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Abstract

Antimicrobial resistance is a growing global
health threat, driving interest in nanoparticle-
based alternatives to conventional antibiotics.
Inorganic nanoparticles (NPs) with intrinsic an-
tibacterial properties show significant promise;
however, efficiently identifying relevant stud-
ies from the rapidly expanding literature re-
mains a major challenge. This step is cru-
cial for enabling computational approaches
that aim to model and predict NP efficacy
based on physicochemical and structural fea-
tures. In this study, we explore the effective-
ness of traditional machine learning and deep
learning methods in classifying scientific ab-
stracts in the domain of NP-based antimicro-
bial research. We introduce the “Antibacterial
Inorganic NAnoparticles Dataset” AINA of
7,910 articles, curated to distinguish intrinsic
antibacterial NPs from studies focusing on drug
carriers or surface-bound applications. Our
comparative evaluation shows that a fine-tuned
BioBERT classifier achieved the highest macro
F1 (0.82), while a lightweight SVM model with
TF-IDF features remained competitive (0.78),
highlighting their utility in low-resource set-
tings. AINA enables reproducible, large-scale
identification of intrinsically bactericidal in-
organic NPs. By reducing noise from non-
intrinsic contexts, this work provides a founda-
tion for mechanism-aware screening, database
construction, and predictive modeling in an-
timicrobial NP research.

1 Introduction

Infectious diseases remain one of the leading
causes of global mortality (Ng and Shamsi, 2022;
Al-Awsi et al., 2023), and the increase in antimi-
crobial resistance poses an urgent public health
crisis due to its association with widespread bac-
terial infections and treatment failure (Gémez-
Ndfez et al., 2020). Inorganic nanoparticles
(NPs)—especially those composed of metals and

metal oxides—have emerged as promising alter-
natives to conventional antibiotics. These materi-
als exhibit tunable physicochemical properties and
the potential to act through multiple antimicrobial
mechanisms, reducing the likelihood of resistance
development (Franco et al., 2022; Correa et al.,
2020; Al-Awsi et al., 2023).

Many studies attribute NP efficacy to canonical
mechanisms such as reactive oxygen species (ROS)
generation, ion release, and membrane disruption
(Hajipour et al., 2012; Kamat and Kumari, 2023).
However, these explanations often fall short of cap-
turing the full scope of NP-bio interactions. For
example, zinc oxide (ZnO) NPs have demonstrated
selective inhibition of methicillin-resistant Staphy-
lococcus aureus (MRSA) through transcriptomic
interference, affecting bacterial metabolism and
gene expression (Kadiyala et al., 2018). Shape-
dependent enzyme inhibition has also been re-
ported, suggesting that shape and surface character-
istics play a critical role in NP behavior (Cha et al.,
2015). Other studies show that graphene quan-
tum dots can inhibit biofilms by disrupting amyloid
protein assembly, indicating physical interference
mechanisms (Wang et al., 2019). These findings
underscore the complexity of NP’s mechanism of
action and the need for systematic approaches to
identify and analyze them.

Recent successes in Al-driven drug design
(Jiménez-Luna et al., 2021) and protein structure
prediction (Jumper et al., 2021) demonstrate the
potential of machine learning (ML) for biological
discovery. However, despite rapid growth in the
nanomedicine literature, efforts to apply computa-
tional tools and ML to NP modeling are hindered
by the lack of high-quality, domain-specific cor-
pora to support natural language processing (NLP)
applications. Biomedical NLP models such as
BioBERT have shown strong performance in clini-
cal domains (Lee et al., 2020), but general-purpose
approaches struggle with NP literature due to in-
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consistent terminology and unstructured reporting
(Koutsomitropoulos and Andriopoulos, 2022).

Biomedical text classification has become essen-
tial for navigating the complexity and scale of sci-
entific publications. Techniques using contextual
embeddings, domain ontologies, and hybrid deep
learning architectures have improved performance
across tasks such as disease tagging and clinical
note categorization (Ibrahim et al., 2021; Parwez
et al., 2023). Unlike general biomedical classi-
fication tasks, identifying studies that investigate
NPs with intrinsic antibacterial activity requires a
nuanced interpretation of mechanism-specific lan-
guage and exclusion of drug-conjugated or surface-
bound systems. Addressing this gap is critical
for downstream applications such as: (i) building
structured datasets that capture the compositions,
mechanisms, and outcomes of NPs; (ii) support-
ing predictive modeling based on physicochemical
descriptors; (iii) facilitating systematic reviews in
nanomedicine; and (iv) guiding the rational design
of new antimicrobial materials informed by pub-
lished literature.

