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Abstract The efficient and safe delivery of messenger RNA (mRNA) therapeutics remains a critical challenge for clinical translation, driving the
need for advanced carrier design. lonizable amphiphilic Janus dendrimers (IAJDs) represent a promising class of carriers; however, their struc-
tural complexity and limited available datasets hinder systematic exploration and optimization. In this study, we established a tailored machine-
learning framework to investigate the structure-function relationships of IAJDs under a constrained data regime (n=231). Conventional molecu-
lar fingerprints were found to be suboptimal for representing these macromolecules, motivating the adoption of count-based descriptors and
systematic ablation analyses to disentangle the contributions of the substructural features. These experiments identified key functional motifs
underlying transfection performance and provided interpretable insights into the IAJD design principles. Complementing these handcrafted de-
scriptors, we further applied deep learning-based molecular embeddings, which captured higher-order chemical semantics and significantly im-
proved predictive accuracy. Collectively, these advances demonstrate that both refined fingerprinting and representation learing approaches
can overcome data limitations, enabling the reliable prediction of IAJD activity while offering mechanistic interpretabitity. This study illustrates
the potential of data-driven strategies as hypothesis-generation and prioritization tools for the design of next-generation mRNA delivery sys-
tems.
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INTRODUCTION

Messenger RNA (mMRNA) has emerged as a transformative thera-
peutic modality™ owing to its ability to transiently express tar-
get proteins without integration into the host genome, thereby
minimizing mutagenesis risks.”! The unprecedented success of
COVID-19 mRNA vaccines has highlighted the critical role of de-
livery platforms in enabling clinical translation >4 Among cur-
rently available carriers, fipid nanoparticles (LNPs) represent the
most established and have been widely employed in commer-
cial MRNA vaccines!S) Nevertheless, their inherent limitations,
such as multi-component formulation complexity, instability re-
quiring strict cold-chain storage, and predominant liver tropism,
restrict broader applications. These challenges have motivated
the development of alternative delivery vectors. Recently, ioniz-
able amphiphilic Janus dendrimers {IAJDs)®! a class of one-
component multifunctional lipid-lke macromolecules, have at-
tracted increasing attention. Distinguished by their well-de-
fined molecular architecture, facile self-assembly, and tunable
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ionizable domains, IAJDs offer unique advantages over conven-
tional LNPs, including simplified preparation, enhanced struc-
tural-function correlation, and the potential for organ-targeted
delivery beyond the liver/”? Collectively, these properties enable
IAJDs as a promising next-generation platform for mRNA vac-
cine and therapeutic development.

However, despite the remarkable potential of IAJDs as
next-generation delivery vectors, the precise relationship be-
tween their molecular structures and functional performance
remains insufficiently understood. As is well recognized, sub-
tle variations in structural features, —such as ionizable group
density, hydrophobic domain configuration, and branching
topology, —can profoundly influence self-assembly, cellular
uptake, and endosomal escape.’8% These structure-function
correlations are critical, since effective structural designs di-
rectly translate into higher transfection efficiency (TE) and im-
proved therapeutic outcomes.l’® Yet, systematic studies that
quantitatively link 1AJD substructures to their delivery effica-
cy are still scarce, creating a significant barrier to rational de-
sign and optimization of this promising molecular platform.

In recent years, machine learning (ML) has rapidly permeat-
ed the fields of chemistry and materials science,!'") offering a
powerful tool for revealing complex structure-property rela-
tionships and accelerating molecular discovery. By leverag-
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peutic modality!” owing to its ability to transiently express tar-
get proteins without integration into the host genome, thereby
minimizing mutagenesis risks.?! The unprecedented success of
COVID-19 mRNA vaccines has highlighted the critical role of de-
livery platforms in enabling clinical translation.>* Among cur-
rently available carriers, lipid nanoparticles (LNPs) represent the
most established and have been widely employed in commer-
cial mRNA vaccines.”! Nevertheless, their inherent limitations,
such as multi-component formulation complexity, instability re-
quiring strict cold-chain storage, and predominant liver tropism,
restrict broader applications. These challenges have motivated
the development of alternative delivery vectors. Recently, ioniz-
able amphiphilic Janus dendrimers (IAJDs),® a class of one-
component multifunctional lipid-like macromolecules, have at-
tracted increasing attention. Distinguished by their well-de-
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ionizable domains, IAJDs offer unique advantages over conven-
tional LNPs, including simplified preparation, enhanced struc-
tural-function correlation, and the potential for organ-targeted
delivery beyond the liver.”) Collectively, these properties enable
IAJDs as a promising next-generation platform for mRNA vac-
cine and therapeutic development.

