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Abstract

The growing digitalization of research management has intensified the need for
high-quality, consistent, and interoperable metadata in Current Research Information
Systems (CRIS). However, metadata curation in many institutions remains a manual,
time-consuming, and error-prone process, limiting scalability and data reliability.
Recent advances in large language models (LLMs) offer new opportunities to support
metadata processing through prompt engineering, enabling semantic classification and
enrichment without the need for custom model development. This paper presents a
practical approach for integrating LLM-based prompt engineering into CRIS
workflows, focusing on the automated assignment of scientific classifications to
research project data. Using a real-world case from the Slovak CRIS, we evaluate the
performance of different Al tools and demonstrate how structured prompts combined
with human validation can significantly improve efficiency and consistency in metadata
preparation. The results show that prompt engineering provides a scalable and low-
threshold solution for institutions lacking advanced Al capabilities. The study
contributes to the emerging field of Al-supported research information management by
offering a reproducible and practically applicable method for enhancing metadata
quality in CRIS environments.

1 Introduction

The increasing digitalization of research and innovation systems has fundamentally transformed
the way scientific information is produced, managed, and evaluated. Research institutions are
confronted with rapidly growing volumes of heterogeneous data, including publications, projects,
datasets, and other research outputs that must be systematically captured, structured, and made
interoperable across institutional and national infrastructures. In this context, Current Research
Information Systems (CRIS) have evolved into critical components of research management, enabling
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institutions to aggregate and analyze research activities for reporting, evaluation, and strategic
decision-making (Sivertsen, 2019; Fabre et al., 2021).

At the same time, policy developments such as Open Science, research assessment reform, and the
increasing adoption of the FAIR data principles have significantly raised expectations regarding the
quality, transparency, and interoperability of research metadata (Wilsdon et al., 2015; Wilkinson et
al., 2016; Azeroual et al., 2022). Metadata are no longer limited to descriptive functions but have
become essential for enabling discoverability, integration, and reuse of research information across
distributed knowledge infrastructures. Consequently, metadata quality has emerged as a key
determinant of the effectiveness and reliability of CRIS-based research ecosystems.

Despite this growing importance, the production and maintenance of metadata in CRIS
environments remain largely manual and heterogeneous. Previous research has consistently identified
metadata quality as a persistent challenge in digital information systems, highlighting issues such as
inconsistency, incompleteness, and lack of standardization (Bruce & Hillmann, 2004; Park, 2009;
Borgman, 2017). In the CRIS context, these challenges are further amplified by the diversity of data
sources, institutional practices, and classification schemes. Empirical studies show that varying
interpretation of classification standards and the absence of harmonized workflows contribute
significantly to reduced metadata reliability and interoperability (Leiva-Mederos et al., 2017;
Azeroual & Schopfel, 2019; Zeng & Qin, 2020; Zendulkova et al., 2025).

At the same time, the increasing complexity of research information and the demand for real-time
analytics place additional pressure on institutions to improve metadata processing efficiency. While
machine learning approaches have been proposed to automate classification and enrichment tasks,
their adoption in CRIS environments remains limited due to the lack of training data, technical
expertise, and computational resources required for model development and deployment (Azeroual,
2025a). This creates a gap between the need for scalable metadata management and the practical
capabilities of many research institutions.

Recent advances in large language models (LLMs) offer a promising alternative to traditional
machine learning approaches. LLMs have demonstrated strong capabilities in natural language
understanding, semantic classification, and information extraction tasks, often outperforming human
annotators in specific contexts (Gilardi et al., 2023; Gatto et al., 2023). Unlike conventional models,
LLMs can be applied without domain-specific training by using prompt engineering, a technique that
leverages structured textual instructions to guide model behavior (Zhang et al., 2025). This enables
institutions to utilize Al-driven support for metadata processing without the need for complex system
integration or dedicated Al development.

In this context, Al systems can be understood not merely as analytical tools, but as infrastructural
components of research information systems, comparable to core data processing and management
functionalities.

In this paper, prompt engineering is conceptualized as a practical method for embedding
institutional knowledge, classification schemes, and metadata standards directly into Al-assisted
workflows. By structuring prompts to reflect controlled vocabularies and domain-specific rules,
LLMs can generate consistent and explainable metadata suggestions that support human curators in
their tasks. This approach aligns with principles of human-centered artificial intelligence, where Al
systems augment rather than replace human expertise (Shneiderman, 2020).

