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ABSTRACT

Protein-ligand bioactivity data published in literature are essential for drug discovery, yet manual curation struggles to keep pace
with rapidly growing literature. Automated bioactivity extraction is challenging due to the multi-modal distribution of information
(text, tables, figures, structures) and the complexity of chemical representations (e.g., Markush structures). Furthermore, the
lack of standardized benchmarks impedes the evaluation and development of extraction methods. In this work, we introduce
BIOMINER, a multi-modal system designed to automatically extract protein-ligand bioactivity data from thousands to potentially
millions of publications. BIOMINER employs a modular, agent-based architecture, leveraging a synergistic combination of
multi-modal large language models, domain-specific models, and domain tools to navigate this complex extraction task. To
address the benchmark gap and support method development, we establish BIOVISTA, a comprehensive benchmark comprising
16,457 bioactivity entries and 8,735 chemical structures curated from 500 publications. On BIOVISTA, BIOMINER validates
its extraction ability and provides a quantitative baseline, achieving F1 scores of 0.22, 0.45, and 0.53 for bioactivity triplets,
chemical structures, and bioactivity measurement with high throughput (14s/paper on 8 V100 GPUs). We further demonstrate
BIOMINER’s practical utility via three applications: (1) extracting 67,953 data from 11,683 papers to build a pre-training database
that improves downstream models performance by 3.1%; (2) enabling a human-in-the-loop workflow that doubles the number of
high-quality NLRP3 bioactivity data, helping 38.6% improvement over 28 QSAR models and identification of 16 hit candidates
with novel scaffolds; and (3) accelerating the annotation of the protein-ligand structures in PoseBusters benchmark with
reported bioactivity, achieving a 5-fold speed increase and 10% accuracy improvement over manual methods. BIOMINER and
BIOVISTA provide a scalable extraction methodology and a rigorous benchmark, paving the way to unlock vast amounts of
previously inaccessible bioactivity data and accelerate data-driven drug discovery. All codes and data are available at GitHub.
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Protein-ligand bioactivity data represents a cornerstone of modern drug discovery1. Quantifying the interaction strength between21

potential drug molecules (ligands) and their biological targets (proteins), this information provides fundamental insights into22

structure-activity relationships (SAR) and the core principles of medicinal chemistry2–7. Crucially, it serves as the essential fuel23

for developing and validating predictive computational models – from traditional quantitative structure-activity relationship24

(QSAR) models to the artificial intelligence (AI) algorithms increasingly employed for virtual screening and hit identification8, 9.25

Access to comprehensive and accurate bioactivity data is therefore indispensable for accelerating the discovery and design of26

novel therapeutics. Over the past several years, there has been a considerable increase in experimentally determined bioactivity27

data, meticulously curated and made publicly accessible through databases such as ChEMBL10, BindingDB11, PDBbind12, and28

PubChem13. These invaluable resources serve as foundational pillars for drug discovery efforts.29

However, the construction of these datasets relies on a labor-intensive process, requiring domain experts to painstakingly30

identify and transcribe bioactivity data from a vast number of scientific publications. This manual curation process can often31

take hours per publication, representing a significant bottleneck in scaling up bioactivity databases. With the exponential growth32

of scientific literature, a substantial portion of valuable bioactivity data remains inaccessible and unstructured, highlighting the33

urgent need for robust and efficient automated tools capable of extracting bioactivity data at scale.34
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Automated data extraction tools have been developed in various scientific domains, yet a critical gap exists in specialized35

tools tailored for the extraction of protein-ligand bioactivity data. Early tools, constrained by the limitations of prior natural36

language processing (NLP) and computer vision (CV) techniques, primarily focused on tasks of extracting fundamental37

chemical information, such as named entity recognition (NER)4, 14 and optical chemical structure recognition (OCSR)15.38

Recently, the development of large language models (LLMs) advances some more promising text-mining tools. For example,39

GPT-based tools have been proposed for extracting metal-organic framework (MOF) synthesis conditions and enzyme-substrate40

interactions from literature16, 17. However, these methods, while demonstrating progresses, are not yet equipped to handle the41

extraction of protein-ligand bioactivity data.42

Specifically, given a literature, the goal of bioactivity extraction is to extract all protein-ligand-bioactivity triplets (protein43

name, ligand SMILES, bioactivity value). Three unique challenges distinct from prior extraction tasks are presented. Firstly,44

the task is fundamentally multi-modal. Bioactivity data are distributed across different modalities, including text, tables,45

figures, and crucial chemical structures. This multi-modal challenge requires a sophisticated approach capable of cross-modal46

reasoning and information fusion, going beyond simple text mining or image mining. Secondly, the accurate recognition and47

conversion of chemical structures, particularly the widely used Markush structures (which represent groups of related chemical48

compounds)18, remains a significant obstacle. While existing OCSR methods have ability to recognize some Markush scaffold49

or R-group substitute structures, the crucial step of enumerating the specific, individual compounds they represent – a necessity50

for precise bioactivity data extraction – has been largely unexplored. Finally, besides these intrinsic data complexities, the filed51

lacks standardized, large-scale benchmarks. This critical gap severely hinders the rigorous evaluation, comparative analysis,52

and systematic advancement of automated methodologies, impeding the development and validation of robust, generalizable53

solutions capable of reliably unlocking the wealth of bioactivity data embedded within the scientific literature.54

To overcome these challenges, we propose BIOMINER, a multi-modal intelligent system specialized for automatically55

extracting protein-ligand bioactivity data from literature, and establish a comprehensive and challenging benchmark BIOVISTA.56

We first describe BIOMINER, which employs a modular, agent-based architecture to navigate this complex extraction task57

(Figure 1(a)). Rather than training a single end-to-end extraction model, BIOMINER decomposes the extraction process into58

manageable sub-tasks: document parsing (data preprocessing), chemical structure extraction, bioactivity measurement extrac-59

tion, and cross-modal data integration (data postprocessing). A synergistic combination of general multi-modal large language60

models (MLLMs), domain-specific models (DSMs), and domain tools (DTs) is employed in the framework. Particularly, for61

chemical structure extraction, the system incorporates a MLLM-DSM-DT collaborative strategy specifically designed to resolve62

and enumerate complex Markush structures into specific full molecular structures—a pivotal step previously unaddressed at63

scale for automated bioactivity extraction (Figure 1(b)).64

To provide standardized resources for evaluation and support future research, we introduce benchmark BIOVISTA, to our65

knowledge, the largest benchmark dedicated to protein-ligand bioactivity extraction. Meticulously curated by domain experts,66

BIOVISTA comprises 16,457 bioactivity entries and 8,735 unique chemical structures extracted from 500 recent publications67

indexed in PDBbind v202012. The data originates from diverse modalities within the source papers: text (15.8%), figures68

(11.6%), and tables (72.5%) (details in Figure S1), with a substantial fraction of chemical structures (48.7%) derived from69

challenging Markush representations. BIOVISTA supports six distinct evaluation tasks, ranging from end-to-end bioactivity70

extraction to component-level Markush enumeration, allowing for comprehensive system evaluation (Figure 1(c)). When71

evaluating BIOMINER on the BIOVISTA dataset, the system achieves F1 scores of 0.22 for extracting complete bioactivity72

triplets, 0.45 for chemical structures (ligand coreference-SMILES), and 0.53 for bioactivity measurements (protein-ligand73

coreference-bioactivity value). This performance is complemented by high throughput, processing literature at approximately74

14 seconds per paper on 8 V100 GPUs. Notably, BIOMINER demonstrates effectiveness in processing complex chemical75

representations, achieving an F1 score of 0.56 for the challenging task of Markush structure enumeration. These results validate76

BIOMINER’s bioactivity data extraction ability and providing a quantitative baseline for future research.77

We further perform three applications to showcase BIOMINER’s practical utility and broad applicability. First, we use78

BIOMINER to construct a bioactivity pre-training database containing 67,953 data points extracted from 11,683 papers within79

two days. Models pre-trained on this BIOMINER-generated database demonstrate improved performance (3.1% and 1.9%80

improvement in RMSE metric) on two independent test sets (PDBbind v2016 core set19 and CSAR-HiQ20) compared to81

models trained only on existing curated data (PDBbind v2016 refined set, 3,767 data points). Second, we implement a82

human-in-the-loop (HITL) bioactivity extraction workflow, where human experts collect data by reviewing the extraction result83

of BIOMINER rather than de novo identification and transcription, to correct errors of fully automated extraction and ensure84

data quality. With HITL workflow, 1,592 bioactivity data of NLRP321, a high-priority target for anti-inflammatory therapies, are85

collected from 85 papers in 26 hours, doubling the NLRP3 data available in ChEMBL (820 data). This expanded dataset yields86

improved QSAR models (38.6% improvement in EF1% metric), based on which we screen molecule libraries (ChemDiv22 and87

Enamine23) and identify 16 hit candidates with novel scaffolds. Third, besides bioactivity extraction, we utilize BIOMINER88

to label complex structures with reported bioactivity data, which is important in structure-based drug design for establishing89
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Figure 1. Overview of protein-ligand bioactivity extraction framework BIOMINER and benchmark BIOVISTA. (a) The whole
protein-ligand bioactivity extraction framework BIOMINER. (b) The chemical structure extraction agent. In this agent, explicit
full structures and Markush structures are both processed. For clarification, explicit full structures are plotted in green boxes
and Markush scaffolds and R-group substitues are plotted in blue boxes. (c) The new benchmark BIOVISTA, containing 16,457
bioactivity data and 8,735 structures as ground-truth labels from 500 publications. Based on these data, six evaluation tasks are
designed for comprehensive evaluation, ranging from end-to-end tasks to component-level tasks.
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datasets like PDBbind. Using a HITL annotation workflow similar to bioactivity extraction, we label 242 structures within the90

famous PoseBusters database24 at an average rate of 2 minutes/structure, achieving 97% annotation accuracy—a 5-fold speedup91

and a 10% accuracy improvement over purely manual annotation. These experiments, taken together, demonstrate BIOMINER’s92

efficiency, applicability, and potential to accelerate drug discovery through both fully automated and HITL workflows. In93

summary, BIOMINER and BIOVISTA provide a new system and evaluation standard for automated bioactivity data extraction.94

These contributions offer a pathway to unlock vast amounts of previously inaccessible bioactivity data, accelerating data-driven95

drug discovery and establishing a foundation for future progress in automated scientific literature mining.96

Results97

To elucidate the performance and utility of our proposed framework, BIOMINER, we first briefly outline its architecture, with98

a focus on the core chemical structure extraction agent that underpins its ability to handle complex structure data (including99

Markush structures). Next, we introduce BIOVISTA, to the best of our knowledge, the largest benchmark designed to rigorously100

evaluate bioactivity extraction performance. We provide a detailed analysis of BIOMINER’s extraction performance on diverse101

tasks of BIOVISTA. Finally, we demonstrate BIOMINER ’s practical value through three real-world applications, highlighting102

its versatility and impact in benefiting bioactivity data extraction and drug design.103

Framework BIOMINER104

The BIOMINER system, depicted in Figure 1(a), is a multi-modal system engineered for the automated extraction of protein-105

ligand bioactivity data from scientific literature.106

Overview of BIOMINER107

BIOMINER integrates four specialized agents-data preprocessing, chemical structure extraction, bioactivity measurement108

extraction, and data postprocessing—working collaboratively to address the complexity of this task. The key design principle109

of BIOMINER is tuning-free. Instead of training a novel end-to-end bioactivity extraction model, BIOMINER decomposes the110

complex extraction problem into four fundamental sub-tasks and leverages a synergistic combination of general multi-modal111

large language models (MLLMs), domain-specific models (DSMs), and domain tools (DTs) to solve them. This design112

eliminates the need for extensive collection of labeled data and training of task-specific models, which are common challenges113

in the development of specialized tools.114

The extraction framework begins with the data preprocessing agent, which utilizes the DSM toolkit MinerU25 to parse PDF115

documents. Through layout analysis and reading order determination, this agent parses both textual and visual content with high116

fidelity. Subsequently, the chemical structure extraction and bioactivity measurement extraction agents operate in parallel on the117

parsed data. The bioactivity measurement extraction agent employs the MLLM Gemini-2.0-flash26, guided by carefully crafted118

prompts, to identify quantitative bioactivity measurements (protein-ligand coreference-bioactivity value) from text, tables,119

and figures. Meanwhile, the chemical structure extraction agent, detailed below, employs a MLLM-DSM-DT collaborative120

strategy to resolve complex chemical structures (ligand corefernence-SMILES), including Markush structures. Finally, the121

postprocessing agent integrates the extracted bioactivity measurements from different modalities with their corresponding122

ligand SMILES strings to obtain the full bioactivity triplets (protein-SMILES-bioactivity value). This agent can optionally123

enrich the extracted data by querying external databases (e.g., UniProtKB27, AlphaFoldDB28, PDB29) for protein structural124

information or annotating reported PDB complex structures with the corresponding extracted bioactivity data, thereby creating125

highly actionable datasets. This tuning-free pipeline—enabled by the strategic orchestration of MLLMs’ reasoning capabilities,126

