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ABSTRACT: Analyzing drug-related interactions in the field of biomedicine has been a critical aspect of drug discovery and
development. While various artificial intelligence (AI)-based tools have been proposed to analyze drug biomedical associations
(DBAs), their feature encoding did not adequately account for crucial biomedical functions and semantic concepts, thereby still
hindering their progress. Since the advent of ChatGPT by OpenAI in 2022, large language models (LLMs) have demonstrated rapid
growth and significant success across various applications. Herein, LEDAP was introduced, which uniquely leveraged LLM-based
biotext feature encoding for predicting drug-disease associations, drug−drug interactions, and drug-side effect associations.
Benefiting from the large-scale knowledgebase pre-training, LLMs had great potential in drug development analysis owing to their
holistic understanding of natural language and human topics. LEDAP illustrated its notable competitiveness in comparison with
other popular DBA analysis tools. Specifically, even in simple conjunction with classical machine learning methods, LLM-based
feature representations consistently enabled satisfactory performance across diverse DBA tasks like binary classification, multiclass
classification, and regression. Our findings underpinned the considerable potential of LLMs in drug development research, indicating
a catalyst for further progress in related fields.

■ INTRODUCTION
With the advent of ChatGPT by OpenAI in 2022, large
language models (LLMs) exemplified by generative pre-trained
transformer have witnessed explosive growth in multiple fields,
including medical research.1 These powerful models have
demonstrated remarkable versatility, with numerous inves-
tigations highlighting their widespread applicability across
biomedical domains.2 For example, LLMs have shown promise
in developing effective treatments through drug virtual
screening and de novo molecular generation,3 aiding protein
design and engineering by generating functional protein
sequences across diverse families,4 as well as enhancing
biomedical question answering by distilling knowledge from
vast biomedical corpora.5 In addition to traditional natural
language models such as BioBERT,6 a burgeoning field of
LLMs tailored for biomedical language processing has
emerged, encompassing the simplified molecular input line

entry system (SMILES) language model for molecules,7 the
protein language model for amino acid sequences,8 and the
gene language model for single-cell transcriptomic data.9 All
these LLM-based approaches have held immense potential for
revolutionizing the modeling and representation of intricate
bioentities.10

Analyzing biomedical interactions has been a crucial part of
drug discovery and development.11 Concurrently, the under-
standing of drug-related associations has been continually
refined through the accumulation of bioassays and screening
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results.12 By leveraging the latest insights, researchers have
endeavored to unravel the multifaceted roles that drugs play in
their associations with diverse biomedical entities.13 These
efforts have sparked human knowledge accumulation in a range
of fields,14−17 such as drug design,18 disease treatment,19 and
biochemical mechanism study.20 In this pursuit, numerous
artificial intelligence (AI)-based methods have been proposed
to analyze drug biomedical associations (DBAs) such as drug
repurposing, drug interactions, and adverse drug reactions.
Notably, knowledge graph (KG)-based machine learning
(ML) methods have been widely applied and have shown
promising results in DBA analysis.12,21,22 Additionally, plenty
of intrinsic characteristic-based deep learning (DL) methods
have also achieved great success by utilizing well-designed
feature engineering to generate representations for model
input, which are typically related to molecular characteristics,
structural information, physicochemical properties, etc.23,24

However, the existing DBA analysis tools were still
hampered by their representation methods for biomedical
entities.25 For pharmacological terminologies such as diseases,
side effects, etc., their representations were predominantly
premised on expert-curated structurized data.26 This was
typically done by constructing KGs for the high-dimensional
graph embedding21,27 and feature encoding via semantic
similarity profiles computed from ontologies.12,24 However,
due to the complexity of the graph embedding algorithms,
these methods were often limited in terms of information
extraction effectiveness.28,29 Meanwhile, feature representation
strategies based on similarity spectra might result in a loss of
information.30,31 As for biomedical molecules such as drugs,
their feature representations largely relied on intrinsic
molecular constitution and characteristics.32,33 Classic molec-
ular fingerprints,34 physicochemical descriptors,35 biochemical
language-based embeddings,7,36 etc. were commonly applied to
represent such substances. However, these features focused
solely on physiochemical and structural properties, failing to
fully utilize the vast amount of biomedical semantic
information and functional implications that were presented
within the human knowledgebase texts in molecular biology,
medicine, and pharmacology fields.37,38 In general, biomedical
literature, among other knowledge sources, could offer
extensive, multifaced textual descriptions, providing linguistic
context absent in isolated representation.39 Given their neglect
of such ample linguistic data, traditional tools were hindered by
generating representations involving a holistic understanding
of biomedical functions, especially in the analysis of DBAs.40

