a single way to encode
structure into FPs may not capture all the necessary structural
information for accurate modeling.26 To address this, several
studies have focused on fusing multiple types of representa-
tions to enhance predictive performance. For instance, in the
context of ligand-based virtual screening, Hert et al. showed
that combining similarity scores or ranked lists calculated
based multiple ngerprints or reference structures improved
retrieval performance and scaffold hopping.27 Fingerprint
fusion has also been adopted within supervised predictive
modeling frameworks. In case of the most straightforward
approach, low-level fusion, multiple FPs are concatenated into
a single feature vector. Xie et al., for example, combined MACCS
and ECFP ngerprints through horizontal concatenation to
improve predictions of log P and protein–ligand binding affin-
ities.28 However, this method increases feature dimensionality
and may introduce redundancy and sparsity, which can chal-
lenge model training, especially with large chemical datasets.

To mitigate such issues, mid-level fusion approaches apply
transformation or selection techniques to individual represen-
tations before combining them. Srisongkram et al. demon-
strated improved performance on KRASG12C ligand affinity
prediction by selecting 13 highly target-correlated FP bits from
a conjoint PubChem and SSC representation.29 Similarly, Shen
et al. applied normalization and principal component analysis
(PCA) independently to ECFP4, MACCS, and 208 descriptors,
then the transformed features were concatenated for classifying
USP7 inhibitors.30 FP-GNN represents another mid-level
strategy, integrating molecular ngerprints with graph-based
embeddings in a learned latent space.31 However, such repre-
sentations usually require extensive datasets, which are mostly
unavailable for environmental QSAR modeling.32

At the most abstract level, high-level fusion combines
predictions from multiple models trained on distinct FPs.
Matsuyama and Ishida implemented this strategy using
Digital Discovery
a stacking ensemble of eight different FP types, including
Pharmacophore, AP2DC, Daylight, ECFP4, ECFP6, MACCS,
Topotor, and Chemdesc, to predict activity across 14 PubChem
targets.33

While combining multiple FPs can help capture comple-
mentary structural information, data fusion is not without
trade-offs. In particular, low-level fusion can signicantly
expand feature space, leading to high memory usage and
reduced scalability. For example, training a model on the full
CompTox database34 using several concatenated FPs would
require gigabytes of RAM, making it impractical for many QSAR
pipelines. These challenges underscore the importance of
carefully selecting fusion levels to balance informativeness,
model complexity, and resource constraints.

Although ngerprint fusion was explored in several QSAR
studies, the main motivation was nding the most effective
structural representation to predict specic targets.28,29,35

Systematic investigations into the generalizability of fused
ngerprints across multiple fusion levels and prediction tasks
remain unexplored.

In this study, we systematically evaluated the effect of
ngerprint fusion strategies on QSAR model performance. We
selected six publicly available datasets including three for the
regression and three for the classication problems. To keep
the interpretability of molecular representation, we focused on
a set of six non-hashed FPs: E-state, PubChem, MACCS, Atom-
PairCount, Substructure Count, and Klekotha Roth as structural
input for QSAR models. We fused calculated ngerprints on
low-, mid-, and high-levels and compared the QSAR perfor-
mance based on root-mean-square error (RMSE), coefficient of
determination (R2) for regression and F1-score, the area under
the receiver operating characteristic curve (ROC-AUC) for clas-
sication tasks.
2 Methods
2.1 Overall workow

The overall workow begins with the conversion of canonical
SMILES strings36 into a set of non-hashed FPs. For each indi-
vidual FP, we trained and optimized either a regression or
classication model using the Random Forest (RF) algorithm,
depending on the target. We then applied low-, mid-, and high-
levels fusion strategies to combine the individual ngerprints
and assessed the performance of models trained on both indi-
vidual and fused FPs. These models were evaluated across
a range of biological, ecological, and physiochemical prediction
tasks (Fig. 1).
2.2 Molecular ngerprints

We selected a set of various non-hashed topological and
structure-based FPs including Atom Pair 2D Count (AP2DC),37

Electrotopological state (E-state),38 Klekotha-Roth Count
(KRC),39 Molecular Access Systems (MACCS),40 PubChem,41 and
Substructure Keys Count (SSC) FPs.42 E-state, KRC, MACCS,
PubChem, and SSC FPs are substructure-based FPs and AP2DC
is a topological one. Each bit within this set corresponds to an
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 The overall workflow of the study. SMILES strings were converted into set of non-hashed fingerprints. For each FP type, an RF model was
trained and optimized for either regression or classification, depending on the prediction task. Subsequently, low-, mid-, and high-levels fusion
strategies were employed to combine the individual FPs. Performance of the models was evaluated across various biological, ecological, and
physiochemical endpoints.
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interpretable molecular feature, aiding in understanding the
signicance of structural information related to the targeted
activity.