DSMs’ domain knowledge, and DTs’ precise rules—delivers robust performance without the need for new model training,127

distinguishing BIOMINER as a scalable and adaptable solution in a dynamic research field.128

Chemical Structure Extraction129

The chemical structure extraction agent, illustrated in Figure 1(b), is a cornerstone of BIOMINER ’s ability to handle the130

complex chemical structures of bioactivity data. It operates in three stages to extract and resolve ligand structures, including131

Markush structures, which are prevalent in medicinal chemistry literature and represent a significant challenge. First, DSMs132

(MolMiner30, supplemented by YOLO31 for tables) detect 2D molecular structure depictions within the document. MolParser32
133

then performs OCSR to generate SMILES strings for these depictions. Second, using images augmented with DSM-detected134

structure bounding boxes and indices (Figure 1(b)), MLLM Gemini performs coreference recognition and Markush enumeration.135

For explicit full structure, Gemini directly recognizes its coreference, linking chemical depictions to their textual references.136

Critically, for Markush structures, Gemini identifies Markush scaffold structures and enumerates associated R-group substituents.137

Third, BIOMINER uses RDKit33 to systematically zip the recognized Markush scaffold SMILES with the enumerated R-group138

substituent SMILES, generating the final list of specific, full chemical structures represented by the Markush definition.139

Notably, R-group substituents are often described textually (e.g., IUPAC names, abbreviations, chemical formulas) rather than140

visually. Before the RDKit zipping step, these 1D R-group substituents are converted into SMILES, employing OPSIN34 for141
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Figure 2. Benchmarking extraction performance of BIOMINER on BIOVISTA. (a) Performance of bioactivity triplet and
individual attributes extraction. (b) Performance of structure-bioactivity annotation. Given a PDB structure and corresponding
paper, BIOMINER first extracts all bioactivity from the paper and then ranks these data based on ligand similarity between
extracted data and PDB structure. Top-N recall rate represents the ratio of target bioactivtiy data in Top-N extracted data. (c)
Comparison on consuming time and money between BIOMINER and human. (d) Detailed error source analysis of bioactivity
triplet extraction. (e,f) Two examples of Markush structures successfully processed by BIOMINER.

IUPAC names and a Gemini-assisted, manually curated mapping table for abbreviations and chemical formulas. This hybrid142

MLLM-DSM-DT approach, which obviates the need for task-specific model training, enables the successful resolution of both143

explicit full and Markush structures, representing a key innovation of BIOMINER. Implementation details of this agent are144

provided in the Method and Supporting Information section.145

Benchmark BIOVISTA and Performance Evaluation146

To enable rigorous evaluation and facilitate the development of future extraction methods, we introduce BIOVISTA, a147

comprehensive and challenging benchmark for protein-ligand bioactivity data extraction. To our knowledge, this is the148

largest benchmark dedicated to the bioactivity extraction task. In this subsection, we first present the construction process of149

BIOVISTA, and then detail BIOMINER’s performance.150
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Table 1. Performance of BIOMINER with different MLLMs on BIOVISTA. This table focuses on presenting MLLMs-related
results and comparing the performance of different MLLMs. In BIOMINER, we choose Gemini-2.0-flash as our employed
MLLM based on this table results. The best results are bolded, and the second best results are underlined.

Tasks Metric Gemini-2.0-flash Gemini-2.0-pro GPT-4o GPT-4o-mini Claude-3.7-sonnet Claude-3.5-sonnet Grok-3 Qwen-2.5

Component-level evaluation for chemical structure extraction

Full Structure Coreference
Recall 0.786 0.763 0.749 0.552 0.749 0.755 0.529 0.748

Precision 0.783 0.760 0.745 0.550 0.757 0.754 0.542 0.745
F1 0.784 0.761 0.747 0.551 0.753 0.754 0.535 0.746

Markush Enumerating w/ Coreference
Recall 0.579 0.386 0.430 0.039 0.465 0.477 0.190 0.209

Precision 0.545 0.377 0.426 0.041 0.475 0.472 0.190 0.212
F1 0.561 0.381 0.428 0.040 0.470 0.474 0.190 0.210

Markush Enumerating w/o Coreference
Recall 0.628 0.425 0.500 0.050 0.503 0.516 0.241 0.252

Precision 0.594 0.448 0.495 0.058 0.514 0.511 0.257 0.281
F1 0.611 0.436 0.497 0.054 0.508 0.513 0.249 0.266

Different attributes evaluation for end-to-end extraction and annotation

Structure w/ Coreference
Recall 0.440 0.374 0.406 0.277 0.436 0.434 0.275 0.373

Precision 0.454 0.395 0.419 0.305 0.462 0.459 0.326 0.403
F1 0.447 0.384 0.412 0.290 0.449 0.446 0.298 0.387

Bioactivity Measurement
Recall 0.594 0.584 0.418 0.250 0.480 0.472 0.386 0.552

Precision 0.486 0.465 0.364 0.219 0.396 0.410 0.285 0.431
F1 0.535 0.518 0.389 0.233 0.434 0.439 0.328 0.484

Bioactivity Triplet
Recall 0.244 0.220 0.171 0.088 0.208 0.208 0.109 0.199

Precision 0.195 0.172 0.149 0.077 0.178 0.185 0.081 0.149
F1 0.217 0.193 0.159 0.082 0.192 0.196 0.093 0.170

Bioactivity-Structure Annotation
Top-1 0.346 0.288 0.318 0.258 0.330 0.348 0.264 0.322
Top-3 0.544 0.482 0.530 0.454 0.518 0.538 0.434 0.494
Top-10 0.686 0.634 0.688 0.612 0.670 0.706 0.614 0.680

Price comparison for different MLLMs

1M Tokens Cost $ Input 0.100 1.250 2.500 0.150 3.300 3.300 0.830 -
Output 0.400 5.000 10.000 0.600 16.500 16.500 4.160 -

Construction of BIOVISTA151

BIOVISTA is derived from 500 recent publications referenced in PDBbind v202012, ensuring its relevance to real-world152

scenarios. Unlike PDBbind data curation, BIOVISTA includes all bioactivity data reported within these publications, not just153

the reported bioactivity to the PDB structure. Domain experts manually curate all bioactivity data points, annotating attributes154

beyond the core triplet (protein, ligand SMILES, bioactivity value) to enable fine-grained analysis (Figure 1(c)). These attributes155

(e.g., location, ligand coreference, scaffold-substitutes) include information such as the source modality to analyze the ability156

to process different modal data. Notably, all alternative names (alternames) for proteins and ligands are carefully collected,157

ensuring completeness and preventing ambiguity or overlap.158

To ensure high data quality and robustness, we implement a closed-loop bootstrapping procedure. Initially, BIOMINER is159

used to perform automatic extractions on the curated publications, facilitating the identification and correction of potential160

inconsistencies or errors in the initial annotations (e.g., missing alternames, incorrect transcription). Feedback from these161

automatic extraction results are then incorporated into the refinement of BIOMINER ’s design, improving prompt engineering162

strategies and optimizing individual agent performance. Subsequently, the enhanced version of BIOMINER is re-applied to163

comprehensively validate and confirm the accuracy of the final BIOVISTA dataset. The finalized BIOVISTA dataset comprises164

16,457 bioactivity data points source from text (15.8%), figures (11.6%), and tables (72.5%) (Figure S1), along with 8,735165

chemical structures (of which 48.7% are derived from Markush structures).166

BIOVISTA defines two end-to-end tasks and four component-level tasks to thoroughly assess the extraction performance167

of BIOMINER. The two end-to-end tasks evaluate overall extraction capability, specifically: (1) extracting all bioactivity168

data reported in a publication, and (2) annotating PDB structures with bioactivity information presented in associated papers.169

These tasks directly reflect the practical utility of bioactivity extraction methods. Additionally, four specialized component-170

level tasks—molecule detection, optical chemical structure recognition (OCSR), full-structure coreference resolution, and171

Markush structure enumeration—provide deeper insights into the performance of critical chemical structure extraction172

processes, facilitating method development and optimization. Detailed descriptions of these evaluation tasks can be found in173

Supporting Information Note 1. Altogether, this suite provides a robust foundation for evaluating and advancing bioactivity174

extraction systems. Comprehensive evaluation across the six tasks defined within the BIOVISTA benchmark rigorously assesses175

BIOMINER’s capabilities and establishes a performance baseline for further works. Performance metrics, error analysis,176

cost-efficiency analysis, and case study are all included in the following part.177
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End-to-end Evaluation178

End-to-end bioactivity extraction performance is shown in Figure 2(a), where BIOMINER achieves Precision=0.20, Recall=0.24,179

and F1=0.22 for the complex bioactivity triplet. In addition to the evaluation of whole bioactivity triplet, which integrates180

multi-modal attributes, analysis of individual attributes reveals stronger performance. Chemical structure extraction (ligand181

coreference-SMILES) achieves F1=0.45, with performance varying by complexity (Explicit Full F1=0.48 vs. Markush F1=0.26).182

Bioactivity measurement extraction (protein-ligand coreference-bioactivity value) achieved F1=0.53, with table-based extraction183

being the most effective (Table F1=0.51 vs. Figure F1=0.37, Text F1=0.35). Extraction of isolated attributes is even more184

proficient, with solely bioactivity value F1=0.84 and SMILES F1=0.56. These scores underscore the significant challenge of185

bioactivity extraction and indicate component strengths of BIOMINER despite integration challenges.186

Performance on the other end-to-end task structure-bioactivity annotation is presented in Figure 2(b). Given a complex187

structure and the associated paper, BIOMINER extracts all bioactivity data from the paper, and ranks them based on ligand188

similarity between extracted data and given structure. When taking Top-10 bioactivity data into consideration, BIOMINER189

achieves a recall rate of 0.69 for the reported bioactivity. This indicates that while the Top-ranked match may not always be190

correct, the reported value of the given structure is often among the top candidates, supporting efficient structure-bioactivity191

annotation or human validation.192

For end-to-end bioactivity extraction and structure-bioactivity annotation, BIOMINER offers transformative efficiency gains193

as indicated in Figure 2(c). It processes literature at an average rate of 0.004 hours/paper (on 8 V100 GPUs, about 14s/paper)194

with a very cheap cost ($0.008/paper), orders of magnitude faster than human structure annotation and bioactivity extraction195

(0.166-0.833 hours/paper). These results demonstrate BIOMINER’s potential for cost-effective, large-scale data mining.196

Component-level Evaluation197

Chemical structure extraction, which is highly related to final extraction performance and the core section of BIOMINER, is198

particularly evaluated on four specially designed component-level tasks. As introduced above, BIOMINER resolves ligand199

structures in three stages. These four component-level tasks respectively evaluate the first stage molecule detection (Table S2),200

OCSR (Table S3), and the second stage full structure coreference recognition, Markush enumeration (Table 1).201

For first stage molecule detection, BIOMINER employs MolMiner supplemented by YOLO for table molecules, achieving202

mAP=0.857, AP75=0.892, and AP-Small=0.185 (Table S2). Compared with directly using YOLO or MolMiner, BIOMINER’s203

strategy achieves better performance for detecting small molecules (best AP-Small), usually R-group within tables, and meeting204

high Intersection over Union (IoU) requirement (best AP75). As for OCSR, compared to other DSMs, the employed MolParser205

exhibits significantly better ability to recognize Markush structure (Accuracy=0.733 for Markush structures), and thus leading206

to best OCSR performance (Accuracy=0.703 for all structures) (Table S3). When it comes to second stage tasks, BIOMINER207

achieves an F1 score of 0.784 and 0.561 on full structure coreference recognition and Markush enumeration (with coreference)208

using Gemini-2.0-flash (Table 1), respectively. If we only consider the structure enumeration result and ignore coreference,209

F1 score of Markush enumeration rises to 0.611. This result indicates the ability of BIOMINER to process the challenging210

Markush structures. Different MLLMs, including Gemini, GPT35, Claude36, Qwen37, and Grok38, have been tested on these211

two tasks, and Gemini-2.0-flash achieves the best performance in both price and accuracy. These component-level evaluations212

provide a detailed analysis of extraction results and effectively benefit the design of chemical structure extraction agent.213

Error Analysis and Cases Study214

Based on the component-level evaluation results, we plot the error contribution analysis for the end-to-end triplet extraction in215