In this study, LEDAP was proposed to apply LLM-based
biotext encoding for DBA prediction. Owing to large-scale
knowledge pre-training, LLMs demonstrated formidable
comprehension of natural language and exhibited proficiency
across a broad spectrum of human topics.41 Therefore, the
emergent development of LLMs allowed researchers to analyze
biotexts taking natural language as carriers, thereby compensat-
ing for conventional inadequacies and generating human
knowledge-integrated representations that contributed to DBA
analysis.42 Within the scope of this study, LEDAP represented
biomedical entities solely via a pre-trained attention-based
LLM Llama 2, and used classical ML methods for the DBA
prediction, including drug-disease association (DDA), drug−
drug interaction (DDI), and drug-side effect association
(DSA). Experimental results indicated that even when merely
cooperating with classical ML methods, LEDAP with LLM-
based feature representations consistently facilitated the

achievement of more competitive performance compared
with those existing popular tools in various DBA task forms,
involving binary classification, multiclass classification, and
regression. These insights illustrated the considerable potential
and application prospects of LLMs in drug development
analysis, serving to catalyze further evolution in related fields.
All source code and datasets are available at https://github.
com/idrblab/LEDAP.

■ MATERIALS AND METHODS
Data Collection and Biofunctional Description Pre-

process. In this study, three tasks, respectively, corresponding
to DDA, DDI, and DSA, were prepared for experiments to
validate the effectiveness of our proposed strategy in DBA
analysis. Specifically, in the strategy, an indispensable step was
to employ LLMs to conduct feature representation for
biomedical entities with their functional descriptions. The
background of the drugs was mainly collected from DrugBank
v5.1.12 (https://go.drugbank.com/), an extensively referenced
knowledgebase that encompasses comprehensive drug in-
formation, including chemical, pharmacological, and pharma-
ceutical data.43 For the minority of drugs without expert-
curated descriptions or DrugBank IDs, their descriptions were
extracted from NCATS Inxight Drugs (https://drugs.ncats.io/
), which incorporates and unifies a wealth of data, including
manually curated data supplied by the FDA and private
companies.44 Regarding diseases, the Disease Ontology
Knowledgebase (DO-KB, https://disease-ontology.org/) was
adopted to map the diseases to their DO IDs as well as their
corresponding definitions, encompassing disease mechanisms,
etiology knowledge, symptoms, etc.45 As for side effects,
according to their Unified Medical Language System Concept
Unique Identifiers, information was standardized based on
SIDER 4.1 (http://sideeffects.embl.de/), a resource that
contains marketed medicines and their recorded adverse
drug reactions.46

Before being input for encoding, the collected initial biotexts
should undergo preprocessing, including the removal of invalid
punctuation and substitution of genuine names with the code
name of ‘this entity’, segmentation, and tokenization. Taking
‘ascorbic acid’ as an example, all these processes are illustrated
in Supporting Information, Figure S1.