Various FP algorithms encompass different aspects and
details of molecular structure, meaning they contain different
sets of substructures or molecular features in a various number
of bits. For instance, AP2DC FP is a 780-bit topological FP
dened by the atomic environment and the distance between
atomic pairs.37 The shortest among the selected FPs is the 79-bit
E-state FP, which is based on both the electronic and topolog-
ical characteristics of molecules.38 In contrast, KRC FP is the
largest one encoded in 4860 bits. It was originally developed to
predict certain types of bioactivity through substructure
screening and consists of relevant SMART strings.39 The MACCS
FP, one of the most frequently used, is constructed using
SMART patterns and optimized for substructure searching,
resulting in 166 bits.40 Another widely adopted FP, PubChem,
covers a wide range of different substructures and features
recorded in the PubChem database in a 881-bit binary string.41

Finally, SSC FP consists of a count vector of 307 SMART patterns
selected for functional group classication by Christian
Laggner.42

The canonical SMILES were used to calculate six non-hashed
FPs. All FPs except E-state were computed using the PaDEL
soware package, implemented via a Python 3 wrapper called
PaDELPy (version 0.1.13).42 The E-state FP was calculated using
the RDKit soware package (version 2022.9.5), which includes
Python bindings.43 SMILES for which ngerprint generation
failed (e.g., due to parsing errors or unsupported structures)
were excluded from subsequent analysis. Across all datasets, the
fraction of removed molecules was <1.3% (Table S2). Generated
ngerprints were further inspected for invalid entries. Any NaN
values, missing ngerprint bits, or extreme values arising
during ngerprint calculation were replaced with zero to ensure
numerical stability and consistency across datasets. No impu-
tation based on label information was performed, and all pre-
processing steps were applied prior to data splitting, meaning
© 2026 The Author(s). Published by the Royal Society of Chemistry
the preprocessing steps were applied uniformly to all datasets
before training, cross-validation, and test set evaluation.
2.3 Datasets

We collected six datasets from different sources: two from
ecotoxicology, two related to physiological parameters, and two
to physicochemical properties. Three of the datasets correspond
to regression problems, FishTox,44 KOC,45 and RI,46 while the
other three, ApisTox,47 BBBP,48 and BACE,49 to classication
tasks.

FishTox dataset contains experimentally determined acute
sh toxicity (LC50[−log (mg L−1)]) for 907 chemicals. The
toxicity values are dened as the concentration of the chemicals
that resulted in the death of 50% of feathed minnows (Pime-
phales promelas) throughout 96 h (96 h LC50). These values
were collected from three databases: OASIS, ECOTOX, and
EAT5, and were supplied by Cassotti et al.50 The chemicals in
this data set were derived from different origins, including
pharmaceuticals, pesticides, conventional persistent organic
pollutants, and industrial chemicals.44

KOC dataset contains experimentally measured logarithmic
values of the soil organic carbon-normalized (KOC[log (L kg−1)])
for 824 organic compounds representing 31 different chemical
classes. The data was compiled from EPI Suite (Version 4.1) and
the literature sources and was provided by Wang et al.45 The
values are measured by the standard testing guidelines, e.g. the
Organization for Economic Cooperation and Development
(OECD) guidelines for estimation of KOC using HPLC and the
batch equilibrium method.

RIs dataset contains Retention Indices (RI) for reversed-
phase liquid chromatography (RPLC), based on synthetic and
naturally occurring homologous series of amphiphilic coca-
mide diethanolamine surfactants (C(n= 0–23)-DEA). It includes
3018 emerging pollutants, 2290 measured in positive electro-
spray ionization (+ESI) mode and 728 in negative (−ESI) mode.
The RI values were obtained under a variety of liquid chroma-
tography (LC) conditions, including variations in pH, column
Digital Discovery
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types, temperatures, ow rates, mobile phase compositions,
and gradient elution programs and were supplied by Aalizadeh
et al.46

ApisTox consists of 1035 compounds with their experimen-
tally measured acute bee toxicity. The values were collected
from the ECOTOX, PPDB, and BPDB databases. The dataset
contains 296 toxic and 739 non-toxic molecules. U.S. EPA
guidelines for honey bees were used to dene toxic/non-toxic
labels. Compounds with an LD50 less than or equal to
a threshold 11 mg per org were classied as toxic. The dataset
was compiled and provided by Adamczyk et al.47

