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Introduction (1/6) 

◆ Alon Albalak, Yanai Elazar, Sang Michael Xie, Shayne Longpre, Nathan Lambert, Xinyi Wang, Niklas Muenninghoff, Bairu Hou, 

Liangming Pan, Haewon Jeong, Colin Raffel, Shiyu Chang, Tatsunori Hashimoto, and William Yang Wang, 2024. A Survey on Data Selection 

for Language Models. arXiv: 2402.1827.  



• In an era of rapid economic development, science, technology, and 

industry interact and develop together. Scientific research and 

technology development promote the rapid progress of industry, while 

the progress of industry in turn becomes an important driving force for 

scientific research and technology development (Savage, 2017).  
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• As early as in the early 1990s, scholars noticed the close connection 

among science, technology, and industry, and conducted relevant 

research from the perspective of innovation (Faulkner, 1994; Marburger III, 2011; Ji 

& Zhao, 2016; Xu et al., 2018).  

 

• Scientific publications, patents, and products/services are usually viewed 

as respective proxies of scientific research, technological development, 

and industrial progress (Wong & Fung, 2017; Xu et al., 2024; Xu et al., 2025a; Wang et al. 

2024).  
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• Thematic structure based linkages among these three resources (Xu et al., 2023; Wang 

et al., 2024; Shibata et al., 2010; Xu et al., 2019, 2021; Ba & Liang, 2021) 

• Concordance table among science, technology, and industry classification systems 

(Wong & Fung, 2017; Verbeek et al., 2002; Han & Magee, 2018; 徐硕等, 2024，2025) 

• Academic inventors bridging science and technology (Wang & Guan, 2011; Forti et al., 2013; 

Xu et al., 2023; An et al., 2026) 

• Organizations across science, technology, and/or industry (Xu et al., 2026) 

• Mutual citations among scholarly articles, patents, and products (Narin & Noma, 1985; 

Glanzel & Meyer, 2003; Huang et al., 2015; Xu et al., 2025a ; An et al., 2026) 
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• The diversity and heterogeneity of the datasets and research fields used 

in each study make it difficult to directly compare and synthesize the 

understanding of different research results. 

• The studies on synergy among science, technology and industry are 
greatly under-studied.  

• A multi-source integrated dataset, STInt (Science-Technology-Industry 

interactions) (Xu et al., 2025b), which covers document entities, researcher 

entities, organization entities, classification entities, and rich semantic 

relationships among them.  

Introduction (6/6) 

◆ Shuo Xu, Zhen Liu, & Xin An, 2025b. STInt: An Integrated Dataset Covering Science, Technology and Industry Information in the 

Pharmaceutical Field. Scientific Data, Vol. 12, pp. 1056.  
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STInt Dataset: DrugBank 



STInt Datset: Construction Procedure 
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STInt Dataset: Knowledge Map 
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Construction: Document Entities 

• The drugs, and related  articles and 

patents are extracted from DrugBank 

XML file. 

 

• The detailed information about 

academic articles and patents is 

fetched from PubMed, WoS, EPO, 

PatSnap, and PatentsView databases. 



Construction: Citations among Documents (1/2) 

Drugs 

Patents Articles 

◆ Shuo Xu, Zhen Liu, Xin An, Hong Wang, & Hongshen Pang, 2025a. Linkages among Science, Technology, and Industry on the basis of 

main Path Analysis. Journal of Informetrics, Vol. 19, No. 1, pp. 101617.  



Construction: Citations among Documents (2/2) 
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Construction: Researcher Entities (1/2) 

• Name disambiguation (Xu et al., 2021) is 

used to disambiguate the authors and 

inventors.  

• Academic inventors are identified with 

customized matching rules, i.e. 

sameAs relationship between authors 

and inventors (Xu et al., 2023).  

