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Abstract
Purpose/Significance The conceptual definition of scientific data literacy and
an understanding of its intrinsic structure constitute the foundation for con-
ducting theoretical research and educational practice on scientific data literacy.
Methods/Process Based on information literacy theory and scientific data life-
cycle theory, and building upon domestic and international theoretical research
and practical progress in data literacy, this study defines the core connotation
of scientific data literacy, analyzes the origin backgrounds and competency re-
quirements of various closely related types of literacy, and establishes an intrin-
sic structure system for scientific data literacy. Results/Conclusion This study
constructs a process structure system based on scientific research workflow and
scientific data lifecycle, an objective structure system centered on educational
objectives for scientific data literacy in novel data environments, and organically
connects and unifies the data behavior process with data cultivation objectives
to form a process-objective structure system for scientific data literacy, thereby
clarifying the objectives that scientific data literacy should achieve and the spe-
cific implementation pathways, laying the theoretical foundation for scientific
data literacy research.
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Abstract
[Purpose/Significance] Defining the concept of scientific data literacy and
grasping its connotative structure provides the foundation for theoretical re-
search and educational practice in this domain. [Method/Process] Based on
information literacy theory and scientific data lifecycle theory, this paper defines
the core connotation of “scientific data literacy” by building upon domestic and
international theoretical research and practical advances in data literacy. It
analyzes the origins and competency requirements of various related literacy
types and establishes a connotative structure system for scientific data liter-
acy. [Result/Conclusion] The study constructs a process structure system
grounded in scientific research workflows and data lifecycles, and an objective
structure system centered on educational goals for scientific data literacy in new
data environments. By organically connecting data behavioral processes with
cultivation objectives, a process-objective structure system for scientific data lit-
eracy is formed, clarifying both the intended goals and specific implementation
pathways. This work lays a theoretical foundation for scientific data literacy
research.

Keywords: scientific data literacy; connotation; structure

1. Introduction
Literacy education represents an enduring topic throughout human social devel-
opment, with definitions and requirements evolving across different historical
periods and social contexts. Today, we face explosive data growth and con-
tinuous technological advancement, making the ability to effectively identify,
acquire, process, evaluate, and utilize data increasingly critical. This capabil-
ity directly impacts knowledge generation, scientific innovation, and even daily
work, learning, and life. Scientific data literacy has emerged as a novel concept
in the data-intensive era, and academic analysis of its origins, connotation, and
developmental framework constitutes the essential foundation for theoretical
research and educational practice [1].

The concept of “information literacy,” also termed “information quality,” has
a long history and mature conceptualization compared to “data literacy.” Orig-
inating in the late 19th and early 20th centuries, it evolved into “information
literacy” by the late 1980s. With the rapid development of information technol-
ogy and the surge in information volume, the Association of College & Research
Libraries (ACRL) issued a landmark report in 1989 that identified information
literacy as a survival skill for the information age. The report defined it as “the
ability to recognize when information is needed and have the capacity to locate,
evaluate, and use effectively the needed information” [2]. This definition has
been widely adopted, and the importance of information literacy has been fully
recognized. Global efforts to enhance information literacy capabilities have been
undertaken by numerous countries and international organizations [3].
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The most significant research achievements in information literacy theory pri-
marily encompass two aspects: discussions on the connotative structure of in-
formation literacy, and the formation of competency standards and evaluation
systems. Regarding structural studies, some scholars propose a “three-level in-
formation literacy theory” comprising information knowledge, information capa-
bility, and information culture [4], while others argue that information literacy
consists of four components: information awareness, information knowledge, in-
formation capability, and information ethics [5]. Chinese scholar Pi Jiezheng
proposed both process-structure and objective-structure theories of information
quality, integrating them to construct a “process-objective structure system of
information quality” [6], which provides a theoretical framework for information
literacy education.

