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Abstract. This paper introduces a modular research data framework designed for geoscientific research across disciplinary
boundaries. It is specifically designed to support small research projects, that-providing a bottom-up solution that empowers
individual teams that need to adhere to strict data management requirements from funding bodies, but often lack the financial
and human resources to do so. The framework supports the transformation of raw research data into scientific knowledge. It
addresses critical challenges, such as the rapid increase in the volume, variety and complexity of geoscientific datasets, data
heterogeneity, spatial complex1ty, and the need to comply to-with the FAIR (Findable, Accessible, Interoperable, and Reusable)
principles. The < i th i i

integrationframework uses a dual-component architecture. First, an Online Transaction Processing (OLTP) system features a
user interface and a persistent relational database, ensuring accurate and consistent data storage when capturing and managin
diverse geoscientific research data. Complementing this, an orchestration layer manages automated data pipelines to process the

stored data and generate dynamic in-memory Online Analytical Processing (OLAP) databases that allow flexible, high-performance

analysis. It is adaptable to evolving research requirements and it-supports various data types and methodological approaches,

such as machine learning and deep learning, that have-high-requirements-on-the-used-place high demands on the data and

their formats. A case study in Western Romania presents-the-dataframewerl’s-applieation-demonstrates the application of the
data framework in an interdisciplinary geoarchaeological research project by processing and storing heterogeneous datasets,

y-thereby reducing data management efforts,

improving repheabilityfindability, replicability, and reproducibility, findability-andreprodueibilityand streamlining the integra-
tion of high-dimensional data for small, interdisciplinary teams.

1 Introduction

Recent technological advancements have driven rapid growth in the volume, variety, and complexity of geoscience research
data (Vance et al., 2024) that fuels new data-driven approaches to generate scientific knowledge (Gahegan, 2020) and requires
a considerable investment in equipment and expertise, as it accumulates large and heterogeneous volumes of data stored in
various formats and databases (Gértner et al., 2001). This trend coincides with the increasing, fundamental discussion about
how scientific data should be published in order to ensure its reusablhty (e g. Faniel and Jacobsen, 2010; Murillo, 2019). I
i i ility—The FAIR
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rinciples, findability, accessibility, interoperability, and reusability, which emerged from the FORCE11 community, aim to
enhance the reuse of research data and highlighted the importance of effective data management. The authors stress the need

for a cultural shift in research data management but also specifically highlight the importance of computational capabilities in
data-rich research environments (Wilkinson et al., 2016). The growing complexity of research data and the increasing publica-
tion requirements pose new challenges, particularly for smaller projects that lack their own research data infrastructure. This
results in a growing demand for straightforward methods of storing and processing data.

While the enormous growth of data volumes and the fulfilment of the Fair Principles are not exclusive to the geosciences,
geoscientific data and geoscientific research data management have some unique characteristics and challenges that require
the development of tailored methods for storage and processing. As Geosciences analyse complex, coupled processes across
different spatial and temporal scales, the heterogeneous nature of its research objects often leads to a high-dimensional param-
eter space; a high number of potentially interdependent variables (Degen et al., 2020). The dimensionality and heterogeneity
of geoscientific data requires significant computing resources, and requires multiple processing steps due to its complexity (Li
et al., 2015). Spatial Dependence, Spatial Heterogeneity and Scale Dependence further challenge storage and analysis of spa-
tial data. Understanding these spatial properties is essential, as they necessitate adapted methods and workflows throughout the
entire data lifecycle: Spatial dependence refers to the autocorrelation of spatial data, requiring specialised methods to analyse
spatial relationships, whereas spatial heterogeneity refers to non-stationary spatial patterns influenced by spatial anisotropy or
overlapping processes across different scales (Nikparvar and Thill, 2021). Interpreting and sharing spatial data relies on the
traceability of the coordinate reference system (CRS) for its location component. Without being able to reproduce the CRS, the
data might be plotted in an incorrect location, or the accuracy, precision, and scale are misjudged, leading to misleading results.
For this reason, in addition to conventional metadata describing the data, spatial data must have-also include explicit locational
information #-its-metadata-(Van Den Brink et al., 2018). Spatial data thus requires reflective methodological approaches to
ensure meaningful analysis, such as spatial data workflows, where the transformation of raw geospatial inputs into scientifically
interpretable outputs depends on addressing the unique properties of spatial data. This calls for systems that account for spatial
complexity at every stage of the workflow.

These trends and challenges in geoscientific research data management underscore the urgent need for structured approaches
to data sterage-and-anatysismanagement, particularly in small and interdisciplinary research projects that must comply with
FAIR principles and funding requirements (e.g. Deutsche Forschungsgemeinschaft, 2022). Many—projects—donot-establish

However, project-based funding models pose a significant challenge to establishing sustainable data management structures.
Many valuable domain-specific data systems originating from research projects struggle to survive due to limited funding-and
expertise-Though-specialized databases-and-metheds-ongoing funding (Klocking et al., 2023). Though specialised approaches
for data management exist for particular geoscientific subfields, a—comprehensive;—an interdisciplinary approach has been
missing, integrating research data from al-areas-(Nerdsiek-and-Haliseh; 2024)various areas (Nordsiek and Halisch, 2024), as
required in integrative disciplines such as geomorphological and geochronological research. While research groups, projects,

and laboratories may implement backup procedures or repositories to prevent the physical loss of data, the risk of losing in-

formation regarding its existence (Girtner et al., 2001; Murillo, 2019), its usability and discoverability remain significant as
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the data’s publication not merely implies its accessibility. Metadata might be incomplete or missing completely, links might be
broken, or the information needed to make the data usable is missing (Tedersoo et al., 2021). The failure-of-making-inability
to make research data FAIR is rot-more than just an inconvenience, but has a measurable-finanetal-impaetquantifiable financial
cost. Non-standardised research data eestsresults in billions of euros every-year-in expenses annually (Klocking et al., 2023;
European Commission et al., 2018).

Databases partially address the aforementioned challenges but focus primarily on static data storage rather than the researchers’
entire workflows, the data’s provenance (Mitchell et al., 2022) and how the data evolves through its lifecycle, from generation
and transformation to storage, analysis and reuse, throughout a research project. Therefore, we propose broadening the per-
spective of geoscientific research data management by modelling a framework for geoscientific research data encompassing
the entire data lifecycle. In contrast to established methods, rather than considering FAIR principles from the perspective of

publication, we consider these principles proactively throughout the entire data lifecycle. We aim to:

1. address-Address challenges arising from the rapid growth in the volume and complexity of data. To this, we provide
a standardised approach to store scientific data throughout a research project’s lifecycle by implementing data storage
systems specifically designed for geoscientific data and providing online interfaces to access the data. By requiring

comprehensive metadata, we are aiming to ensure the findability and reusability for future use.