Figure 2(d). Errors in bioactivity measurement extraction contribute the largest share (35.59%), followed by OCSR inaccuracies216

(26.04%), and the Markush structure enumeration (19.02%). Molecule detection (9.55%) and explicit full structures coreference217

recognition (9.80%) contribute less to the overall error. This breakdown provides critical insights for directing future research218

toward optimizing the system components.219

Qualitative evidence of BIOMINER’s advanced capabilities is shown in Figure 2(e, f), which displays examples of complex220

Markush structures successfully processed by the system. This includes correct scaffold identification, R-group enumeration,221

1D R-group processing (IUPAC and chemical formula), and accurate generation of the final enumerated SMILES strings,222

indicating its ability to process challenging Markush structures.223

In summary, the benchmarking results on BIOVISTA validate BIOMINER’s capacity for automated, multi-modal bioactivity224

data extraction. While quantifying the performance across various dimensions and pinpointing key challenges for future work,225

the results demonstrate certain bioactivity extraction ability and substantial efficiency advantages over manual curation. This226

positions BIOMINER as a valuable tool for accelerating data acquisition and unlocking previously inaccessible data in the vast227

body of drug discovery literature.228

Automated Collection of Large-scale Bioactivity Data for Model Training229

A key objective in developing BIOMINER is to overcome the limitations of existing, manually curated bioactivity databases, and230

to unlock the wealth of previously inaccessible data hidden within scientific literature. To demonstrate BIOMINER’s capacity231
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(a) (b) (c) (d)

(e)

Figure 3. Using BIOMINER collecting large-scale bioactivity data for deep learning model training. (a) Statistical comparison
between manually curated PDBbind v2016 dataset and our extracted dataset; (b) Consuming time and money for BIOMINER;
(c) Number of extracted bioactivity data in each paper; (d) Protein names distribution within extracted bioactivity data. (e)
Performance comparison of models with and without pre-training on BIOMINER extracted set.

for large-scale data acquisition, we apply it to construct a bioactivity database. Deep learning-based bioactivity prediction232

models are further pre-trained on this extracted database to demonstrate its utility.233

To construct a large-scale dataset, we target the European Journal of Medicinal Chemistry (EJMC), a high-impact journal234

known for its density of protein-ligand bioactivity data, making it an ideal source. 11,683 articles published in EJMC since 2010235

are collected, excluding earlier articles due to potential low resolution. Employing BIOMINER, we process the 11,683 papers236

within just two days (about 14s/paper on 8 V100 GPUs), a speed that would be practically impossible with manual curation237

(Figure 3(b)). From these paper, 195,046 bioactivity triplets are extracted. To support the training of bioactivity prediction238

models, we further enrich these data with protein structure information. As discussed above, using the extracted protein name,239

BIOMINER searches external structure databases (including AlphaFoldDB and PDB) for protein structure information. 67,953240

data points are successfully enriched with protein structure information, providing a large-scale extracted database significantly241

expands the available data compared to PDBbind’s refined and general sets (Figure 3(a)). After excluding paper contains no242

bioactivity data, analysis of the extracted dataset reveals a mean of 25.38 bioactivity values per paper, with a median of 12243

and a 95th percentile of 92, highlighting the density of information contained within individual publications (Figure 3(c)).244

Further analysis of the extracted dataset shows the Top-10 protein distributions, indicating the most researched proteins and245

their potential application in bioactivity prediction (Figure 3(d)).246

Critically, we evaluate the impact of this automatically extracted database on the performance of downstream deep learning247

models. We pre-train several graph neural network (GNN) architectures (GAT39, EGNN40, AttentiveFP41, and GCN42) on the248

database constructed by BIOMINER and compared their performance against models trained solely on the PDBbind v2016249

refined set (3,767 data points), across two independent test sets: PDBbind v2016 core set and CSAR-HiQ set. As demonstrated250

in Figure 3(e), models pre-trained on the BIOMINER-derived database consistently achieved performance improvements, as251

measured by both Root Mean Squared Error (RMSE) and Pearson correlation coefficient. Average improvements of 3.1% and252

1.9% in the RMSE metric are acheived in the PDBbind core set and CSAR-HiQ set, respectively. These results underscore the253

value of automatically extracted bioactivity data for enhancing the accuracy and predictive power of computational models in254

drug discovery. BIOMINER can serve as an efficient and cost-effective method for mining scientific literature, which is crucial255

for data-driven AI-powered drug design. Details about model training can be found in Supporting Information.256

Human-in-the-loop Curation of NLRP3 Bioactivity Data and Enhanced Inhibitor Screening257

While fully automated extraction using BIOMINER demonstrates high throughput, potential data errors will be introduced. In258

practical scenario, correcting potential errors and ensuring high data quality is crucial for sensitive downstream applications259

like quantitative structure-activity relationship (QSAR) model building and drug screening. To address this, in this subsection,260
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Figure 4. Using BIOMINER for human-in-the-loop NLRP3 bioactivity data collection from 85 papers and inhibitor screening.
(a) Consuming time (about 18.4 minutes in average) and number of collected data for each paper. The final consuming time is
highly related with the number of bioactivity data and chemical structures; (b) Comparison of pIC50 distribution between
BIOMINER collected bioactivity data and ChEMBL data; Classification (c) and regression (d) performance comparison
between QSAR models trained on BIOMINER data and ChEMBL data; The Glide-XP docked binding pose within the
NP3-253-binding pocket (PDBID: 9GU4), stacked bar plot of the interaction fraction during MD simulation and RMSD curve
of protein, ligand and ADP for Z6739936901 (e) and Z5232931194 (f), respectively.
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we introduce a human-in-the-loop (HITL) workflow to enable high-quality and efficient data collection aided by BIOMINER261

and validate its effectiveness in a practical task.262

Bioactivity Data Collection HITL Workflow263

In the HITL workflow, human experts extract bioactivity data by reviewing and validating the chemical structure and bioactivity264

measurement extraction results of BIOMINER, which consists the final bioactivity triplet. For chemical structures, as shown265

in Figure S2, S3, and S4, human expert verifies the first stage molecule detection, OCSR, and the second stage full structure266

coreference recognition, Markush enumeration, sequentially. For bioactivity measurement, the expert directly confirms the267

correctness of the extracted protein-ligand coreference-bioactivity value tuples, the output of the bioactivity measurement268

extraction agent. Critically, human intervention is targeted only at these verification steps. Other components within BIOMINER,269

such as 1D R-group processing and Markush scaffold-R-group zipping, are rule-based steps that do not require manual review.270

Overall, this HITL workflow omits the de novo identification and transcription of chemical structure and bioactivity, and experts271

primarily focus on verifying BIOMINER’s outputs, significantly accelerating curation compared to fully manual extraction.272

NLRP3 Inflammasome Bioactivity Data Collection273

To showcase this workflow’s practical utility, we apply it to curate NLRP321 inflammasome bioactivity data. NLRP3 is a274

high-priority target for anti-inflammatory therapies, yet publicly available bioactivity data, such as in ChEMBL, remains275

relatively sparse. Our objective was to expand the size of high-quality NLRP3 bioactivity dataset and utilize this enriched data276

to develop more accurate models for inhibitor discovery.277

We identify 85 relevant scientific publications reporting NLRP3 bioactivity data through literature searches and then collect278

1,592 data from these publications with this HITL workflow. As shown in Figure 4(a), the time required per paper varied,279

correlating with the number of chemical structures and bioactivity data points present. On average, it takes approximately280

18.4 minutes for each paper and consumes 26 hours for all 85 papers. This effort effectively doubles the amount of NLRP3281

bioactivity data previously available in ChEMBL (Figure 4(b)), providing a substantially larger and chemically diverse dataset.282

The expert oversight inherent in the HITL process also allows for meticulous handling of ambiguities and edge cases, further283

ensuring data quality.284

QSAR Models Training285

To assess the impact of this data expansion, we train quantitative structure-activity relationship (QSAR) models for predicting286

NLRP3 inhibition using both the original ChEMBL NLRP3 dataset and our expanded, BIOMINER-curated NLRP3 dataset,287

respectively. As shown in Table S5 and Table S6, various QSAR models with different algorithms (e.g., Random Forest43,288

SVM44, etc.), different tasks (regression, classification), and different molecular representations (ECFP45, CATS46) are289

evaluated comprehensively. Models trained on the BIOMINER-curated dataset consistently outperformed those trained on the290

standard ChEMBL data across all settings evaluated. On average, considering the EF1% metric across 28 distinct QSAR model291

configurations, the BIOMINER-curated dataset yielded a 38.6% performance improvement. Figure 4(c) and (d) visualize the292

performance of the top-performing models under various settings. Notably, for classification using ECFP fingerprints, the293

AUROC improved from 0.954 (ChEMBL) to 0.977 (BIOMINER-curated). Similarly, for CATS-based regression, the Pearson294

correlation coefficient increased substantially from 0.385 to 0.600. This marked enhancement in predictive performance295

significantly increases the reliability of bioactivity prediction for novel chemical entities, thereby improving prospects for296

effective inhibitor screening.297

NLRP3 Inhibitor Screening298

Leveraging the superior QSAR models trained on the BIOMINER-curated data, we initiate a virtual screening against chemical299

libraries (i.e., ChemDiv and Enamine). Through our established rational screening pipeline (Figure S8 and see Supplementary300

Information for details), sixteen compounds are manually selected as potential hit candidates, exhibiting both high structural301

diversity and novelty (Table S7). Further MM/PBSA binding free energy calculation reveals six compounds exhibit comparable302

or better binding free energies than both MCC95047 and NP3-56248, suggesting their potential as highly potent NLRP3303

inhibitors (Table S7). Docking simulation demonstrates two promising candidates, Z6739936901 and Z5232931194, showing304

considerable binding mode between the NBD, HD1, WHD, and HD2 domains (Figure 4(e,f)). MD simulation of 100 ns305

is performed to investigate the binding stability of identified compounds. The RMSD of protein and ligand shows that306

Z6739936901 and Z5232931194 bind stably with the binding pocket in the last 60 ns. Z6739936901 maintains persistent307

hydrogen bonding, cation-π and π-π interactions with ARG578 and TYR632. Its solvent-exposed charged amino group forms308

strong salt bridges and hydrogen bonds with ASP662, anchoring the oxazole moiety rigidly. Meanwhile, the phenyl fragment309

remains tightly bound within a large hydrophobic subpocket. Z5232931194 frequently forms hydrogen bonds with ARG578,310

PHE575, and TYR632, along with cation-π and π-π interactions. The bromine-substituted benzofuran moiety remains tightly311

bound within the hydrophobic subpocket. Notably, the ADP bound in the substrate pocket remains stable throughout MD312

simulations, with low RMSD values (<1.5 Å) confirming its rigid positioning with minimal conformational changes. This313
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Figure 5. Annotating protein-ligand complex structures in PoseBusters with corresponding experimental bioactivity values.
(a) Comparison of consuming time and annotation accuracy between human and BIOMINER; (b) Waterfall plot of error
analysis of human extraction; (c) Waterfall plot of error analysis of BIOMINER extraction; (d) Number analysis of different
data of BIOMINER results; (e) Proportional analysis of different data of BIOMINER results.

observation suggests that both Z6739936901 and Z5232931194 effectively stabilize the inactive conformation of the NBD, HD1,314

WHD, and HD2 domains. Collectively, our BIOMINER-curated data-augmented QSAR models identifies several structurally315

novel hit candidates exhibiting high potential as potent NLRP3 inhibitors. These candidates represent promising chemotypes316

for future experimental validation, potentially unlocking new avenues in NLRP3-targeted drug discovery.317

In summary, this study demonstrates the effectiveness of a BIOMINER-powered HITL workflow for rapidly constructing318

large, high-quality, target-specific bioactivity datasets. The efficiency gain (approx. 18.4 min/paper) over manual curation,319

combined with the significant improvement in downstream QSAR model performance, underscores the potential of this320

approach to accelerate data-driven drug discovery efforts.321

Enhancing Structure-Bioactivity Annotation for PoseBusters322

Besides bioactivity data extraction, annotating experimentally determined protein-ligand complex structures with their reported323

bioactivity measurements in the literature is also important in structure-based drug design field for establishing datasets like324

PDBbind. In the experiments on the BIOVISTA, BIOMINER has demonstrated its capability to perform this task. The reported325

bioactivity measurement of a given structure is often found among the top candidates of the extracted bioactivity data (Top-10326

Recall=0.686). In this subsection, we further demonstrate BIOMINER’s utility in a practical annotation scenario, proposing a327

HITL annotation workflow and presenting a detailed analysis for fully automated data annotation beyond Top-N Recall.328

