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Abstract

The proliferation of open science repositories has democratized access to primary research data, yet the actual reuse of  
these datasets remains severely hindered by inconsistent, incomplete, or absent metadata. As the volume of deposited data 
scales exponentially, manual metadata curation becomes an intractable bottleneck. Consequently, automated metadata 
extraction utilizing advanced natural  language processing has emerged as a  critical  solution.  However,  the inherent  
ambiguities in scientific language and the variability in dataset documentation introduce significant predictive challenges.  
This paper investigates the phenomenon of dataset reuse by analyzing the interplay between automated metadata extraction 
systems and their corresponding model uncertainty. By quantifying both epistemic and aleatoric uncertainty during the  
extraction phase, we propose a comprehensive framework that evaluates how the confidence of algorithmic metadata  
generation  influences  the  discoverability  and  subsequent  utilization  of  scientific  datasets.  The  study  systematically  
examines extensive repository logs, applying extraction algorithms to unstructured documentation while continuously 
monitoring uncertainty metrics. The findings demonstrate that dataset reuse is not solely a function of metadata presence  
but is deeply correlated with the reliability of the extraction process, as encapsulated by low model uncertainty. This  
research  provides  a  foundational  understanding  of  how  uncertainty-aware  machine  learning  can  optimize  data 
infrastructure, ultimately fostering a more robust and transparent open science ecosystem.
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1. Introduction

1.1 The Paradigm of Open Science and Data Sharing

The contemporary scientific landscape has experienced a monumental paradigm shift toward transparency, reproducibility, 
and collaborative innovation, collectively encapsulated by the open science movement. Open science advocates for the  
unfettered accessibility of research outputs, extending beyond traditional peer-reviewed publications to include the raw and 
processed datasets that underpin empirical findings. Institutional mandates, funding agency requirements, and publisher 
policies have collectively accelerated the establishment and utilization of open science repositories [1]. These digital  
infrastructures are designed to ingest, preserve, and disseminate scientific data, thereby transforming localized research 
efforts into globally accessible resources. The fundamental premise of this data-sharing paradigm is that datasets possess 
intrinsic value that transcends their original application. By making data openly available, the scientific community can 
validate  existing claims,  conduct  longitudinal  analyses,  and explore  novel  research questions without  the  redundant  
expenditure of resources required for primary data collection. However, the mere deposition of data into a repository does 
not inherently guarantee its utility or integration into subsequent research workflows. The transition from data accessibility 
to actual data reuse represents a complex sociotechnical challenge that requires rigorous investigation.

1.2 The Challenge of Dataset Discoverability and Reuse

Despite the rapid expansion of open science repositories, empirical evidence suggests a significant discrepancy between  
the volume of data deposited and the frequency of its reuse. This phenomenon, often referred to as the data reuse gap, is  
primarily driven by deficiencies in dataset discoverability and interpretability [2]. A dataset is only as useful as the 
contextual information that accompanies it. This contextual information, formalized as metadata, provides the essential 
descriptors necessary for secondary users to understand the provenance, methodology, structural schema, and limitations  
of the data. Unfortunately, the burden of metadata creation typically falls upon the original researchers at the time of 
deposition. Given the lack of standardized incentives for meticulous data curation and the significant time investment  
required, repository metadata is frequently sparse, inconsistent, or heavily reliant on unstandardized natural language 
descriptions provided in read-me files or abstract fields [3]. Consequently, search algorithms employed by open science  
repositories struggle to accurately index these datasets, rendering highly valuable scientific information practically invisible 
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to potential secondary users. The challenge of dataset reuse is therefore fundamentally a challenge of metadata quality and 
standardization across diverse scientific domains.

