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Abstract
The increasing centrality of data in scientific research prompts important questions regard-
ing its influence on the innovative potential of scientific endeavors. While the value of data 
in enhancing research rigor is well-recognized, empirical studies investigating its effects on 
scientific progress remain limited. This paper addresses this gap by analyzing the impact of 
data-driven research on scientific outcomes, utilizing two recent datasets from the life and 
social sciences. By applying Coarsened Exact Matching (CEM) to pair data-based papers 
with non-data-based counterparts, we isolate the effects of data utilization on scientific 
impact, interdisciplinarity, and disruption. Our findings provide evidence that data-based 
papers demonstrate significantly higher scientific impact, greater interdisciplinarity, and 
a stronger potential for disruption compared to their non-data-based counterparts. Addi-
tionally, data-based papers receive both higher disruptive and consolidating citations, indi-
cating a dual effect that not only challenges existing paradigms but also strengthens and 
expands the existing body of knowledge. These results underscore the role of data-driven 
research in shaping the future of scientific inquiry, bridging traditional research paradigms 
with emerging, data-centric methodologies.

Keywords  Science of science · Data-driven research · Scientific impact · 
Interdisciplinarity · Disruption · Innovation

Introduction

Science, as a dynamic and transformative endeavor, has long been propelled by the con-
tributions of pioneering scholars, upon whose insights contemporary researchers build 
(Furman & Stern, 2011; Park et al., 2023). In the modern era, the importance of data 
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has ascended to a central role in scientific inquiry, akin to the pivotal function of energy 
in driving industrial revolutions (Liu et  al., 2023a; Zanin et  al., 2016). The ubiquity 
of scientific data across disciplines highlights its indispensability, yet the precise ways 
in which data influences the innovative capacity of scientific research remain underex-
plored. While the intrinsic value of scientific data in enhancing the credibility and rigor 
of research is widely acknowledged (Wang & Barabási, 2021), empirical investigations 
into its transformative impact on scientific advancement have been limited. This gap in 
the literature leaves a crucial dimension of scientific progress insufficiently understood, 
posing an important question: how does the use of existing scientific data shape the 
innovative potential of research?

Recent policy shifts in funding agencies and academic journals have significantly 
fostered data sharing, both among researchers and between researchers and the broader 
public (Hemphill et al., 2024; Yin et al., 2022). Such initiatives enhance the transpar-
ency of research processes, facilitating the replication, evaluation, and validation of sci-
entific results. In light of this, we seek to address the aforementioned gap by examin-
ing scientific research papers that leverage data in their findings. Specifically, we utilize 
two recent paper-level datasets encompassing data-based papers from the life and social 
sciences. These datasets are integrated with extensive, large-scale repositories such as 
the Microsoft Academic Graph (MAG) and PubMed to capture metadata and dynamic 
features of the authors and research teams involved. To ensure comparability, we apply 
Coarsened Exact Matching (CEM) techniques (Iacus et al., 2012) and conduct manual 
verification to pair data-based papers with non-data-based counterparts. This matching 
enables us to isolate the effects of data utilization on scientific outcomes. Our empirical 
analysis incorporates a variety of multidimensional metrics, assessing scientific impact, 
interdisciplinarity (Gates et  al., 2019; Stirling, 2007), and disruption (Funk & Owen-
Smith, 2017; Park et al., 2023; Wu et al., 2019). By leveraging this rigorous methodol-
ogy, we aim to directly investigate the influence of data-driven research on the success 
of scientific endeavors.

This paper contributes to the growing body of literature on the role of data in sci-
entific research, advancing the broader discourse in the science of science and innova-
tion (Fortunato et  al., 2018; Wang & Barabási, 2021). Specifically, it provides robust 
empirical evidence that data-driven papers exhibit higher scientific impact, greater 
interdisciplinarity, and a stronger potential for disruption within both the life sciences 
and social sciences. Preliminary comparisons further suggest that data-based papers are 
often associated with larger, more diverse research teams, characterized by greater aca-
demic experience. Additionally, our analysis reveals that while data-based papers are 
more disruptive, they simultaneously display both higher disruptive and consolidating 
impacts. This dual effect indicates that data-driven research not only challenges existing 
paradigms and stimulates the emergence of new areas of inquiry, but also reinforces and 
expands the current body of knowledge. These findings suggest that data-based research 
may serve as a bridge between traditional research paradigms and emerging, data-cen-
tric methodologies.

The structure of the paper is as follows: Sect. “Background” reviews the relevant litera-
ture, providing a comprehensive background to the study. Sect. “Data-based papers” out-
lines the data sources and the empirical approach. Sect. “Controls and CEM” details the 
control variables, the preliminary comparisons, and the CEM procedure. Sect. “Innovation 
measures” describes the measures of scientific impact, interdisciplinarity, and disruption. 
Sect. “Results” presents the key findings of the analysis, and Sect. “Discussion” discusses 
the implications, limitations, and potential directions for future research.
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Background

Literature review

The rise of data as a central element in scientific research has transformed traditional 
research processes, fostering novel approaches and enhancing the potential impact of scien-
tific outputs. As more researchers rely on data-intensive methods, studies have increasingly 
focused on understanding how data availability and accessibility influence citation pat-
terns, innovation, and the broader reach of research (Liu et al., 2023b). In this section, we 
review recent literature exploring these dynamics, emphasizing the relationship between 
data sharing and citation impact, the role of data in fostering transparency and reproduc-
ibility, and the emergence of data-specific platforms and journals as critical infrastructure 
for data-driven research.

The correlation between data sharing and citation impact has been a focus of recent 
research. He and Han (2017) investigated the relationship between the usage of datasets in 
Dryad and the citation counts of the associated articles. Their study found a strong posi-
tive correlation between data usage and article citations, with data-sharing articles con-
sistently outperforming average citation counts across numerous disciplines. This suggests 
that making research data accessible not only supports transparency and reproducibility but 
also enhances the visibility and influence of the research. Similarly, Chao (2011) examined 
the works identified by dataset creators as being closely associated with particular datasets. 
Du et  al. (2021) developed a gold-standard dataset for identifying software mentions in 
academic papers, using manually annotated PDFs in biomedicine and economics to explore 
the impact of research software and code as part of the broader research data landscape.

Buneman et al. (2021) further advocated for the routine citation of datasets, arguing that 
data should be credited in much the same way as traditional publications. They identified 
two major challenges in data citation: modeling the evolution of credit over time and accu-
rately citing individual parts of datasets rather than treating datasets as monolithic enti-
ties. Despite these challenges, they stress the importance of building a standardized data 
citation framework to support the integration of data into scholarly recognition systems. 
The rise of data journals represents an additional development in promoting data’s role 
in research. Candela et al. (2015) discuss how data journals enable researchers to publish 
papers that describe datasets in a way that serves as a citation proxy for the data itself. 
However, papers that cite data journal articles do not always make direct use of the data-
sets described, which suggests a gap between data availability and actual data utilization in 
research.