To fill this gap, we develop a supervised text
classification framework that performs binary clas-
sification of scientific articles based on their titles
and abstracts, labeling them as either included or
excluded for further investigation. Articles labeled
as included are expected to discuss NPs with in-
trinsic antibacterial activity, making them suitable
for downstream literature mining and data-driven
research in antimicrobial nanomedicine.

Our contributions are as follows:

e The AINA (Antibacterial Inorganic
NAnoparticles) Dataset: A domain-specific
annotated dataset curated from NP literature
with a mechanism-aware rubric designed to
distinguish intrinsic antimicrobial agents from
drug carriers or surface-bound applications.
This dataset will not only support classifica-
tion tasks but also lay the groundwork for
future extraction of mechanistic insights and
predictive modeling.

¢ Comparative evaluation of different classi-
fier architectures: We systematically com-
pare the performance of traditional ML mod-
els with advanced deep learning architectures
to assess their effectiveness in identifying
the articles. The findings highlight the rel-
ative strengths of each model type in handling
domain-specific textual data.

* Public resources: We make the AINA dataset
and the best performing models publicly avail-
able for academic use at https://github.
com/alperenmo/AINA_Dataset to acceler-
ate literature mining, ML-based materials dis-
covery, and systematic reviews in antimicro-
bial nanomedicine.

This work bridges biomedical NLP and
nanoscience by enabling high-fidelity classification
of complex, interdisciplinary literature—laying the
foundation for data-driven discovery and compu-
tational modeling of next-generation antibacterial
NPs.

2 Related Work

Kebede et al. (2023) conducted a comprehensive
evaluation of supervised ML algorithms to predict
the inclusion of relevant articles for full-text re-
view within the context of a systematic review.
Utilizing a dataset comprising 16,430 manually
screened records, the authors examined various
text representation techniques, including term fre-
quency—inverse document frequency (TF-IDF) and
n-gram models. They implemented multiple classi-
fiers on these features, such as Naive Bayes, SVM,
regularized Logistic Regression, Neural Networks,
Random Forest, LogitBoost, and XGBoost. Their
findings indicate that the combination of TF-IDF
features with a linear SVM yielded the highest per-
formance.

Wilson et al. (2023) conducted a comparative
analysis of screening methods to identify in vitro
biomedical studies that typically assess cellular
responses to stress or the effects of interventions
aimed at enhancing survival. They compared hu-
man screening of titles/abstracts and full texts with
automated screening using text mining and ML.
Text mining relied on RegEx patterns, while an
SVM classifier was trained using trigram bag-of-
words representations. Their findings showed that
full-text human screening achieved the highest sen-
sitivity and specificity, whereas title and abstract
screening showed that automated text mining out-
performed human screening. These results support
using automated title and abstract screening as an
effective first step in systematic reviews, aligning
with our approach to automatically identifying arti-
cles discussing NPs as antimicrobial agents.

Pilz et al. (2024) presented a semi-automated
title and abstract screening pipeline for systematic
reviews using NLP and ML methods. Their goal
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was to develop a simple, transparent, customiz-
able, and generalizable framework for article inclu-
sion/exclusion across different research domains.
They demonstrated the framework on two datasets
and evaluated models including SVM, Logistic Re-
gression, Random Forest, LightGBM, BERT, and
GPT-2. However, despite using models such as
BERT and GPT-2, their approach remains general-
purpose and does not assess performance in highly
specialized literature, such as NP research.

While these studies demonstrate the utility of
text mining and classification in systematic reviews,
they are largely focused on clinical or in vitro
biomedical domains. To date, no prior work has fo-
cused on the automated identification of literature
within the field of nanomedicine, particularly stud-
ies investigating the intrinsic antibacterial activity
of inorganic NPs. This domain presents unique
classification challenges due to inconsistent termi-
nology, interdisciplinary reporting styles, and the
technical complexity of materials science publi-
cations. To our knowledge, this is the first study
to automate the identification of publications on
the intrinsic antibacterial activity of NPs using a
domain-specific rubric and curated dataset.

3 Methodology

In this section, we describe the AINA dataset, in-
cluding the curation process, the preprocessing
steps applied to the text data, dataset statistics, and
the range of ML and deep learning models used for
binary classification of the articles.