1.3 Objectives and Scope of the Study

To bridge the gap between unstructured data documentation and structured, searchable metadata, the deployment of 
automated metadata extraction systems has become increasingly prevalent. These systems leverage sophisticated natural  
language processing techniques to automatically parse repository documentation and populate standardized metadata 
schemas. However, the application of machine learning in this domain introduces a new layer of complexity regarding the 
reliability of the extracted information. This paper aims to comprehensively explain dataset reuse dynamics by analyzing 
the performance of automated metadata extraction systems through the specific lens of model uncertainty. The primary  
objective is to investigate how the quantifiable uncertainty inherent in automated extraction models impacts the perceived 
quality of  metadata,  which in turn influences the decision-making process of researchers seeking to reuse data.  By  
decoupling extraction accuracy from extraction confidence, this study seeks to establish a novel theoretical and empirical  
framework that evaluates the holistic impact of algorithmic uncertainty on open science infrastructure. The scope of this  
research  encompasses  a  diverse  cross-section  of  general  academic  repositories,  focusing  specifically  on  textual  
documentation and the subsequent prediction of dataset reuse metrics based on metadata completeness and algorithmic  
certainty.

2. Background and Literature Review

2.1 Evolution of Open Science Repositories

The architectural and conceptual evolution of open science repositories has been driven by the increasing complexity and  
scale of scientific data. Early iterations of these repositories functioned primarily as simple file-hosting services, devoid of 
sophisticated organizational schemas or semantic interoperability. Over the past two decades, however, these platforms 
have evolved into highly structured environments that attempt to adhere to the fundamental principles of data management, 
specifically ensuring that data is findable, accessible, interoperable, and reusable [4]. Generic repositories have emerged  
as pivotal infrastructure, allowing researchers from varied disciplines to deposit datasets of diverse formats and sizes. 
Despite these architectural advancements, the reliance on human-generated metadata remains a persistent vulnerability [5]. 
Researchers depositing data often possess differing interpretations of metadata fields, leading to significant semantic  
heterogeneity. The literature extensively documents how this heterogeneity negatively impacts cross-disciplinary data 
discovery. When a researcher searches for specific experimental parameters, the absence of standardized terminology in  
the  repository  index  leads  to  high  rates  of  false  negatives,  wherein  relevant  datasets  are  overlooked  because  their  
descriptions do not match the search query vocabulary [6]. This systemic inefficiency highlights the urgent necessity for 
automated curation mechanisms capable of harmonizing disparate documentation into unified metadata structures.

2.2 Methodologies in Automated Metadata Extraction

The imperative to automate metadata generation has catalyzed significant advancements in the application of natural 
language processing within academic data management. Early automated extraction systems relied heavily on rules-
based algorithms and extensive regular expression dictionaries tailored to specific scientific domains. While highly precise 
within narrow contexts,  these  deterministic  approaches  demonstrated severe  brittleness  when applied  to  the  diverse  
vernacular and unstructured formats characteristic of generalized open science repositories [7]. The advent of deep neural  
networks revolutionized this field, enabling the development of models capable of contextual understanding and semantic 
abstraction. Contemporary approaches utilize large language architectures trained on vast corpora of scientific literature to 
perform complex tasks such as named entity recognition, relation extraction, and automated summarization. These models 
ingest raw text from repository landing pages, supplemental files, and associated publication abstracts,  subsequently 
identifying  and  categorizing  entities  such  as  geographic  locations,  temporal  bounds,  measurement  units,  and 
methodological instruments. The transition from rules-based extraction to neural processing has vastly improved the 
coverage  and scalability  of  metadata  generation [8].  However,  the  probabilistic  nature  of  these neural  architectures 
introduces varying degrees of uncertainty into the metadata record. Unlike human curators who can explicitly state when 
information is ambiguous, automated systems often generate predictions regardless of the underlying text clarity, leading  
to the potential propagation of erroneous metadata across the repository ecosystem.