Several studies have also investigated data-specific platforms to understand how open 
data infrastructures are used in scholarly work. Robinson-Garcia et al. (2017) analyzed 
DataCite, a major open data repository, to explore its potential as a bibliometric data 
source. By examining records from DataCite’s OAI API, they offer recommendations 
for using this platform in bibliometric analysis, particularly for understanding the char-
acteristics and impact of open data on scientific production. Similarly, Qin et al. (2022) 
analyzed GenBank collaboration networks by integrating metadata from both the data 
production and publication stages, uncovering new insights into collaboration dynamics 
and data-sharing practices within the GenBank repository. Koesten et  al. (2020) ana-
lyzed over a million datasets across repositories such as GitHub to examine how reuse 
patterns align with features identified in existing literature. Their work contributes to a 
growing body of knowledge on how datasets are reused across different platforms and 
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research contexts. Studies have also assessed how datasets relate to the broader aca-
demic metrics and societal impact. Acuna et  al. (2022) examined tens of thousands 
of datasets and associated publications on Figshare, linking dataset downloads with 
authors’ h-index, institutional prestige, journal rankings, and citation patterns. Their 
findings indicate that dataset visibility and accessibility can enhance the academic 
standing of associated publications and authors.

Yu and Romero (2024) investigated how datasets—particularly those that combine unu-
sual or newly linked data—correlate with scientific and public impact. Using the MICA 
datasets (Hemphill et al., 2024), they found that unique datasets are often associated with 
greater visibility and influence in both academic and public spheres. However, a noted lim-
itation of their study was the lack of a control group of non-data-based papers, which limits 
the ability to draw direct comparisons between data-driven and non-data-driven research.

The adoption of data-driven research is driven by several motivations but also faces 
significant challenges. Motivations include the potential for increased visibility and 
citation impact, as data-sharing papers often receive more attention (He & Han, 2017). 
Funding agencies increasingly require data-sharing plans as a condition for grants, 
incentivizing researchers to make datasets publicly available (Yin et  al., 2021, 2022). 
Additionally, data-driven approaches facilitate interdisciplinary collaboration, enabling 
researchers to address complex questions by integrating diverse datasets and method-
ologies (Gates et al., 2019). For example, repositories like GenBank and ICPSR foster 
cross-disciplinary projects, enhancing innovation potential. However, researchers face 
notable challenges in adopting data-driven approaches. Data quality and standardization 
issues can undermine the reliability of findings, as inconsistent or incomplete datasets 
may lead to erroneous conclusions. Accessibility barriers, such as restricted access to 
proprietary datasets or insufficient infrastructure in under-resourced institutions, limit 
equitable participation in data-driven research. Technical expertise is another hurdle, 
as advanced data analysis often requires skills in computational tools, machine learn-
ing, or statistical modeling, which may not be universally available among researchers. 
Ethical concerns, including data privacy and the risk of misuse (e.g., in sensitive social 
science datasets), also pose challenges, requiring robust governance frameworks. These 
motivations and challenges highlight the complex dynamics influencing the adoption of 
data-driven research and underscore the need for supportive policies and infrastructure.

Hypothesis

Scientific impact, often measured by citation counts, reflects the extent to which a research 
article influences subsequent work. Data sharing is widely understood to increase the visi-
bility and credibility of research, thereby amplifying its scientific impact (He & Han, 2017; 
Liu et al., 2023b). Studies have shown that articles with accessible datasets receive more 
citations on average than those without, as data-sharing practices allow other researchers 
to directly engage with, validate, and build upon the original findings (Chao, 2011). Addi-
tionally, data-based research articles are increasingly seen as valuable contributions within 
academic communities, where data-driven methods provide robust, replicable findings that 
align with the movement towards open science. Given these insights, we hypothesize that 
data-based papers will demonstrate higher scientific impact compared to non-data-based 
papers, as the transparency, accessibility, and validation opportunities afforded by data-
sharing practices are likely to drive both direct and indirect citations.
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H01  Data-based papers exhibit greater scientific impact compared to their control group 
counterparts.

Interdisciplinarity, which reflects a research paper’s capacity to integrate methods, theo-
ries, or data from multiple fields, is increasingly recognized as a catalyst for innovation 
and problem-solving. Data-based research, by its nature, often draws from or contributes to 
diverse datasets, methodologies, or analytical tools, potentially making it more applicable 
across disciplinary boundaries (He & Han, 2017). Previous studies suggest that data inte-
gration enables research that addresses complex, multifaceted problems which are more 
likely to appeal to broader research communities, thereby crossing traditional disciplinary 
lines (Fortunato et al., 2018; Gates et al., 2019). For example, repositories like GenBank or 
DataCite support diverse scientific collaborations and facilitate the convergence of biology, 
data science, and computational fields (Robinson-Garcia et  al., 2017). We propose that 
data-based research papers demonstrate greater interdisciplinarity than their control group 
counterparts, as the shared nature of data encourages collaborations and insights from mul-
tiple domains, further expanding the paper’s reach and relevance.

H02  Data-based papers exhibit greater interdisciplinarity compared to their control group 
counterparts.

Disruption in scientific research refers to the extent to which a paper challenges existing 
paradigms or prompts shifts in understanding within its field (Funk & Owen-Smith, 2017; 
Park et al., 2023; Wu et al., 2019). Data-driven research may contribute to such paradigm 
shifts by uncovering new findings, developing novel methods, or revealing connections that 
may not be apparent through traditional research approaches. Data’s potential to disrupt is 
partly due to its ability to produce reproducible and scalable results, often inspiring other 
researchers to adopt similar methods or revise their theoretical frameworks in response to 
new, data-driven insights (Youyou et al., 2023). Disruptive studies often reflect new meth-
odological approaches that are rapidly adopted, spurring further innovation and exploration 
(Kedrick et al., 2024). For instance, the integration of datasets from multiple disciplines 
can reveal unanticipated patterns or causal relationships, pushing the boundaries of estab-
lished research paradigms (Yu & Romero, 2024). Therefore, we hypothesize that data-
based papers exhibit higher levels of disruption, as the inclusion of comprehensive data 
and advanced data-analytic techniques are likely to yield findings that challenge existing 
scientific conventions.

H03  Data-based papers exhibit greater disruption compared to their control group 
counterparts.

Data‑based papers

The identification and analysis of data-based papers in this study focus on the life sciences 
and social sciences due to the availability of high-quality, comprehensive datasets that 
serve as gold standards for data-driven research in these fields. Obtaining robust and well-
curated datasets for data-driven research is challenging, as such datasets require extensive 
metadata, reliable entity extraction, and consistent documentation of data usage. The data-
sets selected—PubMed Knowledge Graph 2.0 (PKG 2.0) for life sciences and the MICA 
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dataset from the Inter-university Consortium for Political and Social Research (ICPSR) for 
social sciences—were chosen for their quality and comprehensive coverage. These datasets 
enable precise identification of data-based papers and provide rich metadata for analyzing 
scientific impact, interdisciplinarity, and disruption.

Data‑based papers in life science

The identification of data-based papers within the life sciences was conducted using the 
extensive PubMed dataset, a primary repository of biomedical literature curated by the 
U.S. National Library of Medicine at the National Institutes of Health. For this study, we 
employed PubMed Knowledge Graph 2.0 (PKG 2.0), developed by Xu et al. (2024). PKG 
2.0 is a sophisticated knowledge graph dataset that integrates over 36 million life science 
publications from the 1940s to 2024. This dataset provides comprehensive interconnec-
tions across various biomedical resources, encompassing biomedical entities, author net-
works, citation networks, and research projects.

The identification of data-based papers in the life sciences utilized entity extraction 
through natural language processing methods. Xu et  al. (2024) utilized BERN2 (Sung 
et al., 2022), a robust biomedical text mining tool, to perform both Named Entity Recog-
nition and Named Entity Normalization. BERN2 facilitated the extraction of biomedical 
entities from titles and abstracts with high precision and efficiency. The authors further 
implemented a neural network-based NEN approach to achieve enhanced normalization for 
entities beyond the scope of traditional rule-based methods.

