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ABSTRACT: Nanoparticle-based therapies have gained attention
in recent years as promising treatments for rheumatoid arthritis
(RA), due to the potential offered for targeted delivery, controlled
drug release, and improved biocompatibility. A deep understanding
of the factors that drive cytotoxicity is crucial for safer and more
effective nanomedicine formulations. To systematically analyze the
determinants of cytotoxicity reported in the literature, we
constructed a data set comprising 2,060 instances from 56
publications. Each instance was described by 23 features covering
nanoparticle characteristics, cellular environment factors, and assay
conditions potentially associated with cytotoxicity. Machine
learning (ML) approaches were incorporated to gain deeper
insight into key cytotoxicity drivers. We combined Boruta for feature selection, Random Forest (RF) for cytotoxicity prediction and
feature importance evaluation, and Association Rule Mining (ARM) for rule-based, hidden pattern discovery. Boruta feature
selection results identified the drug and nanoparticle concentration, core−shell material, and cell type as major determinants of
cytotoxicity. The RF model demonstrated a strong predictive performance, further confirming the significance of these features.
Moreover, ARM revealed high-confidence association rules linking specific conditions, such as high drug concentrations and
poly(aspartic acid)-based systems, to cytotoxic outcomes. This structured machine learning framework provides a foundation for
optimizing nanoparticle formulations that balance therapeutic efficacy with cellular safety in RA therapy.
KEYWORDS: Nanoparticles, Machine Learning, Rheumatoid Arthritis

■ INTRODUCTION
Rheumatoid arthritis (RA) is a chronic autoimmune disease
characterized by joint inflammation, often resulting in
persistent pain, swelling, and stiffness. Although RA primarily
targets synovial linings of the joints, it can also affect other
parts of the body such as the blood vessels, lungs, or heart.
Both genetic and environmental factors influence the risk of
developing RA.1,2 RA typically develops later in life and is
more common in women than in men.1,3 By causing chronic
inflammation and systemic complications, RA significantly
reduces the quality of life for affected individuals.4 If left
untreated, patients with RA may experience progressive joint
damage, disability, and even life-threatening complications.2

According to the study of Global Burden of Disease (GBD),
approximately 17.6 million people worldwide were affected by
RA in 2020, and this number is projected to rise to 31.7 million
by 2050.5

After years of investigation, the pathogenesis of RA remains
not fully understood, and consequently, no definitive cure
exists to date.4 The current treatment strategies for RA
primarily include various painkillers and anti-inflammatory
drugs aimed at relieving pain and inflammation, preserving
joint structure, and improving patients’ quality of life.4−7 To

date, there are no FDA-approved nanoparticle-based drug
delivery systems for RA, with most developments remaining in
the preclinical or clinical stages. The closest approved
nanomedicine is certolizumab pegol (Cimzia), a PEGylated
anti-TNFα antibody fragment.8

Nanoparticle (NP) therapy presents a promising alternative
for RA treatment by offering several advantages over
conventional approaches. The nanoscale size and modifiable
surface properties enable effective penetration into targeted
cells, allowing for targeted delivery to inflamed tissues, while
minimizing accumulation in healthy cells. This reduces
systemic toxicity and enhances biocompatibility.9,10 Nano-
particles also exhibit improved bioavailability and allow for
controlled drug release.9 In recent years, numerous studies
have proposed various nanoparticle-based treatments for RA.
As the number of nanotreatment studies continues to grow,
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there is an increasing need to generalize the cytotoxicity
behavior of previously synthesized nanoparticles in the
field.11,12

Nanoparticles possess various physicochemical properties
that significantly influence their biological interactions and
potential cytotoxic effects.13−17 Key features that may affect
cytotoxicity include nanoparticles’ material,17 size,13−17

shape,13−17 surface charge,13,14,16,17 concentration,15,17 expo-
sure time,15−17 and synthesis method.18,19 Additionally, surface
coatings,15,17,19 functional groups,13,15−17 and incorporated
drugs13,16 can further enhance treatment efficiency. Moreover,
the characteristics of the biological systems nanoparticles are
tested,14,17 such as cell type, tissue origin, morphology, and
source, as well as the conditions of the viability assays17 (e.g.,
assay type, assay indicator), also play a crucial role in
determining cytotoxicity.