Natural Language Biotext Encoding Based on Llama
2. LLM families were deep neural network systems with
billions of parameters pre-trained on extensive natural language
text corpora, incorporating massive online content, documents,
literature, and other expert-collected materials.47 The large-
scale pre-training process endowed their human language
topics comprehension and proficiency, in tandem with a
capacity to resolve intricate tasks.41 Such attributes paved the
way for computational method construction in the biomedical
field so that researchers could use LLMs to generate human
knowledge-integrated representations based on biomedical
semantic concepts.42

This study employed one of the most popular open-source
LLMs, Llama 2, to transform the biotext of the biomedical
entities into high-dimensional feature vectors. Llama 2 is a
collection of pre-trained and fine-tuned LLMs developed and
released by Meta,48 including variants with 7 billion (Llama 2-
7B), 13 billion (Llama 2-13B), and 70 billion (Llama 2-70B)
parameters. It is an autoregressive model that uses an
optimized Transformer architecture, representatively including
RMSNorm,49 SwiGLU activation function,50 and rotary
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positional embeddings.51 Unlike the renowned ChatGPT
series models, Llama 2 is fully open-source, making it
accessible for safe and fair use under its use policy.48

Researchers have the convenience of deploying and modifying
Llama 2 locally according to various task-specific requirements.
Llama 2 has demonstrated impressive performance in
language-related tasks, and this new thing has been embraced
with immense enthusiasm to tackle chemical and biological
challenges.52−54

In practice, the biotext encoder was derived from the 7B
model, followed by an average pooling layer enabling unified
representation.55 The pre-trained parameter weights used in
this study were prepared according to the released tutorial
(https://github.com/Meta-Llama/llama).

Model Employment for the Drug Association Pre-
diction. Feature vectors obtained by biotext encoding were
then concatenated and used as input for DBA predictors.
Classical ML methods, typically including eXtreme Gradient
Boosting (XGBoost) and Random Forest (RF), were
employed to directly apply the LLM-based feature representa-
tions to conduct the DBA modeling and prediction. Using
classical models could better reflect the role feature
representation plays in the whole process. LEDAP adopted a
suitable ML method for each specific task and optimized
model hyperparameters using optuna.

XGBoost is a highly optimized distributed gradient boosting
algorithm that constructs a strong learner by sequentially
combining multiple weak learners (primarily decision tree
models) using the ensemble learning strategy. With each step
in the sequence, the model constructs a new weak learner
based on the prediction residuals of the previous model to
minimize the overall prediction loss.12 Furthermore, XGBoost
explicitly incorporates a regularization term during the model
training to effectively prevent overfit, thereby enhancing the
prediction accuracy while ensuring the model’s generalization
capability.56

RF is an algorithm that implements the bagging strategy,
considering the prediction results from multiple decision trees
to make the final decision. During its training phase, it applies
bootstrap sampling to gather training samples to construct a
decision tree and make splits based on a randomly selected
subset of features. This process is repeated to generate a large,
‘forest’-like collection of decision trees.57 For the final
prediction, the RF algorithm employs a voting system for
classification tasks and averages the prediction results of all
decision trees for regression tasks.58,59

Experimental Setup, Evaluation, and Implementa-
tion. For each experiment, to facilitate comparison, the
prepared benchmark dataset remained consistent with the
contrastive study. To be specific, Task-1 acted in accordance
with DREAMwalk12 to adopt equal-sized negative sampling for
DDA prediction, and all samples were randomly split for 10-
fold cross-validation. For DDI prediction, the same training,
development, and testing set with SumGNN22 was adopted for
Task-2. As for Task-3 of DSA prediction, following NRFSE23

and SDPred,24 all known drug-side effect frequency entries60

and the remaining unknown entries were randomly divided
into 10-folds. Each fold was set as the test set in turn, while the
remaining 9-folds were set as the train set.

Specific evaluation metrics were used to measure method
performance in different forms of DBA tasks. In Task-1,
accuracy (ACC), area under the receiver operating character-
istic curve and precision-recall curve (AUROC and AUPR)

were adopted for binary classification.12 In Task-2, ACC,
average F1 score over different classes (Macro-F1), and
Cohen’s Kappa (Kappa) were adopted for multiclass
classification22
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where Y was the predicted labels, and Ŷ was the ground-truth
labels. N was the number of classes, and Pn, Rn were the
precision and recall for the n th class. po was the observed
agreement (identical to accuracy), and pe was the probability of
randomly seeing each class.