Regarding competency assessment, numerous institutions worldwide have es-
tablished corresponding standards and indicator systems, with particularly in-
fluential examples including: ACRL’s 2000 “Information Literacy Competency
Standards for Higher Education” [7] (hereafter “Standards”), the Society of
College, National and University Libraries’ (SCONUL) 2000 “Seven Pillars of
Information Literacy” model and its subsequent revisions [8], the Australian and
New Zealand Institute for Information Literacy’s (ANZIIL) 2004 “Information
Literacy Framework: Principles, Standards and Practice” [9], and UNESCO’s
2013 “Global Media and Information Literacy Assessment Framework” [10].
Although these assessment standards have different emphases, they generally
establish indicator systems following the information processing and utilization
process, adhering to basic workflow patterns of information need identification,
acquisition, evaluation, management, and utilization.

ACRL’s 2015 “Framework for Information Literacy for Higher Education” [11]
(hereafter “Framework”) represents a major reform and adjustment. Facing
global transformations in higher education and learning environments, along
with increasingly complex information ecosystems, the Framework replaced the
linear model of learning outcomes and skill lists from the 2000 Standards with
an interconnected set of concepts. Through a richer set of core ideas that can
be flexibly implemented, it fully taps the potential of information literacy edu-
cation reform [12]. The Framework extends information literacy to all learning
domains for higher education students and integrates it with other academic and
social learning objectives. It represents the latest global concept in information
literacy evaluation, innovatively introducing two core concepts—“threshold con-
cepts” and “metaliteracy”—that emphasize learners’ critical thinking and collab-
orative abilities regarding information. The Framework’s indicators emphasize
dynamic, flexible behavioral approaches and critical, deconstructive mindsets
[12]. These emerging concepts suggest that scientific data literacy in new re-
search and higher education paradigms should shift from skill cultivation to
conceptual enhancement. Existing theoretical achievements in information lit-
eracy provide a sufficient theoretical foundation and practical reference for un-
derstanding and applying scientific data literacy.
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2.2 Scientific Data Lifecycle Theory

The term “lifecycle” originates from life sciences, referring to the entire process
a living organism experiences from birth, growth, and maturity to decline and
death [13]. This vivid concept, after extension and expansion, has been widely
applied to other fields in nature and human society. Lifecycle theory has become
an important research method because it examines objects through different
stages of their existence, each presenting unique changes and patterns. This
stage-based approach to understanding the whole conforms to general laws of
development [14]. Information lifecycle theory treats information as an organism
with inherent dynamic cycles—from generation and utilization to aging and
demise—undergoing continuous processes of value creation, manifestation, and
enhancement. The concept of scientific data lifecycle draws upon this theory to
study the value decay process of scientific data from creation to archiving and
reuse.

Scientific data exists in diverse forms and carriers, and its cyclical process follows
inherent patterns, making it suitable for lifecycle research methods. However,
scientific data does not completely follow the “value aging” pattern of informa-
tion resources. Its lifecycle is closely related to scientific research workflows and
influenced by disciplinary attributes, research methods, tools, and techniques
[15].

Current international theoretical research and practical progress on scientific
data lifecycles are advancing rapidly. According to a survey report released
by the Committee on Earth Observation Satellites (CEOS) in April 2012, there
are already 52 different types of scientific data lifecycle and management models
[16]. Several mature and representative models include:

(1) The Inter-university Consortium for Political and Social Research (ICPSR)
DDI (Data Documentation Initiative) Combined Lifecycle Model [17] (see
[Figure 1: see original paper]). This model comprises six main processes:
“Research Concept → Data Collection → Data Processing → Data Distri-
bution → Data Discovery → Data Analysis,” with “Data Archiving” and
“Data Reuse” as optional paths depending on research needs. This model
effectively integrates the data lifecycle with research workflows, clarifying
the relationship between data and projects for researchers while establish-
ing a main thread for research data services. U.S. university libraries have
built corresponding research data service frameworks based on this model,
such as the University of Virginia Library’s Research Lifecycle Model [18]
and Michigan State University’s Records Lifecycle Model [19].

(2) The UK Digital Curation Centre’s (DCC) “Data Curation Lifecycle
Model” for digital objects or datasets (see [Figure 2: see original paper]).
Centered on data, it consists of concentric layers: the first layer is data
description and representation; the second is long-term preservation
planning; the third involves data sharing and stakeholder participation;
the fourth is data management and long-term preservation; and the fifth
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encompasses all lifecycle stages related to data curation: “Create or
Receive Data → Appraise and Select → Ingest → Preservation Action →
Store → Access and Reuse → Transform” [20].