2.3 Epistemic and Aleatoric Uncertainty in Machine Learning

Understanding and quantifying the uncertainty inherent in predictive models is a critical dimension of robust machine  
learning,  particularly  in  applications  where  automated decisions impact  scientific  workflows.  The literature  broadly 
categorizes  model  uncertainty  into  two  distinct  yet  complementary  typologies:  epistemic  uncertainty  and  aleatoric  
uncertainty [9]. Epistemic uncertainty, also known as model uncertainty, arises from a lack of sufficient training data or  
knowledge about the underlying system. It  represents  the model's  ignorance regarding specific patterns or semantic 
structures, a condition that is particularly prevalent in multidisciplinary open science repositories where novel scientific 
terminologies constantly emerge. Epistemic uncertainty can theoretically be reduced by providing the model with more  
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comprehensive and diverse training data. Conversely, aleatoric uncertainty, or data uncertainty, is intrinsic to the data itself 
[10]. It stems from noise, ambiguity, or inherent contradictions within the unstructured text provided by the depositing 
researchers. For instance, if a dataset's documentation uses vague language to describe a sampling methodology, no amount 
of additional training data can resolve the fundamental ambiguity of the text. Recognizing the distinction between these  
two forms of uncertainty is essential for evaluating automated metadata extraction. When an extraction model populates a 
metadata field, measuring the associated uncertainty provides crucial context regarding the reliability of that information  
[11]. High epistemic uncertainty suggests the model requires retraining on specific disciplinary vocabulary, whereas high 
aleatoric uncertainty signals that the original dataset documentation is fundamentally flawed and likely requires manual  
intervention by the original author to ensure viable dataset reuse.

3. Theoretical Framework and Conceptual Design

3.1 Conceptualizing Dataset Reuse

To rigorously analyze the mechanisms facilitating dataset reuse, it is necessary to establish a comprehensive theoretical  
framework that maps the user journey from initial search query to eventual dataset integration. In the context of open 
science repositories, dataset reuse is not a singular event but rather a sequence of probabilistic decisions made by the 
secondary researcher. The first stage of this sequence is discoverability, wherein the researcher's query must intersect with 
the repository's indexed metadata. If the metadata is absent or poorly structured, the dataset fails this initial filter and cannot 
be reused, regardless of its intrinsic scientific value. The second stage involves evaluation and interpretability. Once a  
dataset is discovered, the researcher must assess whether the data aligns with their specific methodological requirements.  
This assessment relies entirely on the granularity and accuracy of the extracted metadata. If the metadata inaccurately 
describes the dataset's variables or temporal scope, the researcher may invest time downloading and analyzing the data 
only to discard it upon realizing its unsuitability. The theoretical framework proposed in this study posits that the probability 
of successful dataset reuse is heavily dependent on the signal-to-noise ratio within the metadata [12]. Automated extraction 
systems aim to increase the signal by populating missing fields, but if the extracted information is highly uncertain or 
erroneous, they inadvertently increase the noise, thereby reducing the researcher's trust in the repository and decreasing the 
overall likelihood of subsequent dataset reuse.

3.2 The Intersection of Metadata Quality and Predictive Uncertainty

The core theoretical contribution of this research lies in coupling metadata quality assessment directly with quantitative 
measurements of model uncertainty. Traditional approaches to evaluating automated extraction systems rely on standard 
performance metrics such as precision, recall, and harmonic mean scores derived from static testing datasets. While these  
metrics provide a global view of model performance, they are insufficient for dynamic repository environments where the 
accuracy of an individual metadata prediction is unknown at the time of extraction [13].  By integrating uncertainty  
quantification into the extraction pipeline, we shift from a deterministic output model to a probabilistic one. In this 
conceptual design, every piece of metadata generated by the natural language processing system is accompanied by a 
mathematically derived confidence score that reflects both epistemic and aleatoric uncertainty. This conceptualization 
hypothesizes that researchers do not process metadata in a binary fashion as simply correct or incorrect. Instead, they  
operate under bounded rationality, utilizing the available metadata to estimate the utility of the dataset [14]. When an  
automated system populates a repository with low-uncertainty metadata, it effectively reduces the cognitive burden on the 
secondary researcher, facilitating rapid and accurate evaluation. Conversely, if the repository chooses to display high-
uncertainty metadata  without  appropriate  labeling or  qualification,  it  risks  misleading the researcher.  Therefore,  the 
theoretical framework dictates that understanding dataset reuse requires analyzing not just what metadata is extracted, but  
how the automated system's internal confidence correlates with the behavioral patterns of data consumers.
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Figure 1: Comprehensive Schematic of Automated Metadata Extraction and Uncertainty Quantification Pipeline