◆ Shuo Xu, Ling Li, and Xin An, 2023. Do Academic Inventors have Diverse Interests? Scientometrics, Vol. 128, No. 2, pp. 1023-1053. 

◆ Shuo Xu, Liyuan Hao, Guancan Yang, Kun Lu, and Xin An, 2021. A Topic Models based Framework for Detecting and Forecasting 

Emerging Technologies. Technological Forecasting and Social Change, Vol. 162, pp. 120366. 



Construction: Researcher Entities (2/2) 

◆ Emiel Caron and Nees Jan van Eck, 2014. Large Scale Author Name Disambiguation using Rule-based Scoring and Clustering. 

Proceedings of the 19th International Conference on Science and Technology Indicators, pp. 79-86.  

◆ Shuo Xu, Liyuan Hao, Guancan Yang, Kun Lu, and Xin An, 2021. A Topic Models based Framework for Detecting and Forecasting 

Emerging Technologies. Technological Forecasting and Social Change, Vol. 162, pp. 120366. 



Construction: Organization Entities 



Construction: Classification Entities (1/3) 

ATC code for drugs 

• Anatomical Therapeutic Chemical (ATC) classification system is an 

international standard maintained by the World Health Organization (WHO) 

for drug classification.  

 

• It uses a five-level hierarchical system to organize drugs by anatomical 

groups, therapeutic/pharmacological subgroups, and specific chemical 

substances. 



Construction: Classification Entities (2/3) 

MeSH heading for articles & drugs 

• MeSH (Medical Subject Headings) is a standardized medical terminology 

system maintained by the U.S. National Library of Medicine (NLM).  

 

• Descriptors: Main topics or themes of a scholarly article or a drug.  

 

• Qualifiers: Additional detail about descriptors, such as specific attributes or 

perspectives. 



Construction: Classification Entities (3/3) 

IPC & CPC codes for patents 

• International Patent Classification (IPC): Managed by the WIPO, It has 

multiple levels, including section, class, subclass, main group, and subgroup. 

 

• Cooperative Patent Classification (CPC): Managed by the EPO and  

USPTO. CPC expands on IPC by introducing additional levels of subdivision, 

providing a more detailed classification structure. 
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Dataset Description: Document Entities 

Annual distribution of the number of articles and 

patents cited by drugs 

Annual distribution of the number of cited patents 

and sNPRs cited by the patents attached to drugs 

Annual distribution of the number of articles and patents cited 

by the articles attached to drugs  



Dataset Description: Researcher Entities 

Top 20 organizations in terms of number of academic inventors 

Top 20 organizations in term of number of authors. 

Authors Inventors 

Academic Inventors 



Dataset Description: Classification Entities 
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Dataset Usages: Commonalities & Specialties (1/13) 

• Xu et al. (2021) proposed a framework to detect the commonalities and 

specialties between scientific publications and patents from the perspectives 

of linguistic characteristics and thematic structures. 

◆ Shuo Xu, Ling Li, Xin An, Liyuan Hao, and Guancan Yang, 2021. An Approach for Detecting the Commonality and Specialty between 

Scientific Publications and Patents. Scientometrics, Vol. 126, No. 9, pp. 7445-7475. 



Dataset Usages: Commonalities & Specialties (2/13) 

◆ Thomas L. Griffiths, Mark Steyvers, David M. Blei, and Joshua B. Tenenbaum. Integrating Topics and Syntax. Advances in Neural 

Informatioin Processing Systems 17, 2005, pp. 537-544. 



Dataset Usages: Commonalities & Specialties (3/13) 

The HMM-LDA model can deal with them very well according to their contexts.  
• Term all in the first excerption does not carry any valuable information, and the term all in the second 

excerption expresses the same meaning as its long form acute lymphoblastic leukemia.  

• The term function also serves as a different role in the article with PubMed Identifier (PMID) 

10480573 and the patent with the patent number (PN) US10097388.  