(3) The UK Data Archive (UKDA) Scientific Data Lifecycle, where data un-
dergoes a cyclical structure of six main stages: “Create → Process →
Analyze → Preserve → Access → Reuse,” with a lifespan longer than the
research project itself [21].

(4) The National Science Foundation’s (NSF) DataONE (Data Observation
Network for Earth) Scientific Data Lifecycle Model, launched in 2009,
which identifies eight main stages: “Plan → Collect → Assure → Describe
→ Preserve → Discover → Integrate → Analyze,” forming a cyclical struc-
ture [22].

In summary, current scientific data lifecycle models generally unfold around the
various stages experienced throughout the entire life process of scientific data.
Some studies view the scientific data lifecycle as a linear structure, though more
consider it cyclical. Since scientific data is a product of research, it is insepa-
rable from research project workflows. Although natural sciences and human-
ities/social sciences differ in data migration, transformation, and lifecycle end-
points, certain stages remain common across disciplines, such as data discovery,
collection, processing, and analysis. This suggests that when studying the conno-
tative structure of scientific data literacy, we can construct a discipline-general
system based on the inherent attributes of scientific data, then supplement it
with discipline-specific frameworks reflecting particular research methods and
characteristics.

3. Connotation and Characteristics of Scientific Data Lit-
eracy
Like many emerging and interdisciplinary fields, data literacy carries different
meanings and significance for different stakeholders and experts due to varying
historical contexts, academic traditions, and research perspectives. Its conno-
tation in different research contexts cannot be definitively bounded. “Scientific
data literacy” belongs to the research domain of “data literacy” while having its
own specific conceptual scope, necessitating detailed elaboration and analysis of
its connotation and characteristics.

3.1 Connotation of Scientific Data

3.1.1 Data
Traditionally, “data” refers to “justified numbers.” Under the dual drivers of
informatization and networking, data’s connotation and extension have contin-
uously expanded to encompass not only numbers but all information stored
on computers, including text, audio, video, etc. The U.S. National Science
Foundation (NSF) stated in its 2005 report on “Long-lived Digital Data Collec-
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tions” that data refers to any information that can be stored digitally, including
text, numbers, images, video or film, audio, software, algorithms, animations,
models, simulations, etc. [23]. China’s national standard (GB/T18391.1-2009)
defines “data” as “a formalized representation of facts, concepts, or instruc-
tions suitable for communication, interpretation, or processing by humans or
automated means” [24]. Data can represent many different things and has nu-
merous classification methods; by generation method, data can be categorized
as observational, experimental, simulated, derived or compiled, and reference
or normative [25].

With the development of big data, cloud computing, mobile internet, IoT, and
artificial intelligence, all content, media, or publications can be viewed as data
collections from a digital and computational perspective. These data objects
can be digitally, structurally, and semantically parsed, annotated, and linked
to become logically meaningful and interrelated knowledge objects. All these
knowledge objects are computable, recombinable, integrable, and recreatable,
and can interact with users in personalized and dynamic ways to form new data
objects and knowledge content. Various data objects have become explicit,
fundamental, and primary knowledge resources, marking our transition from an
information environment to a data environment [26].

In today’s era, the concept of data has far exceeded existing definitions. Due
to its diverse forms and rich connotations, data has essentially evolved into a
collective term for information, intelligence, knowledge, and semantics. The aca-
demic communication system has consequently undergone significant changes,
with data serving as both an important foundational resource for research and
an output form of scientific achievements, playing a crucial role in the scientific
research process.