Structure-Bioactivity Annotation HITL Workflow329

In the annotation HITL workflow, given a PDB complex structure and associated publication, BIOMINER first extracts all330

potential protein-ligand-bioactivity triplets and ranks extracted data based on ligand similarity between extracted SEMILS and331

PDB ligand SMILES. Then, a human expert rapidly verifies the bioactivity data in the ranked list one by one. Compared with332

purely human annotation, such a HITL streamlines the expert’s task to validation rather than de novo annotation.333

PoseBusters Structures-Bioactivity Annotation334

The famous PoseBusters benchmark24, which contains 308 high-quality complex structures, is selected for HITL annotation.335

After careful preparation of the input, 242 PDB structures and associated publications are collected. To highlight our workflow’s336

ability, the annotation results between a human expert using the HITL workflow and the other human expert without it are337

compared. As shown in Figure 5(a), this BIOMINER-assisted HITL workflow demonstrates significant efficiency gains,338

requiring an average of only about 2 minutes per publication for verification and annotation. The result represents an estimated339

5-fold acceleration compared to purely manual curation efforts. Crucially, the accuracy of associating the correct bioactivity340

value with the specific complex structure improves substantially to 97.1%, compared to an estimated 86.4% accuracy baseline341

for manual annotation alone. An analysis of annotation errors (Figure 5(b,c)) reveals that manual annotation is prone to342

overlooking the correct bioactivity data (failed to find or cannot find all correct data), a category of error effectively mitigated343

by BIOMINER’s systematic extraction and presentation of candidates. The improved accuracy of the HITL approach can thus344

be attributed to BIOMINER’s comprehensive extraction combined with expert validation of a focused, ranked list, leading to a345

more robust and efficient annotation process.346
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Fully Automated Annotation347

Based on the HITL annotation result, we further analyze the performance of the fully automated annotation beyond the348

Top-N Recall (Figure 5(d,e)). For 69 of 242 complexes, BIOMINER finds no bioactivity data in the publications. Among349

these complexes, 68 complexes are correct (consistent with manual verification confirming absence). For the remaining 173350

complexes where bioactivity data are potentially present, BIOMINER successfully extracts candidate bioactivity measurements.351

Within this group, 58 complexes have at least one extracted bioactivity measurement associated with a ligand structure perfectly352

matching the PDB ligand (chemical similarity = 1.0). For these 58 matches, the data postprocessing agent (utilizing the Gemini353

MLLM) selects the most probable bioactivity value based on contextual consistency with the protein name and PDB structure354

title. This automated selection process identifies a candidate value in 46 cases. Manual validation confirms that 34 of these355

46 automatically selected annotations are correct, yielding an accuracy of 73.9% for this specific subset. Combining the 69356

cases correctly identified as having no data with the 46 cases where a candidate value is proposed, BIOMINER demonstrates357

reliable automated handling for 115 out of 242 structures (47.5%). This suggests that nearly half of the annotation task for this358

dataset could potentially be automated with high confidence (Accuracy=0.887), significantly reducing manual effort, while the359

remaining cases benefit from the efficient HITL verification.360

The ability to rapidly generate and verify high-fidelity structure-activity annotations for large structural datasets like361

PoseBusters is highly valuable for the development of structure-based drug design algorithms. By significantly accelerating the362

creation and curation of these critical datasets with enhanced accuracy, BIOMINER directly facilitates progress in structure-363

guided drug discovery and the application of machine learning in structural biology.364

Discussion365

In this work, we introduced BIOMINER, a multi-modal system leveraging the synergistic combination of multi-modal large366

language models (MLLMs), domain-specific models (DSMs), and domain tools (DTs) to automate the extraction of protein-367

ligand-bioactivity triplets from scientific papers. To rigorously evaluate such systems and guide future development, we368

established BIOVISTA, the largest bioactivity extraction benchmark featuring 16,457 bioactivity entries and 8,735 chemical369

structures across six distinct evaluation tasks.370

On BIOVISTA, BIOMINER demonstrated considerable extraction capabilities, achieving F1 scores of 0.22, 0.45, and 0.53371

for bioactivity triplets, chemical structures, and bioactivity measurements, respectively, alongside high operational efficiency372

(14s/paper on 8 V100 GPUs). The practical significance of BIOMINER was further underscored by three applications. Its373

scalability enabled the rapid generation of a large-scale bioactivity database (67,953 data points from 11,683 papers in 2 days),374

leading to improvements (e.g., 3.1% RMSE reduction) in downstream deep learning models pre-trained on this data (Figure 3).375

Moreover, human-in-the-loop (HITL) workflows showcased the powerful synergy between BIOMINER and human expertise.376

This approach doubled the high-quality NLRP3 bioactivity data compared to ChEMBL in just 26 hours, resulting in markedly377

improved QSAR models (38.6% EF1% gain) and the identification of 16 novel hit candidates (Figure 4). Similarly, HITL378

annotation of the PoseBusters benchmark yielded a 5-fold speedup and enhanced accuracy (97.1% vs. 86.4% manual baseline)379

(Figure 5), highlighting BIOMINER’s value in curating crucial structural datasets.380

While BIOMINER marked significant progress, the modest end-to-end F1 score (0.22 for triplets) underscored the inherent381

complexity of integrating information across multiple modalities, interpreting complex chemical representations like Markush382

structures, and accurately linking entities scattered throughout publications. Our error analysis (Figure 2(d)) pinpointed specific383

bottlenecks demanding further refinement: reliably extracting and associating bioactivity measurements from diverse formats384

(35.6% error contribution), improving the robustness of OCSR (26.0%), and enhancing the handling of Markush structure385

enumeration (19.0%). Additional limitations included an intrinsic dependency on the rapidly evolving capabilities of underlying386

MLLMs. Future work should therefore prioritized advancing cross-modal reasoning mechanisms, strengthening component387

integration, and potentially exploring targeted fine-tuning or domain adaptation strategies to optimize performance on critical388

sub-tasks while maintaining adaptability.389

Looking forward, BIOMINER’s modular architecture and its proven ability to handle complex chemical information390

suggested significant potential for generalization. The system’s core capabilities in multi-modal integration, entity recognition,391

relationship extraction, and chemical structure processing could be readily adapted related extraction tasks in cheminformatics392

and bioinformatics, such as mining RNA-ligand interactions or molecule ADMET properties. Tailoring specific agents, such as393

the bioactivity measurement extractor or the chemical structure extractor for different molecular types or assay readouts, while394

leveraging the established framework for document parsing, multi-modal integration, and coreference resolution, would be key395

to extending BIOMINER’s utility.396

In conclusion, BIOMINER represented a significant advance in automated bioactivity data extraction, complemented by397

BIOVISTA as an essential standard for rigorous evaluation and comparison. Together, they offered a scalable pathway to unlock398

vast amounts of previously inaccessible bioactivity data trapped in literature, thereby accelerating data-driven drug discovery399

and laying a robust foundation for future progress in automated scientific information extraction.400
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Methods401

Preliminary402

For notation, we represent a literature document as D. Each protein-ligand bioactivity data point b in the document is represented403

as a tuple b = (p, l,v) with three attributes: the protein target name p, the ligand SMILES string l, and the bioactivity value v.404

Denoting the set of bioactivity data points within the literature as B = {b1,b2, ...,bn}, where n is the number of bioactivity data405

points. The target of BIOMINER can be formally written as:406

B = BIOMINER(D). (1)

To achieve this, BIOMINER comprises four specialized agents: the data preprocessing agent Apre, the chemical structure407

extraction agent Astruc, the bioactivity measurement extraction agent Ameasr, and the data postprocessing agent Apost . In408

the following, we detail the functionality of each agent. Additional information, including ablation study, MLLMs’ prompt,409

technical tricks, and model implementations, can be found in the Supporting Information section.410

Data Preprocessing Agent411

The data preprocessing agent Apre initiates the pipeline by parsing the multi-modal content of document D, aiming to preserve412

essential information while minimizing noise for subsequent extraction tasks. To accomplish this, agent Apre first employs413

the MinerU toolkit25, which integrates a suite of models for document parsing, including layout analysis and reading order414

determination. This operation is formalized as:415

Dtext ,Dlayout = MinerU(D), (2)

where Dtext represents the extracted text containing all information for extracting bioactivity measurement in text modality, and416

Dlayout denotes the layout analysis output, comprising categorized elements (e.g., text block, figure body, figure caption) and417

their corresponding regions within each page of D.418

The agent further processes D to prepare visual data for downstream analysis. Pages of the document are converted to419

images Dvision
page . Then, based on Dlayout , figures and tables are segmented from the document. To ensure completeness, only420

when captions are detected, the tables or figures are segmented out; otherwise, the entire page is treated as a single image.421

This process yields the visual data subset Dvision
seg , which encapsulates figures, tables, and their associated metadata. Here,422

Dvision
page supports molecule detection (not yet implemented in MinerU), and Dvision

seg facilitates Markush structure enumeration423

and full structure coreference recognition by isolating irrelevant text surrounding. The output of Apre is thus a dual-modality424

representation of the document, defined as:425

Dtext ,Dvision = Apre(D), (3)

where Dvision = (Dvision
page ,D

vision
seg ). This structured parsing into textual Dtext and visual Dvision components provides a robust426

foundation for the extraction of bioactivity measurements and chemical structures, as described in the following subsections.427

Chemical Structure Extraction Agent428

The chemical structure extraction agent Astruc is tasked with detecting and recognizing chemical structures within a document,429

producing a set of ligand coreferences and their corresponding SMILES strings. This is formalized as:430

(ci, li) = Astruc(Dvision), i ∈ {0,1, ...,Kstruc −1}, (4)

where ci is the ligand coreference (e.g., textual name), li is the SMILES string, and Kstruc is the number of structures.431

Chemical structures in scientific literature generally appear as either explicit full structures or Markush structures18. Explicit432

full structure is standalone molecule requiring only coreference resolution to link them to textual mentions. Markush structures,433

however, represent families of related compounds, typically with variable substitutions (R-groups), variable attachment434

positions, or repeating substructures (Figure S6). This work focuses on Markush structures with variable substitutions, where435

the Markush scaffold is representable as a SMILES string, as other types (e.g., variable positions or repeats) are incompatible436

with SMILES notation. To tackle this challenging structure extraction task, Astruc employs a novel MLLM-DSM-DT hybrid437

strategy that splits the extraction into three stages, as shown in Figure 1(b).438

Molecule Detection and OCSR. The process begins with DSMs detecting 2D molecular graphs in Dvision and converting439

them to 1D SMILES. Both explicit full structures and Markush structures (including both scaffolds and R-group substituents)440

are detected and processed. The distinction between full structures and Markush structures is made based on the presence of441

attachment points in the recognized SMILES strings. This operation is expressed as:442

l f ull
i , lpart

i ,x f ull
j ,xpart

j = DSM(Dvision), i ∈ {0,1, ...,K f ull −1} and j ∈ {0,1, ...,K part −1}, (5)
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where l f ull
i , x f ull

i , and K f ull denote ligand SMILES strings, bounding boxes, and numbers for full structures (no attachment443

points), and lpart
j , xpart

j , K part for Markush components (with attachment points). MolMiner30 detects molecules across pages444

Dvision
page , supplemented by YOLO31 specially for segmented tables Dvision

seg , addressing MolMiner’s tendency to merge closely445

spaced structures. MolParser32, a recently proposed model can handle different plot styles of Markush attachment points based446

on its novel end-to-end training paradigm (Table S2), then performs OCSR.447

Markush Enumerating and Coreference Recognition. With detected structures, we first create DSM-augmented images,448

Daug = (Daug, f ull ,Daug,part), by plotting the bounding boxes onto the original images and adding unique numerical identifiers449

(artificial indices) to each box (top-left corner), as shown in Figure 1(b). Here, the creation of DSM-augmented images leverages450

Dvision
seg to isolate irrelevant text surrounding. These augmented images are processed separately for explicit full structures and451

Markush structures by MLLM Gemini-2.0-flash26.452

For explicit full structures, Gemini is prompted to identify the coreference corresponding to each numbered bounding box.453

The output is a set:454

(c f ull
i , ĉ f ull

i ) = Gemini(Daug, f ull ,T f ull), i ∈ {0,1, ...,K f ull −1}, (6)

where c f ull
i is the recognized coreference for a full structure box, ĉ f ull

i is the artificial index, and T f ull represents the prompt for455

this full structure process step. For Markush structures, Gemini is prompted to identify Markush scaffolds, determine if they456

represent variable substitutions, and enumerate all R-group substituents for each scaffold in. The output is:457