A dictionary-based methodology was applied for dataset knowledge entity extraction, 
drawing on three primary sources. The first source was the Nucleic Acids Research (NAR) 
Database (Oxford Academic),1 followed by the NIH-supported domain-specific reposito-
ries provided by the Biomedical Informatics Coordinating Committee (BMIC) as part of 
the NIH Data Sharing Resources.2 This repository encompasses both domain-specific and 
general data-sharing repositories, each annotated with specific properties. The third source 
was the European Bioinformatics Institute (EMBL-EBI) database,3 which is known for 
maintaining an extensive array of freely accessible molecular data resources. Each of these 
sources was retrieved in its latest version, collectively identifying a total of 1,809 unique 
datasets, leading to the identification of 469,551 relevant papers. To enhance accuracy, we 
excluded the PubMed dataset itself from consideration, ultimately yielding a final dataset 
comprising 247,847 papers and 1,808 unique data sources within the life sciences.

Data‑based papers in social science

In social science field, we employed a dataset developed as part of the MICA project 
(Measuring the Impact of Curation Actions), led by researchers at the Inter-university 
Consortium for Political and Social Research (ICPSR) and documented by Hemphill et al. 
(2024). The MICA dataset was specifically designed to assess the impact of archival and 
data curation decisions on data reuse. It was constructed from study-level metadata, cita-
tion records, and curation records available through ICPSR, a major social science data 

1  https://​www.​oxfor​djour​nals.​org/​nar/​datab​ase/a/.
2  https://​www.​nlm.​nih.​gov/​NIHbm​ic/​bmic-​about.​html.
3  https://​www.​ebi.​ac.​uk/​servi​ces.

https://www.oxfordjournals.org/nar/database/a/
https://www.nlm.nih.gov/NIHbmic/bmic-about.html
https://www.ebi.ac.uk/services
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archive hosted by the University of Michigan. The ICPSR bibliography of data-related lit-
erature, a growing repository of literature utilizing ICPSR data, was foundational to this 
dataset. Initially supported by the National Science Foundation (Award 9,977,984), the 
bibliography has since been funded for over two decades by ICPSR member contributions 
and various federally and foundation-supported topical archives housed within ICPSR.

To ensure comprehensive inclusion, Hemphill et al. (2024) conducted a detailed search 
across the Dimensions AI database for all ICPSR study names, unique ICPSR identifi-
ers, and Digital Object Identifiers using a full-text index. The resulting dataset provides a 
robust description of 10,605 social science research datasets and the corresponding usage 
contexts within 94,755 scholarly publications, spanning from 1963 to 2022.

To obtain enriched citation and metadata information, these data-based publications 
were mapped to entries in the Microsoft Academic Graph (MAG) database using Digi-
tal Object Identifiers and publication titles. The Microsoft Academic Graph (Wang et al., 
2020) is recognized as one of the most extensive bibliometric resources, encompassing 
over 200 million scholarly records—including journal articles, conference proceedings, 
and preprints—dating from 1800 to 2021. For this analysis, we utilized the MAG release 
dated December 6, 2021. Through this mapping, we identified a subset of 57,913 publica-
tions that are data-driven and specific to social science research.

Figure 1 presents the distribution of datasets and data-centric publications within our 
sample. In the life sciences, the five most frequently utilized databases include the Gene 
Ontology, KEGG, GenBank, Gene Expression Omnibus, and Protein Data Bank, each cited 
in over 1000 instances within our dataset. Similarly, in the social sciences, the American 
National Election Study, Uniform Crime Reporting Program Data, Monitoring the Future, 
Current Population Survey, and National Health and Nutrition Examination Survey repre-
sent the five most frequently cited datasets, each also appearing in over 1,000 publications 
in our sample. Additionally, the trend observed suggests a steady increase in the number of 
data-centric publications within the life sciences over time.

Controls and CEM

Control variables

To account for potential differences between data-based papers and other types of publica-
tions in both life sciences and social sciences, we incorporate a set of control variables in 
our analysis. These variables are essential, as they may significantly impact measures of 
scientific innovation; thus, careful assessment and control of these variables are warranted.

First, we consider the publication year of each paper. Earlier publications may exhibit 
higher disruptiveness, lower interdisciplinarity, and fewer citations within comparable 
time windows, as innovation patterns in science evolve over time. For instance, Park et al. 
(2023) found that scientific papers have become less disruptive over time, potentially due 
to the consolidation of established paradigms in mature fields. Conversely, Yang (2025) 
observed that interdisciplinarity has increased in recent decades, reflecting the grow-
ing integration of diverse methodologies and data-driven approaches in modern research. 
Additionally, when measured within fixed time windows, citations have increased for more 
recent papers, likely due to the expansion of scientific literature and improved accessibility 
through digital platforms (Fortunato et al., 2018).
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We also account for the number of authors per paper as a measure of team size. Smaller 
teams are often associated with greater disruptive potential but lower citation impact, as 
demonstrated by Wu et al. (2019). Their study found that smaller teams tend to produce 
highly disruptive work by focusing on high-risk ideas that challenge existing paradigms, 
often with fewer resources or collaborative constraints. However, these papers may receive 
fewer citations due to their specialized nature, which may limit their immediate appeal 
to broader audiences compared to the incremental, widely cited work often produced by 
larger, more resource-rich teams.

Beyond team size, we integrate several metrics related to team diversity, utilizing 
dynamic career data from MAG and PubMed. Both databases provide disambiguated 
author data, enabling us to track authors’ career trajectories and other relevant informa-
tion. We also employ gender data from SciSciNet (Lin et al., 2023) and PubMed to con-
struct gender-based team variables. Prior research suggests that gender-diverse teams are 

Fig. 1   Trends and distributions of datasets and data-based publications in our sample. a The top 30 most 
frequently used datasets in life sciences. b The number of data-based publications in life sciences, with the 
black line representing the overall number of data-based papers and the other lines showing the number 
of data-based papers corresponding to the datasets in (a). c The top 30 most frequently used datasets in 
social sciences. d The number of data-based publications in social science, with the black line indicating 
the overall number of data-based papers and the other lines representing the number of data-based papers 
corresponding to the datasets in (c)
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more likely to generate novel ideas (Yang et al., 2022). We, therefore, introduce a variable 
termed “gender entropy,” calculated as follows:

where pf  represents the probability of female authors in team. This metric ranges from 0 
to 1, with higher values signifying greater gender diversity. Additionally, we calculate the 
proportion of female authors for each team.

To further control for team composition, we examine the academic status of each author 
as represented by their h-index. (Yang et al., 2025). Research suggests that flatter teams are 
more likely to produce disruptive science, while more hierarchical teams often contribute 
to cumulative scientific development (Xu et  al., 2022). We calculate a “team hierarchy” 
measure using the Gini index of h-index values across team members, as defined by:

where hm represents the dynamic h index of member m , based on their publications and 
citations up to the year prior to the focal paper’s publication. and h denotes the average 
dynamic h index of all team members. This Gini index ranges from 0 to 1, with higher val-
ues indicating more hierarchical teams.

Additionally, we calculate the average h-index and career age of team members to 
reflect the team’s collective academic experience. Career age is defined as the number of 
years since an author’s first publication in the PubMed (life science) or MAG (social sci-
ence) dataset.