4. Methodology for Automated Extraction and Uncertainty Assessment

4.1 Data Collection and Repository Selection

The empirical foundation of this study necessitated the curation of a large-scale, multidisciplinary corpus of dataset  
documentation and corresponding usage metrics. Data was systematically harvested from a prominent general-purpose  
open science repository that hosts records across the physical sciences, biological sciences, and social sciences. The  
selection criteria focused on datasets deposited within a specific five-year window to ensure consistency in contemporary  
data-sharing practices. The data collection protocol targeted the descriptive text fields provided by the depositors, including 
titles,  primary abstracts,  detailed  methodological  descriptions,  and any accompanying plain-text  supplementary  files 
designed to  instruct  users  on data  utilization.  To accurately measure  dataset  reuse,  the  study collected longitudinal  
interaction logs for each dataset. These logs included the frequency of unique user access, the number of complete dataset 
downloads, and formal citation counts linking the dataset to subsequent peer-reviewed publications. The final corpus 
comprised extensive records that provided a robust testing ground for the automated extraction systems. The diversity of  
the text, ranging from highly structured biological protocols to unstructured sociological survey descriptions, offered an  
ideal environment for assessing the boundaries of natural language processing and the manifestation of model uncertainty 
across varying semantic landscapes.

4.2 Automated Extraction Pipeline Design

The core methodology involved the construction and deployment of a sophisticated automated extraction pipeline designed 
to identify and categorize essential metadata entities from the raw text corpus. The architecture was predicated on advanced 
natural  language  processing  paradigms,  specifically  utilizing  transformer-based  neural  networks  pre-trained  on  vast  
academic literature. The pipeline was fine-tuned to execute named entity recognition tailored to standardized metadata  
schemas. The target entities included, but were not limited to, spatial parameters indicating the geographic origin of the  
data, temporal parameters defining the time span of data collection, instrumental parameters detailing the hardware or  
software utilized, and subject-specific keywords critical for disciplinary indexing. The raw text from the repository records 
underwent rigorous preprocessing to normalize character encodings, remove extraneous markup language, and segment  
the  text  into  processable  sequences.  The deep learning model  then analyzed these  sequences,  assigning probability  
distributions  to  individual  tokens  to  determine  their  classification  within  the  predefined  metadata  categories.  This 
automated approach simulated the environment of a modern open science repository attempting to retrospectively enhance 
its indexing capabilities without requiring retroactive manual input from the original data depositors [15].

Table 1: Performance Metrics of Metadata Extraction Across Disciplinary Domains

Disciplinary Domain Extraction Precision Extraction Recall Average Extraction Time (ms)

Physical Sciences 0.89 0.85 124

Biological Sciences 0.92 0.88 135

Social Sciences 0.81 0.76 118

Interdisciplinary 0.77 0.72 142

4.3 Uncertainty Quantification Techniques
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To  transition  the  extraction  pipeline  from  deterministic  outputs  to  probabilistic  confidence  assessments,  rigorous 
uncertainty quantification techniques were integrated directly into the neural architecture. Standard deep learning models 
typically produce probability scores that are notoriously poorly calibrated; a high softmax output does not reliably indicate 
high  confidence,  leading  to  severe  overconfidence  on  ambiguous  or  out-of-distribution  text.  To  mitigate  this,  the 
methodology employed ensemble  modeling and stochastic  regularization techniques  during the  inference  phase.  By 
processing the same sequence of text through the network multiple times with different internal configurations, the system 
generated a distribution of predictions rather than a single point estimate. The variance across this distribution served as a  
mathematical  proxy  for  epistemic  uncertainty.  If  the  multiple  forward  passes  produced  highly  divergent  metadata 
classifications, the system registered high epistemic uncertainty, indicating that the model lacked the learned parameters to 
confidently process the specific phrasing or vocabulary. Simultaneously, aleatoric uncertainty was estimated by analyzing 
the entropy of the predictive distribution over the target classes. High entropy across all classifications suggested that the  
source text itself was inherently vague or contained overlapping concepts that could not be neatly categorized into a single 
metadata field. These quantified uncertainty scores were then systematically appended to every piece of extracted metadata, 
creating a multifaceted dataset that allowed for deep correlational analysis between algorithmic confidence, metadata 
quality, and subsequent human reuse patterns [16].