3.1.2 Scientific Data
What constitutes scientific data? Major foreign terms include “Science Data,”
“Scientific Data,” or “Research Data,” while domestically it has evolved from
“scientific and technological data” to “scientific data” [27]. Definitions from
domestic and international research institutions and scholars include:

(1) Traditional scientific data: China’s Scientific Data Sharing Engineer-
ing defines scientific data as original and foundational data generated by
humans in scientific and technological activities to understand and trans-
form the world, as well as systematically processed data products and
related information. This includes massive long-term data accumulated
and compiled through large-scale observation, detection, investigation, ex-
perimentation, and comprehensive analysis by public welfare sectors, as
well as substantial data generated through national science and technology
programs and years of scientific practice by researchers [28]. The OECD
[29], U.S. National Institutes of Health [30], Australian National Univer-
sity [31], and University of Cambridge [32] have similarly defined “research
data” from related perspectives. For domain-specific scientific data, many
institutions have provided interpretations, such as China’s Agricultural
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Scientific Data Sharing Center, which defines agricultural scientific data
as basic data generated from agricultural scientific and technological activ-
ities and systematically processed data products and related information
[33].

Synthesizing these research findings, institutions have defined scientific data
from a management perspective, roughly falling into three categories: first, ac-
tual recorded materials that can verify research findings, excluding unverified
data such as notes and preliminary experimental results; second, semi-finished
products including experimental data, notes, images, audio/video, and simula-
tion systems related to scientific research; and third, the broadest understanding
encompassing all process data, semi-finished products, and research outcomes
throughout the entire scientific research process.

(2) Scientific data in the digital research context: With advances in
information technology, scientific research informatization has matured,
and scientific computing has enhanced humanity’s ability to describe com-
plex social phenomena. Various network transmission systems and data
storage and analysis facilities not only provide scientists with powerful
observation, analysis, and experimental capabilities but also promote the
evolution of research methods from theoretical analysis and observation
to simulation of research objects, driving the formation of “the fourth
paradigm of data-intensive scientific research” and a shift from hypothesis-
driven to data-driven scientific methods [34]. This paradigm shift has
endowed scientific data with new meanings:

First, large volumes of raw scientific data are generated through collection
by detectors and other high-end equipment and high-performance computer
simulations. This includes not only theoretical predictions and experimental
observations from traditional conditions but also comprehensive factors from
researchers, scientific instruments, research processes, and management mech-
anisms, as well as digital expressions produced through computer simulation
and modeling analysis, including research objects in social science fields. The
advantage of this digital expression lies in its ability to describe large-scale or
micro-scale entities and enable various forms of combination, transformation,
and digital expression according to research needs [15].

Second, initial data includes unprocessed scientific experimental data and digi-
tal expressions of research objects. Scientific workflow technologies from initial
to intermediate data and final results enable visualization methods, techniques,
and software resources for scientific data to exist as a resource type, allowing
people to describe scientific research or experimental processes in a reproducible,
verifiable, and distributed manner, understand data processing methods, mod-
els, and tools employed, and thereby verify scientific research [35].

Additionally, in the big data era, “data” is no longer isolated and static but dy-
namic and systematic, existing as continuous and uninterrupted “data flows”—
vast, interrelated, and living data. Data has become an essential foundational
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resource for innovation across all social sectors, making systematic collection
and scientific analysis crucial.

(3) Scientific data studied in this paper: Given the evolution from tradi-
tional research environments to e-research and big data eras, the genera-
tion pathways, organizational forms, and application domains of scientific
data have undergone tremendous changes. This paper defines scientific
data as digital information suitable for communication, interpretation,
or processing—generated through observation, experimentation, investi-
gation, recording, or computation in natural sciences, engineering technol-
ogy, and humanities/social sciences—as well as systematically processed or
reorganized data products and related information according to different
research needs. This includes numerical data, textual data, images, audio,
video, and other multimedia data usable for scientific research, technical
design, verification, and decision-making.

3.2 Connotation of Scientific Data Literacy

“Data literacy” originated in American educational circles, with its connota-
tion evolving alongside technological development, showing variations across
different eras and fields. No standardized definition has yet formed in existing
domestic and international research. Terminological expressions include: “Data
Literacy,” “Data Information Literacy,” “Science Data Literacy,” “Research
Data Literacy,” and “Data Management Literacy.”

The proposal of “scientific data literacy” confines the concept and application
scope of “data literacy” to the scientific research domain and provides clearer
boundaries for “data,” specifically referring to original and foundational data
generated in scientific and technological activities to understand and transform
the world, as well as systematically processed data products and related informa-
tion. “Literacy” is defined as “the ability to read and write” or “an accomplish-
ment acquired through training or practice,” encompassing moral character,
appearance, knowledge level, and capabilities. From this definition, “scientific
data literacy” can be understood as “the thinking, knowledge, and skills involved
in collecting, processing, managing, evaluating, and utilizing data for scientific
research, as well as the ethical norms and behavioral standards universally fol-
lowed throughout the data lifecycle.”