BBBP dataset consists of 2053 molecules compiled from
several publications focused on blood–brain barrier (BBB)
permeability. Compounds were divided into BBB+ (able to cross
the BBB) and BBB− (unable to cross) classes. Chemicals were
assigned to the BBB+ class if the blood–brain partition coeffi-
cient value (log BB) is greater than or equal to −1, and to the
BBB− class if log BB is less than −1. Overall, the dataset
provided by Martins et al. contains 1570 BBB+ and 483 BBB−
molecules.48

Finally, BACE dataset includes 1547 synthetic inhibitors of
human b-secretase 1 (BACE-1). The dataset uses binary labels to
indicate compound activity. Compounds were classied as
active if their IC50 values, the concentration at which
a compound inhibits 50% of its target activity, were #100 nM,
and inactive otherwise. This dataset was compiled and provided
by Subramanian et al.49
2.4 Modeling

For modeling, a Random Forest Regression (RFR) and Random
Forest Classication (RFC) algorithm were implemented in
Julia with scikit-learn.51 Random Forest is a supervised algo-
rithm that constructs several unique decision trees from boot-
strap data. Aer model development, the predictions resulting
from the individual trees are averaged to produce the nal RFR
model prediction and from the major voting of predictions to
produce the nal RFC model prediction.52 The major benet of
employing the RFmodeling approach lies in its ability to handle
nonlinearity and noncontinuity within the data while keeping
the interpretability of the results. There are several other widely
applied modeling algorithms, such as Support Vector Machine
(SVM) or Convolutional Neural Networks (CNNs), for this
purpose. However, these algorithms tend to be very data-
intensive and have low transparency. Therefore, the RF algo-
rithm was selected to ensure the robustness and transparency
of the process. Also, RF was successfully applied previously for
QSAR modeling and showed accurate and robust
performance.44,53–55 While this study focuses on RF models to
ensure a controlled comparison of fusion strategies, the
proposed ngerprint fusion framework is not tied to a specic
learning algorithm and can, in principle, be combined with
other commonly used algorithms, although the magnitude of
performance gains may vary.

To train individual ngerprint-based models, the datasets
were randomly split into a training set (90%) and a test set
(10%). The split was selected tomaintain an independent set for
Digital Discovery
testing performance while preserving sufficient training data
for stable feature importance estimation, which is critical for
mid-level fusion. Since such design limits the ability to quantify
uncertainty in performance metrics, the observed performance
should be interpreted within this limitation. The training set
was employed to develop, optimize, and validate the model,
while the test set was applied to evaluate the performance of the
optimized models. The hyperparameters were optimized using
a 3D grid with the number of trees varying from 100 to 600, the
number of variables to consider being sqrt or log 2, and the
minimum number of samples in each leaf ranging from 2 to 8.
For classication tasks, class imbalance was handled using
cost-sensitive learning by setting class_weight = “balanced” in
the Random Forest classier. The performance evaluation of
the models was based on initial estimation using a training set,
internal validation with 3-fold cross-validation, and external
validation using a test set.

The regression tasks were evaluated by RMSE and R2, while
the classication tasks were evaluated by F1-score and ROC-AUC
(eqn (S1)–(S5)). Model performance reported in the Results
section refers exclusively to the external test set. Training and 3-
fold cross-validation were used only for hyperparameter opti-
mization and internal validation.

2.5 PCA

To visualize the chemical space coverage with different nger-
prints, we used Principal Component Analysis (PCA) which is an
unsupervised method, enabling an unbiased evaluation of the
underlying trends in the data. For each dataset, we constructed
a PCA model using the horizontally concatenated set of non-
hashed ngerprints, representing the maximal structural
information available from these ngerprints. By analyzing the
resulting scores and loadings, we assessed the chemical space
captured by individual ngerprints within each dataset. The
algorithm was implemented in Julia using scikit-learn.51

2.6 HCA

To investigate the similarity and relationships between trained
models based on their predictive performance, we applied
Hierarchical Cluster Analysis (HCA), an unsupervised clustering
technique. Models were clustered according to normalized
performance metrics (R2 and F1 scores) across datasets. For
each dataset, these scores, obtained from both individual and
fused FPs models, were normalized and used as input for
clustering. Euclidean distance was employed as the similarity
metric, and the average linkage method was used to build the
hierarchical clusters. HCA was implemented in Julia using the
Clustering.jl package.