(cpart
i , ĉpart,sca f

i ,Ĉpart,R
i ) = Gemini(Daug,part ,T part), i ∈ {0,1, ..., K̂ f ull −1}, (7)

where cpart
i is the coreference for the full structure derived by combining Markush scaffold and R-group substitutes, ĉpart,sca f

i458

is the artificial index of this full structure’s scaffold box, Ĉpart,R
i is the set of R-group substitutes, T part is the prompt for this459

markush structure process step, and K̂ f ull is the number of combination of Markush scaffolds and R-group substitutes. Each460

element in Ĉpart,R
i is the artificial index of a 2D R-group depiction or the 1D textual representation of R-group (IUPAC name,461

abbreviation, or chemical formula).462

Substitutes Processing and Full Structure Conversion. For explicit full structure, we can easily obtain the ligand coreference-463

SMILES pair (c f ull
i , l f ull

i ) by replacing artificial index ĉ f ull
i in coreference recognition result (c f ull

i , ĉ f ull
i ) as its SMILES. Then464

for Markush structures (cpart
i , ĉpart,sca f

i ,Ĉpart,R
i ), substituents in Ĉpart,R

i are converted to SMILES: IUPAC names via OPSIN34,465

and abbreviations or formulas via a manually curated mapping table assisted by Gemini. RDKit33 then combines scaffold and466

substituent SMILES to yield (cpart
i , lpart

i ). Both explicit structure and Markush structure sets are merged into the final output467

(ci, li).468

Bioactivity Measurement Extraction Agent469

The agent Ameasr is design to extract bioactivity measurement data (p,c,v) from text and vision data using MLLMs:470

(pi,ci,vi) = Ameasr(Dtext ,Dvision
page ), i ∈ {0,1, ...,Kmeasr −1}, (8)

where Kmeasr is the number of bioactivity measurement. Gemini is utilized to processes text and visual data separately:471

(ptext
i ,ctext

i ,vtext
i ) = Gemini(Dtext ,T text), i ∈ {0,1, ...,Kmeasr,text −1}, (9)

(pvision
i ,cvision

i ,vvision
i ) = Gemini(Dvision

page ,T
vision), i ∈ {0,1, ...,Kmeasr,vision −1}, (10)

where T text and T vision are prompts designed for text and vision modality respectively. As both outputs share a consistent472

format, they are merged into (pi,ci,vi).473

Data Postprocessing Agent474

The data postprocessing agent Apost integrates bioactiviy measurements (pi,ci,vi) and full chemical structures (ci, li) via ligand475

coreference, yielding triplets (pi, li,vi). To enhance utility for downstream tasks (e.g., bioactivity prediction), beyond the476

literature itself, Apost enriches these with protein and complex structure data from external databases. To this end, beyond this477

triplet, Apost further enriches the bioactivity data with protein structure information or even protein-ligand complex structure,478

providing actionable information for downstream analysis.479

Protein Structure Retrieval. Apost enriches the protein structure information by searching protein structure database based on480

extracted protein name pi. It leverages Gemini’s knowledge to filter invalid entries, then queries PDB12 and UniProtKB27 APIs481

to retrieve experimental co-crystal or AlphaFold2-predicted structures49.482
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Structure-Bioactivity Annotation. If the document has a corresponding PDB complex structure, Apost attempts to identify the483

complex structure’s bioactivity data point within the extracted set. It compares the SMILES string of the ligand in the PDB484

entry to the SMILES strings of all extracted ligands. Exact matches (ligand similarity = 1.0) trigger protein name comparison485

using Gemini, which selects out the corresponding bioactivity data based on PDB titles and extracted protein names pi. The486

final output of Apost is an enriched set of bioactivity data triplets, including protein structure information and, when available,487

links to PDB complex structures.488

Overall, BIOMINER synergistically combines MLLMs’ reasoning, DSMs’ domain expertise, and DTs’ precise rules to489

deliver a scalable, zero-shot solution for bioactivity data extraction, requiring no task-specific training.490
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Supplementary Notes653

Details of Six Evaluation Tasks of BIOVISTA654

BIOVISTA consists of six evaluation tasks, including two end-to-end tasks and four component-level tasks. This section details655

the information on these six evaluation tasks.656

End-to-end Tasks657

Two end-to-end evaluation tasks, protein-ligand bioactivity extraction and structure-bioactivity annotation, are designed to658

measure the overall extraction ability of protein-ligand bioactivity extraction methods.659

• Protein-ligand Bioactivity Extraction: Given a paper, extracting all protein-ligand bioactivity triplet data. This task contains660

500 papers with 16,457 bioactivity data as testing set. Recall, Precision, and F1 score are calculated as metrics.661

• Structure-bioactivity Annotation: Given a PDB structure and corresponding paper, annotating the structure with reported662

bioactivity data in the paper. This task contains 500 PDB structures and 500 corresponding papers as testing set. Top-N663

Recall is calculated as metrics.664

Component-level Tasks665

Four component-level tasks, molecule detection, OCSR, explicit full structure corefernece recognition, and Markush enumera-666

tion, are specially designed to provide a deep analysis of the core chemical structure extraction agent of BIOMINER.667

• Molecule Detection: Given a paper, detecting boundary boxes of all 2D molecule depictions. This task contains 11,212668

boundary boxes from 500 papers as ground-truth labels. Average Precision (AP) score is calculated as metrics.669

• Optical Chemical Structure Recognition: Given a 2D molecule depiction, converting the molecule image into 1D molecule670

SMILES. This task contains 8,861 molecule depictions and corresponding SMILES as ground-truth labels. Accuracy score is671

calculated as metrics.672

• Explicit Full Structure Coreference Recognition: Given a DSM-augmented image with explicit full structures, recognizing673

structures’ coreference within the image. This task contains 962 images with 5,105 explicit full structures from 500 papers as674

ground-truth labels. Recall, Precision, and F1 score are calculated as metrics.675

• Markush Enumeration: Given a DSM-augmented image containing Markush structures, enumerating all Markush full676

structures and coreferences within the image. This task contains 355 images with 3,513 Markush scaffold-R group-coreference677

pairs from 500 papers as ground-truth labels. Recall, Precision, and F1 score are calculated as metrics.678

Implementation Details of Employed Models and Hyperparameter Settings679

BIOMINER integrates Multi-modal Large Language Models (MLLMs), Domain-Specific Models (DSMs), and Domain Tools680

(DTs) in a tuning-free pipeline. Below are the specifics of the components employed.681

General Multi-modal Large Language Models682

The core MLLM utilized across all agents in BIOMINER for tasks such as bioactivity measurement extraction, chemical683

structure coreference recognition, and Markush structure enemueration was Google’s Gemini-2.0-flash. This model was684

selected based on internal evaluations balancing performance, cost, and API availability at the time of development. As685

presented in Table 1 of the main text, Gemini-2.0-flash offered best performance compared to other leading MLLMs tested,686

including OpenAI’s GPT-4o and Anthropic’s Claude-3.7-sonnet, while being significantly more cost-effective for large-scale687

processing. All interactions with MLLMs were performed via their respective official APIs using carefully engineered prompts688

designed for each specific sub-task within the extraction workflow.689

Domain-specific Models690

Specialized models were employed for tasks requiring high precision within specific domains (document parsing, molecule691

detection, OCSR).692

MinerU25: Utilized for initial PDF document preprocessing. MinerU performs layout analysis, Optical Character Recognition693

(OCR), and text block ordering to accurately extract textual content, images, tables, and their spatial relationships. We used the694

publicly available implementation (GitHub) with its default settings, leveraging its underlying PDF-Extract-Kit models and695

rule-based refinements for high-fidelity document parsing.696

MolParser32: Employed as the primary OCSR engine within the chemical structure extraction agent. MolParser is an end-to-697

end image-to-SMILES model trained via curriculum learning on diverse synthetic datasets, enabling it to recognize a wide698

range of chemical structures, especially Markush structures. We accessed MolParser’s capabilities through its provided web699

API.700
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MolMiner30: Used primarily for the initial detection of molecular structure depictions within document images. MolMiner701

integrates deep learning models (e.g., YOLOv5) for object detection. We utilized the MolMiner software downloaded from its702

repository (GitHub) for this detection step. Detected image snippets were then passed to MolParser for OCSR.703

YOLO31: While MolMiner was the primary detector, experiments were also conducted using standalone YOLO models for704

molecule detection as part of our component evaluation, confirming the effectiveness of deep learning-based detection. The705

YOLO model is available in GitHub.706

DECIMER50: An open-source platform for the identification, segmentation and recognition of chemical structure depictions707

in the scientific literature. In this work, DECIMER is employed as baseline for molecule detecton and OCSR. The codes are708

downloaded from GitHub.709

MolScribe51: An image-to-graph OCSR model that explicitly predicts atoms and bonds, along with their geometric layouts, to710

construct the molecular structure. In this work, MolScribe is employed as baseline for OCSR. The codes are downloaded from711

GitHub.712

MolNexTR52: Another image-to-graph model fusing ConvNeXt and Vision Transformer architectures In this work, MolNexTR713

is employed as baseline for OCSR. The codes are downloaded from GitHub.714

Domain Tools715

Established cheminformatics tools were integrated for specific, rule-based chemical operations.716

OPSIN34: Used within the chemical structure extraction agent to convert textual representations of R-groups (IUPAC names)717

into SMILES strings. This conversion is crucial for enumerating Markush structures when substituents are described textually718

rather than graphically. We utilized the web service available at API.719

RDKit33: An open source toolkit for cheminformatics, including a collection of 2D and 3D molecular operations. In BIOMINER,720

RDKit is employed for zipping Markush scaffold SMILES and R-group SMILES into full structure SMILES. The RDKit can721

be installed by its tutorial.722

Implementation Details of Protein-ligand Bioactivity Prediction Model Training723

This section details the training settings of protein-ligand bioactivity prediction model for the large-scale data collection724

experiment (Figure 3).725

Overall Model. In this work, we implement a simple bioactivity prediction model to demonstrate the effectiveness of726

BIOMINER-extracted dataset. Formally, a data entry from the extracted set can be denoted as d = (p, l,v,P), where p is the727

protein name, l is the ligand SMILES, v is the bioactivity value, and P is the enriched protein 3D structure. We generate ligand728

3D structure L based on ligand SMILES by RDKit33. 3D protein and 3D ligand are represented as molecular G P and G L .729

Our model makes prediction based on protein graph G P and ligand graph G L :730

oP = GNNP(G P), (11)

oL = GNNL (G L ), (12)

v̂ = MLP(oP ||oL ), (13)

where GNNP and GNNL are two individual graph neural network (GNN) encoders for protein and ligand respectively. oP
731

and oL are graph representation after encoding. v̂ is the bioactivty predicted by a multi-layer perception (MLP) based on graph732

representation of ligand and protein. Four types of popular GNNs were used, including graph convolutional networks (GCN)42,733

graph attention network (GAT)39, AttentiveFP41, and equivariant graph neural network (EGNN)40.734

Ligand Graph. The input ligand L is first represented as a ligand graph G L = (V L ,E L ), where V L is the node set and735

node i represents the i-th atom in the ligand. Each node vL
i is also associated with an atom coordinate xL

i retrieved from the736

individual ligand structure P and an atom feature vector hL
i . The edge set E L is constructed according to the spatial distances737

among atoms. More formally, the edge set is defined to be:738

E L =
{
(i, j) : |xL

i − xL
j |2 < cutL ,∀i, j ∈ V L

}
, (14)

where cutL is a distance threshold, and each edge (i, j) ∈ E L is associated with an edge feature vector eL
i j . The node and edge739

features are obtained by OpenBabel53.740

Protein Graph. For protein Graph G P = (V P ,E P), V P is the node set and the node i represents the i-th residue in the741

protein. Each node vP
i is also associated with an Cα coordinate of the i-th residue xP

i retrieved from the individual protein742

structure and a residue feature vector hP
i . The edge set E P is constructed according to the spatial distances among atoms.743

More formally, the edge set is defined to be:744

E P =
{
(i, j) : |xP

i − xP
j |2 < cutP ,∀i, j ∈ V P

}
, (15)
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where cutP is a distance threshold, and each edge (i, j) ∈ E P is associated with an edge feature vector eP
i j . The edge features745

are obtained following54. As for the node features, they are obtained following55.746

Datasets. For pre-training, the dataset is the BIOMINER-extracted dataset, comprising 67,953 protein-ligand-bioactivity data747

points extracted from 11,683 EJMC articles. For fine-tuning, the PDBbind v2016 refined set is employed, with 3,390 data for748

training and 377 data for validation. The final testing is conducted on PDBbind v2016 Core Set (N=285) and CSAR-HiQ Set749

(N=135).750

Training Procedure. The models were trained using Adam56 with an initial learning rate of 10−3 and an L2 regularization751

factor of 10−6. The learning rate was scaled down by 0.6 if no drop in training loss was observed for 10 consecutive epochs.752