In Task-3, method performances were, respectively, assessed
based on identifying DSAs and estimating their frequency
values.23 On the one hand, AUROC and AUPR were adopted
for association identification, while known frequency items
were regarded as positive and unknown candidates as negative.
On the other hand, root mean square error (RMSE), mean
absolute error (MAE), and Pearson correlation coefficient
(PCC) were adopted for the frequency value prediction, while
only known frequency items were collected for metric value
calculation23,60
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where t was the number of known drug-side effect frequency
items, Pij and Rij were the predicted score and ground-truth
frequency of the drug-side effect pair ij, and P R, were their
averages. It was worth noting that better performance was
indicated by higher values for AUPR, AUC, and PCC, as well
as lower values for RMSE and MAE. To enhance clarity and
facilitate intuitive evaluation, reciprocals should also be
calculated for RMSE and MAE (1/RMSE and 1/MAE).61

All the scripts were written in Python 3.8.8, and experiments
were developed mainly based on scikit-learn 0.24.1 (https://
scikit-learn.org/), xgboost 2.0.3 (https://xgboost.readthedocs.
io/en/stable/), pytorch 1.10.1 (https://pytorch.org/), and
optuna 2.10.0 (https://optuna.org/). The project was
employed on the platform with Intel(R) Xeon(R) Gold
6226R CPU @ 2.90 GHz, NVIDIA(R) Quadro(R) RTX8000
48GB GPU and 754GB RAM on Red Hat Enterprise Linux
release 8.4 (Ootpa).

■ RESULTS AND DISCUSSION
DBA Prediction with LLM-Based Representation. This

study has proposed an effective technical strategy called
LEDAP, which applies large-scale natural language models pre-
trained on a massive corpus of human knowledgebase to
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encode biomedical entities based on their biofunctional textual
descriptions. This LLM-based encoding enabled the AI models
to gain comprehensive insights from human knowledge to
produce embeddings of biomedical semantic concepts, with
the anticipation of effectively improving the computational
prediction of DBAs.

Here, Meta’s open-source LLM, Llama 2,48 was used for
textual encoding, and the LLM-based feature representations
were then utilized as inputs for classical ML predictors, as
illustrated in Materials and Methods. At the stage of textual
knowledge encoding (Figure 1a), for a specific biomedical
entity α, LEDAP implemented preprocessing and segmenta-
tion for its biotext sentence according to the Llama 2
vocabulary, producing L tokens. After a start token was
prepended, the tokenized sequence of length (L + 1) was input
to multiple weighted blocks from Llama 2 (Supporting
Information, Figure S1). Thus, the encoder performed the
attention-based nonlinear transformation by query (Q), key
(K), and value (V) embeddings. Then the hidden embeddings
of shape (L + 1 × H) were taken out and subjected to average
pooling, where the mean values were calculated across the
sequence dimension, resulting in a fixed-size feature vector of
length (H) that encapsulates biomedical semantic knowledge.
At the stage of modeling for DBA prediction (Figure 1b), with
the feature representations generated by LLM-based biotext
encoding, classical ML methods such as XGBoost and RF were

used to build predictors for analyzing DBAs. For modeling,
feature vectors of the involved bioentities were concatenated
and used as model inputs for subsequent prediction tasks.

To investigate the feasibility of our strategy from multiple
angles, this study conducted various experiments correspond-
ing to different task forms, mainly including DDA prediction
(related to binary classification), DDI prediction (related to
multiclass classification), and DSA prediction (related to
regression). Based on the experimental results, LEDAP has
demonstrated remarkable competitiveness in analyzing various
DBAs across all types of tasks. Further details were elaborated
on in the subsequent sections.