Given the diversity in material choice, surface modifications,
dosages, and biological testing conditions across studies,
making meaningful comparisons between results remains
challenging. To gain a deeper understanding of how these
features influence cytotoxicity, machine learning (ML) can
serve as a valuable tool.11,12 In this study, we employed Boruta
feature selection, Random Forest regression, and Association
Rule Mining to systematically analyze the determinants of
cytotoxicity. Boruta is a feature selection algorithm that
assesses feature significance by comparing their importance
against randomized shadow features.20 Random Forest (RF) is
a supervised ML method that builds multiple decision trees
and combines their outputs to make robust predictions and
evaluate feature importance.21 On the other hand, Association
Rule Mining (ARM) is an unsupervised learning technique
that uncovers hidden patterns by identifying frequently co-
occurring feature combinations.22 ARM and RF are commonly
used in the cytotoxicity analysis of nanoparticles due to their
ability to handle the complex, heterogeneous, and often
nonlinear relationships present in toxicological data sets.11,12

These complementary ML approaches facilitate the general-
ization across diverse studies and provide a foundation for the
efficient design of targeted nanomedicine strategies for RA. To
this end, we constructed a data set comprising 2060 instances
drawn from 56 articles. The data set includes 23 features
related to nanoparticle characteristics, biological environment
properties, and assay conditions. Corresponding cytotoxicity
levels are also recorded for each instance. We applied ARM to

uncover hidden patterns in this multidimensional data set and
developed a predictive model using the Random Forest
algorithm. The objective is to identify the most influential
features contributing to nanoparticle toxicity and to provide
insights that support the design of effective nanobased
therapies for RA. This study offers a practical framework for
comparing nanoparticle formulations across studies, to identify
the most promising candidates for RA treatment.

■ MATERIALS AND METHODS
Literature Survey and Data Set Formation. By the

collection of information from 56 articles published between
2014 and 2024, a total of 2060 instances detailing in vitro
nanoparticle cytotoxicity analyses were recorded. Google
Scholar and Web of Science search engines were used to
retrieve the articles, and inclusion criteria were based on the
availability of quantitative cytotoxicity data (e.g., cell viability
percentages) alongside detailed descriptions of nanoparticle
properties, cell characteristics, and assay conditions. To ensure
consistency across sources, units and terminologies for each
feature were standardized. The features recorded in the data
set are summarized in Figure 1. To isolate the independent
effect of drugs on cytotoxicity, drug treatments without
nanoparticle carriers were included as control groups. Nano-
particle-related features for these control groups were marked
as “None” to ensure an accurate representation and prevent the
introduction of incorrect data during subsequent imputation.

“Core and Shell Material” indicates the primary composition
of the nanoparticle, while “Type” designation in the data set
specifies whether the core nanoparticle material is derived from
organic, inorganic, or hybrid sources. Surface modifications
introduced to nanoparticles are recorded under the “Coat and
Functional Group”. These are applied to modulate nano-
particle−cell interactions and, consequently, cytotoxic out-
comes. Encapsulated drugs within the nanoparticle formula-
tions are recorded in the data set, along with their respective
concentrations. Both nanoparticle and drug concentrations are
reported in micrograms per milliliter (μg/mL). Surface charge
and zeta potential are captured separately: the former denotes
the general charge polarity of the particle (positive or
negative), while the latter provides a quantitative measure of
the electrostatic potential at the nanoparticle surface in
millivolts (mV). Particle sizes determined by Transmission

Figure 1. Features investigated in the data set related to nanoparticle characterization, cell properties, and assay conditions.
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Electron Microscopy (TEM) and Dynamic Light Scattering
(DLS) are recorded in nanometers to capture both the shape
and hydrodynamic size. Additional parameters such as the DLS
medium and polydispersity index (PDI), which reflect size
heterogeneity, are also included.

The cell types used in the experiments are identified by their
scientific names along with details about their origin, such as
source (human or animal), derived tissue, morphological
characteristics, and biological age. Cytotoxicity assay con-
ditions, including assay type and viability indicators, are
specified. Cytotoxicity outcomes obtained from different assays
(e.g., MTT, CCK-8) were incorporated into the data set only
when expressed in relative terms (e.g., percentage viability).
This standardized reporting scale provided a common base for
direct comparability across studies, while reducing assay-
specific variability and bias. Cell viability outcomes were
extracted from graphs reported in articles using PlotDigitizer.23

Overall, the 23 features analyzed in this study were selected
because they represent descriptors that are consistently and
reliably reported across the literature.