Scientific data literacy emphasizes understanding, utilizing, and managing sci-
entific data to transform data into knowledge. Rapid development of informa-
tion technology and digital information resources has revolutionized scientific
research activities. In e-science and e-social science, as well as data-intensive
research paradigms, new research environments demand enhanced data utiliza-
tion capabilities from researchers, while data-intensive paradigms significantly
increase the need for data management skills and related professionals. Re-
searchers must not only effectively analyze and utilize scientific data but also
systematically collect and manage it.
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Existing scientific data literacy research generally follows two paths: first, a
data utilization perspective focusing on user data behavior research within the
information literacy domain—namely, how to use and reuse scientific data; sec-
ond, a data management perspective focusing on data production, organization,
and storage throughout the research lifecycle. These two objectives are both
distinct and interrelated, fundamentally aiming to cultivate learners’ knowl-
edge and skills in collecting, processing, managing, evaluating, and using data
during scientific exploration, enabling them to possess scientific data literacy
capabilities required for research innovation and development.

3.3 Relationship Between Scientific Data Literacy and Other Litera-
cies

“Literacy” is a concept that continuously develops and enriches with changing
times. When a behavior or lifestyle becomes increasingly popular and influen-
tial, traditional literacy’s role and value gradually weaken, objectively necessi-
tating new literacy concepts that enable individuals to realize their knowledge
and potential, fully participate in their communities and broader society, adapt
to challenges and requirements of social development, and achieve their goals.
“Scientific data literacy” has emerged based on related literacy concepts such
as information literacy, digital literacy, scientific literacy, and statistical liter-
acy. Clarifying its connections and distinctions with these related literacies is
prerequisite to understanding scientific data literacy.

3.3.1 Relationship with Information Literacy
Since its emergence in 1974, information literacy has sparked worldwide research
and discussion. The most influential definition comes from ACRL’s 2000 “In-
formation Literacy Competency Standards for Higher Education,” which cited
the American Library Association’s (ALA) authoritative 1989 definition: “the
ability to recognize when information is needed and have the capacity to locate,
evaluate, and use effectively the needed information” [7]. Today, information
technology and environments have transformed dramatically, and information
literacy’s connotation has been elaborated from multiple perspectives. ACRL’s
2015 “Framework for Information Literacy for Higher Education” enriched the
concept to “the set of integrated abilities encompassing the reflective discovery
of information, the understanding of how information is produced and valued,
and the use of information in creating new knowledge and participating ethi-
cally in communities of learning” [11], emphasizing dynamism, flexibility, and
integration with emerging literacies.

In the big data era, scientific data literacy centered on data management and
utilization should become an important component of information literacy in
higher education. To some extent, scientific data literacy can be viewed as an
extension and expansion of information literacy, as research institutions and
experts suggest that research data should be treated as a type of information,
and data management knowledge and skills should be incorporated into informa-
tion literacy definitions to ensure students acquire essential career skills [36-39].
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However, scientific data literacy differs fundamentally from traditional informa-
tion literacy in practice, primarily because data complexity far exceeds that of
other information types. While information literacy reflects the ability to find,
acquire, evaluate, and use information, scientific data literacy reflects the abil-
ity to understand, use, and manage scientific data, focusing on data’s special
attributes and application value.

3.3.2 Relationship with Digital Literacy
“Digital literacy” was formally proposed by P. Gilster in 1997, defined as “the
ability to understand, evaluate, and use various digital resources and infor-
mation based on computer technology” [40], with critical thinking as its core
rather than merely digital technical skills. Israeli scholar Y.E. Eshet-Alkalai
constructed a five-framework concept of digital literacy based on years of re-
search: photo-visual literacy, reproduction literacy, branching literacy, informa-
tion literacy, and socio-emotional literacy, representing respectively the abilities
to understand graphical information, reintegrate information, conduct nonlin-
ear information searches, construct knowledge from fragmented information, re-
trieve/filter/discern/use information, and share knowledge through digital emo-
tional communication [41]. IFLA’s 2017 digital literacy declaration states that
“being digitally literate means being able to maximize the use of digital technol-
ogy to meet personal, social, and professional information needs in an efficient,
effective, and ethical manner” [42].