2. address—Address_the challenges associated with processing increasingly intricate data workflows, we introduce the
automated orchestration of data pipelines. These pipelines formalise recurring data workflows in code, thereby ensuring

reproducibility and scalability while minimising errors.

This requires close consideration of the specific characteristics of geoscientific data, which pose pronounced challenges due
to their spatial, temporal, and computational complexity, as well as the understanding of requirements specific to geoscientific
research. To this end, we first identify the user requirements (Chapter 2?2). Then, we will describe how we used these require-
ments to design and implement the framework (Chapter 3). We test and demonstrate the practical application of our framework
using a geoarchaeological project in western Romania (Chapter 4). Finally, we discuss how the framework addresses the out-

lined challenges and provide an outlook on future developments (Chapter 5).

2 Challenges and Requirements-requirements for FAIR Geoseientifie geoscientific Data

A software framework designed to support researchers should not only reflect theoretical concepts of scientific practices, such
as the FAIR principles, but should also consider financial, technical, organisational and practical limitations that researchers
face in their everyday work. Therefore, to identify the key challenges and requirements of research data management in the
geosciences, we gathered thefellowing-insights on existing challengesin—research-data-management, current best practices,
and potential solutions through a literature review. Our review reveals that the identified challenges are not specific to the
investigated environment but reflect systemic issues in geoscientific data management:—Geoseience—data—is—experiencing—a
ﬁgﬂfﬁc—&ﬁ%w
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2.1 Reusability, interoperability and preservation

With geoscientific data being inherently diverse (Klocking et al., 2023; Nordsiek and Halisch, 2024), the recent growth in

data volume and complexity (e.g. Klocking et al., 2023; Vance et al., 2024), including large multi-dimensional and spatio-

temporal datasets (Degen et al., 2020; Li et al., 2015)-

challenges for research data management and computational methods (Li et al., 2015; Liakos and Panagos, 2022). For example,
they are often stored in incompatible and-frequently-inaceessible-individual-or hard-to-access locations, such as personal com-

puters or local databases;which-hinders-their diseevery-andreuse-withoutconsiderableeffo B T B e s

. This phenomenon,

called data silos, impedes the discovery and reusability of data (Klocking et al., 2023). This issue of isolated data applies
even to formal database systems. The often isolated subject-specific storage -make-makes cross-domain evaluation difficult,

and the complexity of data models causes users to develop error-prone workarounds (Kingdon et al., 2016). The-trend-towards

often isolated formats (GIS, databases, speeial-specialised software, proprietary formats), which-teads-leading to redundan-

cies, integration problems, and data loss. The heterogeneity of standards and tools makes it difficult to perform a holistic
analysis, even though combining different data sources could provide valuable insights. A central, networked solution is still

lacking. Once projects end or employees change jobs, valuable data is often lost. Thus, data storages become “data-cemeteries™

{Girtneretal; 200 .data cemeteries (Girtner et al., 2001).
In contrast, the trend towards numerous general-purpose data repositories, while offering availability, can exacerbate discove
and reusability issues because they often don’t integrate or harmonise deposited data (Wilkinson et al., 2016). A persistent chal-

lenge is the absence of common global standards for data sharing and metadata (Klocking et al., 2023; Nordsiek and Halisch,
2024). Many datasets lack sufficient metadata, use inconsistent spatial reference fields (Klocking et al., 2023; Van Den Brink
et al., 2018) and semantic differences between datasets create barriers to interoperability. This poses a significant challenge to
the fulfilment of the FAIR principles (Lannom et al., 2020). The quality of data varies, and scientists expend effort to assess
whether it is relevant, understandable and reliable (Faniel and Jacobsen, 2010; Murillo, 2019). The lack of information about
research methods, instrumentation and provenance (i.e. origin and processes) hinders data reuse (Murillo, 2019; Nordsiek and
Halisch, 2024). The lack of interdisciplinary standardisation further challenges true interoperability (e.g. Nordsiek and Halisch,
2024). For instance, while the United States Department of Agriculture (USDA) considers graine-grain sizes from 0.002 mm to
0.05 mm as silt (Soil Science Division Staff, 2017), the World Reference Base for Soil Resources (WRB) draws the boundaries

by-at 0.002 mm and 0.063 mm (IUSS Working Group (WRB), 2022). Intricate-data-workftows-are-now-the-norm, foltowinga
dramatie-
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2.2 Workflows complexit

Complex data workflows have become standard, driven by a significant shift in the computational landscape eaused-by-therise
%&Mmof data-intensive sciences (Mork et al., 2015). Da&rprpe}meymefeas&fh&evefdl%efﬁexmey

Rajetal;2020)Partiewtarty- However, due to the integrati

WMWWWMMMMMG even increasing in volume,
velocityand-complexity-(Wozntak-et-als-2022), and complexity (Suter et al., 2026). Even for specialists;-the-process-of moving
W%@Wﬁom basic science to interpretation ‘memdmﬁhe—%e}eeﬁeﬁef—pa%&mefewame%ﬁede}%mewf&

eustomised-is complex. Throughout the workflow, strategic decisions include not only the definition of a model’s structure
and assumptions, but also the implementation of its code, the selection of parameter values, and the generation of outputs
Mitchell et al., 2022).

2.3 Institutional barriers

Scientists often rely on adapted tools and proprietary data formats, meaning that enforcing a single, uniform system for research
data management will not work in a heterogeneous scientific environment (Fitschen et al., 2019). Data sharing is often hindered
by a-pereeived-burdenperceived burdens of documentation, lack of time, fear of data loss, privacy concerns, legal issues (Faniel
and Jacobsen, 2010; Tedersoo et al., 2021), and traditional academic incentives foetsing-that focus primarily on publishing
papers rather than en-properly curating and sharing datasets (Vance et al., 2024). Furthermore, scientists sometimes abandon

traditional, formally structured databases in favour of more ad hoc solutions, such as spreadsheets (Thomer and Wickett, 2020).

The analysis of actual scientific practice reveals that a large proportion of the identified challenges are already being discussed.
However, a crucial challenge is that the implementation of a framework depends on the highly individual nature of science,
including the specific combination of methods, available laboratory equipment and the state of the IT infrastructure. These
challenges highlight the need for a modular, discipline-specific framework that-strikes—a—balance-between—for small teams
that balances standardisation for interoperability anrd-with flexibility for disciplinary requirements. Such a framework should
automate-support provenance tracking and metadata generation to minimise manual effort, and integrate FAIR principles into

daily workflows without disrupting existing practices.