Model Development. All computational analyses for this
study were performed using R.24 An imputation procedure was
performed using the mice package25 to fill in the missing data
based on generalized patterns in the data set before further
analysis. Additionally, features providing bibliographic meta-
data such as data count, publication year, DOI, and article
number were excluded from the data set. Feature selection was
performed through the Boruta algorithm26 to identify the
significance of features on cytotoxicity and potentially exclude
those lacking significant contribution. Given its role as auxiliary
information rather than as a core feature, the DLS medium was
excluded from further analysis. Experiments performed under
identical conditions but with varying drug or nanoparticle
concentrations were grouped to capture their interdependence,
thereby reducing data leakage and improving the relevance of
the model to real-world scenarios.

A random forest regression model was constructed via the
randomForest27 package as a predictive model formulated to

predict cell viability percentages. The data set was divided into
training (80%) and test (20%) sets for model development and
evaluation. Within the training set, model performance was
further optimized using k-fold cross-validation, and final
predictive accuracy was assessed on the test set by performance
metric RMSE. Hyperparameter tuning was carried out through
a grid search of the number of trees (ntree), the number of
features at each split (mtry), and the number of folds (k) for
cross validation, and the configuration yielding the lowest
validation RMSE was selected as the optimal model. The final
configuration involved 8-fold cross-validation with optimal
hyperparameters identified as 350 trees and 8 features.

Following the implementation of the Random Forest model,
Association Rule Mining (ARM) was employed utilizing the
Apriori algorithm from the arules28 package. ARM is
implemented as a rule-based data mining method to identify
obscure patterns linking specific features (antecedents) to
cytotoxicity outcomes (consequents), categorized as either
“cytotoxic” or “non-cytotoxic.” For ARM analysis, all numeric
features were categorized based on their distributions and
value ranges in the data set.

Following ISO 10993-5 guidelines, two separate ARM
analyses were conducted based on different categorizations of
cytotoxicity. In the first analysis, cell viability values greater
than 70% were labeled as “non-cytotoxic,” while values below
were classified as “cytotoxic.” In the second analysis, a more
refined classification was applied to assess strong toxicity,
where values were divided into four categories: strongly
cytotoxic (≤40%), moderately cytotoxic (41−60%), weakly
toxic (61−80%), and noncytotoxic (81−100%).

The performance of the association rules was assessed by the
ARM evaluation metrics: support, confidence, and lift. To
ensure the generation of reliable and meaningful rules,
minimum support and confidence thresholds were set at 1%
and 70%, respectively. Rules involving both single and double
feature antecedents were explored to investigate the individual
and combined effects on cytotoxicity. The concluding rules

Figure 2. Frequencies of different nanoparticle features used in the data set.
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were ranked by highest lift to highlight the strongest
associations.

■ RESULTS AND DISCUSSION
Preliminary Analysis. A descriptive preliminary data set

analysis was conducted before the detailed machine learning
analysis. Among 2060 total data points, 1683 are related to the
nanoparticles and 377 are related solely to the drug, which are
the control groups. The frequency of nanoparticle features,
such as the type, shape, PDI value, size, coat/functional group,
synthesis method, concentration value, and surface charge are
shown in Figure 2.

There are 23 different organic-type nanoparticle materials,
which cover 57% of total nanoparticles (946 data points)
including PLGA (211 data points), Human Serum Albumin
(125 data points), PEG3400-PLA2000 (90 data points),

Polydopamine (84 data points), Carbon Dots-βCD (47 data
points), etc.; 14 different inorganic-type nanoparticle materials,
which cover 39% of the nanoparticles (661 data points)
including Au (175 data points), porous silicon (149 data
point), Fe3O4 (76 data points), Ag (59 data points),
Hydroxyapatite (48 data points), etc.; and 2 different hybrid
type nanoparticle materials which cover 4% of the nano-
particles (76 data points) including Tannic acid + Fe (36 data
points), and magnetic fibrin (40 data points). Most of the used
nanoparticles (92%) have spherical shapes (1556 data points),
and the rest of the used nanoparticles (7%) have cubic shapes
(61 data points), web structures (36 data points), and
hexagonal shapes (30 data points). Additionally, among the
nanoparticles for which a PDI value is provided, the majority
have a PDI value lower than 0.3, with 1023 data points, while
only the minority have a PDI value above 0.3, with 84 data

Figure 3. Data frequency analysis of the drugs.