Digital literacy emphasizes mastering and applying digital technology and net-
work knowledge to identify, organize, understand, evaluate, and create informa-
tion to meet various learning, working, and living needs—a lifelong learning pro-
cess. When emphasizing scientific data literacy capabilities as data producers,
users, and managers, we cannot separate from digital literacy’s basic require-
ments. However, given data’s rich types and complex processing workflows,
scientific data literacy’s research scope is broader and more specialized.

3.3.3 Relationship with Scientific Literacy
International consensus generally summarizes scientific literacy as three com-
ponents: understanding scientific knowledge, mastering scientific research pro-
cesses and methods, and understanding the impact of science and technology on
society and individuals [43-44]. Scientific literacy represents the basic quality
and cultivation researchers demonstrate during scientific research, fundamental
to successful research innovation and task completion. This means everyone en-
gaged in scientific research should possess scientific literacy, which involves the
entire scientific thinking system, values, cultural identity, and scientific commu-
nication patterns, directly relating to reading, understanding, and producing
research outcomes [45]. Scientific data literacy is closely related to scientific
literacy, both involving methods, approaches, attitudes, and skills related to
scientific thinking and research, with scientific data literacy enriching scientific
literacy’s connotation.

3.3.4 Relationship with Statistical Literacy
“Statistical literacy” refers to the ability to understand and reasonably use sta-
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tistical data and methods to solve practical problems and make decisions based
on comprehensive information [46]. China’s compulsory education mathemat-
ics curriculum standards provide a comprehensive explanation: “the ability to
think about data-related issues from a statistical perspective; make reasonable
decisions through data collection, description, and analysis; recognize statistics’
role in decision-making; and reasonably question data sources, processing meth-
ods, and results” [47]. Statistical literacy’s core is critical thinking about and
application of data, with computational ability as an important factor.

In the big data era, statistical literacy—understanding and utilizing statistical
information including methods—has strong relevance to data science, and tradi-
tional boundaries between data science and statistics have become increasingly
blurred. Scholars propose that as data’s role and nature change, statistical lit-
eracy’s traditional definition should be updated to reflect data’s enormous role
in our lives, with data literacy enriching statistical literacy’s connotation [48].

4. Connotative Structure of Scientific Data Literacy
What specific elements should scientific data literacy include? What are their
internal relationships and structure? How can we systematically and clearly de-
pict its connotative structure? Analysis reveals that after defining scientific data
literacy, its application generally unfolds according to scientific data utilization
behaviors or data problem-solving processes. This process maintains high stabil-
ity in both content and order, comprising multiple logical stages. Requirements
for data actors in cognition, skills, and affect at each stage constitute scientific
data literacy’s connotation. Combining research workflows and scientific data
lifecycles, this paper constructs a process structure system for scientific data
literacy (see [Figure 3: see original paper]).

The process structure shows that in digital research and big data eras, data-
centered behavioral processes can be condensed into: data needs analysis, data
production and collection, data analysis and processing, data publication and
sharing, data organization and preservation, data discovery and acquisition, and
data evaluation and reuse. This entire process develops vertically, with each
stage imposing corresponding knowledge and skill requirements on actors, as
well as specific demands on awareness, concepts, and ethics—such as knowledge
about data sources and environments, mastery of data processing technologies,
data acquisition and evaluation capabilities, and moral and normative princi-
ples to follow throughout. Actors’ attitudes and affect also influence the entire
process.

