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Summary

In computational science, coupling research software and data into workflows is essential for
addressing complex research questions and ensuring reproducibility. However, current meta-
data schemas rarely provide sufficient information about data models in software interfaces and
datasets, hindering their effective integration into workflows. Additionally, most workflow man-
agement tools are not designed to handle metadata for process reproduction. This article refines
the DataDesc metadata schema to annotate data models not only in software interfaces but also
in datasets, and presents an extension to the DataDesc framework for automatically compar-
ing data models and identifying transformation requirements. The ioProc workflow manager is
introduced to bundle shared transformation functions into adapter workflows and ensure trans-
parent process documentation. Two use cases from energy systems analysis demonstrate the
workflow design and implementation approaches. Overall, this article bridges the gap between
abstract guidelines, such as the FAIR principles, and researchers’ daily data and software driven
analyses, promoting reusability, reproducibility and transparency in science.

Keywords
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Introduction

Motivation

In computational sciences and especially in energy systems analysis, the coupling of research
software into comprehensive software workflows is a common approach for incorporating multi-
ple perspectives into a scientific analysis and to investigate complex research questions.” In a
workflow context, the sustainable handling of resources is particularly important in two aspects.
On the one hand, these workflows represent in themselves flexible research tools. Reuse or
adaption of these workflows to changes in research questions in a fast, reliable and low-effort
approach can avoid considerable redundant development, implementation, and maintenance
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efforts but requires careful upfront design and additional effort.? On the other hand, these work-
flows play a central role in scientific exchange, as they contribute to the transparency and relia-
bility of scientific conclusions by enabling others to trace, interpret and reproduce the results of
these workflows.# Workflow design therefore has the potential to positively increase the overall
efficiency of a research community.

Usually, however, scientists are confronted with major challenges when creating and applying
workflows that should be adaptable, reuseable and reproducible by others. Especially missing or
difficult-to-process information about software and data resources represents a major obstacle.
Particularly in a research field such as energy systems analysis, in which no uniform interface
and data standards have been established and which is characterized by heterogeneous for-
mats originating from different research disciplines, the provisioning of metadata which includes
information about individually used data models is imperative.® Another hindrance is the lack of
computer-aided workflow design and building tools that cover and support both research soft-
ware and data. In an environment full of initially incompatible data models, there is a strong need
for reliable and robust data transformation and processing capabilities, in order to combine input
data and software models into a structured process. As long as there are no adequate tools sup-
porting scientists in workflow integration or offering automation capabilities, data models must be
manually researched and compared, which is a tedious and time-consuming task. In addition,
transformation requirements must be identified manually and suitable transformation functions
researched in a time-consuming process. A third challenge lies in the lack of traceability and
reproducibility of workflows and workflow results. Even as there is no lack of workflow tools with
which researchers can implement their model chains (see for example Kieser et al.® or Molder
et al.”), the metadata accompanying these processes, which is relevant for their understanding
and interpretation, must be recorded, linked and stored separately, usually in a manual process.
This additional effort, which has to be made for each individual model coupling, data processing
or transformation, is often not done consistently. This situation contributes to the current repro-
ducibility crisis in science.®™% An illustrative example is a study of Jupyter Notebooks, a common
form of documenting scientific workflows and analysis, for their reproducibility. The study of Pi-
mentel et al.’! showed issues with dependency documentation and execution of the notebooks
and thus a lack of reproducibility, transparency and adaptability.