Figure 4. Frequencies of different cell features used in the data set.
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points. The sizes range between 10 and 541 nm when
measured by TEM, and between 8 and 603 nm when
measured with DLS. The used concentration of nanoparticles
ranges between 4.6 × 10−6 μg/mL and 40854 μg/mL.
Moreover, among the nanoparticles of which the surface
charges are measured, it is seen that 69% of the nanoparticles
have a negative surface charge (1161 data points), 21% of the
nanoparticles have a positive surface charge (354 data points)
and 2% of the nanoparticles have neutral surface charge (30
data points). Examining the coat/functional group frequencies,
it can be observed that PEG and its derivatives are the most
preferred additives, with 286 data points, while folic acid (144
data points) and hyaluronic acid (77 data points) are the
second and third most preferred additives, respectively. The
synthesis method frequencies show that the most frequently
used method is a combination of emulsion and solvent
evaporation methods (283 data points) which is followed by
the precipitation method (225 data points) and electro-
chemical etching method (149 data points).

In Figure 3, the frequency analysis of the drugs used is
shown. In total, 22 different drugs were used in the
experiments. The most frequently used drug for rheumatoid
arthritis treatment is Methotrexate (MTX) and its derivatives
with 523 data points. This is followed by Dexamethasone
(DEX) with 112 data points and all-trans retinoic acid
(ATRA) with 81 data points. There are a total of 1190 data
points in which a drug is used, with 816 of them incorporated
into the nanoparticles. The remaining data points are used as
control groups without any nanoparticles.

The results for the analysis of cell type, cell source, cell
activation, cell tissue, cell morphology, and source age are
shown in Figure 4. A total of 17 different cell lines represent
68% of the data set (1409 data points), while 12 different
primary cells account for 32% of the data set (651 data points).
The most frequently used cell line is RAW 264.7 (823 data
points), and the most commonly used primary cell type is
HUVEC (126 data points). Approximately 22% of the total
cells were activated by LPS (437 data points), TNF-α (5 data
points), and IL-1β (3 data points). Additionally, animal-
derived cells (1266 data points) are more commonly used than
human-derived cells (794 data points). The tissue types from
which the cells are sourced include blood (52%), synovial
tissue (11%), and the umbilical vein (7%), among others.
Regarding the morphology, the cells can be grouped as

macrophage (46%), fibroblast (19%), epithelial (8%), and
others. Moreover, the most used age group is adult (83%),
followed by embryo (7%), neonatal (7%), and teen (3%).

Additional preliminary analysis can be conducted on the
exposure time and the cell viability test used in the experiments
included in the data set. The results of these analyses show that
there are 9 different cell viability tests in total, with the
majority of the data points using MTT (55%, 1134 data
points), followed by CCK-8 (30%, 613 data points). Regarding
the drug/nanoparticle exposure time, the most commonly
preferred durations are 24 (59%), 48 (29%), and 72 h (7%).
Additionally, 3% of the data used exposure time shorter than
24 h and 1% used exposure time longer than 72 h.

Cytotoxicity Prediction with Random Forest. Boruta
analysis was performed initially to identify the key features that
should be retained for subsequent analysis. The results, shown
in Figure 5, provided insights into the importance of features
on cytotoxicity. No features were identified as insignificant
determinants of cytotoxicity; therefore, all 23 features were
retained for subsequent analysis.

Following feature selection, a Random Forest regression
model was developed to predict cell viability outcomes. Figure
6 illustrates the model’s performance on training, validation,
and test sets through their respective RMSE values, along with
the intrinsic feature importance analysis generated by the
Random Forest algorithm. High prediction accuracy was
achieved on the training set (RMSE: 6.6), demonstrating the
model’s ability to learn complex patterns in the data. RMSE
values for the validation (18.1) and test (16.0) sets showed a
marginal but expected increase, reflecting generalization to
unseen data, while remaining within an acceptable range.

A strong agreement between predicted and observed
viability was observed in all sets, with most data points closely
aligned along the y = x line, particularly in the training set.
However, an overestimation of predicted cell viability values
below 50% was the most notable in the test set. This may be
attributed to class imbalance in the data set, where high
viability samples are more prevalent and thus exert greater
influence on the model. Additionally, experimental variabilities
and the absence of features specifically related to low viability
outcomes may also contribute to this discrepancy.

To complement the Boruta feature selection analysis,
Random Forest feature importance rankings were also
examined (Figure 6d) to gain additional insights into the

Figure 5. Boruta feature importance analysis.
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contribution of individual descriptors to cytotoxicity. Accord-
ing to the RF model, the nanoparticle material emerged as the
primary determinant of cytotoxicity, followed by the drug type
and concentration. Cell types, nanoparticle concentrations, and
synthesis methods also showed high importance, consistent
with Boruta analysis. Overall, the feature importance results
from RF largely aligned with those from Boruta, with minor

differences attributed to methodological differences in how
each algorithm evaluates the feature importance.