2.7 Molecular ngerprints' fusion

We evaluated the impact of low-, mid-, and high-levels data
fusion strategies on model performance. Importantly, we did
not apply any explicit correlation ltering or dimensionality
reduction prior to fusion or modelling. This decision was made
because of models we used in this study, RF and PCA, are
inherently robust to multicollinearity.
© 2026 The Author(s). Published by the Royal Society of Chemistry
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For low-level fusion, we horizontally concatenated all the bits
from six selected non-hashed ngerprints. In addition, we
trained models using a reduced version of this fused ngerprint
by retaining only those features whose cumulative importance
accounted for at least 55% and up to 95% of the total, in 5%
steps. The importance was calculated based on impurity-based
variable importance. This variable importance metric reects
the reduction of impurity achieved by the splits on each variable
during the model training process. This metric indicates the
contribution of each feature to explaining the variance in the
training data.

For mid-level fusion, we rst trained, optimized, validated,
and tested Random Forest (RF) models using each individual
ngerprint. From each model, we extracted important variables
based on two selection strategies: cumulative and individual
importance. Specically, we selected features with a cumulative
importance between 55% and 95% (in 5% steps) or with an
individual importance between 0.2% and 2.0% (in 0.2% steps).
The selected features from each model were then combined to
create a fused ngerprint, which served as input for nal model
development.

Finally, for high-level fusion, we implemented an ensemble
approach by averaging the outputs of the six individual nger-
print models. In the case of classication, the nal class was
assigned based on the averaged class probabilities from these
models.
2.8 Calculations and data availability

All calculations were performed on a personal computer (PC)
with an Intel Core i7-1260P central processing unit and 32 GB of
RAM operating Windows 10 Education version 22H2. All data
processing and statistical analyses were performed using Julia
language version 1.10.6. All datasets as well as calculated FPs in
this study, and interpretation of the optimized FP can be found
at https://doi.org/10.5281/zenodo.15791757. The algorithm for
a molecular ngerprint fusion was converted into an open-
source open-access Julia package and can be found at https://
bitbucket.org/viktoriiaturkina/fp_optimization.jl/src/master/.
Fig. 2 PCA loadings plot of combined fingerprint for FishTox dataset
and contribution of each individual fingerprint.
3 Results and discussion
3.1 Individual FPs on PCA-space

To explore the chemical information captured by various FPs,
we performed PCA for each dataset individually (Fig. S1–S5).
Our goal was to evaluate how effectively individual FPs, as well
as their combinations, represent the structural diversity of the
target chemical space. If an individual FP encodes information
that largely overlaps with the concatenated set of all FPs, its PCA
projection should closely resemble that of the full fusion.
Conversely, if the FPs capture complementary structural
features, the combined coverage of their individual PCA spaces
should approximate the coverage observed when all FPs are
concatenated, indicating that each contributes unique and non-
redundant information.

We observed that concatenated FP, combining all six FPs,
resulted in the most comprehensive structural coverage, while
© 2026 The Author(s). Published by the Royal Society of Chemistry
individual ngerprints captured more limited, specic
subspaces. On average, the rst two principal components
accounted for 64% of the total variance across datasets (PC1 =

46%, PC2 = 18%). Interestingly, we observed a consistent
pattern across datasets in terms of how individual FPs
contributed to the coverage of PCA space. Specically, the FPs
tended to align with similar directions in PCA space regardless
of the dataset, suggesting a stable, dataset-independent
contribution pattern. This consistency suggests that different
ngerprints systematically capture distinct structural features.
Moreover, complementarity across FPs underscores the advan-
tage of their fusion: no single ngerprint captures the full
breadth of structural variability, and integrating them can yield
a more holistic molecular representation.

For example, in the FishTox dataset (Fig. 2), the rst two
principal components explained 53.37% of the variance (PC1 =

33.89%, PC2 = 19.48%). The PCA loadings show strong
orthogonal contributions from APC and KRC ngerprints along
PC1 and PC2, respectively. In contrast, SSC and E-state nger-
prints contributed less, while PubChem and MACCS nger-
prints had the lowest inuence. Notably, PubChem and MACCS
are the only bit-vector ngerprints among the set, whereas the
others are count-based. This difference in vector type may
explain their lower variance contribution. Additionally, we did
not observe a consistent relationship between ngerprint vector
length and chemical space coverage.

These six molecular FPs differ in how they encode chemical
structure information. MACCS, PubChem, and SSC FPs focus on
the presence of predened chemical features or functional
groups, such as rings or specic atoms. However, they comple-
ment each other because they use different sets of predened
substructures and encoding schemes, leading to a varied
coverage of structural features. AtomPairngerprints capture the
Digital Discovery
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relationships between atom types and the topological distances
between them, thus encoding aspects of molecular shape and
connectivity. Klekota-Roth ngerprints use a much larger and
more detailed set of structural fragments, offering a more
comprehensive representation of molecular substructure diver-
sity. In contrast, E-state ngerprints differ fundamentally by
integrating both electronic and topological information, charac-
terizing atoms based on their electronic environment within the
molecule. Together, these ngerprints provide diverse and
complementary ways to capture chemical structure.