The dropout value was set to 0.1 and batch size was set to 256 and 64 for pre-training and fine-tuning respectively. The mean753

squared error (MSE) between predicted and true log-transformed bioactivity values is employed as training loss for both754

pre-training and finetuning. For pre-training, the number of training epochs was set to 100 with an early stop of 20 epochs,755

while for fine-tuning, the number of training epochs was set to 1000 with an early stopping rule of 70 epochs if no improvement756

in the validation performance was observed.757

Details of Human-in-the-loop NLRP3 Bioactivity Data Collection758

This section elaborates on the Human-in-the-Loop (HITL) workflow used to curate NLRP3 bioactivity data (Figure 4).759

Literature Identification. Relevant publications reporting NLRP3 inhibitor bioactivity were identified through keyword760

searches (e.g., "NLRP3 inhibitors") within journals covered by ChEMBL, supplemented by reviewing recent review articles on761

NLRP3. This yielded 85 primary research articles.762

HITL Workflow. In the HITL workflow, human experts focus on review the intermediate results of chemical structure763

extraction agent and bioactivity measurement extraction agent. Firstly, molecule detection and OCSR results are carefully764

checked to ensure the accuracy of following full structure recognition. As shown in Figure S2, the check of this step is765

conducted in the MolMiner platform. Based on the corrected detected and recognized structures, human experts then check766

the results of full structure coreference recognition and Markush structure enumerating. This step is conducted by directly767

modifying the intermediate results (Figure S4 and S3). The final check is the bioactivity measurement, and the check process is768

similar to the check of full structure coreference recognition. Due to the clear and structured intermediate data, t he whole769

process will not cost too much effort, leading to the collection of 1,592 high-quality NLRP3 bioactivity data points from the 85770

papers in approximately 26 person-hours.771

Details of NLRP3 QSAR Model Training and Inhibitor Screening772

To demonstrate the effectiveness of BIOMINER-collected data, we train QSAR models based on ChEMBL data and BIOMINER773

data respectively and compare their performance (Table S5 and S6).774

Dataset. For training QSAR models, we only keep IC50 bioactivity data about IL-1β . After this filter, 503 ChEMBL data775

and 994 BIOMINER data remain. We then apply a data split based on the scaffold of the merge set of ChEMBL data and776

BIOMINER data with train:test ratio of 4:1. After remove duplicate data between ChEMBL data and BIOMINER data, we777

obtain a test set with 213 data for testing models trained on 436 ChEMBL data or 770 BIOMINER data.778

Ensemble QSAR Models Training and Testing. We trained 2D QSAR models based on two molecule features, Extended-779

connectivity fingerprints (ECFP)45 and Chemically Advanced Template Search (CATS)46. Both regression and classification780

models are trained. For regression, −log10(IC50) is set as the training target, and the models we employed are Liner Regression,781

Ridge Regression, Lasso Regression, ElasticNet Regression, Support Vector, K-Nearest Neighbors, Decision Tree, Random782

Forest, Gradient Boosting, XGBoost, and Multi-layer Perceptron. For classification, 10uM is set the threshold to determine783

positive and negative samples. As a result, BIOMINER set contains 443 positive data and 327 negative data, and ChEMBL784

set contains 191 positive data and 245 negative data. Particularly, we follow57 to randomly select ligand SMILES has not785

appeared in training set from the whole ChEMBL dataset as negative data to augment the positive and negative ratios of the786

training and testing sets for model training and testing to 1:4 and 1:128. Classification models we employed including Support787

Vector Machine (SVM), Random Forest, Logistic Regression, Decision Tree, XGBoost, Multi-layer Perceptron, and K-Nearest788

Neighbors. Due to the limited training data, we create ensemble QSAR model by 5-fold cross-validation. The final prediction789

of the ensemble QSAR model is the average of 5 models yielded by 5-fold cross-validation.790

Inhibitor Screening Based on the test results Table S5 and S6, models trained on BIOMINER data significantly better than791

trained on ChEMBL. We finally choose SVM model with ECFP feature and Random Forest model with CATS feature for792

further inhibitor screening. Two commercially available compound libraries were screened: ChemDiv (approx. 1.67 million793

compounds) and Enamine REAL Space (approx. 4.41 million compounds). Two ensemble models were used individually. The794

SVM ECFP model identified 794 and 1,743 positive data from ChemDiv and Enamine respectively. And Random Forest CATS795

model screened 510 and 637 respectively. The predicted active molecules were further filtered based on their ECFP similarity796

to the reported active molecules in the BIOMINER collection, using a similarity cutoff of 0.4, thereby yielding molecules797
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with novel structures. Glide-XP58 was employed for subsequent docking simulations to model the interactions between the798

molecules and NLRP3, with the NLRP3 structure derived from the crystal structure 9GU4. Next, the molecules obtained799

after PAINS and drug-likeness filtering were clustered based on ECFP fingerprints. The binding modes of the molecules were800

manually inspected, and up to three representative molecules were selected from each cluster. Finally, molecular dynamics (MD)801

simulations were performed for 16 molecules, and the binding free energies were calculated using the end-state MM/PBSA802

method59. Each molecule was independently run three times.803

System Preparation We collected 7 NLRP3 holo structures from PDB60: 7ALV, 7PZC, 8ETR, 8RI2, 8WSM, 8ZEM and804

9GU4. All structures were prepared using the Protein Preparation wizard61, including bond order assignment, hydrogen805

addition, repair of missing side chain atoms, generation of protonation states using PROPKA62, and optimization of hydrogen806

bonding networks at pH = 7, followed by a restrained minimization which only allows hydrogen atoms movable. The final807

structures were obtained by modeling the missing loops with MODELLER software63. Notably, all crystallization additives808

were removed, while ADP was retained in the final structure. Molecular structures were prepared using Schrödinger’s LigPrep809

module, initialized from SMILES representations. Preparation parameters included: (1) tautomer generation via Epik (pH 7.0 ±810

1.0) and (2) stereoisomer enumeration (maximum 16 per compound). Default protonation states were maintained using both811

Epik and PROPKA.812

Glide-XP Docking To perform ligand docking simulation, we used Glide58 in the XP (extra precision) mode from Schrödinger813

suite64 (2021-3 release). The docking grid box was centered on the ligand from the crystal structure 9GU4. The grid outer814

box size was defined as 16 Å+ 0.8 × diameter, where diameter represents the maximum interatomic distance within the815

ligand, whereas the inner box size was fixed to 15 Å. Halogen atoms were treated as hydrogen bond acceptors, while aromatic816

hydrogens were considered as potential hydrogen bond donors. All other docking parameters were set to default. For subsequent817

analysis of the docking results, only the top-scoring pose from Glide was retained.818

Molecular Dynamics Simulations We used the GROMACS2021 software to perform MD simulations for docked structures819

of identified hits and collected PDB structures. TIP3P water model and CHARMM36m forcefield65 were employed, and820

ligand/ADP were parameterized using CGenFF forcefield66. 0.15 M sodium and chloride ions were added to neutralize the821

system’s charge. Energy minimization and equilibration followed the default protocol of CHARMM-GUI67. Subsequent MD822

production runs of 100 ns were independently conducted three times at a temperature of 310.15 K and 1 bar using V-rescale823

thermostat and isotropic Parrinello-Rahman barostat, respectively. The final MD trajectories were analyzed and visualized824

using PyMOL software. The last 10 ns frames were evenly taken to compute MM/PBSA by gmx_MMPBSA59.825

Details of PoseBusters Structure-bioactivity Annotation826

This section details the workflow used to for the annotation of the PoseBusters benchmark24 with corresponding bioactivity827

data (Figure 5)828

Dataset. The PoseBusters benchmark dataset (version 2, comprising 308 data points) served as the target for annotation. Of the829

308 complex structures in PoseBusters, 252 were associated with corresponding literature references. From these, 242 data830

points were utilized for analysis. The first 10 entries were excluded to allow familiarization with the extraction framework,831

enabling a comparison of extraction accuracy and efficiency between purely human annotators and BIOMINER.832

Automated Matching Strategy. For each publication associated with a PoseBusters PDB entry, BIOMINER extracted all833

potential protein-ligand-bioactivity triplets. The SMILES string of the ligand in the PDB entry (sourced from the Protein Data834

Bank) was compared to SMILES strings extracted by BIOMINER from the publication. Ligand similarity was quantified using835

the Tanimoto coefficient, calculated based on ECFP4 fingerprints generated with RDKit. Exact matches (Tanimoto coefficient836

= 1.0) were prioritized. Extracted bioactivity data points were then ranked by ligand similarity score. For candidates with837

a similarity score of 1.0, BIOMINER selected the best match by comparing the protein name associated with the extracted838

bioactivity data to the structure title of the PDB entry, leveraging the MLLM Gemini.839

HITL Process. An expert reviewer was provided with the PDB ID, the PDB ligand structure, and the associated publication.840

The BIOMINER system presented a ranked list of extracted bioactivity triplets for the publication, with the top-ranked match841

highlighted. Source context, including text snippets and table excerpts, was readily accessible to support verification. The842

expert’s task was to confirm the accuracy of the top-ranked match. If incorrect, the expert could select the appropriate bioactivity843

value from the ranked list. For structures lacking extracted data, the expert could quickly skip to the next entry. The average844

review time, approximately 2 minutes per publication, was determined by timing expert interactions across a representative845

subset of PoseBusters entries during the annotation process.846

Fully Automated Performance Analysis. Figure 5 presents the extraction error and data type analyses, detailed below.847

Error Analysis: Waterfall plots (Figure 5(b) and (c)) evaluate the following criteria:848

• Found Bioactivity: Bioactivity data identified for the complex (correct or incorrect).849

• Found all Bioactivity: All correct bioactivity data extracted, accounting for multiple experimental settings per structure.850
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• Protein Correct: Target protein correctly identified in extracted bioactivity data.851

• Ligand Correct: Target ligand correctly identified in extracted bioactivity data.852

• In the Appendix: Successfully extracted correct bioactivity located in the publication’s appendix file.853

Different Data: Figure 5(e) and (f) quantify the following data categories:854

• No Extracted Bioactivity (69): Cases where BIOMINER found no bioactivity data.855

• No Extracted Success (68): Cases where BIOMINER found no bioactivity, with manual checks confirming absence in 68/69856

instances (one case had data only in the supporting information file).857

• Struc. Match Bioactivity (58): Cases where at least one extracted bioactivity had a SMILES string exactly matching the PDB858

ligand (similarity = 1.0).859

• Match Success (50): Subset of Structure-Matched Bioactivity where the correct bioactivity was among the matched data860

(ligand similarity=1.0).861

• Auto. Select (46): Subset of the Struc. Match Bioactivity cases where BIOMINER assume the correct bioactivty exists in the862

matched (ligand similarity=1.0) data and select the best match one based on protein name and structure tile of the PDB entry.863

• Select Success (34): Subset of Auto. Selection where manual validation confirmed the selected bioactivity as correct.864

Technical Tricks of BIOMINER865

Beyond the core architecture, two specific strategies are implemented in BIOMINER to enhance its robustness and effectiveness.866

Divide-and-conquer Strategy.867

This strategy directly addresses limitations in MLLM processing capacity when handling dense visual information, particularly868

for chemical structure extraction (coreference recognition and Markush enumeration, see Figure 1(b)). Scientific publications869

often present multiple chemical structures on a single page, ranging from a few to several dozen. Our empirical analyses870

revealed a correlation: as the number of detected structure bounding boxes provided as input to the MLLM increases, the871

likelihood of errors in both identifying explicit full structure coreferences and correctly enumerating Markush structures also872

rises. This is likely due to challenges in context management and attention allocation within the MLLM when faced with873

numerous distinct visual elements requiring detailed analysis. To mitigate this, we employ a divide-and-conquer strategy874

tailored to the specific sub-task:875

• For explicit full structure coreference recognition: Pages with a high density of detected structures undergo hierarchical876

partitioning. First, the page image is segmented into logical units (e.g., figures, tables) based on the layout analysis. If an877

individual segment (like a single figure panel) still contains numerous explicit structures, the MLLM processes the bounding878

boxes within that segment iteratively in smaller, more manageable subsets (typically 4 boxes). This adaptive partitioning879

reduces the computational load and attentional demands on the MLLM during each inference step, thereby improving the880

accuracy of linking structure depictions to their textual references.881

• For Markush structure enumeration: For pages containing Markush structures, segmentation is also performed based882

on layout analysis, isolating figures or tables. However, no further sub-partitioning is performed, as it risks separating a883