Uncovering Cytotoxicity Patterns by Association
Rule Mining. A deeper rule-based analysis was carried out
via ARM to identify how specific features contribute to
cytotoxic outcomes. The results for noncytotoxic outcomes are
available in the Supporting Information. The resulting single-
factor association rules linked to cytotoxic outcomes are

Figure 6. RF model prediction in (a) training, (b) validation, and (c) test sets along with (d) feature importance results.

Table 1. Single-Factor Rules Associated with Cytotoxic Outcomesa

Support Confidence Lift Count Antecedent Consequent

0.0131 0.9643 3.6 27* {Core_Shell_Material = poly(aspartic acid)} {Cell_Viability = cytotoxic}
0.0146 0.8333 3.1 30* {Core_Shell_Material = HA} {Cell_Viability = cytotoxic}
0.0311 0.7901 2.9 64* {Drug = LND+DC} {Cell_Viability = cytotoxic}
0.0146 0.7500 2.8 30* {Drug = MPA} {Cell_Viability = cytotoxic}
0.0388 0.7080 2.6 80* {Cell_Types = FLS} {Cell_Viability = cytotoxic}

aConfidence ≥ 70%; asterisks indicate data sourced from a single study.
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summarized in Table 1. Support, confidence, and lift are
performance metrics that characterize association rules.
Support reflects the frequency of a rule appearing in the data
set, confidence represents the probability of the rule being true,
and lift measures the strength of the association compared to
random chance. While a lift value of 1 indicates no association,
greater values indicate stronger associations. The rules were
ranked in decreasing order of lift and evaluated by using the
performance metrics to assess the strength and reliability of the
associations.

While each single-factor association stems from a single
study, similar patterns have been described in the literature to
support their plausibility and relevance. Still, these findings
should be interpreted with caution, as further validation is
required to confirm their reliability. The strongest single-factor
association rule resulting in cytotoxic outcomes was observed
for poly(aspartic acid), utilized as the core−shell material
(confidence = 96.4%, lift = 3.6). Interestingly, HLA-DRB1
alleles encoding aspartic acid at position 70 have been
associated with a reduced risk of developing rheumatoid
arthritis,29−31 suggesting that aspartic acid may possess
immunomodulatory properties that could influence cellular
responses to poly(aspartic acid). The observed association
between poly(aspartic acid)-based nanomaterials and cytotoxic
outcomes may be related to the molecular presentation of
aspartic acid residues, which could modulate immune-related
cellular responses. Furthermore, isoaspartate formation has
been shown to trigger autoimmune responses to self-
proteins,32 implying that structural variations or mimetics of

aspartic acid residues could alter immune recognition. This
may help contextualize the cytotoxic association observed with
poly(aspartic acid)-based nanomaterials, particularly in inflam-
matory or immunologically active environments.

Hyaluronic acid, when used as the primary material in a
nanomedicine, is associated with increased toxicity (confidence
= 83.3%, lift = 3.1). Although hyaluronic acid (HA) is widely
reported as nontoxic and biocompatible,33−36 there are
documented instances where HA conjugation has led to
enhanced cytotoxicity, potentially due to increased cellular
uptake and elevated intracellular drug concentrations.37

Additionally, HA fragments with low molecular weights have
been reported to exhibit pro-inflammatory effects.38 When
used as a bulk in the core/shell of a nanomedicine, high
concentrations of HA can degrade, especially if enzymes such
as hyaluronidase are present, which is common in RA
environments. Hence, this may indicate multimodal sensitivity,
where the cytotoxic effects of HA are influenced by additional
important factors that influence certain mechanisms in
nanomedicine.