Since citation-based measures heavily depend on the references included in a paper, we 
control for the number of references as a proxy for the scope and depth of the literature 
reviewed (Leydesdorff et al., 2019). Additionally, we account for journal tier, as a proxy 
for publication prestige. For PubMed data, journal tier is derived from SciMago rankings, 
while in MAG, it is based on impact factor. Journal tiers are categorized into four quantiles, 
and the highest annual rank of each journal is used.

Finally, while broad disciplinary fields are already controlled for, we also account for 
subfield variations within both the life and social sciences. In the life sciences, we use the 
Medical Subject Headings (MeSH) tree structure to identify subfields. For the social sci-
ences, we employ the second-level MAG classification to delineate subfield distinctions.

Preliminary comparison

We conduct a comparative analysis of data-based publications versus other types of publi-
cations, with a focus on a series of control variables. Here, “other papers” denotes all pub-
lications not identified as data-based within the same field; these are not considered control 
groups per se. Nonetheless, this comparison yields preliminary insights into the distinct 
characteristics and patterns associated with data-based publications.

Figure 2 presents the comparison between data-based and non-data-based papers in the 
life sciences (PubMed) and social sciences (MAG) along key dimensions: publication year, 
team size, gender diversity, proportion of female team members, team hierarchy, average 
h-index of team members, average career age, number of references, and journal impact 
quantiles. In analyzing social science publications, we use first-level field labels from 

Genderentropy = −pf ln
(
pf
)
− (1 − pf )ln

(
1 − pf

)

Teamhierarchy =

∑N

m=1

∑N

n=1
�hm − hn�

2N2h
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MAG to define the scope of papers while excluding others. In PubMed, however, we do 
not apply this limitation, as the majority of indexed publications pertain to the life sciences.

In the life sciences, data-based publications reveal several notable distinctions compared 
to other papers. On average, data-based papers have more recent publication dates (mean 
publication year of 2017 vs. 2001; T-test, p < 0.001), larger collaborative teams (mean team 
size of 8.1 vs. 4.4; T-test, p < 0.001), and higher levels of gender diversity within teams 
(mean gender diversity of 0.50 vs. 0.29; T-test, p < 0.001). Additionally, data-based pub-
lications show a greater proportion of female contributors (mean proportion of 0.39 vs. 
0.27; T-test, p < 0.001), higher hierarchical structuring within teams (mean team hierarchy 
of 0.48 vs. 0.35; T-test, p < 0.001), and a higher average h-index among team members 
(mean h-index of 11 vs. 8; T-test, p < 0.001). These papers are also produced by teams 
with greater average career experience (mean career age of 12 years vs. 11 years; T-test, 

Fig. 2   Comparison of data-based versus other publications in life and social sciences. a–i Analysis of data-
based papers versus other life science papers in PubMed, comparing: a publication year, b team size, c gen-
der diversity (gender entropy), d proportion of female team members, e team hierarchy, f average h-index of 
team members, g average career age, h number of references, and i journal impact quantiles. j–r Analysis 
of data-based papers versus other social science papers in MAG, comparing: j publication year, k team size, 
l gender diversity (gender entropy), m proportion of female team members, n team hierarchy, o average 
h-index, p average career age, q number of references, and r journal impact quantiles. Vertical lines indi-
cate the average values of data-based papers and other papers
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p < 0.001) and include a higher number of cited references (mean of 37.8 references vs. 
21.5; T-test, p < 0.001).

In the social sciences, data-based publications similarly exhibit distinct characteristics 
when compared to other papers. On average, data-based papers are more recent (mean pub-
lication year of 2006 vs. 2005; T-test, p < 0.001), have larger collaborative teams (mean 
team size of 3.0 vs. 2.2; T-test, p < 0.001), and show greater gender diversity within teams 
(mean gender diversity of 0.27 vs. 0.16; T-test, p < 0.001). These publications also demon-
strate a higher proportion of female contributors (mean proportion of 0.40 vs. 0.27; T-test, 
p < 0.001), increased hierarchical structuring within teams (mean team hierarchy of 0.28 vs. 
0.19; T-test, p < 0.001), and a higher average h-index among team members (mean h-index 
of 9 vs. 4; T-test, p < 0.001). Furthermore, teams producing data-based papers have greater 
average career experience (mean career age of 12 years vs. 9 years; T-test, p < 0.001) and 
cite a higher number of references (mean of 30.0 references vs. 13.2; T-test, p < 0.001).

Overall, these findings indicate that data-based publications are typically associated 
with larger, more diverse teams with greater academic experience. These factors, therefore, 
warrant careful control in subsequent analyses to accurately assess the innovative potential 
of data-based publications.

Coarsened exact matching

To ensure comparability between data-based publications and control group papers prior 
to conducting regression analysis, we employed Coarsened Exact Matching (CEM) (Iacus 
et  al., 2012). This advanced matching technique enhances the initial similarity between 
data-based and non-data-based papers. The CEM algorithm follows three principal steps: 
(1) Temporarily coarsening each control variable X to facilitate matching; (2) Sorting all 
observations into strata that share identical value of the coarsened X ; and (3) Pruning units 
from the dataset that do not contain at least one treated and one control unit within any 
stratum. We implemented a one-to-one matching procedure, pairing each data-based pub-
lication with a control group counterpart to ensure numerical balance within the sample.

A comprehensive set of features was used to control for publication year and subfield, 
team size and diversity, author experience and academic status, demographic character-
istics, and knowledge foundations. These variables included team size, gender diversity 
(gender entropy), proportion of female team members, team hierarchy, average h-index of 
team members, average career age, number of references, and journal impact quantiles. All 
control variables were selected ex-ante, meaning they could be determined at the time of 
publication; future impact metrics were not included in the matching process. Publication 
year and subfield used exact matching, while other variables were coarsened into 10 to 20 
coarsened strata to facilitate matching precision.

To further ensure rigor, we conducted a manual verification of control group papers 
by examining their titles and abstracts to confirm that no unidentified data-based papers 
were inadvertently included. In cases where a control paper was found to be data-based, we 
reran the CEM for that specific treatment paper, ensuring that the control group exclusively 
comprised non-data-based publications and thereby improving the accuracy of our subse-
quent analyses.

To ensure the rigor of the control group classification and avoid misclassification of 
data-based papers as non-data-based, we implemented a systematic manual verification 
process for the control group papers. This process was designed to confirm that control 
papers did not rely on publicly accessible datasets, internal clinical data, or other data 
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sources that could qualify them as data-based under our criteria. The verification proce-
dure involved the following steps:

(1)	 Two independent researchers reviewed the titles and abstracts of all control group 
papers identified through CEM. The review focused on identifying explicit mentions of 
dataset usage (e.g., references to repositories like GenBank, ICPSR, or EMBL-EBI) or 
descriptions of data-driven methodologies (e.g., large-scale genomic analyses, statisti-
cal modeling of public datasets). Papers with ambiguous language (e.g., mentioning 
“data” without specifying a source) were flagged for further inspection.

(2)	 For papers flagged as ambiguous during the title and abstract review, we accessed the 
full text (when available) to examine the methods section for evidence of data usage. 
This step was particularly critical in the life sciences, where retrospective studies might 
use small-scale internal clinical data (e.g., hospital case records) or publicly accessible 
datasets not explicitly mentioned in abstracts. We considered a paper data-based if it 
used any systematically collected dataset, whether public or internal, that was analyzed 
statistically or computationally to derive results.