Dataset Usages: Commonalities & Specialties (4/13) 

The measurement of linguistic complexity is two-fold: syntactic complexity and lexical 

complexity. This work mainly focuses on the linguistic characteristics of title and abstract parts 

of scholarly articles and patent documents.  



Dataset Usages: Commonalities & Specialties (5/13) 

• The  CDTM model (Hua et al. 2020) is revised to deal with the case of different number of 

special topics. 

• Several topics which are shared by all corpora are called common topics, while other topics 

locally owned by each respective corpus are referred to as specific topics.  

(a) The original CDTM model (b) The revised CDTM model 



Dataset Usages: Commonalities & Specialties (6/13) 

1. Nearly 80% word tokens are removed from these three corpora.  

2. Reduction rates for unique words are 11.83%, 13.43% and 63.20% for scientific publications, 

patents and WikiGold corpora, respectively.  

3. There seems no significant difference between S&T literature and generic texts in term of 

rate of word tokens, but a different pattern between them can be observed in term of rate of 

unique words.  

 



Dataset Usages: Commonalities & Specialties (7/13) 

• The overlapping syntactic function & semantic function words account for one fifth and 

more than half of unique words for scientific publications and patents respectively (25.86% 

vs. 18.92% and 53.55% vs. 64.08%).  

• This indicates that a large part of words used in the patents are also shared by scientific 

publications from a same domain.  

• Further, the nouns dominate the overlapping words. 



Dataset Usages: Commonalities & Specialties (8/13) 

• The HMM-LDA model recognizes common stopwords such as "a", "and" and "the" in the 
texts, and also identifies background function words such as "effect", "method" and 
"treatment" that do not contribute to thematic structure.  

• There are a certain number of overlapping semantic function words between scientific 
publications and patents, such as "receptor", "cancer" and "plasma" and syntactic function 
words such as "of", "and" and "treatment".  

• Several ambiguous words can be observed, such as "NUMBER" and "treatment", and 
corpus-specific syntactic function words, such as "clinical" and "invention".  



Dataset Usages: Commonalities & Specialties (9/13) 
• We benchmark our approach against TF-IDF based heuristic method.  

• To quantify how much the inferred thematic structures correlated with category labels from 
the document metadata.  

• The performance difference between these two approaches seems be independent from the 
number of topics.  

• The HMM-LDA model is superior to the TF-IDF based heuristic method.  



Dataset Usages: Commonalities & Specialties (10/13) 

Several linguistic characteristics are shared between scientific publications and patents.  

(1) Compared to semantic function words, the stopwords are mentioned multiple times in the texts;  

(2) The nouns are used most frequently;  

(3) Most verbs are syntactic function words which do not contribute to thematic structures;  

(4) The adjectives rank first in term of average length in original corpora;  

(5) The semantic function words mainly consist of longer terms.  

The customized linguistic characteristics between scientific publications and patents. 

(1) The scientific publications contain more word tokens than patents, and the titles in scholarly articles 

often use more clauses, while patent documents have usually longer sentence and use more clauses in the 

abstracts.  

(2) The patents contain more synthetic function words than scientific publications.  

(3) The nouns appear more frequently in the abstracts of academic articles than patents.  

(4) The word tokens in the patents are usually longer than those in scholarly articles.  

(5) The verbs rank first in the filtered abstracts of patents, and the adjectives first in the filtered abstracts of 

scientific publications.  



Dataset Usages: Commonalities & Specialties (11/13) 

• #of common topics 𝐾: 14 

The ATC classification system for medicines consists of five levels, and the first level has 14 unique codes.  

• #of specific topics:  Scientific publications 𝐾1 : 150 ;    Patents 𝐾2 :100 

The number of topics for scientific publications is set to 1.5 times of the number of topics for patents, viz. 

𝐾1 = 1.5𝐾2.  