3 Design and implementation

Our system architecture reflects the entire life cycle of research data within a project, from initial acquisition during field-

work and laboratory analyses to final evaluation. To this end, it prioritises continuous data processing by implementing an

orchestration framework for data pipelines rather than focusing solely on structured-storagein-databasesdatabase storage. These
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pipelines consider the ingestion of raw data, its processing, transformation, storage and - eventually - automated retrieval and
analysis (Figure 1). The framework consists of two separate but linked modules: an online transaction processing (OLTP)
module based on a database implementing a normalised, relational data model (Chapter 3.1, Figure 2 a), and an-derived on-
line analytical processing (OLAP) module-based-on-a-database-databases implementing a denormalised data model called star
schema (Chapter 3.2, Figure 2 b). However, users are shielded from the underlying technical complexity and are provided with
a convenient user interface they can use to conveniently create, retrieve, update and delete objects in the relational database.
Following the initial data capture, an ETL (extract, transform, load) pipeline is triggered. This critical process involves ex-
tracting data from the relational database, transforming it into a suitable format for analysis and loading it into the-an OLAP
database. This, in turn, forms the basis for analytical pipelines that result in either the user interface or the file system. It
should be noted that the implementation of the framework should adhere to the specific conditions set by the university’s IT

infrastructure.

i Post-ETL
User Interface 4—CRUD—>{ OLTP }*EFLH OLAP

User < Ingilaslian

File System

Post-ETL-

A

Figure 1. The system architecture illustrates the interaction between user, data storage and data pipelines within the framework. Users initiate
the process by uploading data via the user interface or the file system (yellow boxes). The data is processed, validated and linked in the online
transaction processing database (OLTP, blue box). An extract, transform, load (ETL) pipeline extract data from the OLTP database, transform
it and load it into the-an online analytical processing database (OLAP, red box). Post-ETL pipelines automatically generate analyses, data

visualizationsyisualisations, or specific data products, which are then made available through the user interface (e.g., dashboards) or exported

to the file system (e.g., CSV, PDF reports).
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Figure 2. A-simplified-relational-sehema-Simplified, conceptual models of (a) as-used-as-in-the-a relational OLFP-database-model and a-star
sehema-(b) as—used-a star schema in the-denormalised-OLAP-databasedirect comparison. The normalised relational schema (a) organises

data across loglcally linked tables to minimise redundancy and ensure data integrity. HereTo clarify their function within this diagram, we

use the reta

aigr-illustrative terms Core entities
wmand —finatty—to-—a—prejeetContext entities for the descriptive metadata. Although this structure makes
analytical queries more complex, it is ideal for transactional operations and ensures consistency in operational workflows. By contrast, the
central fact table in the star schema (b) stores quantitative measurements and is directly linked to dimension tables that contain descriptive
information:

data structure, which-improves-guery-improving performance for aggregations and slicing operations In-contrast-the-normalised-relational

5. This design enables efficient analytical queries by denormalising the

3.1 Online transaction processing (OLTP) module

The Online Transaction Processing (OLTP) module consists of two components: a relational database, serving as the long-term
data-archive-and-central repository and single source of truth, and a user interface that intermediaries-acts as an intermediary
between the database and users, abstracting the complexity of the data model and the technical implementation. The module
was implemented with the Python framework Django and the relational database management system PostgreSQL. The user
interface was implemented with Django Unfold. Our OLTP module is tailored to the needs of geomorphological, geoarchaeo-
logical and geochronological researchat-the-Institute-of-Geography-of-the-untversity-of- Cologne, but can be easily adapted to
other systems and requirements. The-underlying-databaseimplements-

3.1.1 Database

I@M&l normalised relational da%&medehmﬂﬂedmaeﬂ%eﬁgmk%amp}es—a%aﬁfa}eﬁfm%gwe
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Figure 3. An example of the user interface implemented with Django Unfold that show (a) an overview of all available measurements from
different projects that are stored in the database, grouped in sedimentological and geochronological measurements, (b) the filtering feature to

extract specific data from the data base and (c) the resulting data from the query, in this case geochronological data from the Toboliu project.

through-nermalisatien—It-prevides—users-with-a-database that adheres to the fundamental principles of relational theory. This
approach was chosen to ensure data integrity, minimise redundancy, and enable set-based guery-language-while-concealing
he-tntricactes-of-physi d orage(Codd. 1970)-Normalisation-involves organising attributes-and tablesto-minimise data

. The conceptual starting point is the model of a modular geoscience laboratory database developed by Nordsiek and Halisch

(2024), which—was—destgned-as—a—meodular—interdiseiplinary—geoseien aberatory—datbase—Neordstek-and Haliseh; 2024y

tables-that-contain-information-onlocationsand-analysesbut we go beyond their approach in two fundamental aspects. Firstl

we expand the data model’s focus from a pure laboratory database to the entire life cycle of research data, which, in our
domain, usually begins with field data collection. Secondly, and this is the core of our contribution, we adopt a stricter relational
approach to data storage. While we also archive raw data and refer to it from the database, as recommended by Nordsick and
Halisch, we additionally store the processed and structured data directly in the database in accordance with relational theory.
This enables complex queries on the actual measured values, not just on metadata that refers to files.

This model is structured around the sample as a physical specimen. It serves as the central table, from which links are
established to related entity types. such as locations, (stratigraphic) layers, various analyses, and the overall project context.
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This relational structure creates a network of context-related information, ensuring that no entity can exist in isolation. Eve
iece of data, from field observations to laboratory measurements, can be traced back to its origin and unambiguously linked

sIf the sample has already been published
roviding a reference to the publication or its International Generic Sample number IGSN) ! directly links the internal context
to the public record.

Central and recurring methods are directly mapped in the model by separate entity types, such as grain size-analysis—and
MieroXRFE-measurements;-as-welas-a-sizes. In addition, it implements a flexible design through a generic measurement table-

he-latter-allows-the-measurement-ogic-to-be-extended-flexibly-withoutrequiring-medifications—to-the-underlying-, allowing
the addition of similar automated processing procedures for other analysis methods in the future without changing the core
data model. To this end, the GenericMeasurement table references the Parameter (measured variable, designation, physical

unit, and minimum and maximum limits) and the Method tables.

Ouwr-The model distinguishes between intern

be-stored-as—a—data—source—within—the-databaseinternal and external data sources to ensure transparent data provenance and

supports secure collaboration by using role-based access controls to manage pre-publication data. A detailed description of the
data model, including all entities and analysis methods, is provided in the appendix.

3.1.2 Initial data processin

Furthermore, the OLTP module anticipates the data pipelines (see chapter 3.3) by integrating initial data processing steps at
data entry, where appropriate. As a proof of concept for this integrated approach, the system can currently automatically parse
raw data from our laser diffractometer for particle size analysis. The user interface provides a means for uploading, after which
the system extracts the critical data, reclassifies it into grain-size classes, and stores the results in respective database fields.