DDA Prediction of Binary Classification Problem.
Drug repurposing aimed to shorten the drug discovery process
dramatically and reduce the medication risk by reutilizing
approved drugs to treat additional diseases.62,63 Computational
methods for screening all known drugs have been proposed to
accelerate the process of drug repurposing.64 Among them,
representative AI-based computational methods were usually
systematic data-driven, utilizing biomedical KG (BKG)-based
embedding and completion,12,65−67 which was inspired by the
prosperity of expert-curated network analysis in novel DDA
mining.68

Here, in Task-1, our strategy was applied to DDA prediction.
A series of traditional BKG-based tools in the field of drug
repurposing, including DREAMwalk, were used for compar-

Figure 1. Framework of LEDAP for DBA analysis. (a) Textual knowledge encoding based on LLM using Llama 2: LEDAP followed several steps to
produce LLM-based feature representations for biomedical entities. Biofunctional descriptions of the research objects, such as ascorbic acid and
Type 1 diabetes, were first collected for tokenization. Biotext sentences were then segmented, initialized, and padded according to the Llama 2
vocabulary, resulting in L + 1 length tokenized sequences. After the attention-based nonlinear transformation through multilayers of Llama 2
blocks, the hidden embeddings (L + 1 × H) were taken out and resized to one-dimensional feature vectors (H) by average pooling along the
sequence axis. (b) Modeling for DBA prediction: classical ML methods were employed to build predictors for analyzing DBAs. Feature vectors of
the involved biomedical entities were concatenated and used as model inputs for subsequent prediction tasks, such as DDA (binary classification),
DDI (multiclass classification), and DSA (regression).
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ison with LEDAP.12 Specifically, following DREAMwalk, the
consistent dataset with 755 drug-disease pairs was used as the
positive set, and an equal number of negative pairs were
randomly sampled from Hetionet.69 Meanwhile, the identical
10-fold cross-validation settings were curated for model
training and performance evaluation. Details of biotext
collection, feature encoding preparation, and experiment
design are illustrated in Materials and Methods. Comparing
our strategy with typical tools in this field, its competitiveness
in binary classification for DBAs could be validated.

As a result, LEDAP achieved an average AUPR of 0.920 ±
0.010, AUROC of 0.915 ± 0.011, and ACC of 0.824 ± 0.023
in 10-fold cross-validation when used with RF predictor. The
test PRC curves and ROC curves among 10-folds are shown in
Figure 2a,b. Furthermore, the results of our strategy were
compared with the other typical tools using nonparametric
one-side Mann−Whitney U tests.70,71 The alternative hypoth-
esis was defined as our performance values being not higher
than the others. As shown in Figure 2c−e, our strategy was
especially advantageous at AUPR and always ranked top 1, and
consistently ranked top 3 at AUROC and ACC (the results of
the contrastive tools were from the reports in DREAMwalk12

under identical experimental settings). Specifically, LEDAP
significantly outperformed edge2vec, node2vec, SEAL, Walk-
Pool, RotatE, QuatE, and ComplEx in all metrics. Meanwhile,
except for the ACC value compared to DREAMwalk (0.001 <
P-value <0.01), LEDAP performed on the same level as
DREAMwalk, NEWMIN, and DTi2vec in all metrics (P-value
>0.05). The tiny standard deviation on different folds and the
robust performance indicated the stability and reliability of our
strategy. Supporting Information on the modeling is recorded
in Supporting Information, Method S1. Source data of all
experiment results are provided in Supporting Information,
Table S1.

All in all, it has been shown that by combining LLM-based
representation with classical ML methods, LEDAP could
achieve robust and competitive performance in DDA
prediction. This level of performance could stand in
comparison with even the most representative DL methods
presently used in this field, which were based on KG
embedding.

Multi-Class Classification for Multityped DDI Events.
The effect of one drug with another when administered
together could pose a common and potentially dangerous

Figure 2. Performance evaluation of LEDAP in DDA prediction. (a) Test precision−recall curve among 10-folds, with an average AUPR of 0.920 ±
0.010. (b) Test receiver operating characteristic curve among 10-folds, with an average AUROC of 0.915 ± 0.011. (c−e) Prediction performance
comparisons based on the AUPR, AUROC, and ACC in 10-fold cross-validation. LEDAP produced the best results at AUPR (always ranked the
top 1) and demonstrated competitiveness at AUROC and ACC (surpassing edge2vec, node2vec, SEAL, WalkPool, RotatE, QuatE, ComplEx, and
showing similar strength to DREAMwalk, NEWMIN, and DTi2vec).
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scenario for patients with complex conditions.72 Numerous AI-
based computational tools have already been released for DDI
prediction, and several of them were specially designed for
predicting multiple DDI types rather than simply predicting
links between drug pairs.73,74 Among these tools, SumGNN
has gained popularity for its adoption of KG-based subgraph
anchoring, self-attention-based summarization, and multi-
channel knowledge integration, significantly improving multi-
typed DDI predictions.22