Dataset Usages: Commonalities & Specialties (12/13) 

• The terms for common topics are mainly 

more general descriptive words in the 

pharmaceutical field, such as “patients” and 

“blood” in Topic C1 and “disease” and 

“therapy” in Topic C8.  

• Scientific publications tend to represent the 

description of the disease mechanism and the 

medication content, such as 

“gastroesophageal” and “omeprazole” in Topic 

S71, and “growth” and “gene” in Topic S102.  

• The themes from patents are biased towards 

the preparation and practical application of 

drugs, such as “particles” and “solubility” in 

Topic T80, and “mole” and “styrylpyridine” in 

Topic T90. 



Dataset Usages: Commonalities & Specialties (13/13) 

• The common topics of scientific 

publications and patents are mainly 

concentrated in the middle of the 

network, and special topics at the 

periphery of the network.  



Dataset Usages: Academic Inventors (1/8) 

• Xu et al. (2023) developed a rule-based approach for identifying academic 

inventors and used an author interest discovery model with a credit 

assignment scheme to measure the diversity of interests of each researcher. 

◆ Shuo Xu, Ling Li, and Xin An, 2023. Do Academic Inventors have Diverse Interests? Scientometrics, Vol. 128, No. 2, pp. 1023-1053. 



Dataset Usages: Academic Inventors (2/8) 



Dataset Usages: Academic Inventors (3/8) 



•Many credit allocation schemas have been raised in the 
literature (Kim and Kim, 2015; Xu et al., 2016; Osório, 2018), 
but there is no consensus about which one is the best until now. 
• Full counting (Lindsey, 1980; de Solla Price, 1981) 

• Fractional counting (Lindsey, 1980; de Solla Price, 1981; Sivertsen et al., 
2019) 

• Single-author counting (Cole and Cole, 1974) 

• Arithmetic counting (Trenchard, 1992; van Hooydonk, 1997; Abbas, 2010) 

• Geometric counting (Egghe et al., 2000; Abbas, 2011) 

• Harmonic counting (Hagen, 2008; Liu and Fang, 2012; Tscharntke et al., 2007) 

• Axiomatic counting (Stallings et al., 2013; Wang and Yang, 2010) 

• Golden number counting (Assimakis and Adam, 2010) 

• Network-based counting (Kim and Diesner, 2014) 

Dataset Usages: Academic Inventors (4/8) 



• Author-Topic (AT) model (Rosen-
Zvi et al., 2010) is one of the 
variants of the LDA model, which 
is specific for author interest 
discovery. It readily makes clear 
that it adopted the indiscriminate 
counting scheme. 

• A novel model, ATcredit, is proposed 
to strengthen the Author-Topic (AT) 
model with an  authorship credit 
allocation scheme. 

Dataset Usages: Academic Inventors (5/8) 

◆ Shuo Xu, Ling Li, Congcong Wang, Xin An, and Guancan Yang, 2025. An Improved Author-Topic (AT) Model with 

Authorship Credit Allocation Schemes. Journal of Information Science, Vol. 50, No. 1, pp. 184-204.  

◆ Shuo Xu, Ling Li, Liyuan Hao, Xin An, and Guancan Yang, 2021. An Author Interest Discovery Model armed with Authorship 

Credit Allocation Scheme. iConference 2021.  



• Academic inventors can effectively bridge science and technology and make 
more authors and inventors to be connected with each other. 

Dataset Usages: Academic Inventors (6/8) 



• We  set  three  cumulative  probability  thresholds of  interest  topics,  {0.80, 0.85, 0.90}.  

• The solely publishing authors have the most diverse research interests, followed by 
the solely patenting inventors, and the research interests of academic inventors are 
least diverse.  

Dataset Usages: Academic Inventors (7/8) 



Dataset Usages: Academic Inventors (8/8) 



• Xu et al. (2025a) constructed the heterogeneous citation network among 

articles, patents, and drugs, and used key-route main path analysis method to 

discover the science-technology-industry interactions. 