The combination of Lonidamine (LND) and Diclofenac
(DC) drugs utilized in a nanomedicine to treat RA has shown
strong associations with cytotoxicity (confidence = 79.0%, lift
= 2.9). LND has been reported in the literature to reduce
inflammatory injury in arthritis models,39 induce apoptosis in
rheumatoid arthritis synovial fibroblasts (RASFs),40 and trigger
mitochondrial-mediated cytotoxicity in cancer cells.41 While
Lonidamine alone has been reported to exhibit minimal
cytotoxicity at low concentrations, increased toxicity is

Table 2. Double-Factor Rules Associated with Cytotoxic Outcomesa

Support Confidence Lift Count Antecedent Consequent

0.0102 1.0000 3.7 21* {Core_Shell_Material = poly(aspartic acid), Hydrodynamic Diameter = above 150} {Cell_Viability = cytotoxic}
0.0155 1.0000 3.7 32* {Drug = LND+DC, Drug_Concentration = high} {Cell_Viability = cytotoxic}
0.0175 1.0000 3.7 36* {Drug Concentration = high, Cel_Type = FLS} {Cell_Viability = cytotoxic}
0.0131 0.9643 3.6 27* {Core_Shell_Material = poly(aspartic acid), Cell_Type = LPS activated RAW 264.7} {Cell_Viability = cytotoxic}
0.0131 0.9643 3.6 27* {Core_Shell_Material = poly(aspartic acid), Drug = MTX} {Cell_Viability = cytotoxic}
0.0131 0.9643 3.6 27* {Core_Shell_Material = poly(aspartic acid), Exposure_Time = 24−48} {Cell_Viability = cytotoxic}
0.0131 0.9643 3.6 27* {Core_Shell_Material = poly(aspartic acid), Zeta_Potential = weakly negative} {Cell_Viability = cytotoxic}
0.0121 0.9615 3.6 25* {Drug = LND+DC, TEM_Diameter = 50−150} {Cell_Viability = cytotoxic}
0.0165 0.9714 3.6 34* {Synthesis_Method = assembly method, Cell_Type = LPS activated RAW 264.7} {Cell_Viability = cytotoxic}
0.0189 0.9750 3.6 39 {Drug = MTX, Synthesis_Method = assembly method} {Cell_Viability = cytotoxic}
0.0141 0.9667 3.6 29 {Synthesis_Method = assembly method, NP_Concentration = high} {Cell_Viability = cytotoxic}
0.0257 0.9298 3.5 53 {Core_Shell_Material = None, Drug_Concentration = high} {Cell_Viability = cytotoxic}
0.0170 0.8750 3.3 35* {Drug = LND+DC, NP_Concentration = high} {Cell_Viability = cytotoxic}
0.0228 0.8545 3.2 47* {Cell_Type = FLS,NP_Concentration = high} {Cell_Viability = cytotoxic}
0.0194 0.8696 3.2 40 {Synthesis_Method = assembly method, Hydrodynamic_Diameter = above 150} {Cell_Viability = cytotoxic}
0.0311 0.7901 2.9 64* {Drug = LND+DC, Cell_Type = FLS} {Cell_Viability = cytotoxic}
0.0228 0.7705 2.9 47* {Synthesis_Method = assembly method, Zeta_Potential = weakly negative} {Cell_Viability = cytotoxic}
0.0335 0.7841 2.9 69 {Cell_Tissue = Synovial Tissue, NP_Concentration = high} {Cell_Viability = cytotoxic}
0.0252 0.7647 2.8 52* {Drug_Concentration = high, Hydrodynamic_Diameter = 50−150} {Cell_Viability = cytotoxic}
0.0102 0.7500 2.8 21 {Drug = TP, TEM_Diameter = 50−150} {Cell_Viability = cytotoxic}
0.0136 0.7568 2.8 28 {Synthesis_Method = assembly method, TEM_Diameter = 50−150} {Cell_Viability = cytotoxic}
0.0510 0.7664 2.8 105 {Drug = MTX, Cell_Type = LPS activated RAW 264.7} {Cell_Viability = cytotoxic}
0.0155 0.7273 2.7 32* {Zeta_Potential = weakly negative, Cell_Types = FLS} {Cell_Viability = cytotoxic}
0.0398 0.7257 2.7 82* {Drug_Concentration = medium, Cell_Type = LPS activated RAW 264.7} {Cell_Viability = cytotoxic}
0.0398 0.7130 2.7 82* {Hydrodynamic_Diameter = 50−150, Cell_Type = LPS activated RAW 264.7} {Cell_Viability = cytotoxic}
0.0146 0.7143 2.7 30 {Surface_Charge = Positive, Cell_Type = LPS activated RAW 264.7} {Cell_Viability = cytotoxic}
0.0218 0.7143 2.7 45 {TEM_Diameter = above 150, Cell_Type = LPS activated RAW 264.7} {Cell_Viability = cytotoxic}
0.0398 0.7257 2.7 82 {Drug_Concentration = medium, Cell_Type = LPS activated RAW 264.7} {Cell_Viability = cytotoxic}
0.0490 0.7063 2.6 101 {Drug = MTX, Exposure_Tine = 24−48} {Cell_Viability = cytotoxic}