(3)	 To avoid misclassification, we established clear criteria for identifying data-based 
papers. In the life sciences, experimental studies generating original data (e.g., lab-
based sequencing results, cell-based measurements) were classified as data-based only 
if the data were deposited in a publicly accessible repository (e.g., Gene Expression 
Omnibus, Protein Data Bank) or if the study explicitly described the use of such reposi-
tories. Studies relying solely on small-scale, non-deposited, or ad-hoc experimental 
data (e.g., lab-specific measurements not shared publicly) were classified as non-data-
based to focus on the impact of shared or reusable data. In the social sciences, small-
scale survey studies based on non-public questionnaires or interviews with limited 
sample sizes (e.g., fewer than 100 participants) were classified as non-data-based unless 
they utilized publicly accessible datasets or were part of a larger, curated repository 
like ICPSR. This distinction ensured that our definition of “data-based” emphasized 
research leveraging shared or large-scale data resources.

(4)	 If a control paper was identified as data-based during the verification process, it was 
excluded, and the CEM algorithm was rerun for the corresponding treatment paper to 
identify a new control match. This iterative process continued until all control papers 
were confirmed as non-data-based. To assess the reliability of the manual verification, 
a third researcher independently reviewed a random 10% sample of control papers, 
achieving an inter-rater agreement of 92% (Cohen’s kappa = 0.88), indicating high 
consistency.

(5)	 In the life sciences, we paid particular attention to retrospective studies that might 
use internal clinical data (e.g., hospital records) not explicitly disclosed in abstracts. 
For such cases, we cross-referenced the paper’s institutional affiliations with known 
clinical data repositories and checked for mentions of data-sharing compliance (e.g., 
NIH data-sharing policies). If no evidence of dataset usage was found, the paper was 
retained as non-data-based.

In the life sciences, we successfully matched 189,557 data-based publications with 
an equal number of control group publications. In the social sciences, we achieved 
successful matching for 45,244 data-based publications and their control group coun-
terparts. An examination of the matched groups’ characteristics revealed that, prior to 
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publication, data-based and non-data-based papers were statistically indistinguishable 
across all measured dimensions (Fig. 3).

Innovation measures

Interdisciplinarity

Following Stirling (2007) framework, this investigation dissects interdisciplinarity into three 
primary dimensions: variety, entropy, and disparity. Additionally, we employ the Rao-Stirling 
index to measure overall interdisciplinarity. The calculation of interdisciplinarity values in 
MAG dataset relies on 292 defined secondary subfields. For PubMed, which lacks an equiva-
lent subfield classification for individual papers, we utilize the Medical Subject Headings 
(MeSH) hierarchical structure4 to ascertain paper disciplines. MeSH descriptors are catego-
rized into 16 broad groups, such as anatomic terms (Category A), organisms (Category B), 
and diseases (Category C). Each category is organized into subcategories with descriptors that 
range hierarchically from general to specific, extending up to thirteen levels of specificity. Due 

Fig. 3   Post-CEM feature comparisons between data-based papers and control group. Eight characteristics 
were compared, controlling for subfield differences. The features analyzed (from top to bottom) include: 
team size, gender diversity (gender entropy), proportion of female team members, team hierarchy, average 
h-index of team members, average career age, number of references, and journal impact quantiles. No sig-
nificant differences were observed between the two groups across any measured dimension following CEM. 
Error bars represent 95% confidence intervals

4  https://​meshb.​nlm.​nih.​gov/​treeV​iew.

https://meshb.nlm.nih.gov/treeView
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to this branched structure, these categories are often termed “trees.” Specifically, we use the 
second level of the MeSH hierarchy (e.g., “Inorganic Chemicals D01”). For each focal paper, 
we focus on the fields of its references, and let each reference papers’ field duplicate, thereby 
forming a merged field distribution (Fig. 4).

We quantify interdisciplinarity by analyzing the distribution of disciplines among 
the references cited in scholarly articles. For a given paper with a set of references 
R = {r1, r2,…} , the fields of the references are mapped into a field distribution vector 
F = {fieldr1, fieldr2,… , fieldrk,…} , where fieldrk reflects the field of reference rk.

Interdisciplinarity Variety is represented by the number of distinct fields cited in the refer-
ences of a focal paper and is formally defined as:

Interdisciplinarity Entropy captures the diversity of disciplines among the references of a 
focal paper and is calculated using Shannon entropy:

where m ∈ F represents a field of the references of a focal paper, pm denotes the probabil-
ity of a reference belonging to field m.

Interdisciplinarity Disparity reflects the maximum conceptual distance between disciplines 
referenced by a focal paper and is defined as:

where dmn represents the distance between fields m and n , calculated based on the entire 
set of papers and citation networks in the MAG or the PubMed dataset. Specifically, 

Variety = ln(
∑

r∈R

fieldr)

Entropy = −
∑

pmln(pm)

Disparity = Max
{
dmn|m, n ∈ Fi

}

Fig. 4   Measuring interdisciplinarity and disruption in scientific papers. a Interdisciplinarity of papers is 
assessed using metrics including variety, entropy, disparity, and the Rao-Stirling index, based on the disci-
plinary fields of referenced papers, identified by second-level subfields in MAG or second-level MeSH cate-
gories in PubMed. b The CD index is calculated to quantify disruption, representing the relative proportion 
of disruptive citations (citations to the focal paper without its references). Additionally, disruptive citations 
ni and consolidating citations nj are also analyzed as dependent variables
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considering all papers in field m denoted byM = {i|fieldi ∈ m} , a large-scale discipli-
nary co-citation matrix is constructed based on citation patterns. This matrix forms a co-
citation distribution vector Vm between field m and the other fields is considered, reflect-
ing the distribution of knowledge interactions between different disciplines. The cosine 
distance is calculated to determine the distance dmn between fields m and n is computed 
as:dmn = 1 − CosSim(Vm,Vn).

Rao-Stirling Index is a comprehensive measure of interdisciplinarity, defined as:

where pm denotes the fraction of references in discipline m , and dmnt is the distance between 
field m and n in year t.

Disruptiveness

This study employs the CD index (Funk & Owen-Smith, 2017; Park et al., 2023; Wu et al., 
2019), a quantitative measure developed to assess the degree of disruption in scientific 
work. The CD index is formally defined as:

where ni represents the number of future papers citing the focal paper (FP) that do not ref-
erence its cited sources, nj denotes the number of future papers citing FP and its references, 
and nk represents the number of papers that cite the FP’s references without citing the FP 
itself. A lower CD index suggests alignment with established knowledge, while a higher 
CD index signifies a paper with the potential to drive paradigm shifts.

A lower CD index value indicates that the focal paper cites references that are also 
widely cited by subsequent papers referencing the FP. This trend implies the focal paper’s 
role in consolidating existing paradigms, aligning with and reinforcing established knowl-
edge. Conversely, a high CD index is indicative of a disruptive contribution, suggesting 
that the paper may catalyze new fields or redefine existing knowledge boundaries (Yang 
et al., 2024). Thus, papers with higher CD index values are classified as highly disruptive, 
reflecting a potential to instigate paradigm shifts, whereas lower values suggest consolida-
tion within existing research paradigms.

By applying the CD index, this study aims to elucidate the disruptive impact of sci-
entific research, shedding light on knowledge dissemination patterns and paradigm shifts 
within scientific domains. Nevertheless, the CD index has limitations; it is heavily influ-
enced by the number of references in a focal paper (Yang et al., 2024). This potential bias 
is mitigated in this study by employing CEM to pair treatment papers with control papers 
that have similar reference counts.