3.1 Dataset

The dataset was curated to identify research articles
where the NP itself—rather than a drug-loaded sys-
tem or surface-bound material—acts as the primary
antibacterial agent. Over 300,000 nanoparticle-
related publications were initially retrieved from
MEDLINE (via OVID) using Boolean queries. A
filtered set of approximately 10,000 papers was
screened, and 8,000 were manually annotated us-
ing a structured rubric (see Appendix A). Inclusion
required synthesis, characterization, and antibacte-
rial testing of inorganic NP. Papers were excluded
if they involved photocatalysis, nanofibers, lipo-
somes, engineered peptides, or particles exceeding
1 ym in any dimension. Annotators reviewed ab-
stracts and consulted full texts when needed. Al-
though the original plan was for all papers to be re-
viewed by two independent annotators, the process

proved significantly time-consuming. To balance
coverage and quality, the final dataset consists of:

* Training set: 7,336 papers annotated by a
single reviewer, including:

— 2,233 included papers (nanoparticles
with intrinsic antibacterial activity).
These papers are given the label include.

— 5,103 excluded papers (e.g., drug carri-
ers, surface-bound materials). These pa-
pers are given the label exclude.

* Test set: 574 papers annotated by two inde-
pendent reviewers who reached consensus on
the labels. Of these, 204 were labeled as in-
clude, while the remaining 370 papers were
labeled as exclude. Table 1 summarizes the
statistics about the dataset.

Class Training Set Test Set Entire Dataset
Exclude 5,103 370 5,473
Include 2,233 204 2,437
Total 7,336 574 7,910

Table 1: Summary of class distribution and training-test
split in the dataset.

The labels are imbalanced, with the exclude
class outnumbering include by a ratio of 2.25:1,
making it an imbalanced dataset for classification.

Dataset Preprocessing: Each entry in the final
dataset used for model training corresponds to a sci-
entific abstract and a ground-truth label indicating
whether the study met the predefined inclusion cri-
teria for NP-based antimicrobial research. Prior to
training, all abstracts were preprocessed to ensure
textual consistency. This included removing non-
alphanumeric characters, normalizing whitespace,
and converting to lowercase. These steps helped
reduce textual noise and improve model robustness
and interpretability.

Our dataset' is fully anonymized and publicly
available for research purposes under https://
github.com/alperenmo/AINA_Dataset.

3.2 Models

To classify scientific articles as include or exclude
based on whether they include NPs with intrinsic

'To comply with licensing restrictions, the released dataset
includes the annotated labels and the corresponding DOI num-
bers of the articles, not the full abstract texts. However, we
provide an accompanying script that allows users to auto-
matically retrieve the titles and abstracts of these articles via
publicly accessible APIs where permitted.
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Figure 1: Flowchart of the classification methodology used for the various models employed in this study.

antibacterial activity, we used a range of models.
Following Li et al. (2022), we grouped the models
into two primary categories: traditional ML meth-
ods and deep learning-based methods (Figure 1).

The motivation to evaluate models under these
categories arose from the necessity to work with a
smaller subset of data during the initial stages of
our study. The limited dataset, which was heav-
ily skewed toward the exclude class, led to poor
performance by deep-learning-based methods in
the classification task. To improve performance,
we experimented with traditional classifiers, which
are reported to perform more effectively on smaller
datasets in several studies (Gasparetto et al., 2022;
Grinsztajn et al., 2022). In our case, the per-
formance of traditional classifiers trained on the
smaller dataset was notably higher than that of
the deep-learning models. Consequently, we com-
pared the performance of both traditional and deep
learning-based methods in our text classification
task.

3.2.1 Traditional Machine Learning Models

The traditional ML classifiers we employed include
Linear Support Vector Machines (SVMs), Logis-
tic Regression (LR), Random Forest (RF), Gradi-
ent Boosting (GB), XGBoost (XGB), AdaBoost
(ADA), and Bagging (BAG).? The ensemble meth-

*We used implementations of Linear SVM, Logistic Re-
gression, Random Forest, Gradient Boosting, AdaBoost, and
Bagging from scikit-learn, which is licensed under the BSD
3-Clause License, and XGBoost from the official XGBoost
library, licensed under the Apache License 2.0.

ods combine decision trees based on the CART
algorithm (Breiman et al., 2017) to achieve bet-
ter classification performance. They aggregate the
results of multiple classifiers using the bootstrap
aggregation method (Li et al., 2022). These models
were trained separately using TF-IDF and GloVe
(Pennington et al., 2014) based embeddings.

We performed hyperparameter tuning on the
maximum number of TF-IDF features. For this
purpose, we used a 90/10 train-development split
on the training dataset, and found that using 1,000
features yielded the best overall performance across
models. Additionally, we set the number of estima-
tors to 100 for the ensemble models (i.e., AdaBoost,
Random Forest, and Bagging).