However, despite the remarkable potential of I1AJDs as
next-generation delivery vectors, the precise relationship be-
tween their molecular structures and functional performance
remains insufficiently understood. As is well recognized, sub-
tle variations in structural features, —such as ionizable group
density, hydrophobic domain configuration, and branching
topology, —can profoundly influence self-assembly, cellular
uptake, and endosomal escape.®9 These structure-function
correlations are critical, since effective structural designs di-
rectly translate into higher transfection efficiency (TE) and im-
proved therapeutic outcomes.['% Yet, systematic studies that
quantitatively link IAJD substructures to their delivery effica-
cy are still scarce, creating a significant barrier to rational de-
sign and optimization of this promising molecular platform.

In recent years, machine learning (ML) has rapidly permeat-
ed the fields of chemistry and materials science,l'!! offering a
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ing high-dimensional descriptors and data-driven modeling,
ML approaches have demonstrated superior performance in
predicting chemical reactivity, material properties, and drug-
target interactions.' More recently, these methods have
been extended to the design of mRNA delivery systems. For
instance, artificial intelligence-guided optimization of LNPs
has enabled efficient pulmonary gene therapy,!'3'4 and com-
binatorial ML-assisted design has facilitated the develop-
ment of nanoparticles for pulmonary mRNA delivery and
genome editing.l'>! These pioneering studies underscores the
transformative potential of ML in advancing nucleic acid ther-
apeutics. However, to the best of our knowledge, very few in-
vestigations!'®! have applied ML methodologies to IAJDs. This
gap limits the systematic understanding and rational design
of these unique molecular platforms.

In this study, we addressed the methodological challenge
of modeling IAJDs, a class of structurally intricate macro-
molecules, under a constrained data regime (n=231). Tradi-
tional molecular fingerprints were initially considered as
baseline representations; however, their limited capacity to
capture the diverse substructural patterns of IAJDs highlights
the need for methodological refinement. To this end, we in-
troduced an improved count-based fingerprinting strategy
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and performed a systematic ablation analysis to disentangle
the contributions of fingerprint dimensionality, parameteriza-
tion, and the learning paradigm. This stepwise evaluation not
only enabled the identification of an optimal configuration
that balanced predictive accuracy with computational
tractability but also provided insight into the specific molecu-
lar substructures that serve as key determinants of biological
activity.

Beyond handcrafted descriptors, we further integrated
molecular embeddings derived from a pre-trained trans-
former-based language model. By leveraging the analogy be-
tween SMILES strings and natural language sequences, this
approach yields contextualized representations that extend
beyond local structural fragments to encompass higher-or-
der semantic information. Embedding-based representations
substantially improved predictive performance, demonstrat-
ing the value of transferring knowledge from large-scale
chemical corpora to low-data regimes, such as the IAJD system.

Taken together, this work contributes to a comprehensive
machine-learning framework that combines systematic fea-
ture evaluation with state-of-the-art representation learning
(Fig. 1). By bridging traditional molecular fingerprints with
transformer-based embeddings, the framework achieves
both robustness and adaptability, while offering chemically
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Fig. 1 Overall workflow for IAJD-based molecular analysis and optimization. (a) Experimental and data preprocessing pipeline. IAJDs
were assembled with firefly luciferase mRNA via rapid injection method, and their transfection efficiency was measured in vivo.
Molecular descriptors were calculated from chemical structures and subsequently cleaned, transformed, and standardized. Activity
thresholds were defined based on total flux (1x107 p/s) to classify samples into Good and Low transfection groups. (b) Machine learning-
based modeling and evaluation. Various algorithms were trained using cross-validation, and model performance was assessed by
receiver operating characteristic (ROC) analysis to identify optimal predictive configurations. (c) Downstream model interpretation and
molecular design. The most informative molecular fingerprints were extracted to reveal key structure-activity relationships. The trained
model was further employed for fragment-based molecular optimization and generative design, yielding new candidates with improved

predicted transfection efficiency.
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interpretable insights into the structural determinants of IA-
JD function. Such an integrative strategy highlights the po-
tential of machine learning not only as a predictive tool, but
also as a hypothesis-generating framework to guide the ratio-
nal design and optimization of dendrimer-based mRNA deliv-
ery systems.