Because PCA is unsupervised and does not depend on the
prediction target, it provides an unbiased view of how different
FPs encode chemical information. The fact that individual FPs
showed consistent loading directions across multiple datasets
indicates that each ngerprint systematically captures specic
and complementary features of chemical structure. This
consistency across datasets indicates that different FPs capture
largely non-overlapping aspects of molecular structure, and
their combination provides a more complete and structured
representation of chemical space.

3.2 Individual ngerprint-based models

To evaluate the target-specic predictive performance of indi-
vidual FPs, independent from their PCA space coverage, we
trained, optimized, validated, and tested six RF models per
dataset, each using a different FP as input. Model performance
was assessed using the coefficient of determination (R2) and
root mean squared error (RMSE) for regression tasks, and area
under the curve (AUC) and F1-score for classication (Table 1).

In contrast to the unsupervised PCA analysis, which provided
insight into chemical space coverage, the supervised RF models
did not reveal a consistent trend in predictive performance based
on the type of FP (bit vector vs. count vector). PubChem FP, a bit
vector, outperformed the rest of the individual non-hashed FPs
for FishTox and Koc datasets. For RI dataset, the best perfor-
mance was achieved with the SSC and APC, count vector FPs. For
ApisTox, strong performance came fromKRC, SSC, count vectors,
Table 1 The performance assessment of the individual fingerprint-base

Dataset Metric

Fingerprints

KRC E-state

Regression
FishTox R2 0.396 0.494

RMSE 1.291 1.182
Koc R2 0.528 0.700

RMSE 0.910 0.726
RIs R2 0.656 0.654

RMSE 189.3 189.8

Classication
ApisTox F1 0.723 0.711

AUC 0.830 0.841
BACE F1 0.840 0.872

AUC 0.916 0.945
BBBP F1 0.935 0.936

AUC 0.947 0.943

Digital Discovery
andMACCS, a short 166 bit vector. For the BACE dataset, E-state,
the shortest count vector, and SSC showed the best predictive
performance. Finally, for BBBP the best results were archived
with APC, a count vector, and PubChem, a bit vector. However, it
is important to note that overall predictive performance
remained modest across all models. These results indicate that
the level of structural detail or FP format, count or bit vectors,
encoded does not consistently translate to better predictive
performance. Furthermore, no association was found between
ngerprint length and model performance, implying that not all
features encoded by a ngerprint are relevant to specic activity
predictions. Instead, irrelevant or redundant structural features
may introduce noise into the model, ultimately reducing its
predictive power.

Moreover, no single FP is sufficient to fully represent
molecular structure, as each captures distinct aspects of
chemical information. However, the features identied as
important across different FPs are oen complementary. For
example, the APC FP encodes atom pair occurrences (e.g., C–C,
C–X, C–Cl, C–O, C–N, N–O, O–O) at various distances, but does
not capture bond types. In contrast, the MACCS ngerprint
emphasizes bond types rather than atom identity. The predic-
tive power of the E-state ngerprint primarily stems from its
encoding of electronic and topological features related to
aromaticity, which are less emphasized in other FPs. KRC
highlights diverse oxygen-containing substructures, while SSC-
derived models rely heavily on features such as the number of
chiral centres and rotatable bonds.

It is important to note that all the FPs used in this study are
based on 2Dmolecular representations and thus do not capture
3D conformational or stereochemical information. This limi-
tation may constrain their ability to model QSAR for targets
sensitive to stereochemistry.

3.3 Fingerprints fusion performance

We investigated how different fusion strategies (low-, mid-, and
high-levels) affect the predictive power of models built using
d classification models evaluated on the test set

SSC MACCS APC PubChem

0.484 0.418 0.482 0.527
1.194 1.267 1.196 1.142
0.679 0.695 0.748 0.770
0.752 0.732 0.664 0.635
0.692 0.651 0.695 0.672

179.0 190.7 178.1 184.6

0.720 0.723 0.622 0.681
0.868 0.867 0.820 0.854
0.867 0.814 0.861 0.794
0.930 0.90 0.939 0.911
0.932 0.929 0.954 0.942
0.950 0.949 0.947 0.958

© 2026 The Author(s). Published by the Royal Society of Chemistry
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non-hashed ngerprints (FPs) (Fig. 3). Performance differences
were interpreted in terms of consistency and relative trends
rather than statistical signicance.