3.2.2 Deep Learning Models

As deep learning-based models, we experimented
with recurrent architectures, pre-trained language
models (PLMs), and large language models
(LLMs). The use of recurrent architectures stems
from their effectiveness at capturing sequential de-
pendencies in text. We utilized RNN and LSTM
architectures with both sentence-level and word-
level representations. For sentence-level representa-
tions, we relied on SBERT (Reimers and Gurevych,
2019), while word-level embeddings were gener-
ated using GloVe.

PLMs have demonstrated state-of-the-art perfor-
mance across a wide range of NLP tasks, includ-
ing text classification. In this study, we employed
three BERT-based models that span from general-
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purpose to domain-specific usage: BERT (Devlin
etal., 2019), the original baseline model; RoOBERTa
(Liu et al., 2019), which refines BERT through opti-
mized training strategies and larger-scale data; and
BioBERT (Lee et al., 2020), which is pre-trained
on extensive biomedical corpora to address domain-
specific challenges. To adapt these models for our
classification task, we appended a classification
head to the [CLS] token representation, enabling
effective downstream fine-tuning.

In addition to recurrent architectures and pre-
trained language models, we incorporated Gemini
2.5 Pro (Comanici et al., 2025), a large language
model with strong reasoning capabilities, using
both zero-shot prompting and few-shot prompt-
ing via a Retrieval-Augmented Generation (RAG)
pipeline. The choice of Gemini 2.5 Pro arises from
its large token context window (approximately 1
million tokens) and its high performance in com-
plex reasoning tasks.

The architectural and training details of the uti-
lized deep models are summarized below:

RNN and LSTM classifiers: These models
were trained separately using SBERT and GloVe
embeddings. Training was conducted for up to 50
epochs with a batch size of 8. Early stopping was
employed with a patience of 5 epochs. Both RNN-
and LSTM-based classifiers consist of a single-
layer RNN/LSTM with a hidden size of 128 and a
sigmoid output layer, and use the Adam optimizer
with a learning rate of le-3.

BERT-based classifiers: All BERT-based mod-
els were fine-tuned on the labeled training dataset
for a maximum of 20 epochs with a batch size of
8. Early stopping was applied based on valida-
tion loss, with training terminated if no improve-
ment was observed for three consecutive epochs.
We utilized base models for BERT, RoBERTa, and
BioBERT from Hugging Face for the classification
task. Tokenization was handled using their respec-
tive tokenizers, with all text truncated or padded
to a maximum sequence length of 512 tokens. For
training, we adopted the Hugging Face Trainer
API. The AdamW optimizer was used with a learn-
ing rate of 5e-5, and a warm-up phase was applied
over the first 500 steps. A batch size of 8 was
used for both training and evaluation, and the best-
performing model was retained. The training and
testing were conducted on a single NVIDIA A100
GPU with 32 GB of RAM and took approximately
1.5 hours for BERT and RoBERTa, and about 1
hour for BioBERT.

Gemini 2.5 Pro (zero-shot): Google’s state-of-
the-art LLM Gemini 2.5 Pro was accessed via the
Google API. The model was prompted to output
results in JSON format. A fallback mechanism
automatically defaulted to the exclude label if the
model failed to produce a valid response contain-
ing either include or exclude. No fallback cases
were observed. The process took approximately
2.5 hours. The prompt template used for this task
is provided in Appendix B.1.

Gemini 2.5 Pro (few-shot learning): Gemini
2.5 Pro was also evaluated in a few-shot setting to
provide the model with in-context information. The
few-shot examples were selected using the RAG
method. RAG facilitates example selection by first
indexing a set of documents and then retrieving the
most relevant ones. During the indexing step, exam-
ples are transformed into embeddings and stored as
vectors. In the retrieval step, the £ most similar doc-
uments in the vector database to a given query are
retrieved. We used all-mpnet-base-v2 from the
Hugging Face Sentence-Transformers library—a
sentence- and paragraph-level transformer—to con-
vert the training data into embeddings. FAISS
(Douze et al., 2025) was employed to construct
the vector database from the embedded training
data and to retrieve the most semantically similar
documents. For each query, we retrieved the five
most similar documents after transforming it into
a vector using the same transformer. These doc-
uments were then provided as few-shot examples
in the prompt. The same fallback mechanism was
implemented, but no fallback cases were observed.
The process took approximately 3.5 hours. The
prompt template used for this task is provided in
Appendix B.2.