When called up via the web interface, the system automatically generates a particle size distribution plot, providing users with
direct visual feedback.

3.1.3  User interface

The web-based user interface (Figure 3) ensures data quality and integrity at the point of entry by translating the database’s

strict relational rules into an intuitive workflow, providing convenient support for managing geoscientific data. Aeeess-controls

studies;geochronological-dating The interface enables data capture, validation, and exploration through standardised forms for

sample and analysis data (e.g., grain size, and-medern—imaging—techniques—such—as—miere ay—flaorescence-MicroXRFE
lformerly International Geo Sample Number (Klump et al., 2021; De Castro et al., 2023)




dating) and file upload functionality for raw data (e.g., data tables from laboratory devices). Data entry forms follow international

240 standards (e.g., World Reference Base for Soil Resources) and laboratory-specific templates (e.g., for luminescence dating
parameters) and include dropdown menus for controlled vocabularies, mandatory fields and validation rules. Users can assign
a sample to a location, link an analysis (e.g., luminescence age) to a sample and its laboratory dataset and document fieldwork
contexts (¢.g., campaign, stratigraphic layer). The technical connection between the entities is directly checked and established.
Moreover, it supports the direct export of filtered datasets in standard file formats, such as CSV, JSON, or Excel tables.

245 3.2 Online Analytieal Proeessing-analytical processing (OLAP)module

Complex queries, such as those reguiringinvolving joins across multiple tables, can affeetperformance-as-the-degrade performance
as datasets grow in size and structural complexityof-the-dataset-grow. To address this issue, the OLAP-medule-of the-framework

uses-framework generates on-demand analytical databases that use a multidimensional star schemato-conselidate-, This consolidates
normalised tables into simpler structures with controlled redundancy to optimise query performance and data integration
250 (Chaudhuri and Dayal, 1997; Kingdon et al., 2016). In-As shown in Figure 2 b, Sedimentological-samples—form-the cen-
tral fact table of the star schema ;storing-quantitative-measurements-stores the core quantitative measurements of the research,
which are contextualised by descriptive dimension tables (e.g., campaign, location, project)within-, providing a spatial and
conceptual framework. Users can navigate from aggregated data to detailed sample records, including geographic coordinates,
time periods and measurement methods. The-medule-This analytical layer supports filtering by criteria such as location, time

255 or analytical method. For instance, a query could eenveniently-extract-all soil-texturesfromFEuropeanloess-depeosits-thathav

been-analysed-efficiently filter across multiple dimensions, such as location, time, or analytical method, to aggregate or extract
specific measurements, such as all geochronological ages measured in the luminescence laboratory over the past decade. The
module-is-currently-primarity-based-en-These dynamic databases are implemented using DuckDB, an epen-seuree-open-source

in-process database designed for analytical workloads (Raasveldt and Miihleisen, 2019). It is closely integrated with Dagster

260 for data orchestration (see-chapter-2?Picatto et al. (2024), see chapter 3.3).

3.3 Data Pipelinesorchestration

The increasing complexity of geoscientific data workflows, characterised by heterogeneous data sources, multiple process-

265 sorchestration. This concept encompasses the deployment, schedulin

and execution of a workflow’s computational steps (Suter et al., 2026). Or in technical terms, a data orchestrator enables the

“construction, operation, and observation of [replicable] data pipelines” (Picatto et al., 2024). Data pipelines are automated,
interconnected processes designed to manage dynamic data flows from source to destination. They extract, transform, validate

and combine data, with each stage’s output feeding the next. Pipelines can handle varieus-types-ef-data—-(continuous, inter-

10
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mittent or batch )-data and facilitate real-time monitoring, error detection and correction. Their applications range from data

storage to visualisation or machine learning (ML) models (Raj et al., 2020). This enables the replicable automation of digital
rocessing steps within complex scientific workflows.

The framework implements a comprehensive and generall
applicable architectural pattern by dividing data workflow automation into two levels. The OLTP module eentains-a-basic-data
pipeline-forautomation-of-already contains basic transactional data pipelines for automating transactional operations, process-

ing and transforming data during storage (e.g., via uploads through the user interface) and retrieval (e.g., for queries or exports).

component that, by design, is independent of the specific institutional IT infrastructure (see chapter 3.1.2). However, effective

data orchestration must be understood in the context of the specific IT environment it operates within, Automating tasks relies
on local infrastructure, including connecting to specific laboratory instruments, accessing locally stored files, or saving results
in the university’s backup systems. Therefore, the framework introduces a second layer specifically to manage more complex
and computationally intensive tasks that are inherently dependent on that infrastructure. This layer is implemented using the

rimary workflow involves managing data flow from OLTP to OLAP, the orchestrator’s capabilities extend beyond this one-wa
rocess. For instance, ingestion pipelines can monitor a file system, automatically process files and feed the data into the re-

lational database

ETL (extract, transform load) ipelines then extract data from the relational database (and other data sources, if applicable),

regation and validation) and load it into
the-an OLAP database (Flgure 4). Post-ETE-Pipelines-transform-the-Analytical pipelines transform processed data from the
OLEAP-database-these into analysis-ready formats, such as feature-engineered tables (e.g., for machine learning), normalised

transform it

matrices for statistical analysis (e.g., PCA)& and curated datasets for visualisation (e.g., depth plots gfama—z&wwlots)

or completely automate analysis.

11
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Figure 4. A simplified extract, transform, load (ETL) pipeline that extracts data from the relational database or external data, transforms it

through aggregation, validation, filtering, and cleaning and eventually loads it into the denormalised OLAP database for further use.

4 Case Study: Geoarchaeological Data-data from Toboliu, Romania

The DFG-funded archaeological research project "Living Together or Apart?" investigates a Bronze Age Tell settlement near
Toboliu village in western Romania, focusing on its chronological and spatial development, and social organisation (Glaser
et al., 2020). In addition to geoarchaeological analyses of the Bronze Age site, the project focused on landscape evolution
to trace back prehistoric human-landscape interaction —Fhe-study—area—sitaated-in_the study area. Situated in the eastern
Carpathian Basin, featares-a—comple atigraphy-dominated-byloess-derivates-and-dominantly Phacozemsoils—Aeccording
to-Koppen-Geiger;-the-study-the investigated area has a warm-humid-continental-climate-fully humid temperate climate (Cfb)
but already in close spatial proximity to a fully humid snow climate with warm summers and-cold-winters—(Dfb) —n-the

evelution-threugh-satelite-imagery-(Kottek et al., 2006). The project investigated the complex stratigraphy of loess derivates
and historical environmental conditions, including the presumed widespread presence of wetlands, using interdisciplinar
methods. These methods comprised satellite imagery analysis and geoscientific drilling at 15 sites, utilising-which produced

data from sedimentological, geochemical, palynological, and micromorphological analyses, as well as radiocarbon and lumi-

nescence dating(Ziekel-et-al52025).