Dataset Usages: Interactions (1/6) 



Dataset Usages: Interactions (2/6) 

◆ Shuo Xu, Zhen Liu, Xin An, Hong Wang, and Hongshen Pang, 2025a. Linkages among Science, Technology, and Industry on 

the basis of main Path Analysis. Journal of Informetrics, Vol. 19, No. 1, pp. 101617. 



Dataset Usages: Interactions (3/6) 



Dataset Usages: Interactions (4/6) 



• Traversal count:  SPLC 

• Search strategy: Global 

• Key-route main path analysis 

 

 

 

 

• To highlight the linkages between science, technology, and industry, the 
following ten edges are fixed to our key routes:  

• Top two edges with the largest weight from patents to articles and those from articles 
to patents 

• Top one edge with the largest weight for the citations with the other types 

Dataset Usages: Interactions (5/6) 



Dataset Usages: Interactions (6/6) 



Dataset Usages: Concordance Table (1/3) 

• Xu et al. (2024) assigned a science/technology property to each organization 

on the basis of its research/development nature, and then a bidirectional 

concordance table between MeSH headings and IPC codes was constructed.  

 徐硕，孙童菲，罗贵缘，苑洲桐，连佳欣，刘畅，2024. 分类体系双向映射视角下的科学-技术互动分析. 中国发明与专

利，Vol. 21，No. 4，pp. 4-15. 



Dataset Usages: Concordance Table (2/3) 



Dataset Usages: Concordance Table (3/3) 



• An et al. (2026) construct bidirectional knowledge flow pathways among 
science, technology, and industry, capturing both explicit flows reflected in 
citation relationships and implicit flows represented by researchers. 

Dataset Usages: Interaction Intensity (1/10) 

 Xin An, Jue Gong, and Shuo Xu, 2026. Interaction Intensity among Science, Technology, and Industry embodied in Human 

Capital at Researchers. Humanities and Social Sciences Communications. (Under Review) 



Dataset Usages: Interaction Intensity (2/10) 



Dataset Usages: Interaction Intensity (3/10) 



Dataset Usages: Interaction Intensity (4/10) 



Dataset Usages: Interaction Intensity (5/10) 



Dataset Usages: Interaction Intensity (6/10) 



Dataset Usages: Interaction Intensity (7/10) 



Dataset Usages: Interaction Intensity (8/10) 



Dataset Usages: Interaction Intensity (9/10) 



Dataset Usages: Interaction Intensity (10/10) 



Dataset Usages: Recommendation (1/3) 

• Xu et al. (2024) recommended sNPRs for a focal patent based on 

heterogeneous information network, which viewed this cross-collection 

recommendation problem as a link prediction problem on the basis of meta-

path counting method.  

 Shuo Xu, Xinyi Ma, Hong Wang, Xin An, and Ling Li, 2024. A Recommendation Approach of Scientific Non-Patent Literature 

on the basis of Heterogeneous Information Network. Journal of Informetrics, Vol. 18, No. 4, pp. 101557. 



Dataset Usages: Recommendation (2/3) 



Dataset Usages: Recommendation (3/3) 



• Xu et al. (2026) proposes a percolation framework from the perspective of 
organization cooperation to model the science-technology-interactions.  

Dataset Usages: Organization Cooperation (1/4) 
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 Shuo Xu, Zhen Liu, and Xin An, 2026. Interactions among Organizations from Science, Technology, and Industry on the basis 

of Percolation Theory. Scientometrics. DOI: 10.1007/s11192-026-05624-y 
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Dataset Usages: Organization Cooperation (2/4) 



Dataset Usages: Organization Cooperation (3/4) 



Dataset Usages: Organization Cooperation (4/4) 
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• Drug development research: By analyzing drug information, interactions 

and the associated articles and patents, one can study the development history 

of drugs, their mechanisms of action, and the innovation points of new drugs. 