The objective of this study is to investigate the applicability and effectiveness of LLM-based
prompt engineering for metadata processing in CRIS environments. The research is grounded in a
real-world use case from the Slovak CRIS, focusing on the automated classification of research
projects according to established scientific taxonomies. By evaluating different Al tools and analyzing
their performance in a practical setting, the study aims to provide empirically grounded insights into
the potential and limitations of this approach.

The paper contributes to the field of research information management in three ways. First, it
provides a practical framework for integrating prompt engineering into CRIS workflows without
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requiring advanced technical infrastructure. Second, it offers empirical evidence on the performance
of LLMs in metadata classification tasks under real-world conditions. Third, it advances the
discussion on Al-supported research infrastructures by demonstrating how human-in-the-loop
approaches can enhance metadata quality, consistency, and scalability.

2 Related Work and Positioning

The problem of metadata quality and interoperability has been extensively studied in the context
of digital libraries and research information systems. Early work by Bruce and Hillmann (2004) and
Park (2009) conceptualized metadata quality as a multi-dimensional construct, including accuracy,
consistency, completeness, and usability. These foundational studies highlight that metadata quality is
not only a technical issue but also a socio-organizational challenge shaped by workflows, standards,
and human practices. In large-scale research infrastructures, these challenges are further amplified due
to heterogeneous data sources and distributed responsibilities (Borgman, 2017).

Within the CRIS domain, research has emphasized the importance of interoperability and
standardization for enabling integrated research information ecosystems. Leiva-Mederos et al. (2017)
propose semantic interoperability frameworks to address heterogeneity across CRIS implementations,
while Azeroual and Schopfel (2019) empirically demonstrate persistent data quality issues in
institutional CRIS deployments. More recent work by Zendulkova et al. (2025) and Fabre and
Azeroual (2024) highlights the role of knowledge graphs and semantic integration as key enablers for
next-generation CRIS infrastructures. However, these approaches often assume the availability of
high-quality, standardized metadata, which remains a critical bottleneck in practice.

In parallel, the broader field of research data management has advanced principles for improving
data usability and interoperability, most notably through the FAIR framework (Wilkinson et al.,
2016). While FAIR provides important guidelines for making data findable, accessible, interoperable,
and reusable, it does not prescribe concrete methods for generating or curating high-quality metadata
in operational environments such as CRIS. Similarly, Open Science initiatives emphasize
transparency and accessibility but often overlook the practical challenges of metadata production and
standardization at scale (Wilsdon et al., 2015).

Efforts to improve reproducibility and standardization in computational research have also
contributed relevant insights. Approaches focusing on workflow documentation, code sharing, and
standardized reporting aim to enhance transparency and replicability (Stodden et al., 2018). However,
these approaches primarily address research outputs rather than the upstream processes of metadata
generation and classification in institutional systems.

More recently, machine learning techniques have been explored for automating metadata
generation and classification tasks. While these approaches show promising results, they typically
require large annotated datasets, domain-specific model training, and technical expertise, limiting
their applicability in many institutional contexts (Azeroual, 2025a). As a result, their adoption in
CRIS environments remains relatively limited.

The emergence of LLMs has introduced a new paradigm for Al-supported information processing.
Studies by Gilardi et al. (2023) and Gatto et al. (2023) demonstrate that LLMs can achieve high
performance in text classification and annotation tasks, often without task-specific training. Prompt
engineering has further been identified as a key mechanism for controlling and adapting LLM
behavior through structured instructions (Zhang et al., 2025). However, the application of prompt
engineering in the context of CRIS and metadata workflows remains largely unexplored.

This paper positions itself at the intersection of research information management, metadata
quality, and Al-supported workflows. Unlike existing approaches that rely on either manual curation
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or fully automated machine learning pipelines, the proposed method introduces a hybrid, human-in-
the-loop approach based on prompt engineering. It addresses a critical gap in the literature by
providing a practical, low-threshold solution for improving metadata quality in CRIS environments
without requiring dedicated Al infrastructure or training data.

3 Methodology

The study is based on a real-world dataset consisting of approximately 1000 research project
records intended for integration into the Slovak Current Research Information System (SK CRIS).
The data were provided in the form of an MS Excel file and exhibited typical data quality issues,
including heterogeneous structure, incomplete fields, and inconsistencies.