Mid-level fusion, particularly with features selected based on
95% cumulative importance, yielded the best average perfor-
mance across tasks. Low-level fusion showed improvements
over individual FPs in several datasets. However, its perfor-
mance was on average lower than that of the best mid-level
fused models. This may be due to the inclusion of redundant
features, as no feature selection was applied prior to concate-
nation. In contrast, high-level fusion, which aggregates predic-
tions from individual models, was generally less effective. On
average, it was outperformed by individual FPs such as APC and
PubChem. Since high-level fusion works at the decision level,
this completely misses potential synergies or interactions
between features across different FPs. Thus, the simple aver-
aging form of high-level fusion likely underperformed because
it could not exploit cross-FP feature interactions, but also
treated weak models equally.

In regression tasks, fused FPs showed clear advantages. For
instance, in the FishTox dataset, PubChem reached an R2 of
0.53, while the 95%mid-level fused FP achieved 0.62. In the Koc
dataset, the top individual R2 was 0.77 (PubChem), compared to
0.81 for a fused FP using a 0.4% individual importance
Fig. 3 Test set performance of models trained and optimized on individ
high-level fusion, where predictions from individual models are average
concatenated and features are selected based on cumulative feature imp
level fusion, using features extracted from individually trained models ba
representsmid-level fusion, using features selected from individualmode
HCA across six datasets, based on normalized R2 (for regression tasks) a
normalized performance metrics for each column independently, allow

© 2026 The Author(s). Published by the Royal Society of Chemistry
threshold. Similarly, for the RI dataset, APC yielded 0.70, while
the fused model reached 0.79.

Classication tasks showed a similar trend. In ApisTox, the
best individual F1 score was 0.72 (KRC and MACCS), while the
fused 95% model reached 0.81. For BACE, E-state and SSC
achieved F1 scores of 0.87, while the fused 1.8% model
improved to 0.90. In the BBBP dataset, where individual models
already performed strongly (e.g., APC with an F1 of 0.95), fusion
strategies offered only marginal improvements, with F1 values
ranging from 0.94 to 0.96. Such improvements should be
interpreted cautiously, as they may fall within the expected
variability of model training and data splitting. In some cases,
fused models matched or slightly underperformed compared to
the top individual FPs. For example, in ApisTox, fused variants
with 1.4%, 70%, 90%, and 95% importance matched the best F1
of 0.72, while others (1.8%, 2.0%) were slightly lower.

HCA of normalized metrics of models performance reveals
two main clusters (Fig. 3). The rst one is a group comprising
the better-performing fused models specically, including mid-
level fused optimized FP from 75% and 95% cumulative
importance. While the second is a broader cluster, including
individual FPs, high-level fusion, and low-importance threshold
optimized models.
ual and fused molecular fingerprints. “High-level (average)” represents
d. “Combined55–95” refers to low-level fusion, where fingerprints are
ortance between 55% and 95%. “Optimized55–95” corresponds to mid-
sed on the same 55–95% importance threshold. “Optimized0.2–2” also
ls with importance scores ranging from0.2% to 2%. Results clustered by
nd F1 score (for classification tasks). The heatmap gradient is based on
ing for relative performance comparison within each dataset.
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Among all models, the optimized 95% fused FP performed
best on average across the six datasets (Fig. 3). While low- and
high-levels fusion methods slightly improved over individual
FPs, mid-level fusion proved to be the most effective approach,
improving model performance in most cases. These ndings
highlight the value of combining complementary features,
particularly through selective fusion strategies.

However, no single fusion strategy proved universally
optimal across all datasets, which shows the need for case
specic optimization approach. Furthermore, while RF algo-
rithm was selected to ensure interpretability and enable
controlled comparison of fusion strategies, the outcome of the
fused FPs is specic to tree-based QSAR workows and may not
be generalizable to other machine learning algorithms (e.g.,
SVM, neural networks).
3.4 Feature composition of optimized ngerprints

Despite the variability in performance across individual tasks,
a mid-level fused FP, composed of features cumulatively
accounting for 95% of model importance, achieved the best
average performance across datasets. While it was not the top-
performing strategy for every case, its overall robustness
suggests it can serve as a strong baseline for fusion design. We
further investigated its feature composition across different
prediction tasks. The goal was to examine how shared and task-
specic features contribute to predictive performance, and to
identify structural patterns that are consistently informative
across different prediction tasks.