Here, in Task-2, our strategy was applied to the DDI
prediction. For our model training and performance
evaluation, the DrugBank dataset utilized by SumGNN, as
well as its training, development, and testing settings, were
curated for our experiment.22 Following the guidelines of
SumGNN, drug pairs with more than one DDI type were

excluded from the analysis, as more than 99.8% of pairs have
only one type.22,75 The DDIs in this dataset were associated
with 1709 unique drugs and 86 types of pharmacological
relations, such as an increase of cardiotoxic activity, decrease of
serum concentration, and so on.43 Details of biotext collection,
feature encoding preparation, and experiment design are
illustrated in Materials and Methods. Comparing our strategy
with the popular tools in this field, its competitiveness in
multiclass classification for DBAs could be validated.

As a result, LEDAP achieved test ACC of 0.956, Macro F1
of 0.895, and Cohen’s Kappa of 0.948 when used with
XGBoost predictor (as shown in Figure 3). LEDAP performed
better than GraIL, KGNN, and SumGNN and made significant
improvements, being at least 3.13% superior at ACC (0.956 vs
0.927), 2.99% at Macro F1 (0.895 vs 0.869), and 4.52% at

Figure 3. Performance evaluation of LEDAP in DDI prediction. (a−c) ACC, Macro F1, and Cohen’s Kappa results of the competing tools on the
test set. LEDAP always outperformed and showed significant improvements.

Figure 4. Performance evaluation of LEDAP in DSA prediction. (a,b) For the scenario of association presence identification, mean values of the
AUPR and AUROC results in 10-fold cross-validation were collected for performance comparison. (c−e) For the scenario of frequency value
estimation, mean values of the RMSE, MAE, and PCC results in 10-fold cross-validation were collected for performance comparison. Of note, for
visual appeal, the reciprocals of mean RMSE and MAE were plotted, thus better performance could always be indicated by higher bars.

Analytical Chemistry pubs.acs.org/ac Article

https://doi.org/10.1021/acs.analchem.4c01793
Anal. Chem. 2024, 96, 12395−12403

12400

https://pubs.acs.org/doi/10.1021/acs.analchem.4c01793?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.analchem.4c01793?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.analchem.4c01793?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.analchem.4c01793?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.analchem.4c01793?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.analchem.4c01793?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.analchem.4c01793?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.analchem.4c01793?fig=fig4&ref=pdf
pubs.acs.org/ac?ref=pdf
https://doi.org/10.1021/acs.analchem.4c01793?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


Kappa (0.948 vs 0.907) (the results of the contrastive tools
were from the reports in SumGNN22 under identical
experimental settings). Supporting Information on the
modeling is recorded in Supporting Information, Method S1.
Source data of all experiment results are provided in
Supporting Information, Table S2.

To sum up, combining LLM-based representation with
classical ML methods has already enabled robust and
competitive performance in multityped DDI classification.
Analyzing multiple event classes, although more challenging,
proved to be more rewarding than the binary classification of
DDIs.22

DSA Identification and Frequency Regression. Galea-
no et al. first released a ML framework using an innovative
matrix decomposition algorithm to predict drug-side effects
frequencies.60 Soon afterward, the Galeano-curated benchmark
dataset was widely used in various studies for AI-based
computational method construction. Incipiently, SDPred and
MGPred were successively released by Zhao et al., respectively,
based on graph attention networks and similarity-based DL, for
determining the frequencies of drug side effects.24,76 Xu et al.
introduced DSGAT, characterized by using the drug molecular
graph instead of the interaction graph for feature representa-
tion.77 Lately, Wang et al. introduced NRFSE, a neighborhood-
regularization method that leveraged multiview data on drugs
and side effects, outperforming previous approaches.23