EXPERIMENTAL

Data Collecting and Preprocessing

The dataset used in this study was sourced from dendrimer-
some nanoparticle (DNP) samples assembled from IAJDs report-
ed by the Percec and Weissman laboratories.*'’~?") Owing to
their distinctive amphiphilic architecture and tunable ionization
properties, IAJDs demonstrate favorable biocompatibility and
mRNA delivery efficiency and have consequently emerged as a
focal point of research in gene and drug delivery. Comprehen-
sive experimental data and structural information have been
documented across multiple high-impact publications, thereby
providing this work with a robust foundation of prior knowl-
edge and empirical support.

The target compounds were initially drawn in ChemDraw
(version 20.0) and exported as SMILES strings,2"! providing a
uniform digital representation of molecular structures. Mor-
gan fingerprints (ECFP)(221 were then computed to encode lo-
cal atomic environments into fixed-length numerical vectors,
serving as descriptors for machine learning models. Com-
pounds that could not be successfully parsed or contained
missing information were excluded to preserve the data in-
tegrity and maintain robustness in downstream feature ex-
traction and model training. Preliminary SMILES-level data
augmentation was evaluated but did not yield performance
gains for IAJDs, likely owing to the structural redundancy in-
herent to dendritic Janus architectures.

To establish the classification labels, the transfection effi-
ciency (TE) reported in the literature was employed as a quan-
titative measure of molecular functional activity (Table S1 in
the electronic supplementary information, ESI). Given that
certain molecules lacked explicit total flux values due to ab-
sent fluorescence responses, a threshold of 1x107 p/s was ap-
plied to binarize the dataset: molecules with total flux values
exceeding this threshold were designated as “Good,” where-
as those below the threshold or without measurable re-
sponse were classified as “Low.” This process yielded 125 pos-
itive and 103 negative samples, forming a supervised dataset
for the model development (Fig. 2a).

We selected a total-flux cutoff of 1x107 p/s as a pragmatic
operating point because it lies in the mid-range of reported in
vivo signals for the curated Percec/Weissman IAJD datasets
and yields a relatively balanced class split, which improves
model stability under small-sample learning. Molecules with
no measurable fluorescence/flux were conservatively as-
signed to the Low class, consistent with a “below-detection”
interpretation. To assess the robustness to binarization, we
performed a cutoff sensitivity analysis by sweeping the
threshold across 1x10%, 5x109, 1x107, 5107, and 1x108 p/s.
For each cutoff, we re-trained the same modeling pipeline
and reported the Area Under the Receiver Operating Charac-
teristic Curve (ROC-AUC), area under the precision-recall
curve (PR-AUC), balanced accuracy, and Matthews Correla-
tion Coefficient (MCC) (Fig. ST and Table S2 in ESI).

4

Feature Representation

Traditional molecular fingerprints (ECFP)

Extended connectivity fingerprints (ECFPs) are widely used
molecular descriptors that encode local atomic environments
using the Morgan algorithm. As a baseline, we implemented a
k-nearest neighbors (KNN) classifier?>! using binary ECFP finger-
prints, where each molecule was represented as a 2048-bit Mor-
gan fingerprint?¥ with a radius of 2. Classification was per-
formed by weighted majority voting of the k-nearest neighbors
in the fingerprint space, with weights proportional to the Tani-
moto similarity.l*”!

Improved molecular fingerprints (Count-ECFP)

Despite that ECFPs are widely employed in conventional molec-
ular feature extraction, the repetitive substructures present in
IAJD molecules often lead to fingerprint representations with
substantial redundancy, limiting their ability to highlight dis-
tinctive structural characteristics and consequently diminishing
model discriminability and predictive accuracy. To capture the
structural features of dendrimer molecules more comprehen-
sively, this study adopted count-based Extended Connectivity
Fingerprints (Count-ECFPs)®?? as molecular descriptors.