Confronted with this situation, a cultural change is slowly taking place in energy systems
analysis and other science communities, which places increasing importance on overcoming the
associated challenges. In particular, the objectives formulated in the FAIR principles, findability,
accessibility, interoperability and reusability, are effectively promoting the adoption of metadata
standards as this directly contributes to all four principles."? At the same time, the joint devel-
opment and use of domain ontologies for the uniform description of software, data, and other
research data artifacts, such as the Open Energy Ontology'?, is also gaining traction. As the
progress of adopting the FAIR principles continues, numerous problems and uncertainties in
the practical implementation of these guidelines are experienced in everyday science. To solve
these, novel approaches and solutions are required with renewed urgency. As described by
Leipzig et al.™* there exists an explicit need for action in the area of metadata description of data
that is to be used as input by software models. The authors call for a common metadata stan-
dard that enables the description of file formats and data structures at workflow level and their
automated comparison in order to link individual elements of analytical processes. They claim
that metadata tools are as important for practical and computational research as the software
and data itself. Leipzig et al.'¥ further show that despite the existence of numerous workflow
tools, collecting and analyzing provenance, i.e. recording all activities that lead to the creation of
a data object, is still a key challenge for workflow design.

The approaches presented in this article provide an answer to the question how metadata
aware workflows, which cover software and data, can be implemented and documented to make

2
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a significant step towards the FAIR principles. In the Related Work section, current metadata
schemas are first compared and examined with regard to their suitability for describing data
models. Subsequently, an introduction to data comparison and workflow tools is given, focusing
in particular on their capabilities for metadata processing in a scientific context. The Results
section shows the extent to which the metadata elements of the DataDesc schema, which is
designed to describe data models in software interfaces, are also suitable for describing data
models in data files, and which structural refinements have been applied to facilitate this applica-
tion case. Furthermore, an extension of the DataDesc framework for the automated comparison
of metadata is presented, in which data models are compared and any discrepancies are iden-
tified as transformation needs, whose machine-actionable description can be used in the future
for the automated identification and reuse of data transformation methods in modular workflow
designs. In a second step, the ioProc workflow manager® is presented, with which data trans-
formation steps can be combined into so-called adapters as needed and sustainably reused in
workflows. The individual process steps are also automatically documented as metadata. Fi-
nally, the Results section presents two use cases from the context of energy systems analysis
to demonstrate how DataDesc and ioProc can be used to design and implement transparent,
reproducible and well-documented scientific workflows. The Discussion section, which empha-
sizes the main features of the approaches presented as well as their limitations, provides an
insight into future work and closes this article.

This work hence presents an adaptable and extensible approach for an improved design and
reusability of scientific workflows incorporating software and data, rooted in and exploiting the
benefits of metadata. The presented approach contributes to the FAIR principles and supports
the transparency and reproducibility of workflows in a scientific community by adding automatic
metadata generation.

Related Work

This section examines current metadata schemas in regards to their suitability for describing
data models. Furthermore, different approaches for comparing data are contrasted. Finally, the
role of workflow tools for computational sciences is established.

Metadata Schemas

A metadata schema standardizes the description of artifacts within its scope by defining a set
of metadata elements to be used."® A metadata standard may further standardize the encoding
format, allowed values, their representation, and so forth.'® Application profiles adapt subsets
of one or multiple metadata schemas to tailor these to specific applications. They may further
define custom elements, rules, best practices, etc. Many schemas, standards and application
profiles exist with different scopes. The scope refers to specific use cases that are supported,
but may be limited to, for example, a particular artifact type (such as images, software, datasets,
etc.), scientific domain, or country.

Domain-agnostic standards that propose sets of elements to describe datasets include Dublin
Core'”, DataCite"'® that provides a mapping to Dublin Core, DCAT"¥ that incorporates terms from
Dublin Core as well as other controlled vocabularies, and schema.org’s Dataset class?? that in
turn is based on DCAT. None of these describe data models in detail. In addition, the general
metadata of a dataset such as authors, titles, descriptions, the content and how to access it
is only defined in an abstract way using terms such as encoding, file format, has part, about,
variable measured, temporal or spatial resolution and coverage. Dublin Core and DCAT allow to
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reference a schema or standard using the property conforms to. However, there is no schema
describing the data model provided.

RO-Crate?! and Data Package®® are approaches to bundling data and their metadata. For ex-
ample, Data Package allows the specification of table schemas for individual files. OEMetadata®®
is a domain-specific standard that builds on Data Package and encourages the referencing of
concepts from controlled vocabularies and ontologies.