4.1 Research DataManagement-Challenges-data management challenges in Toboliu

Managing the heterogeneous and high-dimensional research data from the Toboliu project presents various challenges, re-
lated to data volume, complexity, heterogeneity, institutional barriers, while adhering to fulfil the research data management

guidelines of the DFG.

Volume and complexity: The high volume and heterogeneity of geoscientific data generated during fieldwork and laboratory

analysis exeeeds-exceed the capacity for effective analysis, especially given the limited number of personnel available.
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In the Toboliu project, as in many small projects, managing the entire data lifecycle, from collection and preprocessing
to analysis and interpretation, across multiple subdisciplines, including sediment analysis, geochronology, and palynol-
ogy, lies with a doctoral student. Given the limited personnel resources and the sheer quantity of data, it is impossible
to process and analyse the complete dataset in detail. Instead, researchers prioritise subdatasets based on preliminary
trends or representative drilling cores to focus their efforts efficiently. However, a number of challenges complicate the

exploratory data analysis and pattern identification required for this.

Heterogeneity and fragmentation: The interdisciplinary nature of the project results in fragmented data spread across nu-
merous files and storage systems, making it prone to discrepancies. Raw data from instruments like a tacheometer for
measuring locations might be converted into shapefiles for GIS, while the related documentation of a drilling location is
documented in a field diary, a paper form or an Excel-sheet. Potential corrections need to be made in all files aross the
different storage media. Discrepancies arise if values are not changed consistently across related files, which makes it
more difficult to identify errors. This proved particularly problematic when pre-processing raw laboratory results, as it

was necessary to reconcile the data with the logically related metadata.

Complexity of workflows: The large amount of high-dimensional data, combined with a multi-method approach, means that
the data must be constantly restructured and transformed to meet the specific requirements of the various methods. The
introduction of new methods or the correction of values in the existing data set leads to an enormous amount of effort in

re-executing entire workflows.

Long-term data storage: The Toboliu dataset faces a critical long-term challenge: while data from selected master cores will
be published to address the project’s research questions, a substantial portion of the collected field and laboratory data
helps to overview patterns in the landscape or stratigraphy but proved incidental to the immediate goals. Although these
data are physically stored, they remain only partially processed, documented, and unpublished. This causes indirect data

loss: The data exists but is neither findable nor usable because it lacks contextual metadata or is only partially processed.

4.2 Application of the framework

The afermentioned-aforementioned challenges were identified in an early stage of the Toboliu project and were actively ad-

dressed throughout fieldwork, laboratory measurements and data analysis using our geoscientific data framework.
4.2.1 Applying the OLTP module

The web-based user interface had three critical functions in the Toboliu project: i) structured digitisation of field data to replace
paper records with digital formats, ii) automate validation and standardisation during data entry, and iii) enforce consistency of
data relationships: Field notes typically recorded relationships between samples and their contextual metadata (e.g. locations,
stratigraphic layers) as free-text annotations (e.g. Location Y, Layer Z). However, inconsistent notation among project partners

(e.g. different abbreviations for locations or layers) introduced the risk of ambiguous or conflicting identifiers. Upon database
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entry, these informal references were systematically converted into unambiguous, machine-readable relationships through the
use of unique sample identifiers and automated validation, which ensured the existence of the referenced entities and consis-

tency. This process eliminated ambiguities while preserving the original contextual information in a queryable, FAIR-compliant

format.
Export

By sample
Sample Location Project Sample concentration [%] All
5-GCP-1 5 Toboliu 7.9 By location
5-GCP-2 5 Toboliu 10.2 S
5-GCP-3 5 Toboliu 10.3 By project
5-GCP-4 5 Toboliu 109 Toboliu
5-GCP-5 5 Toboliu 8.2 By campaign

All

5-GCP-6 5 Toboliu 8.8
5-GCP-8 > Toboliu e.8 Show counts Clear all filters
5-GCP-9 5 Toboliu 9.6
5-GCP-10 5 Toboliu 10.0
5-GCP-T1 5 Toboliu 8.3

Figure 5. An excerpt from the database showing grain size measurements in the user interface. In addition to the location and project
assignment, the color of the measured quantity (sample concentration) indicates wether the value was within the accepted range for this
property. Referential integrity and machine-readable relationships allow users to filter entities flexibly based on their direct and indirect

relationships. For example, an analysis can be filtered by the location, campaign or project of its sample.

Referential integrity and machine-readable relationships are required to flexibly filter entities based on their direct and indirect
relationships. For instance, all grain size measurements are uniquely assigned to a sample. As the sample is also assigned to
a location, it is possible to filter the measurements by location, campaign or project (Figure 5). Since the interfac-ereturns
interface returns key parameters such as the ‘sample concentration’ of a grain size measurement, i.e. if the sample’s concen-
tration was within the target range when measured, it helps users navigate the constantly evolving data directly, assessing the

progress of the analysis and monitoring the data quality.
4.3 Applying the-OLAPmeodule

Fhe-OLAP-moduleAn OLAP database, specifically its denormalised star schema, played a key role in further simplifying
access to the vast and complex dataset. The schema enabled us to derive sub-datasets quickly and efficiently within a structure
tailored to the requirements for a specific analysis. This allowed for significantly more flexibility in the project’s exploratory
phase, as manual data integration and transformation were almost entirely eliminated. While creating a view of the grain size

measurements in the relational database still required several joins, the star schema in OLAP allowed the query to be reduced
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to a simple select statement. While not all workflows were fully automated (Chapter 4.4), this approach still accelerated critical
analyses, enabling faster iteration and deeper insights.

A key advantage was that derived data sets for further analysis were not generated ad hoc, but rather had a clearly defined
and reproducible data structure. This meant that sub-records could be regenerated as required, even when the underlying data
evolved due to new measurements or corrections. This decoupling of processes meant that the researcher could begin analyses,
such as writing and testing code, while additional laboratory data was still being generated. Consequently, the project timeline

was significantly shortened and iterative improvements became possible without delay.
4.4 Applying data pipelines

Data pipelines were specifically designed and implemented to automate complex, recurring data workflows in code. This

ensured reproducibility, minimised manual errors and was crucial given the project’s specific challenges.

Ingestion pipelines

OLTP already automated the processing of laser diffraction raw data),—while-, custom pipelines extended the system’s
capabilities by directly ingesting raw measurement files from various laboratory devices, such as XRF spectrometers used
for geochemical analyses, into the relational database. The focus of these pipelines was on capturing, parsing and storing
raw data with minimal transformation, thereby ensuring full traceability and data integrity from the source. Supporting
a variety of input formats (e.g. CSV and proprietary binary files) enabled the seamless integration of heterogeneous

laboratory datasets.