From the total number of 7800 features from a cumulative set
of six FPs, a subset of 444 important bits were selected for each
target: 50 from APC, 12 from E-state, 149 from KRFPC, 68 from
MACCS, 142 from PubChem, and 23 from SubFPs. Among these,
96 bits specically describe different aspects of the carbon
backbone. These include 8 bits from APC, 7 from E-state, 45 from
KRFPC, 16 fromMACCS, 14 from PubChem, and 6 from SubFPs.
Each individual FP contributed unique representations of
carbon-based features. For example, KRFPC encodes different
carbon chain lengths with specic bits such as KRFPC3224
(“CC”), KRFPC3640 (“CCC”), and KRFPC3692 (“CCCC”). In
contrast, MACCS and SubFPs represent carbon branching char-
acteristics: SubFPC4 for primary carbons and SubFPC2 for
secondary carbons. PubChem ngerprints capture information
with bits like PubChemFP696, which represents long continuous
carbon chains such as “C–C–C–C–C–C–C–C”. E-state descriptors
provide information on electronic environments, such as bit 19
for ssssC (quaternary carbon) and bit 13 for sssCH (tertiary
carbon with one hydrogen). APC captures the presence of C–C
bonds at various topological distances, specically distances 1
through 5 and 9. The remaining bits describe features involving
aromaticity and heteroatoms, such as oxygen, nitrogen, chlorine,
sulfur, and uorine in a variety of substructural contexts. These
include aromatic and saturated ring systems, heterocycles, and
functional groups. Some ngerprints, such as MACCS, include
more generalized representations. For instance, MACCSFP107
(“XA(A)A”) describes the structure where “X” represents any
halogen atom (F, Cl, Br, I), and “A” denotes any atom type.
Digital Discovery
On the other hand, the extracted bits which correspond to
prediction of specic target focus more on specic functional
groups or heteroatoms. For example, the FishTox model high-
lights halogenated features such as C–Cl, O–Cl, and Cl–Cl, along
with sulfur-containing atoms and aromatic chlorine or bromine
substructures, as well as nitro groups, phenols, diaryl ethers,
and contributions from long alkyl chains. The KOC model
emphasizes halogenation: particularly C–Br and poly-
chlorinated aromatic rings along with large aromatic systems,
carboxylic acids, and ethers. The ApisTox model shows signals
for phosphorus-based substructures (e.g., C–P, N–P, O–P), as
well as N–O and N–S linkages. The RI model is inuenced by
nitro groups, amines, and long alkyl chains, with features
including N–O, O–O, and C–N bonds, high hydrogen and
carbon content, and aromatic amines. The BACE model high-
lights uorinated and nitrogen-rich substructures such as C–F,
N–F, N–N, and N–O, along with amines and uorinated
aromatics. Finally, the BBBP model shares several features with
the BACE model, particularly nitrogen- and oxygen-containing
substructures (e.g., C–N, N–O, C–S), but also includes peptide-
like and carboxylic acid substructures. Overall, these models
reect distinctive substructure patterns associated with their
respective prediction tasks.

To further evaluate the impact of individually selected
ngerprint bits, we trained models using a shared subset of
common bits selected across all tasks, referred to as common
bits. Their performance was then compared to that of models
trained on task-specic ngerprints optimized at the 95%
cumulative importance level. Across the six datasets, the opti-
mized 95% ngerprint consistently demonstrated either
improved or comparable predictive performance (Table S3). The
most notable gain was observed in the ApisTox dataset, where
the F1-score increased from 0.696 to 0.809. FishTox also
exhibited modest improvements, while performance for KOC,
RIs, and BBBP remained almost unchanged. These results
indicate that the addition of specic to individual tasks
ngerprint bits can enhance predictive accuracy. Importantly,
the common ngerprint bits were selected based on shared
importance across all six datasets, suggesting that this repre-
sentation captures structural features broadly relevant to
diverse prediction tasks (Fig. 4).
3.5 Limitations

Although we combined molecular FPs on different fusion level,
certain important structural information for target prediction
could not be fully captured. For example, most existing nger-
printing algorithms do not encode three-dimensional (3D)
molecular characteristics, such as chirality. This limits the
ability of QSAR models to differentiate the activity of stereo-
isomers. On the other hand, features like charge distribution
are not explicitly represented in standard FPs, although they
may be indirectly captured through correlated structural
elements.