aConfidence ≥ 70%; asterisks indicate data sourced from a single study.
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observed at higher doses, particularly when concentrations
exceed 100 μM.42,43 LND has also been shown to enhance the
cytotoxic effects of various antineoplastic drugs.42,44 In
contrast, Diclofenac (DC), a commonly used nonsteroidal
anti-inflammatory drug (NSAID), is well-known for its dose-
dependent hepatotoxicity.45−47 The strong association be-
tween the LND+DC drug combination and cytotoxic out-
comes may therefore reflect synergistic or additive toxicity,
particularly at high concentrations.

Additionally, methylprednisolone acetate (MPA) utilized as
a drug also showed high cytotoxicity (confidence = 75.0%, lift
= 2.8). The original study from which this rule was derived
reported reduced cytotoxicity for MPA-loaded nanoparticles
compared to the pure drug,48 and previous literature supports
MPA’s therapeutic role in alleviating inflammation symptoms
of RA.49,50 This discrepancy suggests that formulation, dosage,
or experimental characteristics may significantly influence
cytotoxicity. Lastly, the utilization of cell type FLS in
cytotoxicity assays also commonly resulted in cytotoxic
outcomes (confidence = 70.8%, lift = 2.6). FLS cells are key
effector cells in RA51 and may exhibit increased sensitivity to
cytotoxic agents, which could potentially explain their frequent
association with cytotoxic outcomes in inflammatory contexts.

Double-factor association rules resulting in cytotoxic out-
comes are summarized and ranked by lift in Table 2.
Poly(aspartic acid) consistently appeared as a strong
determinant in cytotoxicity across multiple high-confidence
rules in combination with features such as large hydrodynamic
diameter (>150 nm), LPS-activated RAW264.7 cells, encapsu-
lated MTX, weakly negative zeta potentials between −20 and 0
mV, or exposure times between 24 and 48 h. Similarly,
combinations involving high drug concentrations above 100
μg/mL were observed with LND+DC drug combination and
FLS cell lines. This could further highlight the cytotoxic effects
of the synergistic LND+DC drug system at high concen-
trations. LND+DC drug systems with high nanoparticle
concentrations, along with TEM diameters between 50 and
150 nm, also show strong associations with cytotoxicity. The
assembly synthesis method was repeatedly linked to cytotoxic
outcomes, particularly when combined with high nanoparticle
concentrations, LPS-activated RAW 264.7 cells, hydrodynamic
diameters above 150 nm, MTX drug, or weakly negative zeta
potentials. The nanoparticle materials synthesized by the
assembly method in the data set include hyaluronic acid,
poly(aspartic acid), poly(β-benzyl-L-aspartate), dextran and all-
trans retinal, human serum albumin, saponin, and bilirubin.
Most of the nanoparticles were based on polymeric materials,

particularly natural polysaccharides such as hyaluronic acid and
dextran, and synthetic polypeptides such as poly(aspartic acid
and poly(β-benzyl-L-aspartate). In addition, high drug
concentrations combined with no core/shell material, indicat-
ing control groups where cells are treated solely by drugs,
resulted in cytotoxic outcomes. High nanoparticle concen-
trations targeting synovial tissues are also associated with
cytotoxicity. Triptolide-loaded nanoparticles exhibiting TEM
diameters between 50 and 150 nm are also associated with
cytotoxic outcomes. This finding is consistent with existing
literature, where triptolide is widely reported for its toxicity
and narrow therapeutic window.52−55 The resulting strong
association rule may reflect both the inherent toxicity and the
size dependency of triptolide, which modulates the cellular
uptake efficiency and therefore may amplify cytotoxic effects.
Cytotoxic outcomes are observed with LPS-activated
RAW264.7 murine macrophage cell lines combined with
several factors such as medium drug concentration, hydro-
dynamic diameters between 50 and 150 nm, TEM diameters
above 150 nm, and positively charged particles. Positively
charged nanoparticles are generally reported in the literature as
showing cytotoxic behavior than negatively charged nano-
particles.13,14,16 Lastly, the commonly used RA drug MTX
showed cytotoxicity with exposure times between 24 and 48 h.