4.2 Objective Structure of Scientific Data Literacy

Beyond understanding scientific data literacy from the data behavior process
itself, some research, particularly by domestic scholars, abstracts educational
objectives for scientific data literacy—what target requirements learners should
meet under new big data environments to be considered scientifically data-
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literate [49-52]. Although researchers have different understandings and ex-
pressions of component concepts, essential commonalities exist: all include
data knowledge, data skills, and data cognition, forming a three-layer struc-
ture with data skills as the hub connecting data knowledge and data cognition.
Data knowledge forms the foundation for all data-related activities. Data skills
emerge from knowledge accumulation and application, and their development
enriches knowledge while deepening data cognition. Data cognition 主要包括两方
面的内容，一方面是人们对数据价值的认识和研究兴趣，即数据意识和数据文化，另一方面是认识
到数据发展中的各种行为规范和道德准则，即数据伦理，保证数据主体的数据行为遵循正确的方向，
从而维护数据生态的正常秩序，确保人们在数据活动中的利益和社会整体利益的一致性。

Through consolidation and refinement of major perspectives, five interrelated,
mutually foundational, and closely connected components can be extracted to
form the complete connotation of scientific data literacy: data awareness, data
culture, data knowledge, data skills, and data ethics. These five components
should become the target connotation when designing and implementing sci-
entific data literacy competency indicator systems and educational activities.
This connotative structure theory is termed the objective structure system of
scientific data literacy (see [Figure 4: see original paper]).

4.3 Process-Objective Structure

Scientific data literacy encompasses commonalities from information literacy,
digital literacy, scientific literacy, and statistical literacy while possessing unique
distinguishing characteristics. Its complexity makes conceptual understanding
challenging, yet accurate comprehension is essential for establishing evaluation
standards and educational content. This study deeply analyzes domestic and
foreign scholars’ shared starting points in researching related literacy connota-
tions: focusing on key roles in the data ecosystem—(1) individuals, whose data
behavioral processes have specific origins and histories that should constitute
scientific data literacy’s inherent structure; and (2) society, whose objective
requirements shape educational goals.

Although scholars’ methods and final connotative structures differ in direction
and expression, they share unifying characteristics. In scientific data literacy
research, these common features can be connected and unified to form a process-
objective structure system (see [Figure 5: see original paper]), where require-
ments at each process stage can be summarized as objectives, and objectives’
concrete manifestations are behavioral processes. Objectives, through cognitive,
behavioral, and affective elevation and internalization, ultimately form scientific
data literacy.

The process-objective structure system provides a more comprehensive and com-
plete explanation of scientific data literacy’s connotation and structure, reflect-
ing its essential meaning and practical value. It enhances the operability of
educational practice and facilitates evaluation and implementation. This dy-
namic theoretical framework will continuously self-adjust and develop with the
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data era, forming a scientific, reasonable, dynamic, and stable scientific data
literacy system.

Conclusion
Defining scientific data literacy and grasping its connotative structure estab-
lishes the theoretical foundation for educational frameworks. Based on informa-
tion literacy theory, scientific data lifecycle theory, and domestic/international
research advances, this paper defines the specific scope of “scientific data”
and determines the connotation and characteristics of “scientific data literacy.”
Through analysis of information literacy, digital literacy, scientific literacy,
and statistical literacy—their origins and competency requirements—this study
deepens understanding of scientific data literacy’s core connotation and research
scope. The constructed connotative structure system includes a process struc-
ture based on research workflows and data lifecycles, and an objective structure
centered on educational goals in new data environments. By organically connect-
ing data behavioral processes with cultivation objectives, the process-objective
structure system clarifies both the goals and implementation pathways, laying
a theoretical foundation for scientific data literacy research.
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Research on the Connotation Structure of Scientific Data Literacy
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Abstract: [Purpose/significance] The definition of scientific data literacy and
understanding of its connotative structure form the basis for theoretical research
and educational practice. [Method/process] Based on information literacy the-
ory and scientific data lifecycle theory, this paper defines the core connotation
of “scientific data literacy” by examining domestic and international research
and practical progress. It analyzes the origins and competency requirements
of closely related literacy types and establishes a connotative structure system.
[Result/conclusion] The study constructs a process structure system based on re-
search workflows and data lifecycles, and an objective structure system centered
on educational goals in new data environments. By organically connecting data
behavioral processes with cultivation objectives, a process-objective structure
system is formed, clarifying the goals and implementation pathways for scien-
tific data literacy, thereby laying a theoretical foundation for related research.
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