A critical limitation of the dataset was the absence of the “field of science and technology,” which
represents a mandatory attribute in the SK CRIS data model. This classification is essential for
ensuring data validity and system integration. Without this information, the dataset could not be
imported into the system.

The classification of scientific fields in SK CRIS is based on the Frascati Manual (OECD, 2015)
and a nationally defined three-level code list of research and development (R&D) fields. The first
level corresponds to the broad scientific domains defined in the Frascati Manual, while the second
level introduces moderately differentiated subfields. The third level provides a more granular
classification of scientific disciplines at the national level. For example, a classification path may
follow the structure: Technical Sciences — Industrial Biotechnology — Biomaterials.

In practice, this classification is typically assigned by the data-providing institution or, in some
cases, adjusted by funding agencies. When such information is missing, it must be reconstructed as
part of data quality management processes. This task is time-consuming and requires domain
expertise, particularly when dealing with large datasets.

Against this background, the study addresses the following research question: Can widely
available Al tools support the assignment of appropriate scientific classifications based on project
titles and descriptions in CRIS environments?

To answer this question, a structured experimental procedure was applied:

1. Creation of a reference dataset: A subset of project records was manually annotated by
domain experts to establish a ground truth classification across all three levels of the
taxonomy.

2. Evaluation of Al tools: Three widely accessible Al tools—ChatGPT, Gemini, and
Perplexity—were selected and tested using identical task descriptions. The objective was to
assess their ability to assign relevant classifications based on textual input.

3. Comparison and selection: The outputs generated by the Al tools were compared with the
reference dataset to evaluate their performance in terms of semantic correctness and
structural consistency.

4. Application to the full dataset: The selected tool was applied to the complete dataset. The
results were manually reviewed and corrected where necessary before integration into the
CRIS system.

The experimental setup relied on prompt engineering as the central methodological mechanism.
Structured prompts were designed to incorporate classification rules, contextual instructions, and
hierarchical constraints. This approach enables large language models to perform domain-specific
classification tasks without the need for model training or system integration, aligning with emerging
research on low-threshold Al adoption in knowledge infrastructures (Azeroual, 2025b; Zhang et al.,
2025).
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An example of the prompt structure used in this study is as follows: "You are a research
classification assistant. Based on the following project title and description, assign the appropriate
scientific classification according to the provided taxonomy. Use exactly one category from each level
and strictly follow the official terminology of the code list. Ensure that the classification is
hierarchically consistent."

The overall methodology follows a hybrid human-in-the-loop approach, integrating prompt-based
Al classification with expert-driven validation to ensure both methodological consistency and
metadata reliability. This approach reflects principles of human-centered Al, where automated
processes are complemented by human oversight to maintain quality and accountability
(Shneiderman, 2020).

Figure 1 illustrates the complete workflow of Al-supported metadata classification, including data
preparation, prompt-based processing, Al-assisted classification, and subsequent human validation.

O — © © (4 Y O |

INPUT DATA » CLASSIFICATION » Al-BASED » HUMAN » FINAL OUTPUT
SCHEME CLASSIFICATION VALIDATION
Research project Three-level code list Prompt-engineered Domain experts Completed dataset
records received of R&D fields based LLM (e.g., Gemini) review and, if with validated
in MS Excel format. on the Frascati assigns the most necessary, correct three-level
Data are incomplete manual (OECD) and appropriate code the Al-generated classifications
and lack the field national legislation. values on all three classifications. ready for import
of science and levels for each into SK CRIS.
technology. project.
. J \ J - J . 7 . J
A i
1 1
e ) 5 ]

Human-in-the-loop: iterative improvement

Figure 1: Workflow of Al-assisted metadata classification with human-in-the-loop validation.

The proposed approach can be conceptualized as a reusable prompt engineering framework for
CRIS metadata processing. It consists of three core components: (1) structured prompt design
integrating classification rules and controlled vocabularies, (2) constrained output generation aligned
with hierarchical taxonomies, and (3) human-in-the-loop validation to ensure semantic and structural
correctness. This framework enables institutions to systematically apply Al-supported metadata
classification without requiring dedicated machine learning infrastructure.

4 Results

The experimental evaluation of Al-supported metadata classification demonstrates that LLMs can
effectively support the assignment of structured scientific categories in CRIS environments. The
analysis is based on a comparative assessment of three widely available Al tools—ChatGPT, Gemini,
and Perplexity—applied to the same dataset and classification task. Although all tools were provided
with identical instructions, their performance differed significantly in terms of semantic accuracy and
structural consistency.