Markush scaffold from its associated R-group definitions, rendering enumeration impossible. The MLLM processes Markush884

structures on a figure-by-figure basis, assuming that components of a single Markush definition are typically contained within885

the same figure panel identified by the layout analysis. This ensures semantic coherence is maintained during processing.886

By adapting the input granularity based on the task and layout context, this strategy enables BIOMINER to handle pages with887

high structural complexity effectively, enhancing the reliability of chemical structure extraction.888

Prompt Updating Strategy.889

The performance of MLLMs is highly sensitive to the quality and specificity of the instructional prompts provided. Given the890

nuanced requirements of extracting protein-ligand bioactivity data – involving cross-modal reasoning, specific formatting for891

chemical structures (SMILES), and precise identification of bioactivity values and units – crafting optimal prompts is crucial892

for BIOMINER’s success. We adopted an iterative prompt refinement methodology. This involved:893

• Initial Prompt Design: Developing baseline prompts based on a detailed description of each sub-task (e.g., structure894

coreference, bioactivity measurement extraction, Markush enumeration).895
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• Output Generation & Evaluation: Applying these prompts within BIOMINER to process a development subset of documents896

(drawn from data similar to BIOVISTA). Evaluating the generated outputs against ground truth using both quantitative metrics897

and qualitative error analysis.898

• Analysis and Refinement: Identifying patterns in errors, ambiguities in MLLM interpretation, or incomplete outputs.899

Modifying the prompts based on this analysis – adjustments included clarifying instructions, adding few-shot examples,900

refining output format specifications, or explicitly instructing the model on how to handle edge cases.901

• Iteration: Repeating steps 2 and 3 until performance metrics on the development set stabilized or reached a desired threshold,902

indicating that the prompts were effectively guiding the MLLM towards accurate and consistent task execution.903

Ablation Study of BIOMINER904

To obtain a deep understanding of BIOMINER’design, we present a comprehensive ablation study. The ablation study results905

are shown in Table S4, and the details of each experimental setting are described below. The full BIOMINER system serves as906

the baseline for comparison.907

• w/o MinerU: This ablation uses PyPDF2 rather than MinerU for pdf parsing. Without the performing of layout analysis, we908

can not isolate surrounding text of vision data (figure, tables) and can not use the divide-and-conquer strategy when extracting909

chemical structures.910

• w/o YOLO for Tables: This ablation removes the employ of YOLO model for detecting molecules within segmented tables.911

• w/o 1D R-Group Processing: This ablation removes the convertion of Markush 1D R-Groups (IUPAC, chemical formula,912

and abbreviation) to SMILES.913

• w/o Divide-and-conquer: This ablation removes the divide-and-conquer strategy used in chemical structure extraction.914

• w/o Prompt Updating: This ablation uses the initial prompt rather than updated prompt.915
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Prompt of Four Agents in BIOMINER916

Prompt for extracting bioactivity data from text data

System Message:
You are a scientific paper-reading assistant.

User Message:
Task: Extract all protein-ligand bioactivity data from the provided scientific literature text.

Instructions:

1. The following context is the text of a scientific literature. Extract protein-ligand bioactivity data from the context.

2. Protein-ligand bioactivity data consists of three components:
Protein: The name of the protein.
Ligand: The ligand coreference in the paper.
bioactivity: The bioactivity measurement, which includes:
(1) Type: One of "IC50", "Kd", or "Ki".
(2) Value: The numerical value of the bioactivity measurement.
(3) Unit: The unit of the bioactivity measurement (e.g., nM, µM, mM).

3. Output the extracted data in the following JSON format strictly:"json“‘["protein": "protein name", "ligand": "ligand coreference" , "bioactivity": "type": "ki/kd/ic50", "value":
"bioactivity value", "unit": "bioactivity unit"]“‘"

4. Only consider protein-ligand bioactivity measurements of type "IC50", "Kd", or "Ki". Ignore other types of bioactivity measurements.

Text Context of the Paper: [Text context]

Expected Answer: "json“‘["protein": "", "ligand": "" , "bioactivity": "type": "", "value": "", "unit": "", ...]“‘"

917

Prompt for extracting bioactivity from figure and tables

System Message:
You are a scientific paper-reading assistant

User Message:
Task: Extract all protein-ligand bioactivity data from the provided image.

Instructions:

1. The provided image is from a scientific literature. Extract protein-ligand bioactivity data from the image.

2. Protein-ligand bioactivity data consists of three components:
Protein: The name of the protein.
Ligand: The ligand coreference in the paper.
bioactivity: The bioactivity measurement, which includes:
(1) Type: One of "IC50", "Kd", or "Ki".
(2) Value: The numerical value of the bioactivity measurement.
(3) Unit: The unit of the bioactivity measurement (e.g., nM, µM, mM).

3. Output the extracted data in the following JSON format strictly:"json“‘["protein": "protein name", "ligand": "ligand coreference" , "bioactivity": "type": "ki/kd/ic50", "value":
"bioactivity value", "unit": "bioactivity unit"]“‘"

4. Only consider protein-ligand bioactivity measurements of type "IC50", "Kd", or "Ki". Ignore other types of bioactivity measurements.

[Image of a PDF page]

Expected Answer: "json“‘["protein": "", "ligand": "" , "bioactivity": "type": "", "value": "", "unit": "", ...]“‘"

918
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Prompt for extracting explicit full molecule coreference

System Message:
You are a scientific paper-reading assistant

User Message:
Task: Recognizing the identifier for every molecule within the plotted red box in provided picture.

Instructions:

1. This picture is a page of a scientific paper.

2. In the figure, there are some 2D molecule structures. We plot red boxes for detected molecules. Each red box has an box index (red number) on the left top corner.

3. For each 2D molecule structure, their usually exist identifier as the coreference for this moleucle in the paper.

4. We already have employed optical molecule structure recognition model to recognize the SMILES of the detected molecules.

5. At this time, we want align the molecule SMILES and identifier in the paper by the box index.

6. Therefore, you need to recognize the identifier for each detected molecule (in the red box).

7. Please outputing the results in this json format: "json“‘["index": "box index of the detected molecule", "identifier": "coreference of the molecule in the paper"]“‘"

8. The box index of detected molecules are: <index></index>. Therefore, in the result, the box index must be in them.

[Image of a PDF page]

Expected Answer: "json“‘["index": "", "identifier": ""]“‘"

919

Prompt for enumerating Markush structures

System Message:
You are a scientific paper-reading assistant

User Message:
Task: Extracting R-group for each molecular scaffold.

Instructions:

1. Identify Scaffolds and R-groups:

Locate the red boxes in the image and note the artificial index (red number) in the top-left corner. Classify each structure in the red box as either a molecular scaffold or an
R-group. For each scaffold, identify all associated R-groups. A complete molecule consists of one scaffold and one or more R-groups.

2. R-group Naming:

Name R-groups based on their position (e.g., R1, R2, R3, X, Y) as indicated in the image or table. If an R-group is not in a red box, provide its chemical expression.

3. Output Format:
Use the following JSON format for each scaffold and its R-groups: "json“‘["scaffold": "artificial index of scaffold","R-group": "name of R-group1": "artificial index of R-group1
or chemical expression",...,"identifier": "compound identifier from the table or image"]“‘"

4. Additional Notes:

Ensure that the scaffold and R-group indices match those in the image. Map the compound identifiers from the table to the corresponding structures in the image.

5. For scaffolds and R-groups that are not text-format, their artifical index must in the following indexs: <index></index>

[Image of a PDF page]

Expected Answer: "json“‘["scaffold": "","R-group": "name of R-group1": "",...,"identifier": ""]“‘"

920
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Supplementary Figures921
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Figure S1. BIOVISTA construction process and analysis of data statistics. (a) The construction of BIOVISTA consists of four
steps. (b) Distribution of bioactivity data. Only Ki, Kd, and IC50 data are collected in BIOVISTA. Most of data are come from
tabular data. (c) Comparison between BIOVISTA and SciAssess, a previous dataset contains limited bioactivity data.

Figure S2. The interface of MolMiner platform. The molecule detection and OCSR results are checked in the MolMiner in
the human-in-the-loop bioactivity data extraction workflow.
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Figure S3. Success case study of BIOMINER. (a) The input page for BIOMINER with layout analysis result. Particularly, the
indexes and color paint for layouts are only for visualization and are not included in the input page. (b) The extraction result of
BIOMINER. In this case, BIOMINER extracts the bioactivity data and enumerates Markush structures successfully.

7 8

9

23
4

01

56

[{“Index": "0",
“Ligand”: "3"},

{“Index": "1",
“Ligand”: "1”},

{“Index": "5",
“Ligand”: "4”},

{“Index": "6",
“Ligand”: "2"}]

[ {"scaffold": “6",
"R-group": {

"R1": "5",
"R2": “2"},

“Ligand": “A"},
{"scaffold": “8",
"R-group": {

"R1": “7",
"R2": “8"},

“Ligand": “8a"}, 
{"scaffold": “8",
"R-group": {

"R1": “10",
"R2": “9"},

“Ligand": “8b"}, 
{"scaffold": “8",
"R-group": {

"R1": “11",
"R2": “12"},

“Ligand": “8c"}, 
{"scaffold": “8",
"R-group": {

"R1": “14",
"R2": “13"},

“Ligand": “8d"}, 
{"scaffold": “8",
"R-group": {

"R1": “15",
"R2": “16"},

“Ligand": “8e"}]

[ {“Protein”: “hDDAH-1”, 
“Ligand”: “1”,
“Bioactivity”: “Ki=13uM”},

{“Protein”: “hDDAH-1”, 
“Ligand”: “2”,
“Bioactivity”: “Ki=1uM”},

{“Protein”: “hDDAH-1”, 
“Ligand”: “3”,
“Bioactivity”: “Ki=2uM”},

{“Protein: “hDDAH-1”, 
“Bioactivity : “4”,
“Affinity”: “Ki=1.3uM”},

{“Protein” : “DDAH”, 
“Ligand” : “8a”,
“Bioactivity” : “Ki=18uM”},

{“Protein” : “DDAH”, 
“Ligand” : “1”,
“Bioactivity” : “Ki=13uM”}] 

[{"scaffold": “2",
"R-group": {

"R1": “7",
"R2": “8"},

“Ligand": “8a"}, 
{"scaffold": “2",
"R-group": {

"R1": “10",
"R2": “9"},

“Ligand": “8b"}, 
{"scaffold": “2",
"R-group": {

"R1": “11",
"R2": “12"},

“Ligand": “8c"}, 
{"scaffold": “2",
"R-group": {

"R1": “14",
"R2": “13"},

“Ligand": “8d"}, 
{"scaffold": “2",
"R-group": {

"R1": “15",
"R2": “16"},

“Ligand": “8e"}]

BioMiner Human

(a) (b) (c)

Bioactivity 

Measurement

Markush 

Structures

Full

Structures

Figure S4. Failed case study of BIOMINER. (a) The input page for BIOMINER with layout analysis result. Particularly, the
indexes and color paint for layouts are only for visualization and are not included in the input page. (b) The extraction result of
BIOMINER. In this case, BIOMINER fails to determine the artificial indices of the Markush scaffold. (c) The corrected result.
If in the human-in-loop workflow, human experts will check these intermideate results and correct error cases.
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Figure S5. Distribution of Top-50 protein targets in 67,953 bioactivity data extracted from 11,683 papers.

(a) (b) (c)

Figure S6. Different types of commonly used Markush structures. The Markush parts are marked in blue boxes. (a) Variable
substitutions (R-groups). (b) Repeating substructures. (c) Variable attachment position. In this work, we focus on handle the
first type Markush structure with variable substitutions.

(a) (b) (c)

(d) (e) (f)

Figure S7. Different commonly used plotting styles of attachment points in Markush R-groups. Attchment points are marked
in red boxes. These various plotting styles propose challenges for OCSR methods to accurately recognize attachment points,
especially for type (b),(c),(d),(e), and (f).
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Figure S8. The workflow of NLRP3 inhibitor screening. The structures of 16 molecules are depicted in Table S7
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Supplementary Tables922

Table S1. Evaluation metrics, and data statistics of BIOVISTA’s six evaluation tasks

Tasks Metric Input Ground-truth Labels

Bioactivity Triplet Extraction F1, Precision, Recall 500 Papers 16,457 bioactivity
Structure-Bioactivity Annotation Recall@N 500 structure-paper pairs 500 structure-bioactivity pairs
Molecule Detection Average Precision 500 Papers 11,212 boundary boxes
OCSR Accuracy 8,861 2D molecule structure depictions 8,861 SMILES
Full Structure Coreference Recognition F1, Precision, Recall 962 Augmented Images 5,105 full structure-coreference pairs
Markush Enumeration F1, Precision, Recall 355 Augmented Images 3,513 Markush Scaffold-R Group-Coreference Pairs

Table S2. Performance of different molecule detections models on BIOVISTA. Different evaluation metrics are listed. The
best results are bolded.