In contrast to traditional binary fingerprints, Count-ECFPs
quantify the frequency of each substructural motif within a
molecule, thereby providing a more information-rich repre-
sentation. This enhanced encoding improves the ability of
machine-learning models to discriminate between structural
features. The resulting Count-ECFPs were represented as
fixed-length integer vectors, followed by variance-threshold
filtering to remove non-informative zero-variance features,
which further improved model efficiency and robustness (Fig.
2b). Variance-threshold filtering was implemented within the
cross-validation pipeline and fitted on the training folds to
prevent information leakage.

ChemBERTa-based molecular embedding

With the rapid advancement of deep learning, pretrained
molecular language models have emerged as a powerful
paradigm for molecular representation. The SMILES notation,
which resembles natural language sequences, provides a natu-
ral foundation for transformer architecture. Among these,
ChemBERTa®® is a Transformer-based molecular language
model pretrained on large-scale chemical corpora, such as Pub-
Chem and ZINC, enabling the extraction of high-dimensional
embeddings that capture both structural and semantic infor-
mation. The ChemBERTa model was employed as a frozen fea-
ture extractor without task-specific fine-tuning, and embedding
inference was accelerated using an NVIDIA Tesla T4 GPU. This
frozen-encoder strategy was deliberately adopted because re-
cent studies have shown that pretrained molecular language
models often achieve superior data efficiency and robustness
under low-data regimes compared with task-specific fine-tun-
ing.

Evaluation Criteria

Model performance was primarily evaluated using the area un-
der the receiver operating characteristic curve (AUC-ROC). The
area under the curve (AUC) provides a threshold-independent
assessment of a classifier's discriminative ability by integrating
sensitivity (true positive rate, TPR) and specificity (false positive
rate, FPR) across all possible classification thresholds.
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evaluated under five-fold stratified cross-validation.
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where TP represents true positive, FN represents false negative,
FP represents false positive, and TN represents true negative.
Compared with accuracy or F1-score, which are tied to a
single decision boundary and may be biased under class-im-
balanced conditions, AUC offers a more robust and generaliz-
able measure of predictive performance. Model performance
was primarily evaluated using the ROC-AUC. In addition, we
report PR-AUC to reflect the performance under varying class
prevalence, as well as balanced accuracy and MCC as comple-
mentary threshold-dependent metrics. This property is partic-

ularly advantageous in molecular classification tasks, where
the number of active and inactive compounds is often imbal-
anced, and the key objective is to distinguish promising can-
didates from non-functional ones, regardless of the decision
threshold. Consequently, the AUC was adopted as the prima-
ry metric to ensure a comprehensive and reliable evaluation
of model performance.

RESULTS AND DISCUSSION

Baseline Model Performance

To evaluate the predictive capacity of the different molecular
representations, we first established baseline models using tra-
ditional ECFP fingerprints and simple classifiers. Parameter scans
across multiple neighborhood sizes revealed that intermediate
values provided the most balanced performance, whereas over-
ly small neighborhoods resulted in unstable predictions. Under
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an outer cross-validation protocol, the KNN baseline achieved a
mean ROC-AUC of 0.56+0.11, indicating limited but non-ran-
dom discriminative ability. Overall, although the KNN baseline
establishes a simple and intuitive benchmark, its sensitivity to
hyperparameters and limited generalization underscores the
need for more expressive molecular representations and ad-
vanced modeling approaches.