Perplexity was excluded at an early stage of the evaluation, as it failed to correctly apply the
hierarchical classification scheme. The outputs generated by this tool were inconsistent, often
including multiple unrelated categories and incorrect mappings across classification levels. This
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indicates limitations in its ability to follow structured prompt instructions and adhere to domain-
specific constraints. In contrast, both ChatGPT and Gemini demonstrated substantially better
performance. They were generally able to infer appropriate scientific domains and assign semantically
plausible categories. However, both tools initially exhibited formal inconsistencies, particularly in the
precise naming of classification labels, as they attempted to approximate rather than strictly follow the
official code list.

A significant improvement in classification quality was achieved by explicitly integrating the
official code list into the prompt design. By providing the full taxonomy as contextual input, the
selected model, Gemini, was able to align its outputs with the required hierarchical structure and
terminology. This transformation of the task—from open-ended semantic interpretation to constrained
classification—proved critical for achieving reliable and reproducible results. Figure 2 illustrates the
structured prompt-based task assignment, in which the classification scheme is explicitly embedded
and the model is instructed to assign all three levels of the taxonomy based on textual input.

TASK ASSIGNMENT FOR GEMINI

1 will provide you with a code list of science and technology fields used in the Slovak CRIS system.

é INSTRUCTION Based on the project title and its description/annotation, assign the most appropriate
categories from this code list.

For each record, provide all three levels of the classification (Level 1, Level 2, Level 3).

Use only the codes and names from the provided code list.

I_Ea CODE LIST < Three-level code list of R&D fields (provided in the document) >
@ INPUT DATA < Table with project title and description/annotation (provided in the document) >
(Project data)
Return the results in a table with the following columns:
@ REQUIRED OUTPUT  proiect Title | Level 1 | Level 2 | Level 3

Fill in the three levels of the classification for each project.

Figure 2: Task assignment for Gemini using structured prompt instructions and classification scheme.

Following tool selection, Gemini was applied to the dataset in an iterative manner. Due to
technical and performance-related constraints, the data were processed in smaller batches rather than
as a single input. The input consisted of project titles and corresponding descriptions, which served as
the basis for semantic interpretation and classification. Although the original dataset was provided in
Excel format, limitations in file handling required conversion into alternative formats, such as text or
Word documents, to enable processing. Despite these constraints, the model successfully interpreted
the input and generated structured outputs in tabular form.

The resulting classifications included all three hierarchical levels of the taxonomy and
demonstrated a high degree of semantic alignment with the project content. Figure 3 presents an
excerpt of the generated output, illustrating how project descriptions were mapped to corresponding
scientific fields across multiple levels. In most cases, the model correctly identified the relevant
domain and assigned consistent hierarchical classifications, particularly when the project descriptions
contained sufficient contextual information.

To ensure compliance with CRIS data quality requirements, all Al-generated outputs were
manually reviewed and validated by domain experts. This validation process focused on both
semantic correctness and structural consistency. The majority of classifications were found to be
plausible and aligned with the intended taxonomy, while necessary corrections were limited to cases
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involving ambiguous or insufficient input data. These findings confirm that Al-generated metadata
can significantly reduce manual workload while maintaining high quality when combined with expert
validation.

Project Title Project Description / Annotation Level 1 Level 2 Level 3
(Original) (Excerpt) (Field) (Subfield) (Discipline)
Social withdrawal in the
general and clinical The project examines the factors
population: the complex involved in social withdrawal in both 050000 050100 050102
1 relationship between the general and clinical population, ‘ SOCIAL SCIENCES Psychological Clinical
social, psychological including psychological, social and sciences psychology
and neurobiological neurobiological mechanisms.
processes
Pushing Boundaries in Development of advanced molecular
2 | Molecular Materials by materials by combining multiple gf\logl(:\:’EERl NG AND &2(:59()' 020503
Combining Various functional components to achieve TECHNOLOGY a fma s Composites
Functionalities novel properties and applications. engingering
Genetic profile variability o . A 030100
in urinary bladder "'r‘;:f;'sg‘;’r:'ﬁ::; ge;:gz::’g::’c'::zma 030000 Basic medical 030107
3 | carcinoma; implications | BT re T e MEDICAL AND sciences Medical
for diagnostics and A _p P HEALTH SCIENCES (returned from oncology
therapy diagnostics and targeted therapy. clinical medicine)
020800
i i i Electrical
Smart energy manageient Design of an intelligent energy 020000 ectrical 020807 .
» o A management system for buildings engineering, Automation
4 in buildings using loT besodlan 5T d hi ENGINEERING AND electronic e
and machine learning e N0 SEnSOm anCimacting TECHNOLOGY engineering
learning algorithms. iormaticn 2 systems
engineering
Assessment of innovative agricultural
Novel approaches to 010600
5 ‘ sustain:t?le agriculture practices and technologies to enhance 010000 Agricultural 010604
underdimatochande sustainability and resilience under NATURAL SCIENCES Sdionces Agronomy
| g changing climate conditions.

