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Performance evaluation and application value of large language
models in the prediction of drug-drug interactions
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Abstract: With the rapid development of artificial intelligence technology, the application of large language
model (LLM) in the field of biomedical and clinical applications has gradually deepened. Drug-drug interaction
(DDI) prediction is a kind of safety study with complex characteristics in drug development and use, and
traditional methods rely on experimental validation or rule-based computational models, which are time-consuming
and lagging in updating. Big language models provide a new paradigm for drug interaction prediction through
semantic modeling and integrating knowledge-based reasoning on polymorphic data. In this paper, we
systematically review the technical progress, application cases and technical difficulties of deep learning and big
language modeling in DDI prediction. Based on the performance of five mainstream big language models, namely
ChatGPT-4, DouBao, ERNIE Bot, Kimi Chat, and DeepSeek-R1, in the verifiable drug combination DDI analysis
task, we explore the value of the application of big language models in drug interaction prediction and provide an
outlook on the future development trend, and system development, individualized prediction optimization, and
standardized system development, individualized prediction optimization, and the construction of a standardized
DDI prediction framework, with a view to promoting the translation process of LLM from the laboratory to the
clinic.
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Figure 1  Application of deep learning model in drug interaction prediction
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Table 1 Construction of deep learning models based on recurrent neural network (RNN), graph neural network (GNN), convolutional
neural network (CNN) algorithms. GRU: Gated recurrent unit; LSTM: Long short term memory; BiLSTM: Bidirectional long short-term
memory; GIN: Graph isomorphism network; MLP: Multilayer perceptron; GCL: Graph convolution layer; FCC: Fully connected layer; FW-

RFE: Feature elimination based on feature weights; SVM: Support vector machines

Model architecture Model Composition Dataset Accuracy/%  Ref.
RNN DDINet RNN; GRU; LSTM Kaggle; DrugBank 95 [13]
RNN TA-RNN RNN; LSTM; GRU ADNI; NACC; MIMIC-III 73 [14]
RNN RNN-VirSeeker RNN; LSTM; NLP CAMI; NCBI 92 [15]
RNN RNN-BiLSTM-CRF RNN; BiLSTM BioVid 93 [16]
GNN SS-GNN GNN; GIN; MLP PDBbindv2016; PDBbindv2013 85 [17]
GNN LR-GNN GNN; LR; GCN LDA; MDA 95 [18]
GNN BPI-GNN GCN; ImageNet; MGC ABIDE 91 [19]
GNN DeepRank-GNN GNN; GCL; FCC CAPRI 82 [20]
CNN SSF-DDI CNN; Mix-attention; SGFE DrugBank; Twosides 87 [21]
CNN SGRU-CNN GRU; CNN DrugBank; MEDLINE 74 [22]
CNN CNN-FWS CNN; FW-RFE PTB-XL; ECG 90 [23]
CNN CNN-SVM CNN; SVM PhysioNet 99 [24]
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Figure 2 Application of large language model (LLM) in drug interaction prediction
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Table 2 Common large language models and their applications in the field of drug interactions

Model Training method Feature Clarification Application scenario

ChatGPT-4 Supervised learning styles Real-time response Self-improvement without extensive Information for healthcare
and intensive learning manual labeling professionals,

Kimi Chat Sparse hybrid expert Long text analysis Some experts are involved in the popularization of science
architecture and calculations to make optimal decisions for patients, prediction of
reinforcement learning potential interactions,

DouBao Mix expert models and Optimization for Flexible selection or fusion of experts to assessment of drug
fine-tuning lightweight training and introduce multiple modal information such  interaction mechanisms

recreational scenarios as images and audio

ERNIE Bot Pre-training and fine- Outstanding Chinese Pre-training on unsupervised corpus, small

tuning comprehension skills

DeepSeek-R1  Mix expert models and Open source modeling and

fine-tuning deep thinking

amount of labeled task-related data for
fine-tuning

Simultaneous utilization of multiple expert
models and tuning of expert models
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Figure 3 Performance of large language model in drug-drug interaction (DDI) prediction and response quality assessment. A: Accuracy

analysis of large language models based on DDI prediction indicators; B: Classification distribution of large language model responses by

correctness (correct, partially correct, incorrect); Tpr: Transporter; ME: Metabolic enzyme; PC Inf: Physical-chemical information; PD: Phar-

macodynamics
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