 

• Scientometrics research: By combining with the articles, patents, citations, 

and so on, one can conduct scientometric analysis, such as impact analysis, 

knowledge flow and knowledge diffusion research. 

 

• Emerging technologies detection & forecasting: One can detect and 

forecast emerging technologies in the pharmaceutical field. 

Future Usages (1/3) 



• Industry analysis: By analyzing the linkages among drugs, patents, and 

articles, the development trend, market potential and technological innovation 

path of the pharmaceutical industry can be explored. 

 

• Academic-industry cooperation mode: Linkages among articles, patents, 

and drugs can help reveal the cooperation mode and influence of academia 

and industry in the pharmaceutical field. 

 

• Multi-label classification: The articles, patents, and drugs are usually 

assigned with multiple classification labels. Therefore, multi-label 

classification task can be further explored. 

Future Usages (2/3) 



• Name disambiguation and entity linkage: The researcher and organization 

entities have been disambiguated and checked manually. Hence, one can 

develop an efficient name disambiguation and entity linkage method by 

combining NLP, machine learning, and other techniques.  

 

• Multi-collective theme extraction: The STInt dataset covers the articles, 

patents, and drugs in the pharmaceutical field. In this way, the commonality 

and specialty amongst three resources can be discovered simultaneously with 

topic models for multi-corpora.  

Future Usages (3/3) 



STInt dataset: https://doi.org/10.6084/m9.figshare.28918607  (CSV), https://github.com/pzczxs/STInt-Dataset (MySQL) 

Xin An, Jue Gong, and Shuo Xu, 2026. Interaction Intensity among Science, Technology, and Industry embodied in Human Capital 

at Researchers. Humanities and Social Sciences Communications. (Under Review) 

Shuo Xu, Zhen Liu, and Xin An, 2026. Interactions among Organizations from Science, Technology, and Industry on the basis of 

Percolation Theory. Scientometrics. (Accepted) 

徐硕，张跃富，安欣，2025. 全领域多层级科学-技术分类体系映射研究. 情报学报，Vol. 44，No. 8，pp. 933-949.  

Shuo Xu, Zhen Liu, and Xin An, 2025b. STInt: An Integrated Dataset Covering Science, Technology and Industry Information in 

the Pharmaceutical Field. Scientific Data, Vol. 12, pp. 1056.   

Shuo Xu, Zhen Liu, Xin An, Hong Wang, and Hongshen Pang, 2025a. Linkages among Science, Technology, and Industry on the 

basis of main Path Analysis. Journal of Informetrics, Vol. 19, No. 1, pp. 101617. 

Shuo Xu, Xinyi Ma, Hong Wang, Xin An, and Ling Li, 2024. A Recommendation Approach of Scientific Non-Patent Literature on 

the basis of Heterogeneous Information Network. Journal of Informetrics, Vol. 18, No. 4, pp. 101557. 

徐硕，孙童菲，罗贵缘，苑洲桐，连佳欣，刘畅，2024. 分类体系双向映射视角下的科学-技术互动分析. 中国发明与专利
，Vol. 21，No. 4，pp. 4-15. 

Shuo Xu, Ling Li, and Xin An, 2023. Do Academic Inventors have Diverse Interests? Scientometrics, Vol. 128, No. 2, pp. 1023-

1053. 

Shuo Xu, Ling Li, Xin An, Liyuan Hao, and Guancan Yang, 2021. An Approach for Detecting the Commonality and Specialty 

between Scientific Publications and Patents. Scientometrics, Vol. 126, No. 9, pp. 7445-7475. 

Shuo Xu, Dongsheng Zhai, Feifei Wang, Xin An, Hongshen Pang, and Yirong Sun, 2019. A Novel Method for Topic Linkages 

between Scientific Publications and Patents. Journal of the Association for Information Science and Technology, Vol. 72, No. 9, pp. 

1026-1042. 
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