Comparison of ML Models

In addition to fingerprint parameterization, the influence of
classification algorithms was systematically assessed. Three
representative machine learning approaches, —Random For-
est (RF),””! Logistic Regression (LR),*®! and XGBoost (XGB)??,
—were benchmarked using a nested stratified cross-valida-
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Fig. 3 Feature selection, model performance, and structural interpretation of machine learning models for IAJDs. (a) Comparative performance
heatmap of logistic regression, random forest, and XGBoost classifiers under different fingerprint radius and bit lengths, showing that XGBoost
achieves superior discriminative ability; (b) Distribution of labeled samples used for model training; (c) Receiver operating characteristic (ROC)
curve of the optimized XGBoost model with an area under the curve (AUC) of 0.743, indicating strong predictive capacity; (d) Cross-validation
results showing AUC and average precision (AP) as a function of the number of selected features. Shaded bands indicate £1 SD across cross-
validation folds; (e) Five-fold cross-validation AUC revealing that model performance plateaus when approximately 11 features are used. (f)
Ranked feature importance of top molecular substructures (Count-ECFP bits) contributing to classification; (g) Representative comparison of
IAJDs with or without a key substructure (Bit_193). Molecules incorporating this feature (e.g., IAJD_162) exhibited markedly higher in vivo
transfection signals compared to those lacking the feature (e.g., IAJD_161),"8 which highlights the biological relevance of model-identified
motifs and supports the integration of computational interpretation with experimental validation; (h) Chemical structures of the top 11
important substructures identified by the model, highlighting recurrent functional motifs related to transfection efficiency.
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tion protocol (inner 5-fold for hyperparameter tuning; outer 5-
fold for performance estimation). Hyperparameters were opti-
mized within the inner loop using grid/randomized search
strategies to ensure a robust evaluation (Fig. 3a and Table S3 in
ESI).

The comparative results demonstrated that XGBoost con-
sistently exhibited superior discriminative capacity across
most settings, which is attributable to its ability to capture
nonlinear decision boundaries and effectively manage high-
dimensional feature spaces. Random Forest achieved stable
performance, particularly with lower-dimensional finger-
prints, while Logistic Regression benefited from higher-di-
mensional descriptors in combination with regularization.

Fig. 3(b) provides an overview of the class distribution in
the curated dataset, confirming a relatively balanced repre-
sentation between the two activity labels. Importantly, the
optimal configuration was identified using XGBoost at R=3
and nBits=256, yielding an AUC of 0.7427 (Fig. 3c). This set-
ting outperformed smaller fingerprints, which lacked repre-
sentational richness, as well as larger fingerprints, which were
hindered by dimensional redundancy. Collectively, these
findings underscore that moderate fingerprint complexity,
when paired with a powerful classifier, such as XGBoost,
achieves the most favorable balance of accuracy, robustness,
and computational efficiency (Table S4 in ESI).

Substructure Importance and Interpretability

In addition to predictive accuracy, interpretability is essential for
elucidating the structural determinants underlying molecular
classification. Accordingly, the trained XGBoost classifier was
subjected to feature importance analysis based on the Count-
ECFP descriptors (Figs. 3d and 3e). Relative contribution scores
were extracted and ranked, and subsets of the top-ranked fea-
tures were iteratively used for model retraining (Figs. 3f and 3qg).
Five-fold stratified cross-validation with AUC as the evaluation
metric enabled the identification of the point of diminishing re-
turns, that is, the minimal feature subset sufficient to preserve
predictive performance while minimizing redundancy.

To link these abstract fingerprint features to chemically in-
terpretable motifs, the most influential bits were mapped to
their corresponding molecular fragments using the RDKit.
Each bit encodes an atomic environment defined by a central
atom and a radius. The associated fragments were recon-
structed and visualized as two-dimensional structures. Repre-
sentative examples of top-ranked bits (e.g., 212, 202, and 103)
are shown in Fig. 3(h), revealing functional motifs such as hy-
droxyl groups, carbonyl fragments, and ionizable tertiary
amine substructures. These results demonstrate that chemi-
cally meaningful fragments emerged as key determinants of
molecular activity, thereby corroborating the biological rele-
vance of the model.

Collectively, ablation experiments provide a comprehen-
sive assessment of how fingerprint representation, model ar-
chitecture, and substructural features jointly govern predic-
tive performance. Variations in the fingerprint radius and vec-
tor length confirmed that moderate complexity affords an
optimal trade-off between expressiveness and efficiency. The
comparative model evaluation highlighted the superior ro-
bustness of XGBoost over Random Forest and Logistic Re-
gression. Importantly, substructure-level interpretability re-

vealed functionally relevant motifs, bridging predictive accu-
racy with mechanistic understanding and offering actionable
knowledge for rational molecular modification.