ETL pipelines ETL pipelines extracted data from the relational database and applied transformations for data handling and
validation, such as unit normalisation, outlier detection and referential integrity checks, before loading the processed
data into the-an OLAP database. This step was crucial in preparing the datasets for complex analytical queries and ad

hoc exploration by structuring the data into dimensions and facts optimised for OLAP operations.

Post-ETL pipelines Post-ETL pipelines processed the data from the OLAP database further to generate analysis-ready datasets,
including feature-engineered tables and normalised matrices. These pipelines not only enabled the use of advanced an-
alytical techniques -but also automated full analytical workflows. Analyses such as texture elassificationsclassification,
principal component analysis (PCA), cluster analysis, and interactive visualisations were automated directly as data
pipelines within the data orchestrationte-decouple-data-managementand-, decoupling data management from data anal-
ysis. For instance, K-means clustering was applied to geochemical fingerprints to identify distinct stratigraphic layers or
flag anomalies in sample sequences. Through continuous data integration and iterative model retraining, these pipelines

gradually improved the accuracy of their analyses, revealing emerging patterns, such as spatial correlations 6fin sediment

layer sequences orchronostratigraphie-trends-ef-and chronostratigraphic trends in geochemical signatures.

This dynamic process empowered data-driven research decisions from the project’s earliest phases, such as targeted prioritisa-

tion of laboratory analyses, ensuring that insights became more precise and reliable as the dataset evolved.
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5 Discussion

5.1 Comparison-te-other-database-approachesPositioning the framework within the research data ecosystem

405 Database-technologies-have-beenused-Databases have been well-established technologies and applications in the geosciences

for decadesto-

5. They are used as laborato
information systems, repositories, and data catalogues. In contrast to geoscience laboratory information systems such as

AusGeochem, StraboSpot, and Sparrow,

410 compilatien-ofrepositories and data catalogues are mainly used for publishing or compiling published data (Klocking et al.,
2023). However, scientific practice shows that, although scientists apply relational principles, for pragmatic reasons, they resort
to ad hoc solutions that are not technically designed as databases. These primarily include spreadsheets or collections of text

files (Thomer and Wickett, 2020). Thus, existing technologies and actual scientific practice are not always capable to-address
gi@glgrgég%contempormy challenges in research data management holistically, as as-they focus on isolated stages of the data

415 lifecycle. M

stored-in-file systems(hi-et-al;2045)Large This reality reveals a critical blind spot between large, formal infrastructures and
the dynamic, iterative nature of local research data management.
While large geoscientific projects often have designated database systems (e.g. Willmes-et-al+(20144))-These databases-primarily
aim-at-, Willmes et al. (2014)), they primarily aim to archive and publish projectrelated data for long-term archiving-and

420 publication-of- data-from-theselarge-interdisciplinary-prejeets:-but-preservation. Though they might also provide an integrated
database and infrastructure to facilitate and support research within theprojeets{Curdt-et-al;-204+9these projects (Curdt et al., 2019)
» there remains a blind spot between large inter-organisational infrastructures and local research data management. Recent ap-
proaches, such as LinkAhead, establish-adopt a more agileand-, holistic perspective on research data management —that-try

f&eﬂeempa%%%hewhe}&that encompasses the entire research data hfecycleéHefmmge%al—ZQ%)—{&eeﬂ{faﬁ—euﬁffamewefk

425

ity, It achieves this by employing a flexible data
model that enables dynamic linking of all research entities (e.g., files, samples, processes) to track their provenance and
430 relationships (Hornung et al., 2024). While this strate rovides flexibility for mapping the complex web of the research

rocess, our framework

435
&eﬂﬁea}ﬁgap—a%m&ﬂyhsmaﬂeﬁpfejeewdehberatel adopts a different philosophy. It prioritises data integrity and analytical
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performance. Instead of a flexible, linkage-focused model, our framework is built on a strict relational OLTP database that

enforces consistency at the point of entry via a predefined, yet extensible, schema. This initial investment in structure is

a prerequisite for creating performant, on-demand analytical databases and ensures a consistent foundation for quantitative
440 W%mmm such as fhe—Tebe}me&s&smdyL—must—&éhefﬁe—sfﬂeedafafnaﬂagemeﬂ{
Machine Learning and Deep
Learning. Our framework thus fits seamlessly into the existing research data management ecosystem and closes the gap between
structured local archiving, high-performance and transparent analysis, and preparation for ingestion into large, established
repositories or scientific workflow systems.

445 5.2 Addressing challenges in data management

Through its holistic approach, which builds on the positioning outlined in the previous section, our framework addresses a wide
range of contemporary key challenges in the management of research data, i il

450 5.2.1 Dataheterogeneity

,

Challenges-ofincluding data interoperability, reusability and preservation, data heterogeneity, as-identfied-e-g-by-Nordsiek-and-Haliseh(20:
were—alse—evident-and workflow complexity, as illustrated in the Toboliu project. Fer—instance,—Tobolin’s—heterogeneous;

5.2.1 Interoperability and reusabilit

455 Interoperability is “the ability of data or tools from non-cooperating resources to integrate or work together with mini-

mal effort” (Wilkinson et al., 2016). The challenge involves integrating independently designed information spaces to enable
consistent analysis, considering various levels of interoperability: Syntactic interoperability guarantees that systems can agree
on shared syntactic formats for processing symbols (Guizzardi, 2020), while semantic interoperability refers to the consistent
understanding of the information’s context and meaning (Stocker et al., 2018). However, as described above, researchers often
460  resort to local ad hoc solutions, such as individual spreadsheets and text files (Thomer and Wickett, 2020). Furthermore, a
significant limitation of established data management systems is that scientific data is stored in file systems that are separate
from the metadata, which is stored in a database. This physical separation limits the ability to automatically access, archive,
analyse and mine scientific data (Li et al., 2015). Accordingly, interoperability often fails due to challenges that precede
semantic interoperability. Our proposed framework establishes the fundamental prerequisites for semantic_interoperability.
465 by relying on mature, architecturally coherent approaches. By overcoming the structural separation of data and dating-analyses
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470

sustainable, future-proof foundation is created on which true semantic interoperability can be built.
This leads to the framework’s central objective: It enhances reusability by optimising the entire research data management
process to ensure internal interoperability, thereby facilitating the combination of data and its analysis. It offers an exhaustive
475 h context for each data point by capturing the entire research process-rather-than-as-the-final-destinationforfinalised-data-data
lifecycle, from generation and transformation to storage, analysis, and reuse. A core strength lies in metadata validation, which
minimises manual effort and is crucial for ensuring the long-term reusability of datasets. The FAIR principles advocate for
machine-actionability and reusability for both humans and machines, relying on persistent identifiers and standardised metadata
(Wilkinson et al., 2016). Our framework’s use of machine-readable standards and detailed, automated metadata generation