In addition to the CD index, which primarily reflects the relative proportion of disrup-
tive citations (citations to the FP without its references), this analysis also examines dis-
ruptive citations ni and consolidating citations nj as dependent variables. These variables 
capture the disruptive and consolidative impacts of focal papers, respectively. Should the 
treatment effect increase the disruptive impact, it would suggest that data-based papers 
exert a more disruptive influence on their fields.

Rao − Stirling =
∑

m≠n

dmntpmpn

CDindex = pD − pC =
ni − nj

ni + nj + nk
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Results

Data‑based papers have higher scientific impact

We employed multivariable Ordinary Least Squares (OLS) regression to assess whether 
data-based publications exhibit greater scientific impact compared to their control group 
counterparts. Figure 5 and Appendix Table 1 presents the results, where the sample com-
prises both treatment (data-based) papers and matched control papers from the CEM pro-
cedure. Control variables are included in the regression model, along with fixed effects for 
publication year, subfield, and journal impact quantile, to account for temporal and disci-
plinary heterogeneity. Analyses were conducted separately for papers in the life sciences 
and social sciences.

The findings consistently indicate that data-based papers have a higher scientific 
impact than control group papers. In the life sciences, data-based publications exhibit a 
6.2% increase in long-term citation counts and a 6.4% increase in 5-year citation counts 
relative to the control group. In the social sciences, data-based papers show an even more 
pronounced impact, with 36.1% higher long-term citation counts and 20.1% higher 5-year 
citation counts compared to control publications. Additionally, we examined the media 
attention data-based papers receive, specifically in terms of News mentions and Tweets 
(X), based on data from SciSciNet. For social science papers, data-based publications 
receive 1.6% more News mentions and 10.1% more mentions on Twitter than non-data-
based papers. These results highlight the enhanced visibility and impact of data-based 

Fig. 5   Effect of the data-based papers on the scientific impact of papers. Models (1–6) utilize Ordi-
nary Least Squares (OLS) regression models. In all models, the coefficients of Data-based papers dem-
onstrate significant positive effects. Error bars depict 95% CI based on robust standard errors. *p < 0.05; 
**p-value < 0.01; ***p-value < 0.001
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research, emphasizing the value of such papers in contributing to scientific knowledge and 
generating broader societal influence.

Data‑based papers are more interdisciplinary

We then conducted multivariable OLS regression to examine whether data-based publica-
tions demonstrate greater interdisciplinarity compared to their control group counterparts. 
Figure 6 (Models 1–4) and Appendix Table 2 presents the results for life sciences, where 
interdisciplinarity measures were derived using the MeSH tree structure of the reference 
papers. The findings indicate that data-based papers exhibit significantly higher interdisci-
plinary values across all measured dimensions—variety, entropy, disparity, and Rao-Stir-
ling—compared to non-data-based papers. Figure 6 (Models 5–8) and Appendix Table 3 
displays the results for the social sciences, where interdisciplinarity was assessed using 
the second-level MAG subfield classification of reference papers. Similar to the life sci-
ences, data-based papers in the social sciences also demonstrate significantly higher levels 
of interdisciplinarity across all metrics, with effect sizes notably larger than those observed 
in the life sciences.

These results suggest that data-based research is more interdisciplinary than non-data-
based research, both in the life sciences and social sciences. The higher levels of inter-
disciplinarity observed in data-based publications may reflect the nature of data-driven 
research, which often requires the integration of diverse methodologies, perspectives, and 
theoretical frameworks from multiple fields. This is particularly true for complex research 

Fig. 6   Effect of the data-based papers on the interdisciplinarity of papers. Models (1–8) utilize Ordi-
nary Least Squares (OLS) regression models. In all models, the coefficients of Data-based papers dem-
onstrate significant positive effects. Error bars depict 95% CI based on robust standard errors. *p < 0.05; 
**p-value < 0.01; ***p-value < 0.001
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questions that necessitate the use of large datasets, advanced analytical techniques, and col-
laboration across disciplinary boundaries.

Data‑based papers are more disruptive

We then performed multivariable OLS regression analyses to investigate whether data-
based publications exhibit greater disruptive potential compared to their control group 
counterparts. The results for the life sciences are presented in Fig.  7 and Appendix 
Tables 4, 5, Models (1–3), which reveal that data-based papers have significantly higher 
CD index values than control papers. The modest effect size observed is likely due to the 
CD index being centered around zero. To further explore this, we analyzed the impact of 
data-based papers on two key outcomes: the number of forward disruptive citations ( ni ) 
and the number of forward consolidating citations ( nj ). Disruptive citations ( ni ) represent 
future papers citing the focal paper without referencing its cited sources, while consoli-
dating citations ( nj ) denote papers that cite both the focal paper and its references. Our 
findings indicate that data-based papers receive both higher disruptive and higher consoli-
dating citations compared to control papers. Furthermore, the effect size for disruptive cita-
tions (0.08) is notably larger than that for consolidating citations (0.02), with both effects 
being statistically significant at the 0.001 level.

Fig. 7   Effect of the data-based papers on the disruptive potentials of papers. Models (1–6) utilize Ordi-
nary Least Squares (OLS) regression models. In all models, the coefficients of Data-based papers dem-
onstrate significant positive effects. Error bars depict 95% CI based on robust standard errors. *p < 0.05; 
**p-value < 0.01; ***p-value < 0.001
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Models (4–6) present the results for the social sciences, which also show that data-based 
papers exhibit significantly higher CD index values than their control counterparts. Simi-
larly, data-based papers in the social sciences receive both higher disruptive and higher 
consolidating citations than control papers. Again, the effect size for disruptive citations 
(0.40) is larger than that for consolidating citations (0.30), with both differences being sta-
tistically significant at the 0.001 level.

Taken together, these findings indicate that data-based papers have a more substantial 
disruptive and consolidating impact than control papers. The larger effect size for disrup-
tive citations suggests that data-based papers have a higher potential for inducing paradigm 
shifts, emphasizing their greater disruptive potential relative to traditional publications. 
This suggests that data-based research may play a more significant role in challenging 
existing paradigms and fostering the emergence of new areas of inquiry. The observed 
higher consolidating citations for data-based papers also indicate that, while these papers 
are disruptive, they simultaneously reinforce and expand the existing body of knowledge, 
suggesting that they may bridge gaps between traditional research and novel, data-driven 
approaches.

Discussion

This paper contributes to the expanding literature on the science of science by providing 
robust empirical evidence on the transformative role of data-driven research in advanc-
ing scientific progress. Our findings demonstrate that data-based papers in the life and 
social sciences exhibit significantly higher scientific impact, interdisciplinarity, and dis-
ruption compared to their non-data-based counterparts, aligning with and extending recent 
trends in the research status quo. The increasing prevalence of data-sharing platforms, such 
as PubMed, ICPSR, and DataCite, and the growing emphasis on open science practices 
(Hemphill et  al., 2024) underscore the timeliness of our results. These findings resonate 
with current efforts to enhance research transparency and reproducibility, as evidenced by 
studies showing that data-sharing correlates with higher citation counts (He & Han, 2017) 
and fosters cross-disciplinary collaboration. By quantifying the dual role of data-driven 
research in both challenging existing paradigms and reinforcing knowledge bases, our work 
highlights data’s pivotal role in shaping the evolution of scientific fields, bridging tradi-
tional research paradigms with emerging, data-centric methodologies.