ChemBERTa Embedding Performance

In contrast to rule-based descriptors such as ECFPs, ChemBERTa
representations are data-driven and can capture richer, context-
dependent molecular information (Fig. 4a). To assess their utili-
ty for classification, we applied principal component analysis
(PCA) to 768-dimensional ChemBERTa embeddings to reduce

2 |nput molecules

Structure and label cleaning

Pretrained representation learning l

Tokenize (BPE)

Embedding lookup positional encoding

ChemBERTa encoder

Feature processing l

Molecular embedding (vector d=768)
PCA (dim reduction to 25 PCs)

Downstream prediction l
Classifier (XGBoost, etc)

Prediction (AUCQ)

b PCA explained variance

1.0

oF-r4———"—""-—"—H"""""""""""—"—————+
0.8
0.7
0.6
0.5

Cumulative explained variance

04 —90% Variance

0 25 50 75 100 125 150 175
Number of principal components

Fig. 4 (@) Workflow of the ChemBERTa-based molecular
embedding framework. SMILES strings are tokenized using byte-
pair encoding (BPE), followed by embedding lookup, positional
encoding, and encoding with the pretrained ChemBERTa
Transformer. The resulting 768-dimensional molecular embeddings
are reduced to 25 principal components (PCs) via PCA for improved
efficiency. These processed features are then used by downstream
classifiers for prediction, with model performance evaluated using
AUC as the primary metric. (b) Cumulative explained variance of
PCA applied to ChemBERTa embeddings. The first 25 principal
components capture over 90% of the variance (red dashed line),
justifying  dimensionality reduction prior to downstream
classification. In model evaluation, PCA is fit within each training
fold and applied to the held-out fold to prevent information
leakage.
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dimensionality (Fig. 4b). The first 25 principal components ex-
plained over 90% of the cumulative variance and were retained
as the final feature set, providing a practical trade-off between
information preservation and model complexity.

Using these features, we benchmarked multiple classifiers
using a leakage-free nested cross-validation protocol. All fit-
ted preprocessing steps (including standardization and PCA)
were implemented within a single scikit-learn pipeline and
were fit on the training split of each fold only; hyperparame-
ters were tuned in an inner 5-fold loop and performance was
estimated in an outer 5-fold loop. Under this protocol, the lin-
ear and nonlinear models (LR and RBF-SVM) achieved compa-
rable performance, while the tree-based models achieved
slightly lower performance (Table 1).

Overall, these findings demonstrate that ChemBERTa em-
beddings, when coupled with gradient boosting models, con-
stitute a robust and generalizable framework for predicting
molecular properties. This integration of pretrained lan-
guage-model representations with advanced machine-learn-
ing classifiers offers a promising direction for the rational de-
sign of dendrimersome-related functional materials.

Molecule Generation and Activity Prediction

To further demonstrate the potential of our pipeline for molec-
ular design, we trained a recurrent neural network (RNN) on
SELFIES-encoded™” representations of 125 positive molecules
and sampled novel candidates. The generated SMILES were
standardized and six physicochemical descriptors, molecular
weight (MW), LgP, topological polar surface area (TPSA), hydro-
gen bond donors (HBD), hydrogen bond acceptors (HBA), and
rotatable bonds (RotB) were computed. Rather than imposing
hand-crafted thresholds, admissible ranges were derived from
the positive set using the 5"-95% percentile (P5-P95) window
for each descriptor, defining an IAJD-compatible property re-
gion (Fig. 5a). A novelty-diversity filtering stage is applied to lim-
it overfitting and control memorization. Molecules with high fin-
gerprint similarity to the training positives (Tanimoto20.85) or
those sharing identical Murcko scaffolds were excluded (Fig.
5b). This step ensures that the retained candidates are struc-
turally distinct while remaining proximal to the known active re-
gions (Table S5 in ESI).

Overall, this workflow integrates constrained molecular
generation, data-driven property filtering, and ChemBERTa-
guided scoring to prioritize plausible and novel Janus den-
drimer candidates. Rather than aiming at exhaustive chemi-

cal-space exploration, the generation module functions as a
local proposal mechanism, producing a shortlist suitable for
downstream synthesis and experimental evaluation.