Figure 1 shows the general flow diagram of the
classification methodology.

4 Experiments

4.1 Experimental Settings

For the experiments, we conducted five indepen-
dent trials for each model to ensure reliability and
robustness, as well as to mitigate the effects of
randomness in training. The performance metrics,
consisting of precision, recall, and F1 score, are re-
ported as the average values across these five runs.
We used macro-averaged metrics to better reflect
per-class performance and to mitigate majority-
class bias in imbalanced datasets, as opposed to
weighted averages.
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Category Model Representation Precision Recall F1
GloVe 0.76 0.66 0.67
. SYM TF-IDF 0.81 0.76 0.78
Single — -
LR GloVe 0.77 0.66 0.67
— TF-IDF 0.81 0.74 0.75
=
g RF GloVe 0.75 0.60 0.59
% TF-IDF 0.80 0.70 0.71
s
= GloVe 0.72 0.64 0.65
1l
XGB TF-IDF 0.80 072 074
E bl
nsemble B GloVe 0.74 063  0.63
TF-IDF 0.80 0.74 0.75
GloVe 0.69 0.63 0.64
ADA TF-IDF 0.79 0.72 0.74
GloVe 0.71 0.61 0.61
BAG TF-IDF 0.78 072 073
GloVe 0.75 0.66 0.67
RNN
Recurrent NN SBERT 0.79 0.74 0.75
GloVe 0.75 0.67 0.67
o LST™M SBERT 0.78 0.74 0.75
g BERT Contextual 0.81 078  0.79
PLM
BioBERT Contextual 0.84 0.81 0.82
RoBERTa Contextual 0.80 0.78 0.78
Gemini 2.5 Pro (Zero-Shot) Contextual 0.70 0.65 0.55
LLM Gemini 2.5 Pro (Few-Shot) Contextual 0.76 0.76 0.76

Table 2: Performance of different classifier models on the test set of the AINA dataset. The best scores are in bold,

and the second-best scores are underlined.

For tokenization, we relied on the tokenizers of
the embedding methods, except for GloVe embed-
dings. The TF-IDF vectorizer employs a regex-
based tokenization strategy. SBERT uses its own
subword tokenizer based on WordPiece, while
GloVe-based representations typically require man-
ual word-level tokenization, which we handled by
utilizing NLTK’s word tokenizer.

4.2 Experimental Results

Best-performing model. The experimental re-
sults in Table 2 provide a comparative analysis
of various models using different text representa-
tions. Overall, the best-performing model across
all evaluation metrics is BioBERT, achieving a
macro-averaged precision of 0.84, recall of 0.81,
and F1 score of 0.82. This strong performance is
expected, as BioBERT builds upon the BERT ar-
chitecture, which effectively captures contextual
information through its transformer-based design.
In addition, BioBERT"s pre-training on large-scale
biomedical corpora further enhances its ability to
model domain-specific language, leading to supe-
rior results compared with more general-purpose

models. The baseline BERT model achieved
the second-best performance, with an F1 score
of 0.79—approximately three percentage points
lower than BioBERT.

The effect of text representation methods.
Among the traditional classifiers, TF-IDF consis-
tently yielded better results than GloVe across all
models. This is likely because TF-IDF captures
the importance of words relative to the dataset
by emphasizing distinctive terms that help sepa-
rate classes. In contrast, GloVe embeddings are
pre-trained on general corpora and may not cap-
ture domain-specific nuances or discriminative ter-
minology relevant to antibacterial nanoparticle re-
search.

SVM with TF-IDF achieved the highest F1 score
(0.78) among traditional models. LR and GB
showed comparable performance, each with an
F1 score of 0.75 using TF-IDF.

Despite being a simpler model, SVM achieved
competitive results with transformer-based mod-
els. To further investigate, we assessed whether
improved text representations could enhance
SVM performance by integrating Gemini Embed-
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dings (Lee et al., 2025), a recently introduced state-
of-the-art deep text representation method. Gemini
Embeddings were used as input features for SVM
to test whether better contextualization improves
classification. Table 3 presents the results.

SVM Class Label Prec. Recall F1
include 0.81 0.60 0.69
TF-IDF exclude 0.81 0.92 0.86
macro avg 0.81 0.76 0.78
include 0.79 0.37 0.51
GloVe exclude 0.73 0.95 0.83
macro avg 0.76 0.66 0.75
include 0.72 0.74 0.73
Gemini Embd. | exclude 0.85 0.84 0.85
macro avg 0.78 0.79 0.79

Table 3: Class-wise and overall performance of the
SVM classifier with different text representations.