Figure 3: Al-generated classification results with assigned three-level code values.

To complement the qualitative analysis, a subset of the dataset was quantitatively evaluated
against the manually annotated reference sample. The results indicate that the model achieved a high
level of accuracy on the first classification level, with slightly decreasing precision across the second
and third levels due to increased granularity. The proportion of records requiring manual correction
remained relatively low, confirming that the Al-assisted approach significantly reduces manual
workload while maintaining acceptable classification quality.

During the evaluation, several limitations and behavioural characteristics of the system were
observed. The quality of the results was sensitive to batch size, with smaller input batches yielding
more accurate and stable outputs, while larger batches appeared to negatively affect model
consistency. Furthermore, the performance of the model was strongly dependent on the quality of
input data. Projects with vague titles or minimal descriptions could not be reliably classified,
highlighting the importance of sufficiently informative metadata. Technical limitations in file
processing required additional preprocessing steps, and although the use of the Slovak language did
not significantly impact overall performance, it introduced minor variations in interpretation.

Overall, the results demonstrate that prompt-engineered LLMs can effectively support metadata
classification tasks in CRIS environments by enabling efficient processing, consistent application of
classification rules, and improved standardization of metadata. At the same time, the findings
underline that such systems function most effectively as decision-support tools rather than fully
autonomous solutions. The combination of structured prompts, controlled vocabularies, and human
validation forms a robust hybrid approach that enhances both efficiency and reliability in metadata
processing.
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5 Discussion

The approach can be summarized as a four-step workflow: (1) data preparation, (2) prompt-based
classification, (3) Al-assisted output generation, and (4) expert validation.

The results of this study demonstrate that prompt-engineered LLMs can significantly enhance
metadata processing workflows in CRIS environments. Beyond performance improvements, the
findings point to a broader transformation in how research information systems can integrate artificial
intelligence as a practical and scalable component of data curation.

A central insight of this work is that the effectiveness of Al-supported metadata classification
depends not only on model capabilities but also on the design of the interaction between human users
and the model. In this context, prompt engineering serves as a key mechanism for translating
institutional knowledge, classification rules, and controlled vocabularies into machine-interpretable
instructions. This aligns with recent findings that LLMs can achieve high performance in annotation
tasks when guided through structured prompts (Gilardi et al., 2023), while maintaining transparency
and flexibility compared to traditional machine learning pipelines.

At the same time, the empirical observations of this study highlight several operational constraints
that are particularly relevant for real-world CRIS environments. One important finding concerns the
impact of batch processing on model performance. The data were processed iteratively in smaller
batches, not only due to technical constraints but also as a strategy to ensure higher output quality. It
was observed that smaller batches led to more accurate and consistent classifications, whereas larger
input volumes resulted in a noticeable degradation of performance. This behaviour suggests
limitations in context handling and may reflect internal model constraints, often perceived as a form
of “model fatigue” when processing extended sequences of inputs.

Another critical factor relates to the quality and structure of the input data. The results confirm that
Al-supported classification strongly depends on the availability of sufficiently informative project
descriptions. Records with clear titles and detailed annotations were classified with high accuracy,
while ambiguous or overly brief descriptions could not be reliably interpreted. In such cases, Al-
generated outputs were either inconsistent or insufficiently precise, indicating that artificial
intelligence cannot compensate for fundamentally inadequate input data. This finding reinforces
existing research on metadata quality as a prerequisite for effective data processing and
interoperability (Park, 2009; Zeng & Qin, 2020).