Furthermore, even the most carefully curated combination
of ngerprint keys has limited structural coverage. As a result,
highly specic or uncommon substructures associated with
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 Number of bits from each individual fingerprint contributing to
the optimized 95% fingerprint (per dataset), and number of shared bits
from each fingerprint present in all six optimized 95% datasets.
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niche activity classes may still be underrepresented. This
implies that expanding the diversity of the training dataset
could enrich the nal fused FP, allowing for broader coverage of
molecular features relevant to specic targets. Alternatively, ML-
based FPs (e.g. MolBERT56), for instance, the ones generated by
graph neural networks, can automatically learn relevant struc-
tural representations from the data itself, potentially capturing
rare or complex features missed by predened ngerprints.
However, this advantage comes at the cost of limited inter-
pretability, oen making it difficult or even impossible to trace
specic features back to identiable chemical substructure.

In this study, we focused exclusively on non-hashed nger-
prints to preserve interpretability and ensure consistent bit-to-
substructure alignment across molecules. This alignment is
critical for traditional machine learning models such as
Random Forests and SVMs, where each feature (bit) is assumed
to have a consistent and interpretable meaning. Hashed
ngerprints, in contrast, compress structural information into
xed-length vectors using hashing functions, which can lead to
bit collisions (i.e., different substructures mapping to the same
bit). This results in a loss of alignment and can introduce noise,
reducing model reliability and interpretability. As a result,
hashed ngerprints are oen better suited for deep learning
architectures, which can learn hierarchical representations
even when individual features lack clear chemical meaning.
Nevertheless, alternative molecular representations, such as
circular ngerprints (e.g., ECFP), physicochemical descriptors,
or graph-based encodings may still offer complementary
information. Integrating these with our current approach could
improve predictive performance and offer new opportunities for
multi-level ngerprint fusion.

Although our study included six diverse datasets and targets,
results may vary for other tasks or datasets with different
chemical distributions. Therefore, the conclusions regarding
fusion strategies should be interpreted with respect to the data
and endpoints investigated here. Moreover, like many widely
used benchmarks the selected datasets may have their limita-
tions. Importantly, in this study we do not propose a new state-
© 2026 The Author(s). Published by the Royal Society of Chemistry
of-the-art predictor any of the targets, but rather analyze the
relative behavior of ngerprint fusion strategies across a range
of diverse supervised predictive tasks.

Lastly, the study was limited to the use of RF models to
ensure interpretability and a controlled comparison of fusion
strategies. Although the proposed ngerprint fusion framework
is not algorithm-specic and can be combined and applied to
other learning algorithms, the observed performance gains may
not directly generalize across different approaches.

4 Conclusions

Molecular representations play a crucial role in achieving the
best accuracy of predictive modeling. Non-hashed molecular
ngerprints, in particular, offer consistent, human-readable,
and computationally efficient structural descriptors, making
them valuable tools for assessing chemical behavior. However,
individual ngerprint representations may not fully capture all
relevant structural information needed for robust QSAR
performance. To address this, we explored the impact of various
ngerprint fusion strategies, including low-, mid-, and high-
level, on QSAR model performance.

Our assessment demonstrated that all fusion approaches,
except high-level fusion, outperformed models trained on
individual ngerprints. This conrms that combining comple-
mentary structural features enhances predictive capability.
Among the tested strategies, mid-level fusion resulted in the
best average performance across six diverse datasets and tasks.
In this approach, ngerprint bits with cumulative importance
up to 95% were selected from each individual ngerprint and
then concatenated to form a conjoint representation. This
strategy not only preserved the interpretability of features but
also ensured that the most informative structural elements were
retained. The mid-level fusion algorithm successfully captured
relevant molecular features, particularly for predicting toxicity-
related endpoints. Moreover, its exibility allows application
to a wide range of case studies, although the magnitude of
performance improvement remains dataset- and endpoint-
dependent. By focusing on interpretability and predictive
strength, the proposed algorithm represents a practical and
generalizable solution for enhancing QSAR modeling through
optimized ngerprint fusion.
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Data availability

The datasets used for model development, training, and eval-
uation can be accessed via the following link: https://doi.org/
10.5281/zenodo.15791757. The molecular ngerprints,
models, gures, and summaries generated during the study
are also included in the repository.

The source code used for ngerprints calculation, model
training, and data-fusion analysis is via the same Zenodo
repository (https://doi.org/10.5281/zenodo.15791757). The
latest development version of the code, including future
updates, is available at https://bitbucket.org/viktoriiaturkina/
fp_optimization.jl/src/master/.

Supplementary information (SI): additional details on
selected non-hashed molecular ngerprints (Table S1), evalua-
tion metrics (eqn (S1)–(S5)), PCA loadings and score plots for
each dataset (Fig. S1–S5), and the performance of the model
trained only on common bits (Table S2). See DOI: https://
doi.org/10.1039/d5dd00302d.
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