We observed that Gemini Embeddings improved
SVM’s performance for the include class, but over-
all gains were modest. SVM with Gemini Em-
beddings achieved higher recall but slightly lower
precision compared with TF-IDF. The contextu-
alized Gemini Embeddings resulted in only a 1%
increase in F1 compared with SVM using TF-IDF.

Performance of ensemble models. Among en-
semble methods, Gradient Boosting with TF-IDF
achieved the highest F1 score (0.75), followed by
XGBoost and AdaBoost (0.74 each). Bagging and
Random Forest with TF-IDF yielded the lowest per-
formance among the ensemble group. Since SVM
with TF-IDF attained a higher F1 score of 0.78,
ensemble methods using TF-IDF representations
appear less suitable for this task.

Performance of recurrent architectures. The
two recurrent neural network architectures, RNN
and LSTM, exhibited relatively poor performance
with GloVe embeddings. Combined with the other
results, this finding suggests that pre-trained GloVe
embeddings are not well suited to this domain-
specific binary classification task. When SBERT
was used for input representation, the F1 scores
of both RNN and LSTM improved to 0.75, un-
derscoring the value of context-aware embeddings.
Nevertheless, their performance remained below
that of the simpler SVM model with TF-IDF input.

Zero- and few-shot prompting with Gem-
ini 2.5 Pro. The final rows in Table 2 show the
classification performance of Gemini 2.5 Pro un-
der zero- and few-shot prompting. As expected,
Gemini 2.5 Pro in the zero-shot setting (classifying

without example demonstrations) performed sub-
stantially worse than its few-shot counterpart. The
few-shot version outperformed zero-shot across all
metrics: by 6% in precision, 11% in recall, and 21%
in F1 score. In fact, Gemini 2.5 Pro in the zero-shot
setting was the weakest model overall (F1 = 0.55).

The considerable gap between settings can be at-
tributed to the limited contextual information in ab-
stracts. In the zero-shot mode, the model likely re-
lied on surface-level cues, such as domain-specific
keywords (inhibits, kills, nanoparticle types, or
microorganism names), leading to false positives.
Conversely, the few-shot setting, enhanced with
RAG, provided concrete labeled examples, allow-
ing stricter adherence to inclusion criteria rather
than keyword reliance. This interpretation aligns
with the class-based precision and recall scores
shown in Table 4.

Model
Gemini 2.5 Pro
(Zero-Shot)

Label Prec. Recall Fl1
include 0.45 0.98 0.61
exclude 0.96 0.33 0.49

macro avg | 0.70 0.65 0.55
Gemini 2.5 Pro  include 0.68 0.70 0.69
(Few-Shot) exclude 0.83 0.82 0.83
macro avg | 0.76 0.76 0.76

Table 4: Class-wise and overall performance of Gem-
ini 2.5 Pro under zero- and few-shot settings.

Class-wise performance of the best models from
each category: Table S presents the class-wise
performance of the best-performing models in each
category: SVM with TF-IDF, GB with TF-IDF,
BioBERT, and Gemini 2.5 Pro (few-shot). All mod-
els exhibited stronger performance on the exclude
class, likely due to class imbalance or more distinct
features in that category.

Model
SVM (TF-IDF)

Label Prec. Recall F1
include 0.81 0.60 0.69
exclude | 0.81 0.92 0.86

include | 0.82 0.54 0.65

GB (TF-IDF) exclude | 0.79 094 0.85
. include | 0.82 0.73 0.77
BioBERT exclude | 0.86 091 088
Gemini 2.5 Pro  include 0.68 0.70 0.69
(Few-Shot) exclude | 0.83 0.82 0.83

Table 5: Class-wise performance of the best classifier
models in each category on the test set.

For the include class, precision exceeded recall
in SVM, GB, and BioBERT, whereas the reverse
was observed for exclude. This suggests that when
models classify an article as related to antibacte-
rial nanoparticle activity, they are usually correct
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Figure 2: Variation of F1 scores across average text length, average sentence length, and vocabulary diversity for the
best models in each category: SVM with TF-IDF, GB with TF-IDF, BioBERT, and Gemini 2.5 Pro (few-shot).

but may miss relevant studies due to lower recall.
BioBERT achieved an F1 score of 0.77 for the in-
clude class, surpassing SVM by 8% points. This
highlights BioBERT’s superior capability to detect
relevant literature on antibacterial nanoparticles,
which is essential for advancing this research field.