5. Experimental Results and Discussion

5.1 Performance of Metadata Extraction Models

The initial phase of the experimental evaluation focused on the baseline accuracy and efficiency of the automated metadata 
extraction  pipeline  across  different  scientific  disciplines,  as  detailed  in  the  results  above.  The  transformer-based  
architecture demonstrated substantial capability in parsing complex academic documentation, though the performance 
exhibited distinct variance depending on the disciplinary origin of the text. The highest precision and recall metrics were  
observed in the biological sciences and physical sciences. This superiority can be attributed to the highly formalized  
vernacular and standardized reporting conventions prevalent in these fields. When researchers describe genomic sequences 
or particle accelerator parameters, they utilize highly specific terminology that the model can confidently identify and map 
to structured metadata schemas. Conversely, the social sciences and interdisciplinary datasets presented significantly 
greater challenges. The language utilized in sociological survey descriptions or mixed-methods research often lacks rigid 
standardization, relying heavily on contextual nuances and varying theoretical frameworks. Consequently, the model  
struggled to consistently isolate precise metadata entities, resulting in lower precision and recall. The extraction time  
remained relatively uniform across domains, confirming the computational scalability of the approach for large open  
science repositories. However, these baseline performance metrics underscore a critical reality: automated extraction is not 
uniformly reliable. Relying solely on these generalized metrics obscures the specific instances where the model generates 
erroneous metadata, which, if integrated into the repository search index, would severely impede dataset discoverability  
and reuse.

Table 2: Impact of Metadata Uncertainty Thresholds on Dataset Reuse Predictability

Uncertainty Threshold Number of Retained Records False Discovery Rate Reuse Prediction Accuracy

Low Uncertainty Only 14,250 0.04 0.91

Low and Medium 31,800 0.12 0.83

All Extracted Data 48,500 0.27 0.65

Unfiltered Raw Text 50,000 0.35 0.52

5.2 Impact of Uncertainty on Reuse Prediction Accuracy

The core analytical thrust of this research involved evaluating how the quantification of model uncertainty influences our  
ability to predict actual dataset reuse. The experimental design systematically filtered the extracted metadata based on the  
derived  uncertainty  scores,  creating  different  tiers  of  repository  indexing  confidence.  The  results  unequivocally 
demonstrate a profound relationship between the certainty of the automated extraction and the reliability of dataset reuse 
metrics. When the repository index was populated exclusively with metadata that fell beneath a strict low-uncertainty  
threshold, the predictive accuracy for dataset reuse was remarkably high. This indicates that when the automated system is 
highly confident in its extraction, the resulting metadata is overwhelmingly accurate and highly useful to secondary 
researchers, significantly boosting discoverability and subsequent citation or download rates. However, this high fidelity  
comes at the cost of coverage; applying a strict uncertainty threshold drastically reduced the number of retained metadata 
records, effectively leaving a large portion of the repository unindexed. As the uncertainty threshold was relaxed to include 
medium and eventually high-uncertainty extractions, the total coverage of the repository increased, but the false discovery 
rate spiked considerably. The inclusion of highly uncertain metadata polluted the search index with false positives and  
misclassifications.  When  secondary  researchers  interacted  with  this  degraded  metadata,  their  ability  to  successfully  
evaluate and reuse the datasets plummeted, driving down the overall reuse prediction accuracy. This dynamic highlights 
a fundamental trade-off in repository management: maximizing metadata coverage through automated means without  
rigorous uncertainty filtering actively harms the user experience and depresses actual data reuse.
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5.3 Broader Implications for Open Science Practices