The study also highlights the continued importance of human validation within Al-supported
workflows. All generated classifications were reviewed both in terms of semantic correctness and
structural consistency, ensuring alignment with the hierarchical classification scheme. This validation
step proved essential for identifying edge cases, such as incorrect mappings across classification
levels or semantically plausible but formally invalid outputs. These observations support the view that
Al should be understood as a decision-support system rather than a fully autonomous solution,
consistent with principles of human-centered artificial intelligence (Shneiderman, 2020).

An additional observation concerns the role of language in Al-supported metadata processing.
Although both the dataset and the classification scheme were primarily in Slovak, no significant
degradation in model performance was observed. This suggests that contemporary LLMs are capable
of handling multilingual classification tasks with sufficient robustness, even when operating outside
English-dominated contexts. This is particularly relevant for national CRIS implementations, where
local languages play a central role in research documentation.

From a methodological perspective, the study demonstrates that prompt-based approaches offer a
viable alternative to traditional metadata processing methods. Existing approaches to improving
metadata quality often rely on manual curation, rule-based validation, or machine learning models
that require extensive training data (Leiva-Mederos et al., 2017; Azeroual & Schopfel, 2019). In
contrast, the approach presented here enables institutions to leverage Al capabilities without requiring
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dedicated technical expertise or large labeled datasets. This significantly lowers the barrier to
adoption and makes Al-supported metadata processing accessible to a wider range of organizations.

At a broader level, the findings suggest a shift in how Al is conceptualized within research
information infrastructures. Rather than being used solely for analytical purposes, Al can function as
an operational component of metadata governance and data curation processes. In this role, it
contributes to improving consistency, reducing manual workload, and enhancing the overall usability
of research information. At the same time, the observed limitations emphasize that effective
integration requires careful design of workflows, including structured prompts, controlled
vocabularies, and systematic human oversight.

Taken together, the findings of this study demonstrate that prompt-engineered Al can serve as a
powerful and practical tool for improving metadata workflows in CRIS environments. However, its
effectiveness depends on a combination of high-quality input data, appropriate task structuring, and
continuous human validation. These findings provide important guidance for future implementations
and highlight the potential of hybrid human—Al approaches in the evolution of research information
systems.

The study is subject to several limitations. The evaluation is based on a single national CRIS
dataset and classification scheme, which may limit the generalizability of the findings. In addition, the
dataset size is moderate and does not fully capture the diversity of possible research domains. Future
work should extend the evaluation to larger and more heterogeneous datasets, as well as to different
CRIS implementations and multilingual environments.

6 Conclusion

The application of prompt-engineered LLMs demonstrates a practical and scalable approach to
improving metadata processing in CRIS. By embedding structured prompts and controlled
vocabularies into Al interactions, consistent, semantically meaningful, and reproducible classification
results can be achieved without requiring complex system integration or extensive training data.

A key insight lies in the fact that the effectiveness of Al-supported metadata generation depends
not only on model capabilities but on the design of human—Al interaction. Prompt engineering
functions as a central mechanism for translating institutional knowledge and classification rules into
machine-interpretable instructions, enabling transparency and controllability. When combined with
systematic human validation, this approach ensures both efficiency gains and adherence to data
quality standards required in research information management.

At the same time, several limitations must be considered. The dependency on input data quality
remains a critical factor, as incomplete or ambiguous project descriptions directly affect classification
accuracy. Furthermore, constraints related to batch processing and system behaviour highlight current
operational boundaries of LLM-based approaches. These findings reinforce the understanding of Al
as a decision-support component rather than a fully autonomous solution. The hybrid human-in-the-
loop model therefore provides a robust framework for integrating Al into CRIS environments while
maintaining reliability and accountability.

From a broader perspective, Al-supported metadata processing contributes to advancing
interoperability, standardization, and scalability in research information infrastructures. This is
particularly relevant in the context of Open Science and FAIR data principles, where high-quality
metadata forms the basis for knowledge integration and reuse. Future work should focus on refining
prompt strategies, exploring adaptive feedback mechanisms, and extending the approach to
multilingual and cross-institutional scenarios.
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These findings highlight that prompt engineering represents a low-threshold yet powerful
approach for enhancing metadata workflows, offering research institutions a realistic pathway to
integrate Al into existing CRIS infrastructures without significant technical overhead.

This positions Al not merely as an analytical tool, but as an operational component of research
information infrastructures, fundamentally transforming how metadata is generated, validated, and
maintained.
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