Molecule Optimization and Filtering Pipeline

A computational framework was established to explore struc-
ture-activity relationships and to propose optimized IAJD candi-
dates with predicted enhanced transfection efficiencies. To ex-
plore the local chemical space around the inactive candidates,
fragment-based single-step edits were applied. A hybrid frag-
ment library was constructed by combining BRICS-decom-
posed fragments®'! enriched in active molecules with a set of
chemically meaningful substituents. BRICS fragments were se-
lected based on their frequency of occurrence and relative en-
richment in experimentally validated active IAJDs, thereby pri-
oritizing substructures that are empirically associated with high
transfection efficiency. This activity-guided fragment selection
was designed to explore local structure-activity relationships
within the chemically coherent IAJD space, rather than to enu-
merate all synthetically accessible variants. Each fragment con-
tained a defined anchor atom for targeted attachment to the
feasible substitution sites on the parent molecule. Candidate
structures were automatically generated through combinatori-
al fragment attachment and were sanitized to ensure chemical
validity.

Each generated molecule was evaluated using a multi-ob-
jective scoring function integrating both model-predicted ac-
tivity and physicochemical feasibility. The scoring function is
defined as follows:

Score = W1 P,¢tive — W2SA — w3PAINS + w,QED

4
— wsLipinski — wpo,Penalty “

where P,ive denotes the calibrated activity probability, SA is the
synthetic accessibility score,*? quantitative estimate of drug-
likeness (QED)"?! represents drug-likeness, and the penalty term
measures physicochemical deviations from the active-molecule
distribution.®? And the weights were determined through iter-
ative tuning guided by the following design principles: predict-
ed activity (w;=1.0) was assigned unit weight as the primary op-
timization objective; PAINS filter (w;=1.0) was weighted equally
to activity prediction to strictly exclude promiscuous binders, as
PAINS-flagged molecules are unsuitable for therapeutic devel-
opment regardless of predicted activity; synthetic accessibility
(w,=0.3) was assigned moderate weight to penalize synthetical-
ly inaccessible candidates without overly constraining chemical

Table 1 Performance comparison of classifiers with different fingerprints and embeddings.

Fingerprint
Classifier ECFP Count-ECFP ChemBERTa Setting e Ry ¢
KNN N X X 0.559+0.113
LR x v x R_3/N_256 0.6819:+0.0958
RF X Y x R_3/N_256 0.6962+0.0772
XGBoost X V x R_2/N_64 0.7091+0.0807
XGBoost x v x R_3/N_256 0.7319:+0.0709
XGBoost X Y x R_3/N_2048 0.6877+0.0533
XGBoost X X S 0.684+0.080
SVM X X \/ 0.718+0.053
RF X X S 0.706+0.041
LR X X N 0.712+0.025
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Fig. 5 Physicochemical properties and optimized structures of IAJDs. (a) The distributions of key molecular descriptors in the IAJD dataset,
including molecular weight (MW), hydrogen bond acceptors (HBA), hydrogen bond donors (HBD), aromatic ring count, LgP, topological polar
surface area (TPSA), heavy atom count, quantitative estimate of drug-likeness (QED), rotatable bonds (RB), and fraction of sp® carbons (Fraction
CSP3); (b) Example molecules generated by the RNN-based proposal model after novelty and property filtering; (c) Optimized IAJD candidates
(77_op1, 77_op2, 121_op, 78_op, 185_op) generated via fragment-based molecular editing and multi-objective scoring. The newly introduced
fragments are highlighted in orange, corresponding to structural modifications predicted to enhance transfection efficiency while maintaining

synthetic accessibility and physicochemical feasibility.

space exploration; QED (w,=0.2) was included as a secondary
desirability term to favor candidates with favorable physico-
chemical profiles; lipinski violations (w5=0.0) were assigned ze-
ro weight, as IAJDs are dendritic macromolecules that inher-
ently violate Lipinski's Rule of Five (MW>500 Da, HBA>10) due
to their branched architecture—applying traditional drug-like
filters would incorrectly penalize the entire IAJD chemical space;
property deviation penalty (wy,,,=0.5) was calibrated to ensure
candidates remained within the physicochemical distribution of
experimentally validated active I1AJDs (5%-95™ percentile win-
dows).

To assess the robustness of candidate ranking to weight
perturbations, we performed a systematic sensitivity analysis

(Table S6 in ESI). Each weight was independently varied by
+30% while holding others constant, and the candidate
molecules were re-scored and re-ranked. Spearman rank cor-
relations between the original and perturbed rankings re-
mained above 0.96 for all perturbations, and the top-10 can-
didate set exhibited 80%-100% overlap across all weight vari-
ations. These results confirm that the prioritization of high-
quality candidates is robust to reasonable variations in
weight selection, indicating that the scoring function cap-
tures stable structure-activity relationships rather than arti-
facts of parameter tuning (Fig. S2 in ESI).