From a practical standpoint, our results advocate for continued investment in data-shar-
ing infrastructure and policies, which are increasingly central to modern scientific ecosys-
tems. The higher interdisciplinarity of data-based papers suggests that funding agencies 
should prioritize support for cross-disciplinary collaborations that leverage large, shared 
datasets to address complex, multifaceted research questions. For instance, repositories like 
GenBank and the Gene Expression Omnibus have enabled breakthroughs in genomics and 
bioinformatics by facilitating data reuse across disciplines (Qin et al., 2022). Similarly, in 
the social sciences, ICPSR’s curated datasets have supported impactful research on societal 
issues, as seen in the frequent use of datasets like the American National Election Study 
(Hemphill et al., 2024). Researchers should leverage these resources to enhance the impact 
and visibility of their work, while journals could incorporate metrics of interdisciplinarity 
and disruptive potential into their evaluation criteria, particularly for data-intensive fields. 
Institutions, in turn, should foster data-centric research cultures to boost global recognition 
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and competitiveness, aligning with the growing adoption of data-driven methodologies in 
leading research environments (Robinson-Garcia et al., 2017).

Despite offering valuable insights, this study has several limitations. First, the analysis 
relies on two large datasets from the life and social sciences, which may not fully rep-
resent other academic disciplines, such as the humanities or emerging interdisciplinary 
fields. This limitation restricts the generalizability of the findings to all areas of scientific 
inquiry. Second, while Coarsened Exact Matching (CEM) effectively controls for observ-
able characteristics when pairing data-based papers with non-data-based counterparts, it 
cannot account for unobserved factors, such as specific research methodologies or content-
level features, that may also influence scientific outcomes. Furthermore, the measurement 
of disruption through the CD index, which is based on citation patterns, may not fully cap-
ture the broader impacts of paradigm shifts that occur outside citation metrics, such as the 
creation of new research networks or methodologies (Yang et  al., 2024, 2025a, 2025b). 
Additionally, although the datasets used in this study are among the most recent (Hemphill 
et  al., 2024; Xu et  al., 2024), they do not capture all data-driven research papers. There 
remains a need for collaborative efforts to build larger, more comprehensive datasets on 
data-driven research and better understand how datasets influence scientific innovation. 
While manual verification in the CEM process focused on titles and abstracts, the potential 
for bias in the control group remains, as additional factors may not have been considered.

Looking ahead, several promising avenues for future research should be explored. 
Expanding the scope of data sources to include other disciplines, such as engineering or the 
humanities, would offer a more comprehensive understanding of how data-driven research 
influences innovation across a broader spectrum of scientific fields. Further studies could 
also examine the long-term impact of data-driven research by tracking its influence on 
scientific progress over extended time periods. Enhancing the measurement of disrup-
tion, potentially by incorporating alternative metrics such as the formation of new research 
fields or collaborations, would provide a deeper understanding of its broader impact. Addi-
tionally, exploring the role of research team composition—such as team size, diversity, and 
interdisciplinarity—could illuminate how collaborative practices contribute to the success 
of data-driven research. Finally, investigating the relationship between data-driven research 
and public policy, including funding and data-sharing initiatives, could provide valuable 
insights into how institutional factors shape scientific progress.

Appendix A: Tables

See Tables 1, 2, 3, 4, 5.



Scientometrics	

Ta
bl

e 
1  

E
ffe

ct
 o

f t
he

 d
at

a-
ba

se
d 

pa
pe

rs
 o

n 
th

e 
sc

ie
nt

ifi
c 

im
pa

ct
 o

f p
ap

er
s (

O
LS

 re
gr

es
si

on
)

Ro
bu

st 
st

an
da

rd
 e

rr
or

s a
re

 re
po

rte
d 

in
 p

ar
en

th
es

es
. *

p <
 0.

05
, *

*p
 <

 0.
01

, *
**

p <
 0.

00
1

M
od

el
s

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

Fi
el

d/
da

ta
Li

fe
 sc

ie
nc

e 
(P

ub
M

ed
)

So
ci

al
 sc

ie
nc

e 
(M

A
G

)

D
.V

ln
(C

ita
tio

ns
)

U
nt

il 
20

24
ln

(C
ita

tio
ns

)
5-

ye
ar

ln
(C

ita
tio

ns
)

U
nt

il 
20

21
ln

(C
ita

tio
ns

)
5-

ye
ar

ln
(#

N
ew

s m
en

tio
ns

)
ln

(#
Tw

ee
t m

en
tio

ns
)

D
at

a-
ba

se
d 

pa
pe

rs
0.

06
23

**
* 

(0
.0

03
6)

0.
06

42
**

* 
(0

.0
03

5)
0.

36
08

**
* 

(0
.0

07
5)

0.
20

14
**

* 
(0

.0
06

5)
0.

01
56

**
* 

(0
.0

01
0)

0.
10

28
**

* 
(0

.0
04

2)
ln

(#
Re

f)
0.

35
37

**
* 

(0
.0

03
1)

0.
34

98
**

* 
(0

.0
03

0)
0.

33
11

**
* 

(0
.0

04
4)

0.
26

44
**

* 
(0

.0
03

7)
0.

00
28

**
* 

(0
.0

00
4)

0.
04

63
**

* 
(0

.0
01

7)
ln

(T
ea

m
 si

ze
)

0.
42

78
**

* 
(0

.0
04

0)
0.

42
77

**
* 

(0
.0

03
9)

0.
21

85
**

* 
(0

.0
09

6)
0.

25
30

**
* 

(0
.0

08
5)

0.
00

27
. (

0.
00

15
)

−
 0

.0
11

0.
 (0

.0
06

4)
G

en
de

r d
iv

er
si

ty
−

 0
.1

20
1*

**
 (0

.0
09

6)
−

 0
.1

21
2*

**
 (0

.0
09

2)
−

 0
.0

02
7 

(0
.0

14
3)

0.
00

04
 (0

.0
12

6)
0.

00
20

 (0
.0

02
0)

0.
01

46
. (

0.
00

85
)

P 
(fe

m
al

e)
−

 0
.0

76
3*

**
 (0

.0
08

3)
−

 0
.0

95
5*

**
 (0

.0
08

0)
0.

03
43

**
 (0

.0
10

6)
0.

00
05

 (0
.0

09
2)

−
 0

.0
04

9*
**

 (0
.0

01
3)

−
 0

.0
21

6*
**

 (0
.0

05
9)

ln
(A

vg
 h

 in
de

x)
0.

45
69

**
* 

(0
.0

04
8)

0.
47

63
**

* 
(0

.0
04

6)
0.

35
86

**
* 

(0
.0

08
6)

0.
38

71
**

* 
(0

.0
07

4)
0.

00
70

**
* 

(0
.0

01
1)

0.
04

87
**

* 
(0

.0
04

6)
Te

am
 h

ie
ra

rc
hy

−
 0

.2
57

5*
**

 (0
.0

13
5)

−
 0

.2
64

7*
**

 (0
.0

13
1)

−
 0

.0
51

8*
 (0

.0
23

6)
−

 0
.1

03
2*

**
 (0

.0
20

5)
−

 0
.0

12
0*

**
 (0

.0
03

3)
−

 0
.0

85
1*

**
 (0

.0
13

4)
ln

(A
vg

 c
ar

ee
r a

ge
)

−
 0

.4
24

7*
**

 (0
.0

06
5)

−
 0

.4
43

6*
**

 (0
.0

06
2)

−
 0

.1
86

3*
**

 (0
.0

10
9)

−
 0

.2
13

8*
**

 (0
.0

09
2)

−
 0

.0
02

8*
 (0

.0
01

1)
−

 0
.0

23
7*

**
 (0

.0
05

0)
Su

bfi
el

d 
FE

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
ar

 F
E

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Jo
ur

na
l Q

 F
E

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

Ye
s

R2
0.