In the few-shot setting, Gemini 2.5 Pro showed
balanced precision and recall across both classes,
indicating stable performance. However, BloBERT
still outperformed it on all metrics, reaffirming the
effectiveness of fine-tuned transformer models for
domain-specific classification.

4.3 Discussion

Figure 2 compares the variation in F1 score
for the best-performing models from each cat-
egory—SVM with TF-IDF> GB with TF-IDF,
BioBERT, and Gemini 2.5 Pro (few-shot)—across
key textual properties. Because titles and abstracts
often omit mechanistic detail and share overlapping
terminology across subfields, model behaviour is
tightly linked to the degree of contextual signal
available in each abstract. The following trends
thus reflect both model capacity and the linguistic
and structural properties of the input texts.

When examining average input text length,
BioBERT and Gemini 2.5 Pro display an upward
trend in performance, improving as text length in-
creases. This suggests that contextual models ben-
efit from longer inputs containing richer semantic
cues and interrelated entities. In contrast, SVM
and GB—both relying on sparse lexical represen-

3 Although SVM with Gemini Embeddings achieved a 1%
improvement in macro-averaged F1 score over SVM with
TF-IDF, the latter demonstrated superior performance (3%
higher) in accurately classifying abstracts belonging to the
include class. Considering its lightweight architecture and
reliability for this critical class, we selected SVM with TF-IDF
for further analysis.

tations such as TF-IDF—perform best on shorter
texts where salient keywords are concentrated and
shallow features suffice for discrimination.

As average sentence length grows, SVM and GB
performance declines, whereas BioBERT and Gem-
ini 2.5 Pro improve. Longer sentences increase syn-
tactic complexity and introduce multiple clauses,
diluting the signal captured by TF-IDF and other
bag-of-words features. Contextual models, by con-
trast, can exploit extended dependencies through
transformer attention mechanisms. This observa-
tion helps explain why distinguishing intrinsically
antibacterial nanoparticles from carriers, coatings,
or trigger-dependent systems is challenging at the
abstract level: key semantic cues are subtle, dis-
tributed, and often implied rather than explicit.

Vocabulary diversity exhibits a positive corre-
lation with model performance for all models ex-
cept Gemini 2.5 Pro. A higher ratio of unique to
total words enhances TF-IDF representations by
amplifying distinctive terms and improving class
separability. For BioBERT, diverse lexical input
enriches contextual embeddings by providing a
broader semantic landscape. Gemini 2.5 Pro in
the few-shot setting, however, depends heavily on
the in-context examples within the prompt; its re-
liance on demonstration-driven reasoning limits the
benefit of lexical variety.

Our qualitative error analysis revealed two dom-
inant patterns. False positives were typically trig-
gered by surface cues—organism names or phrases
such as bactericidal, nanostructured, or biofilm
inhibition—in abstracts describing systems that
were not intrinsically antibacterial (e.g., nanoparti-
cles serving as antibiotic carriers, surface coatings,
or photoactivated agents). False negatives often
occurred when intrinsic activity was obscured by
contextual framing (e.g., environmental microbiol-
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ogy studies), discipline-specific terminology (e.g.,
dental ceramics), or misleading usage (e.g., “gen-
tamicin” mentioned as a precursor rather than a
payload). These patterns emphasize the need for
stricter rubric rules distinguishing the nanoparti-
cle’s mechanistic role (active agent vs. carrier or
coating) and for more balanced sampling from un-
derrepresented application domains.

The AINA rubric’s explicit separation of intrinsi-
cally bactericidal nanoparticles from carriers, coat-
ings, and trigger-dependent systems reduces label
noise and yields more interpretable comparisons
across studies. Overall, our best-performing model,
BioBERT, achieves an F1 score of 0.82 on this
challenging binary classification task. This result
is encouraging given the high semantic overlap be-
tween include and exclude abstracts. Excluded
papers are not irrelevant: many describe nanoparti-
cles as drug delivery systems or structural supports,
including peptide- and lipid-based nanomaterials.
Surface-bound particles, in particular, inhibit bac-
terial adhesion rather than directly killing bacte-
ria—mechanistically distinct yet linguistically sim-
ilar phenomena. Consequently, keywords such as
“nanoparticle,” “antibacterial,” or “quantum dots”
appear in both categories, confounding models re-
liant on lexical features.