480 aligns with these foundational tenets. Generating metadata during the research process, we-have-been—able-to-maintain-data

ntao ’ om—the—o a nd—aden _arra mmed aly n on o—-Nordeie nd H h 024

485

490 5.2.2 Interoperability

~Fhis limits the-aceessibility; rather than relying on posthoc documentation, marks a substantial step towards making reproducibility
the norm rather than a difficult task. By automatically documenting detailed provenance through formalising data storage and
workflows in code, our framework aligns with best practices, such as the FAIR Data Pipeline (Mitchell et al., 2022). In our
495  case study, this included creating pipelines adapted for specific laboratory devices and computational methods. While this
investment improved all aspects of data handling, it also limited its ease of application in other environments. While this
trade-off was justified by these enhancements, we recognise the need for a technical and semantic connection to external
systems to further improve the reusability of the data we process and the replicability of the pipelines we apply. For publishing,
the research context, including data and metadata, could be packaged into Research Object Crates (RO-Crates) to enable

500 machine-readability
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such as Workflow Run RO-Crate record the provenance of computing workflows in detail (Leo et al., 2024). This approach
enables the creation and use of FAIR research archives (Soiland-Reyes et al., 2022). While these robust technical frameworks
handle the methods and structures of data exchange effectively, they can not address the underlying meaning. Consequently,
significant semantic differences in lege i i i i i i

map-and-reeonetle-research require community-led initiatives to develop and align semantic schemas (Lannom et al., 2020;
Klocking et al., 2023).

5.2.2 Workflow complexity

Our framework addresses the complexity of geoscientific workflows by modelling the entire research data lifecycle, includ-

ing data storage -

technical level, data orchestration is implemented using the Dagster framework to automate Python pipelines that integrate
data storage, processing and analysis. This approach was chosen to provide researchers with the performance and flexibility of
a full programming language, a prerequisite for many machine learning algorithms and data-intensive tasks. To combine this
flexibility and performance with standardised portability, a future extension could enable the export of these pipeline definitions
to the Common Workflow Language (CWL). This would ensure that pipelines designed on the platform are portable and can
also be executed in external, CWL-compatible environments (see Crusoe et al. (2022)).

For instance, in the Toboliu project, the automated processing of raw data, such as particle size measurements, accelerated

he-and data flow. At a

re-measurement of samples if the direct feedback on measurement quality indicated any issues. Moreover;-the-Integrating the

database throughout the research process enabled us to create method-specific data views (e.g. grain size analysis, clustering
and PCA), that are always based on the most up-to-date version of the data. Our framework addresses the limits of relational
databases, as described by (Kingdon et al., 2016), by logically separating data management and data analysis through the
introduction of denormalised OLAP databases. However, unlike their proposed solution of a data warehouse, we do not
consider OLAP to be independent; rather, we consider it to be integrated with the OLTP through ETL pipelines. Rather
than _generating static datasets for each analysis, we define the necessary data structures that draw directly from the most
recent dataset with every execution. This approach not only allows researchers to focus on analysis rather than manual
data integration but, as demonstrated in the Toboliu project, it enables true parallel work between the laboratory and data
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analysis, significantly accelerating the research process. The automated processing of the measurements enabled early in-
sights in the data, which helped to make strategic decisions on measuring additional samples in an early stage. The ETL

pipelines virtually eliminated the need for manual data transformation. The integration of all code-based analyses, such

as grain size analysis, depth plots, principal components analysis and cluster analysis, into the post-ETL pipelines enabled

540 code versioning and significantly simplified and accelerated the process. The researcher could start with-data-analysis—data
analysis while laboratory work was still in progress s-and test it on incomplete datasets;-and-finally;—without-any-additional

545

550

555

5.2.3 Data heterogeneity

Challenges of data heterogeneity, as identified e.g. by Nordsiek and Halisch (2024), were also evident in the Toboliu project.

For instance, Toboliu’s heterogeneous, high-dimensional data from sedimentological, geochemical, and dating analyses were
prone to inconsistencies due to their distribution across numerous files and irregular updates. Plotting grain size composition

560 along a drill core depth required manual integration of tachymeter geodata, sample and stratigraphic unit information (field
documentation), and derived measurement results. Qur framework’s unique focus on automating data linking and contextualisation
significantly reduces the manual effort required by researchers, making it more practical for diverse datasets. Before applying
our framework, corrections or remeasurements necessitated repeating the entire data integration and transformation process,
increasing the risk of manual errors. By viewing databases as a system that accompanies the entire research process rather

565 than as the final destination for finalised data, we have been able to maintain data integrity from the outset and identify errors
immediately. In contrast to Nordsiek and Halisch (2024). our model explicitly considers fieldwork as the beginning of the
research data lifecycle and a crucial link between all entities.
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5.2.4 Data preservation

5.2.5 Dataloss

In-structured approach provides a critical defence against the permanent loss of valuable research data. Ultimately, consistentl
structured recording and detailed documentation of the entire process are the most effective protection. For example, in Toboliu,

significantly more data was collected and generated than was ultimately necessary to answer the research questions. Ultimately,
only two-a subset of the 15 drill cores were-was relevant for the detailed analysis and description of landscape developmentis

W WO W used-for-con valHnformation—DPatatromtouro d o wastnehad

to-some-extent(Ziekel-et-al52025)-The remaining-seven-. The remaining cores were found to be redundant for addressing-the
objeetives-ofthereseareh-projeetachieving the research project’s objectives at this stage. Much of the data, which was collected
at great expense and processed in the laboratory, has therefore not yet been published, despite-potentially-being-even though it

may become scientifically relevant in the future. Thanks to the structured storage and detailed documentation of the processing,
hewever-the data is not only preserved and retrievable s-but also findable, accessible, interoperable, and reusable within the
organisation. Thus, our framework prevents "data cemeteries", as highlighted by Giértner et al. (2001), by standardising data

management and storage throughout the entire research data lifecycle.

5.2.5 Reusability
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5.3 Applicability of the framework: Implications for other projects and academic institutions

Beyond its original scope, the framework has already demonstrated its modularity and scalability within our organisation. It is
now used to manage and integrate datasets across multiple projects. It has also enabled the standardisation, long-term preserva-
tion and accessibility of legacy projects, ensuring compliance with FAIR principles and safeguarding valuable research assets.
These capabilities facilitate interdisciplinary collaboration and support future usability of valuable research data.