Candidates that violated predefined thresholds were ex-
cluded. The remaining molecules were ranked according to

https://doi.org/10.1007/510118-026-3563-3
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their composite scores, and structurally diverse top-ranked
candidates were selected using a greedy max-min algorithm
to avoid redundancy. The final optimized molecules were ex-
ported for visualization and further experimental considera-
tion (Fig. 5¢). These optimized molecules are computationally
proposed candidates intended for prioritization and hypothe-
sis generation, but their transfection efficiency has not yet
been experimentally validated.

CONCLUSIONS

In this study, we demonstrate the feasibility and effectiveness of
integrating cheminformatics descriptors, pretrained molecular
embeddings, and generative modeling to advance the study of
IAJDs. By systematically evaluating multiple feature extraction
strategies and machine learning models, we established a com-
prehensive computational framework for predicting and opti-
mizing IAJD activities. Specifically, fingerprint-based descriptors
remained robust baselines when carefully parameterized. A
count-based ECFP with an intermediate radius (R=3) and mod-
erate bit length (256) achieved an optimal balance between
representational richness and efficiency. Nonlinear ensemble
models, particularly XGBoost, outperformed linear classifiers,
highlighting their capability to capture the substructural and
physicochemical nonlinearities intrinsic to dendritic architec-
tures. Feature importance analysis identified several recurring
motifs that were closely correlated with biological activity, thus
providing mechanistic interpretability and rational guidance for
molecular design.

Building upon these predictive insights, a machine-learn-
ing-driven molecular optimization workflow was developed
to explore new IAJD candidates. The framework integrates
calibrated XGBoost predictions with fragment-based single-
step editing and multi-objective scoring, incorporating syn-
thetic accessibility, physicochemical feasibility, and structural
diversity constraints. The pipeline successfully generated
chemically valid, diverse, and novel IAJD derivatives, several
of which exhibited high predicted transfection probabilities
and favorable property profiles. This demonstrates the poten-
tial of computational design to guide molecular innovation in
data-limited regimes. Beyond traditional fingerprints, trans-
former-based ChemBERTa embeddings provide superior per-
formance by directly learning the SMILES-level semantics. Af-
ter dimensionality reduction, these embeddings enabled ro-
bust classification and revealed transferable representations
of complex nanocarrier systems. Together, these results es-
tablish a unified “analyze-predict-design” paradigm, in which
molecular representation learning and generative modeling
jointly accelerate the discovery of next-generation mRNA de-
livery materials.

Despite these promising results, the dataset size (231 la-
beled molecules) limits the model generalization and explo-
ration of the full IAJD chemical space. Structural repetitive-
ness may also introduce representational redundancy, but
the generated candidates remain to be experimentally vali-
dated. Future studies should expand the dataset, explore
graph-based or multimodal molecular representations, and
incorporate multi-objective optimization considering stabili-
ty, toxicity, and tissue specificity. Importantly, these results
reaffirm the exceptional potential of the IAJDs. Their intrinsic

amphiphilicity, dendritic topology, and tunable ionization
collectively provide unique advantages for mRNA delivery,
combining efficient encapsulation, structural rigidity, and
controlled release. The observed link between molecular ar-
chitecture and function underscores the rational design prin-
ciples underlying IAJDs and highlights their dual role as both
promising delivery vehicles and ideal model systems for data-
driven material discovery.

In conclusion, this study established a machine learning
framework tailored to the analysis of IAJDs under a limited-
data regime. By systematically comparing the molecular rep-
resentations, we found that conventional ECFP fingerprints
are suboptimal for structurally complex macromolecules,
whereas count-based descriptors yield more informative en-
codings. Furthermore, ChemBERTa-derived embeddings
demonstrated superior predictive performance by capturing
high-level structural and semantic information, whereas sub-
structure importance analysis provided interpretable insights
into key functional motifs. Collectively, these findings high-
light the potential of machine learning to enhance both pre-
dictive accuracy and mechanistic understanding in the study
of IAJDs, thereby laying the groundwork for the data-driven
optimization of next-generation mRNA delivery systems.
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