Here, in Task-3, our strategy was applied to the DSA
prediction. It was worth mentioning that, two scenarios were
highlighted for DSA prediction, including the identification of
presence or absence and the estimation of frequency values.
Method performances were, respectively, evaluated in terms of
the distinct task forms, as detailed in Materials and Methods.
The curated data for modeling and performance evaluation
were derived from NRFSE,23 which was initially extracted by
Galeano’s60 from SIDER-4.1,46 involving 759 drugs and 994
side effects. Therein, all known frequency DSA pairs (37,441)
were formatted into five frequency classes and then assigned an
integer value to each class: very rare (=1), rare (=2), infrequent
(=3), frequent (=4), and very frequent (=5).60 Notably, the
other DSA candidates were treated as unknowns, as they did
not fall under any frequency class and carried no correspond-
ing integer values.23 Details of biotext collection, feature
encoding preparation, and experiment design are illustrated in
Materials and Methods. Comparing our strategy with the latest
tools in this field, its competitiveness in identification and
regression for DBAs could be validated.

As a result, in 10-fold cross-validation, LEDAP used with
XGBoost predictor achieved an average AUPR of 0.312 ±
0.020 and AUROC of 0.849 ± 0.022 for association presence
identification, as well as an average RMSE of 0.688 ± 0.023,
MAE of 0.528 ± 0.015, and PCC of 0.714 ± 0.014 for
frequency value estimation (the reciprocals of mean RMSE and
MAE values were 1.454 and 1.894, as shown in Figure 4). First
and foremost, compared with the other tools mentioned above,
LEDAP performed the best at AUPR (as shown in Figure 4a).
Nevertheless, it was essential to not only correctly discriminate
real DSAs (with higher AUPR and AUC values) but also
accurately estimate frequency values (with higher 1/RMSE, 1/
MAE, and PCC values).77 According to the results of the other
four metrics, each of the six methods for comparison had its
own advantages and disadvantages in both scenarios (the
results of the contrastive tools were from the reports in
NRFSE23 under identical experimental settings). As shown in

Figure 4b−e, it could be observed that NRFSE, DSGAT, and
Galeano’s method generally outperformed IGMC, MGPred,
and SDPred at association identification while performing
oppositely at frequency estimation. In this regard, LEDAP had
no serious problem of prejudice compared with the contrastive
methods above. Specifically, LEDAP consistently outper-
formed NRFSE, DSGAT, and Galeano’s method according
to 1/RMSE, 1/MAE, and PCC, despite our slightly lower
AUROC values. Similarly, LEDAP consistently outperformed
IGMC, MGPred, and SDPred according to AUPR and
AUROC, despite our marginally lower 1/RMSE, 1/MAE,
and PCC values. Supporting Information on the modeling is
recorded in Supporting Information, Method S1. Source data
of all experiment results are provided in Supporting
Information, Table S3.

All in all, the combination of LLM-based representation with
classical ML methods has already proven to be successful in
producing robust and competitive performance in DSA
identification and frequency estimation. LEDAP was able to
achieve the best AUPR and maintain good efficiency in both
prediction scenarios, making it comparable to the latest
methods such as matrix decomposition algorithm-based and
graph neural network-based approaches.

■ CONCLUSIONS
This study proposed a novel strategy called LEDAP to analyze
DBAs with LLM-based feature representations. The results
have proven the convincing competitiveness of LEDAP in
comparison to other existing popular tools for DDA, DDI, and
DSA prediction. It is worth mentioning that using LLM-based
natural language encoding in simple conjunction with classical
ML methods could effectively facilitate the prediction of
different DBA forms, such as binary classification, multiclass
classification, and regression. Drawing upon these insights
could guide the optimized implementation of LLMs in drug
development analysis, potentially heightening performance in
deciphering complex biomedical challenges. The ongoing
advancements in LLMs and their ingenious applications in
relevant fields foresee a future of vigorous progress in
biomedical research.
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