While designed and implemented as a generic approach in compliance with the FAIR principles, we tailored-it-adapted the
implementation to the needs frem-the-Tobeliu-projectof our researchers, the technical requirements and limitations of our IT
infrastructure and research environment, and the anticipated future uses of the framework, such as serving-as-afoundationfor
more-advanced-data-analysis-and-data-mining-tsing- machine learning. Although-initially-developed-to-meetlocalrequirements;

its-Its successful application in Toboliu shows that modest investments in data infrastructure can significantly improve re-

search efficiencyan

investment only in software products is insufficient for complex modern research environments. Strategie Therefore, strategic
investments in dedicated data engineers to orchestrate inereasingly-complex-datastorage-and-flows-across-projeets-complex
data flows are essential to unlock the full value of research data;-pave-the-wayfor-its-broader-adoptionand-ensure-sustained
stueeess-in-interdiseiplinary-research—We-want-to-emphasize-. Ultimately, we want to emphasise that our framework is intended

to promote a shift in the technical and organisational implementation of research data management in the geosciences, rather

than providing a fully functioning end-user application or data models.

6 Conclusions

s-This study presented a
eoscientific research data framework that integrates data storage and orchestration to address challenges related to the in-

creasing volume and complexity of geoscientific datasets. It focuses on data heterogeneity, spatial complexities, and adher-
ence to FAIR principles (Findable, Accessible, Interoperable, Reusable), transforming raw data into scientific knowledge. Our

framework demonstrates, by its successful application in the Toboliu project, that it

enhances integration of high-dimensional datasets,

streamlines data management,

improves replicability and reproducibility,

promotes FAIR principles, scalability, and transparency and

benefits small research projects with limited resources by simplifying adherence to data management requirements.
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Although sustained institutional investment in IT infrastructure and expertise is necessary for long-term scalability and sus-
tainability, the framework’s proven efficiency and adaptability provide academic institutions with a clear pathway to increasing

630 scientific impact and expanding interdisciplinary collaboration.

Code availability. The Python source code for the OLTP module is publicly available on GitHub (https://github.com/Cologne-Geomorphological-
Software-Lab/CGDB) under a permissive MIT license. A persistent, citable version of the repository corresponding to this publication has
been archived on Zenodo: Dennis Handy and W. Marijn Van der Meij (2026): Cologne-Geomorphological-Software-Lab/CGDB. Zenodo.
https://doi.org/10.5281/zenodo.17869730.
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Appendix A: Data Model

The following tables depict the concrete implementation of the entity types in the OLTP module at the time of this paper’s

765  publication, along with their attributes, which take up and expand on the conceptual framework proposed by Nordsiek and Halisch (2024)
as described in chapter 3.1. Attributes that refer to other objects, such as foreign keys or one-to-one and many-to-many
relationships, are marked in italics. Django’s generic models and m:n-tables are not marked separately. For clarity, detailed
descriptions of each attribute have been omitted. This also applies to inherited attributes. Both can be viewed in the repository’s
source code, which has been published separately and linked.

770 The OLTP’s Django project, and thus the data model, is divided into several modular applications: analysis, bibliography,

field_data, and laboratory. Additional Django models are defined at the project level (Base).

Table Al. Base
created_at, created_by, updated_by
ResearchGroup,

label, head_of _group, auth_grou,

Researcher user, academic_rank, position, orcid

Project.
title, subtitle, label, principal_investigator, associated_investigator, research_group, parent, start_date, deadline
description, status, public
ProjectUserObjectPermission

content_object

At the project level, there are five models that are not assigned to any of the four apps. Defining research groups, researchers and projects enables the basic structuring of the stored data and
access control. The ProjectUserObjectPermission model enables access control to project-related data. The BaseModel defines the basic properties inherited by all other models: created_at,

created_by and updated_by. This allows tracking the creation and modification of each object in the database.
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Table A2. Analysis

Table Attributes

Algorithm
name, version, description, link, file, programming_language

RawMeasurement | project, sample, device, accessories, researcher. file, description

RawProcessing | raw_measurement, ___processed file, _ _processing_description, __ processed by, ___processing date,
preparation_algorithm, evaluation_algorithm, publication

Counting | sample, raw_data, type

Pollen
name, token, name_en, name_ger, name_nor

PollenCount | counting. pollen, number

LyminescenceDating
laboratory_id, _ sample, _raw_data, _sample_id cll, _mineral, _dating approach, _Iluminescence age.
age error, _ signal, _ protocol, _ palacodose value, _ palacodose error, _dose rate,  dose rate_error,
published, _year_of publication, _thesis, comments, grain_size min, grain size_max, aliguot size.
aliquot_number_used_for_palacodose, _od_percent, _od_percent error. _od_gy. od _gy_error, age model,
beta_source_calibration, ____ instrumental beta source error, _ _uncertainty beta_source_calibration,
fading_correction, g value, _ g value error, _ lnat lsat ratio, _ dose rate_measurement technique,
alpha_dose rate_error, beta dose rate, beta_dose rate_error, gamma dose rate, gamma dose rate error,
cosmic_dose_rate, cosmic_dose_rate_error

RadiocarbonDating | sample, raw_data, lab, lab_id, age, error

Parameter

MeasurementSeries
datetime

GenericMeasurement | sample, raw. data, measurement_series, sample_weight, method, parameter, value, error

GrainSize | sample, raw _datg, sample weight, sample_concentration, method, classes, measured data, clay, fine silt,

MicroXRFMeasurement

MicroXRFElementMa

sample, measurement_date, method, notes
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Table A3. Bibliograph

Table Attributes
Author
last_name, first_name, user
ReferenceKeyword
keyword, keyword_ger
Reference

title, year, published, parent_publication, lead_author, second_author, supervisor, abstract, journal, volume
number, pages, publisher, location_of publication, type, project, doi, issn, isbn_print, isbn_online, how_to_cite
keywords.
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Table A4. Field Data

Table Attributes
Country
name, iso_code, geometry
Province
name, country, geometry
Tag content_type, word, slug, project
SampleType
word, label
StudyArea
label, project, province, geometry, climate_koeppen, ecozone_schultz
Site
label, study_area, tags
campaign
label, project, date_start, date_end, destination_country, study_areas, season
Transect

identifier, study_area, campaign, description, multiline

ExposureType
main_type, abbreviation, name_ger, name_en

Location
data_source, campaign, identifier, project, reference, date_of record, easting, northing, srid, location

altitude, study_site, transect, processor, exposure._type, line, sampling. gradient _upslope, gradient_downslope.

Sample
identifier, igsn, project, date, location, processor, parent, description, material, layer, weight, depth_to

depth_bottom, 1ype, tags
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Table AS. Laboratory

Table | Attributes
Manufacturer

name, website
Device
name, description, token, manufacturer
Accessor device, name, description

AccessoryParamter
method, accessory, parameter_name, parameter_value, parameter_unit

Method
name, description, token, device, category, laboratory, available
Lcalibration device, date, researcher, remarks
Firmware device, version, installation_date, changelo
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