The double factor association rules from the second analysis,
investigating for high cytotoxicity (cell viability <40%), are
presented in Table 3, ranked by their lift values. The rules
tabulated in Table 3 are all derived from multiple sources.
Strong cytotoxic outcomes are dominated by high drug
concentrations above 100 μg/mL and are influenced by data
entries combined with the corresponding concentration range.
The lift values for strong cytotoxic rules are exceptionally high
(between 6 and 9), highlighting how strongly high-dose
exposure of drugs predicts a severe loss of viability. High drug
concentrations are combined with the combined LND and DC
drug system, FLS cells, cells derived from synovial tissues, and
fibroblast cells along with MTT viability assays. The high drug
concentrations in control groups without core/shell materials
confirm that the drug concentration alone can be sufficient to
induce significant cell death.

■ CONCLUSION
By integrating Boruta feature selection, Random Forest
cytotoxicity prediction, and ARM hidden pattern discovery,
this study presents a multistep machine learning framework to
support the design of more effective nanoparticles in RA
therapy. Boruta analysis revealed that all features in the data set

Table 3. Double-Factor Rules Resulting in Strong Cytotoxicitya

Support Confidence Lift Count Antecedent Consequent

0.0155 1.0000 9 32 {Drug = LND+DC, Drug_Concentration = high} {Cell_Viability = strongly cytotoxic}
0.0170 0.9722 8.8 35 {Drug_Concentration = high, Cell_Type = FLS} {Cell_Viability = strongly cytotoxic}
0.0170 0.9211 8.3 35 {Drug_Concentration = high, Cell_Tissue = Synovial Tissue} {Cell_Viability = strongly cytotoxic}
0.0194 0.8333 7.5 40 {Drug_Concentration = high, Cell_Morphology = Fibroblast} {Cell_Viability = strongly cytotoxic}
0.0243 0.7692 7 50 {Drug_Concentration = high, Viability_Assay = MTT} {Cell_Viability = strongly cytotoxic}
0.0199 0.7193 6.5 41 {Core_Shell_Material = None, Drug_Concentration = high} {Cell_Viability = strongly cytotoxic}
0.0199 0.7193 6.5 41 {Type = None, Drug_Concentration = high} {Cell_Viability = strongly cytotoxic}
0.0199 0.7193 6.5 41 {Shape = None, Drug_Concentration = high} {Cell_Viability = strongly cytotoxic}
0.0199 0.7193 6.5 41 {Drug_Concentration = high, Synthesis_Method = None} {Cell_Viability = strongly cytotoxic}
0.0199 0.7193 6.5 41 {Drug_Concentration = high, Surface_Charge = None} {Cell_Viability = strongly cytotoxic}
0.0136 0.7000 6.3 28 {Drug = LND+DC, NP_Concentration = high} {Cell_Viability = strongly cytotoxic}

aConfidence ≥ 70%.

Molecular Pharmaceutics pubs.acs.org/molecularpharmaceutics Article

https://doi.org/10.1021/acs.molpharmaceut.5c00661
Mol. Pharmaceutics 2025, 22, 6703−6713

6710

pubs.acs.org/molecularpharmaceutics?ref=pdf
https://doi.org/10.1021/acs.molpharmaceut.5c00661?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


contributed significantly to cytotoxicity, and thus, no features
were excluded from the data set. The Random Forest model
demonstrated strong predictive performance, which confirms
its ability to capture patterns related to cytotoxicity in the data
set. In addition, the feature importance analyses conducted by
Boruta and Random Forest were largely consistent, as both
highlighted the primary features affecting cytotoxicity as drug
and core/shell materials, drug and NP concentrations, and cell
types. ARM analysis uncovered meaningful association rules
with high confidence and lift values by analyzing both single-
and double factor associations to capture the individual and
combined effects of features. High nanoparticle concentrations
along with specific material and drug choices were associated
with cytotoxic outcomes. Control groups involving only drug
treatments and high drug concentrations frequently resulted in
association rules with toxic outcomes with high lift. Moreover,
strong cytotoxicity-focused analysis confirmed the high drug
concentration as a dominant factor. To reduce the risk of
multicollinearity influencing feature importance, Boruta feature
selection was complemented by the internal feature impor-
tance rankings of the Random Forest. In addition, both single
and double factor association rules were generated during
ARM, enabling us to examine not only individual effects but
also potential synergistic interactions between features. In
conclusion, these findings identify key features influencing
cytotoxicity and suggest critical design considerations for
developing more effective and biocompatible nanoparticle
formulations for the treatment of RA.
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