38
85

5
0.

30
92

3
0.

35
97

2
0.

31
47

2
0.

01
90

5
0.

21
57

4



	 Scientometrics

Table 2   Effect of the data-based papers on the interdisciplinarity of papers (OLS regression)

Robust standard errors are reported in parentheses. *p < 0.05, **p < 0.01, ***p < 0.001

Models (1) (2) (3) (4)
Field/Data Life science (PubMed)

D.V ln(Variety) Entropy ln(Disparity) Rao-Stirling

Data-based papers 0.0214*** (0.0009) 0.0225*** (0.0009) 0.0005* (0.0002) 0.0019*** (4.73e−5)
ln(#Ref) 0.4366*** (0.0011) 0.2415*** (0.0012) 8.61e−5 (0.0002) 0.0038*** (4.66e−5)
ln(Team size) 0.0468*** (0.0009) 0.0488*** (0.0009) − 0.0002 (0.0002) 0.0002*** (4.62e−5)
Gender diversity 0.0691*** (0.0027) 0.0695*** (0.0028) − 0.0003 (0.0007) 0.0035*** (0.0001)
P (female) − 0.0192*** 

(0.0024)
− 0.0067** 

(0.0025)
0.0001 (0.0006) − 0.0045*** (0.0001)

ln(Avg h index) 0.0032* (0.0013) − 0.0072*** 
(0.0013)

9.55e−5 (0.0003) − 0.0005*** 
(6.33e−5)

Team hierarchy − 0.0054 (0.0039) − 0.0034 (0.0040) 0.0010 (0.0009) − 0.0013*** (0.0002)
ln(Avg career age) − 0.0007 (0.0019) 0.0056** (0.0020) − 0.0004 (0.0004) − 0.0011*** 

(9.16e−5)
Subfield FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Journal Q FE Yes Yes Yes Yes
R2 0.59870 0.31615 0.01925 0.10266

Table 3   Effect of the data-based papers on the interdisciplinarity of papers (OLS regression)

Robust standard errors are reported in parentheses. *p < 0.05, **p < 0.01, ***p < 0.001

Models (1) (2) (3) (4)
Field/data Social science (MAG)

D.V ln(Variety) Entropy ln(Disparity) Rao-Stirling

Data-based papers 0.0442*** (0.0027) 0.0498*** (0.0032) 0.0119*** (0.0007) 0.0079*** (0.0005)
ln(#Ref) 0.6076*** (0.0026) 0.3906*** (0.0030) 0.0633*** (0.0009) 0.0214*** (0.0005)
ln(Team size) 0.0557*** (0.0032) 0.0501*** (0.0039) 0.0069*** (0.0008) 0.0055*** (0.0006)
Gender diversity 0.0164** (0.0051) 0.0183** (0.0061) 0.0029* (0.0012) 0.0026** (0.0009)
P (female) − 0.0273*** 

(0.0040)
− 0.0389*** 

(0.0046)
− 0.0017. (0.0010) − 0.0061*** 

(0.0007)
ln(Avg h index) 0.0258*** (0.0032) − 0.0066. (0.0037) 0.0075*** (0.0008) − 0.0018*** 

(0.0005)
Team hierarchy − 0.0439*** 

(0.0085)
− 0.0758*** 

(0.0099)
0.0061** (0.0022) − 0.0068*** 

(0.0015)
ln(Avg career age) − 0.0260*** 

(0.0044)
0.0033 (0.0048) − 0.0063*** 

(0.0012)
0.0024*** (0.0007)

Subfield FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Journal Q FE Yes Yes Yes Yes
R2 0.59561 0.32125 0.23290 0.08023
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Appendix B: Figure

See Fig. 8.

Table 5   Descriptive statistics of data-based papers and the control group

Data-based papers Control group

Obs Mean Std Median Obs Mean Std Median

Life science (PubMed)
Citations till 2024 162,542 46.20 235.22 11.00 171,593 23.47 72.62 10.00
Citations (5 year) 162,542 30.34 122.55 9.00 171,593 16.43 34.21 8.00
Variety 142,434 49.73 14.52 49.00 161,133 48.62 15.54 48.00
Entropy 142,434 3.36 0.28 3.38 161,133 3.32 0.30 3.34
Disparity 142,241 0.53 0.09 0.54 161,132 0.53 0.09 0.54
Rao-Stirling 133,635 0.065 0.01 0.07 149,124 0.063 0.01 0.06
CD 158,026 0.001 0.02 0.00 169,576 0.000 0.02 0.00
 ni 180,352 15.03 144.69 2.00 182,620 7.05 49.33 2.00
 nj 180,352 26.66 114.59 6.00 182,620 15.47 34.75 6.00

Social science (MAG)
Citations till 2021 42,018 73.38 449.10 25.00 39,851 46.04 149.51 18.00
Citations (5 year) 42,018 20.41 60.30 10.00 39,851 17.07 33.89 8.00
Variety 37,606 9.12 4.31 9.00 37,440 9.08 4.94 8.00
Entropy 37,606 1.75 0.50 1.80 37,440 1.71 0.55 1.75
Disparity 37,606 0.90 0.15 0.95 37,440 0.89 0.18 0.95
Rao-Stirling 37,606 0.23 0.06 0.23 37,440 0.22 0.07 0.22
CD 38,989 0.003 0.04 0.00 37,786 0.001 0.03 0.00
 ni 40,906 33.11 410.93 8.00 40,605 16.19 78.62 5.00 
 nj 40,906 38.47 96.89 14.00 40,605 28.08 79.54 10.00
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Appendix C: Computational complexity

To provide insight into the computational demands of our analyses, we report the 
approximate time required to perform key procedures, conducted on a high-performance 
computing cluster with 64 cores (2.5 GHz) and 256 GB RAM. The identification of 
data-based papers (Sect. “Data-based papers”) took approximately 6 h, involving dataset 
mapping for 247,847 life sciences papers and 57,913 social sciences papers. The Coars-
ened Exact Matching (CEM) procedure (Sect.  “Coarsened exact matching”) required 
approximately 96 h for matching 189,557 life sciences papers and 24 h for matching 

Fig. 8   Empirical cumulative distribution functions (ECDFs) of innovation measures (long-term citations, 
5-year citations, variety, entropy, disparity, Rao-Stirling index, CD index, disruptive citations (ni), consoli-
dating citations (nj)) for data-based papers and control group papers in life sciences (PubMed) and social 
sciences (MAG)
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45,244 social sciences papers, including iterative adjustments and manual verification 
of control group papers to ensure accurate classification. Calculating interdisciplinar-
ity metrics (variety, entropy, disparity, Rao-Stirling) across reference distributions for 
all matched papers took around 24 h for the PubMed dataset (approximately 30 mil-
lion papers) and 40 h for the Microsoft Academic Graph (MAG) dataset (approximately 
200 million papers). Disruption metrics, including the CD index and counts of disrup-
tive and consolidating citations, required approximately 48 h for the PubMed dataset 
and 60 h for the MAG dataset, due to the computational intensity of processing citation 
networks. Multivariable OLS regressions, including fixed effects for publication year, 
subfield, and journal impact quantile, were relatively efficient, taking approximately 2 h 
per discipline.
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