BioBERT’s advantage likely stems from its ca-
pacity to capture these nuanced contextual differ-
ences—discerning whether the nanoparticle func-
tions as the antimicrobial agent itself or merely as a
carrier or barrier. This underscores the necessity of
deep contextual understanding for biomedical ab-
stract classification, where keyword- or frequency-
based methods alone are insufficient. By clarify-
ing semantic scope at the abstract level, AINA en-
ables cleaner literature mapping and supports reli-
able downstream analyses focused on nanoparticles
whose antibacterial action originates intrinsically
from the material itself. This foundation facilitates
structured data extraction, mechanism-aware sum-
marisation, and rational screening of nanoparticle
chemistries and morphologies with true antimicro-
bial potential.

5 Conclusion

We framed the identification of articles on antibac-
terial nanoparticle use as a binary classification
task and introduced AINA, a novel manually cu-
rated dataset. Evaluating both traditional ML and
deep learning models, we found that the BioBERT-

based classifier achieved the best performance in
identifying relevant articles.

What distinguishes this work is its focus on
a narrowly defined yet highly impactful domain:
nanoparticles with intrinsic antibacterial activity.
The domain’s inconsistent terminology, unstruc-
tured abstracts, and mechanistic complexity pose
challenges beyond general biomedical classifi-
cation. By developing a specialized classifier,
this study enables automated literature triaging,
supports the creation of structured databases of
nanoparticle properties and efficacy, and lays the
groundwork for computational discovery of new
antimicrobial materials.

Future work may expand the AINA dataset, re-
fine classification methods, and integrate the ap-
proach into automated review pipelines. Beyond
binary classification, the framework introduced
here holds potential for diverse downstream ap-
plications. It can support the construction of struc-
tured datasets that capture nanoparticle compo-
sitions, mechanisms of action, and experimental
outcomes—providing a foundation for data-driven
modeling. Such models could be used to predict an-
tibacterial efficacy based on physicochemical and
morphological descriptors, accelerating hypothesis
generation and materials screening. Furthermore,
this approach can facilitate systematic reviews and
evidence synthesis in nanomedicine by enabling
rapid identification of relevant studies. Embedding
literature insights into computational pipelines will
guide the rational design of next-generation antimi-
crobial materials informed by prior research.

6 Limitations

Despite the careful curation and novel focus of
the dataset, several limitations should be noted.
First, a substantial portion of the training data
was annotated by a single annotator, increasing
the potential for label noise, especially in am-
biguous cases. Additionally, the binary classifi-
cation framework oversimplifies a complex inclu-
sion spectrum, which may obscure nuanced dis-
tinctions in nanoparticle mechanisms. Reliance
solely on titles and abstracts, without access to full-
text details, further restricts the model’s ability to
make informed classifications, particularly in cases
where methodological details are crucial. Lastly,
class imbalance and the relatively small dataset
size hinder the performance of deep learning mod-
els—despite BioBERT’s strong results—and under-
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score the continued relevance of traditional models
in low-resource settings.
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A Prepared Rubric for the Manual Annotation of Scientific Articles

Question Set 1: If all answers are yes, then: Include

* Does the article describe the synthesis/manufacture of a nanoparticle (NP)?
* Does the article characterize the synthesized NP?

* Does the article evaluate the antimicrobial properties of the NP?

* Does the article report any antimicrobial effect?

Question Set 2: If any answer is yes, then: Exclude

* Is the NP a nanofiber, a film, or a particle with any dimension greater than 1 micron?

Is the NP used in combination with known antimicrobials such as antibiotics, nisin, curcumin,
cyclodextrin, or chitosan?

Is the NP an engineered peptide (e.g., an antimicrobial peptide)?
* Does the article describe an antimicrobial mechanism that involves photocatalysis?
* Is the material described in the article a liposome?

B Prompts Used with Gemini 2.5 Pro
B.1 Zero-Shot Prompt:

nnn

You are an expert in materials science, nanotechnology, and microbiology.

Task: Decide whether the following abstract is about antimicrobial
properties of nanoparticles.

Rules:

1)If yes -> respond strictly as JSON:{{'answer':'include'}?}
2)If no -> responds strictly as JSON:{{'answer':'exclude'}}
Abstract:

{query} # A query is an abstract to be labelled
Answer:

nn

B.2 Few-Shot Prompt:

nnn

You are an expert in materials science, nanotechnology, and microbiology.

Task: Decide whether the following abstract is about antimicrobial
properties of nanoparticles.

Rules:
1)If yes -> respond strictly as JSON:{{'answer':'include'}?}
2)If no -> responds strictly as JSON:{{'answer':'exclude'}?}

Here are some examples:
{examples_text?} # k examples retrieved using RAG; k=5

Now classify this abstract:
{query} # A query is an abstract to be labelled
Answer:

nnn
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