The findings of this extensive analysis carry substantial implications for the architectural design and operational policies  
of open science repositories. The widespread integration of natural language processing for automated metadata generation 
is an inevitable and necessary progression to handle the exponential growth of scientific data. However, this study proves 
that deploying these systems as simple deterministic tools is inherently flawed. Platform developers must transition toward 
uncertainty-aware machine learning infrastructures.  By calculating and exposing model  uncertainty,  repositories  can 
implement  dynamic  curation strategies.  For  instance,  extracted metadata  with  low uncertainty  can be automatically 
integrated into the primary search index, instantly enhancing dataset discoverability. Conversely, metadata flagged with  
high epistemic or aleatoric uncertainty should not be silently discarded nor blindly accepted; instead, it should be routed to 
a human-in-the-loop validation queue, either prompting repository curators or sending automated requests to the original  
data  depositors  for  clarification.  Furthermore,  visualizing  this  uncertainty  for  the  end-user—perhaps  by  displaying 
confidence intervals alongside extracted metadata fields—could foster a more transparent and trusting relationship between 
the researcher and the repository. Understanding that automated systems possess measurable limitations allows researchers 
to  calibrate  their  expectations  and  search  strategies  accordingly.  Ultimately,  explaining  dataset  reuse  requires 
acknowledging that the bridge between raw data and secondary discovery is built on the quality of metadata, and the  
structural integrity of that bridge is defined by our ability to measure, manage, and communicate algorithmic uncertainty.

6. Conclusion and Future Directions

6.1 Summary of Findings

This comprehensive investigation has elucidated the intricate mechanisms governing dataset reuse within open science 
repositories, specifically through the analytical lenses of automated metadata extraction and predictive model uncertainty. 
The research established that while the exponential deposition of scientific data holds immense collaborative potential, the 
pervasive lack of  standardized metadata acts  as a  primary barrier to discoverability and subsequent  utilization.  The  
application  of  advanced  natural  language  processing  to  automatically  extract  structural  metadata  from unstructured 
documentation provides a highly scalable solution. However, the empirical results of this study clearly demonstrate that  
the efficacy of these automated systems is not absolute and varies significantly across scientific disciplines. More critically, 
the research validated the theoretical proposition that model uncertainty is a defining factor in predicting dataset reuse.  
When extraction models operate with low uncertainty, they produce highly accurate metadata that directly correlates with  
increased rates of dataset discovery, download, and citation. Conversely, the unrestricted integration of high-uncertainty  
metadata severely degrades the repository search index, increasing the cognitive burden on secondary researchers and 
demonstrably reducing the likelihood of successful data reuse. The integration of uncertainty quantification therefore 
transforms automated extraction from a potential source of misinformation into a highly calibrated tool for optimizing open 
science infrastructure.

6.2 Limitations and Future Directions

While this study provides a robust foundational framework, several limitations necessitate acknowledgement and present 
fertile ground for future academic inquiry. Primarily, the current automated extraction pipeline was trained and evaluated 
predominantly on English-language documentation. Given the global nature of the open science movement, future research 
must  expand these architectures  to  support  multilingual  extraction,  concurrently assessing how linguistic  translation 
complexities influence both epistemic and aleatoric uncertainty. Additionally, the scope of this research was confined to 
textual documentation. Scientific datasets are increasingly accompanied by complex supplementary materials, including 
data dictionaries, visual schematics, and proprietary software scripts. Future iterations of automated metadata systems must 
evolve into multimodal architectures capable of extracting and synthesizing information across disparate media formats 
[17]. Understanding how uncertainty propagates across multimodal extraction networks will be critical for maintaining the 
integrity of next-generation repositories. Finally, longitudinal behavioral studies observing how secondary researchers  
interact with explicitly displayed uncertainty metrics would provide deeper psychological insights into the trust dynamics 
of open science. By continuing to refine the intersection of artificial intelligence and data curation, the academic community 
can ensure that open science repositories fulfill their ultimate mandate: transforming isolated data deposits into dynamic, 
universally accessible engines of continuous scientific discovery.
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