Metrics YOLO MolMiner BIOMINER

mAP 0.648 0.878 0.857
AP50 0.846 0.899 0.929
AP75 0.752 0.876 0.892
AP-Small 0.000 0.000 0.185
AP-Large 0.720 0.932 0.922

Table S3. Performance of different OCSR models on BIOVISTA. Different chemical structure types are differentiated. Here
the evaluation metric are accuracy. The best results is bolded.

Structure Types MolMiner MolScribe MolNexTR DECIMER MolParser

Full 0.774 0.703 0.695 0.545 0.669
Chiral 0.497 0.481 0.419 0.326 0.352
Markush 0.185 0.156 0.045 0.000 0.733

All 0.507 0.455 0.401 0.298 0.703

Table S4. Ablation study of BIOMINER. Explanation of these variant are presented in previous section.

Method Structure w/ Coreference Bioactivity Measurement Bioactivity Triplet Bioactivity-Structure Matching

Recall Precision F1 Recall Precision F1 Recall Precision F1 Top-1 Top-3 Top-10

BIOMINER 0.440 0.454 0.447 0.594 0.486 0.535 0.244 0.195 0.217 0.346 0.544 0.686

w/o MinerU 0.428 0.440 0.434 0.609 0.462 0.525 0.240 0.179 0.205 0.314 0.508 0.708
w/o YOLO for Tables 0.442 0.461 0.451 0.594 0.486 0.535 0.242 0.193 0.215 0.350 0.548 0.698

w/o 1D R-Group Processing 0.412 0.461 0.435 0.594 0.486 0.535 0.225 0.178 0.199 0.334 0.524 0.668
w/o Divide-and-conquer 0.426 0.440 0.433 0.594 0.486 0.535 0.243 0.194 0.212 0.352 0.542 0.698

w/o Prompt Update 0.423 0.452 0.437 0.556 0.490 0.521 0.226 0.199 0.212 0.280 0.460 0.612
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Table S5. Performance of classification QSAR models with different training data and features. The best results are bolded.
Models trained on BIOMINER set achieves generally better performance compared to trained on ChEMBL dataset.

Models Feature Training Data Acc AUROC BEDROC EF1% Precision Recall MCC

SVM CATS BIOMINER 0.9724 0.8763 0.6116 47.7778 0.1509 0.5532 0.2792
Random Forest CATS BIOMINER 0.9967 0.9493 0.8528 76.4444 0.9350 0.6117 0.7548
Logistic Regression CATS BIOMINER 0.9640 0.8884 0.6028 40.8765 0.1239 0.6011 0.2618
Decision Tree CATS BIOMINER 0.9728 0.8977 0.6684 55.2099 0.1722 0.6596 0.3280
XGBoost CATS BIOMINER 0.9949 0.9530 0.8329 71.1358 0.6684 0.6755 0.6694
Multi-layer Perceptron CATS BIOMINER 0.9915 0.9297 0.7980 69.0123 0.4662 0.6968 0.5659
K-Nearest Neighbors CATS BIOMINER 0.9293 0.9029 0.6799 49.3704 0.0784 0.7553 0.2289

SVM CATS ChEMBL 0.9779 0.8189 0.5284 39.2840 0.1651 0.4574 0.2658
Random Forest CATS ChEMBL 0.9947 0.8413 0.6089 52.0247 0.8315 0.3936 0.5700
Logistic Regression CATS ChEMBL 0.9659 0.8453 0.5208 37.1605 0.1166 0.5160 0.2339
Decision Tree CATS ChEMBL 0.9766 0.7986 0.4780 35.5679 0.1523 0.4415 0.2499
XGBoost CATS ChEMBL 0.9915 0.8544 0.5636 45.1235 0.4509 0.4149 0.4283
Multi-layer Perceptron CATS ChEMBL 0.9844 0.8435 0.5866 48.3086 0.2526 0.5160 0.3541
K-Nearest Neighbors CATS ChEMBL 0.9370 0.7962 0.4901 33.4444 0.0649 0.5319 0.1698

SVM ECFP BIOMINER 0.9982 0.9774 0.9377 90.2469 0.9000 0.8617 0.8797
Random Forest ECFP BIOMINER 0.9968 0.9805 0.9240 84.9383 0.7707 0.8404 0.8032
Logistic Regression ECFP BIOMINER 0.9951 0.9808 0.9215 83.3457 0.6434 0.8351 0.7307
Decision Tree ECFP BIOMINER 0.9868 0.9354 0.8372 79.0988 0.3515 0.8245 0.5334
XGBoost ECFP BIOMINER 0.9968 0.9805 0.9240 84.9383 0.7707 0.8404 0.8032
Multi-layer Perceptron ECFP BIOMINER 0.9965 0.9736 0.9227 84.9383 0.7429 0.8298 0.7834
K-Nearest Neighbors ECFP BIOMINER 0.9803 0.9692 0.9195 82.8148 0.2724 0.9202 0.4949

SVM ECFP ChEMBL 0.9956 0.9656 0.8301 71.6667 0.8203 0.5585 0.6749
Random Forest ECFP ChEMBL 0.9957 0.9537 0.8489 78.0370 0.8673 0.5213 0.6705
Logistic Regression ECFP ChEMBL 0.9928 0.9446 0.7326 61.0494 0.5317 0.5798 0.5516
Decision Tree ECFP ChEMBL 0.9876 0.8470 0.6231 45.1235 0.3353 0.6064 0.4453
XGBoost ECFP ChEMBL 0.9951 0.9288 0.7331 62.6420 0.7329 0.5691 0.6434
Multi-layer Perceptron ECFP ChEMBL 0.9916 0.9287 0.7053 56.2716 0.4649 0.5638 0.5078
K-Nearest Neighbors ECFP ChEMBL 0.9861 0.9421 0.7936 65.8272 0.3205 0.7074 0.4705
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Table S6. Performance of regression QSAR models with different training data and features. The best results are bolded

Models Feature Training Data RMSE MSE Pearson Spearman

Linear Regression CATS BIOMINER 1.4463 2.0918 0.3296 0.2811
Ridge Regression CATS BIOMINER 1.1529 1.3293 0.3766 0.3231
Lasso Regression CATS BIOMINER 0.9706 0.9421 0.2862 0.3002
ElasticNet Regression CATS BIOMINER 1.0126 1.0253 0.2981 0.3126
Support Vector CATS BIOMINER 0.9288 0.8627 0.4449 0.4665
K-Nearest Neighbors CATS BIOMINER 0.9435 0.8902 0.4456 0.4247
Decision Tree CATS BIOMINER 0.9400 0.8836 0.4532 0.4813
Random Forest CATS BIOMINER 0.8256 0.6816 0.5679 0.5636
Gradient Boosting CATS BIOMINER 0.8437 0.7118 0.5599 0.5526
XGBoost CATS BIOMINER 0.7944 0.6310 0.5999 0.5947
Multi-layer Perceptron CATS BIOMINER 1.3748 1.8901 0.3359 0.3282

Linear Regression CATS ChEMBL 1.7879 3.1964 0.3035 0.1562
Ridge Regression CATS ChEMBL 1.3388 1.7924 0.3566 0.2753
Lasso Regression CATS ChEMBL 0.9589 0.9195 0.2645 0.3129
ElasticNet Regression CATS ChEMBL 1.0000 1.0000 0.2985 0.3470
Support Vector CATS ChEMBL 0.9092 0.8266 0.3849 0.4181
K-Nearest Neighbors CATS ChEMBL 1.1530 1.3294 0.2547 0.2685
Decision Tree CATS ChEMBL 1.0678 1.1403 0.4524 0.4308
Random Forest CATS ChEMBL 0.9716 0.9440 0.4861 0.4458
Gradient Boosting CATS ChEMBL 0.9856 0.9713 0.4466 0.3819
XGBoost CATS ChEMBL 0.9993 0.9986 0.4684 0.4406
Multi-layer Perceptron CATS ChEMBL 1.4640 2.1434 0.3144 0.2448

Linear Regression ECFP BIOMINER 1.2769 1.6304 0.3123 0.3054
Ridge Regression ECFP BIOMINER 0.8150 0.6643 0.5870 0.5447
Lasso Regression ECFP BIOMINER 0.9821 0.9646 nan nan
ElasticNet Regression ECFP BIOMINER 0.9821 0.9646 nan nan
Support Vector ECFP BIOMINER 0.7256 0.5265 0.6855 0.6759
K-Nearest Neighbors ECFP BIOMINER 0.7620 0.5807 0.6570 0.6303
Decision Tree ECFP BIOMINER 0.7995 0.6391 0.5909 0.585
Random Forest ECFP BIOMINER 0.7573 0.5734 0.6337 0.6181
Gradient Boosting ECFP BIOMINER 0.7804 0.6090 0.6184 0.5916
XGBoost ECFP BIOMINER 0.7130 0.5084 0.6861 0.6514
Multi-layer Perceptron ECFP BIOMINER 1.0278 1.0564 0.5242 0.5294

Linear Regression ECFP ChEMBL 1.1000 1.2099 0.4037 0.3213
Ridge Regression ECFP ChEMBL 1.0406 1.0828 0.4430 0.3745
Lasso Regression ECFP ChEMBL 0.9637 0.9287 nan nan
ElasticNet Regression ECFP ChEMBL 0.9637 0.9287 nan nan
Support Vector ECFP ChEMBL 0.8524 0.7265 0.5500 0.5232
K-Nearest Neighbors ECFP ChEMBL 1.0046 1.0092 0.4758 0.4124
Decision Tree ECFP ChEMBL 1.0069 1.0138 0.4009 0.3567
Random Forest ECFP ChEMBL 0.9065 0.8217 0.4825 0.4284
Gradient Boosting ECFP ChEMBL 0.9363 0.8767 0.4839 0.4234
XGBoost ECFP ChEMBL 0.9548 0.9116 0.4759 0.4234
Multi-layer Perceptron ECFP ChEMBL 1.4290 2.0422 0.3152 0.3261
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Table S7. MM/PBSA results of screened inhibitors. Experiments are independently performed three times to calculate
∆G(kcal/mol)(mean±SEM).

Type Compounds ∆G(kcal/mol) Structure
QSAR
Model

Max ECFP
Similarity

Nearest
Reported
Structure

Hits

4477-1943 -33.46 ± 1.69 RF-CATS 0.186

6173-0372 -39.97 ± 0.19 RF-CATS 0.232

G851-0706 -32.08 ± 0.61 RF-CATS 0.221

L087-0119 -35.88 ± 2.95 RF-CATS 0.218

Z1166111962 -35.91 ± 1.48 RF-CATS 0.156

Z1798181064 -29.87 ± 0.94 SVM-ECFP 0.211

Continued on next page...
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Table S7. MM/PBSA results (Continued)

Type Compounds ∆G(kcal/mol) Structure
QSAR
Model

Max ECFP
Similarity

Nearest
Reported
Structure

Z1868696094 -25.89 ± 0.97 RF-CATS 0.232

Z2038261672 -36.60 ± 1.27 SVM-ECFP 0.170

Z2440402593 -35.32 ± 1.66 SVM-ECFP 0.195

Z27873501 -33.34 ± 2.81 RF-CATS 0.303

Z4212990401 -28.28 ± 1.33 SVM-ECFP 0.189

Z5232931194 -43.33 ± 2.52 SVM-ECFP 0.188

Continued on next page...
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Table S7. MM/PBSA results (Continued)

Type Compounds ∆G(kcal/mol) Structure
QSAR
Model

Max ECFP
Similarity

Nearest
Reported
Structure

Z6739821465 -36.30 ± 2.73 SVM-ECFP 0.288

Z6739936901 -38.95 ± 0.02 SVM-ECFP 0.318

Z7765335303 -28.63 ± 0.70 SVM-ECFP 0.195

Z8148596279 -46.99 ± 2.48 SVM-ECFP 0.275

PDB

NP3-146 (7ALV) -47.11 ± 3.38 - - -

MCC950 (7PZC) -37.76 ± 0.90 - - -

Continued on next page...
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Table S7. MM/PBSA results (Continued)

Type Compounds ∆G(kcal/mol) Structure
QSAR
Model

Max ECFP
Similarity

Nearest
Reported
Structure

GDC-2394 (8ETR) -52.44 ± 1.46 - - -

NP3-562 (8RI2) -36.75 ± 0.68 - - -

Compound 32 (8WSM) -44.28 ± 0.94 - - -

SN3-1 (8ZEM) -48.91 ± 3.90 - - -

NP3-253 (9GU4) -47.93 ± 0.71 - - -
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