Representing n-dimensional datasets in the Resource Description Framework (RDF), the
RDF Data Cube Vocabulary?* is not limited to tabular data. It represents the actual data it-
self, but uses the rich semantics of RDF to describe information that would normally be part of
metadata. D-REPR?2> and the Software Description Ontology<® reuse the RDF Data Cube Vo-
cabulary to define the structure of a dataset. Other self-describing data formats include HDF52/
and NetCDF=8.

More recently, Croissant?? and DataDesc®Y proposed approaches that are independent of
the dataset format, allowing for the referencing of terms from controlled vocabularies, and the
description of multidimensional as well as nested data structures. To increase the reusability
of datasets within the machine learning community, Croissant supports the specification of data
types and foreign key references. In addition, usage information, e.g. where the training, vali-
dation and test split is located, which columns are to be extracted and how the values are to be
parsed, facilitates the training of machine learning models. DataDesc is a domain-agnostic stan-
dard for describing software interfaces and their data models with metadata to facilitate model
coupling, workflow composition, and software discovery as well as integration in general. It builds
on the OpenAPI specification, a widely used standard to document APIs, and provides a map-
ping to schema.org. DataDesc offers the possibility to describe multi-dimensional and nested
function parameter structures and value ranges in runtime representations. Semantic concepts
of variables as well as their units or quantity types can be described in a machine-actionable way
by referring to terms from controlled vocabularies.

In its area of application for interface documentation, the DataDesc schema offers the highest
level of detail and the greatest flexibility in the description of data models, so that it can map
variables and function parameters of any complexity. In addition, it integrates and references
current metadata standards and can be used across domains and applications. However, there
is currently no metadata schema that has been designed to map data models of datasets at a
comparable level of detalil.

Data Comparison Tools

To what extent and in what respect data is compared depends on the use case. We focus on
the comparison of data models between datasets and software or service interfaces with the
aim of integrating them into comprehensive software workflows. This requires consideration of
both semantics and technical representations, including data structures, data formats, and value
range specifications.

To compare different versions of files, utilities such as GNU Diffutils®" or Git's diff*2 highlight
differences based on the line-based edit distances between them. With binary files, a compari-
son of lines or other text chunks is generally not meaningful; they are either classified as different
or not.®! Specifying data models in separate metadata files circumvents this limitation.

To compare the contents of files beyond the purpose of comparing versions, the similarity
of individual strings, such as the keys and values in a metadata file, can be calculated based
on their token- or character-based edit distance (e.g., using the Levenshtein distance®3). Of-
ten strings are normalized beforehand (e.g., by lowering and lemmatizing of words). To also
consider semantics, the vector similarity between strings can be calculated based on word em-
beddings (such as Word2Vec** and GloVe*° embeddings). Alternatively, strings can be mapped

4
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to concepts in ontologies or lexical databases (such as WordNet*®) and compared based on
the semantic relations they define, such as a synonyms or hyponyms. The meaning of a word
or phrase depends on its context. Hence, consideration of the context is important. A-Match=’
is an example of an application that uses both string metrics and ontologies to compare APIs.
Following a human-in-the-loop approach, the system’s suggestions are visualized in a GUI and
can be accepted or rejected.

When comparing more complex entities than strings, more information can be considered.
For example, in addition to the parameter name, the allowed or actual value range can be con-
sidered (are the values within the expected range?) as well as the units (can they be converted
into each other?). Consideration of the data structures is particularly important when compar-
ing dataset and software interface descriptions. For RDF graphs, their structure, value ranges
and other constraints can be defined using the Shapes Constraint Language (SHACL)=®. Corre-
sponding validators can be used to validate RDF graphs based on these definitions. The MINT
(Model INTegration) framework=? also requires the mapping of datasets to RDF. Variables are
associated with a Scientific Variables Ontology (SVO) concept. Based on the unified RDF rep-
resentations, both content and structure are considered when matching a set of user-selected
target variables to models that can output them.

When comparing data models between datasets and software or services, both semantics
and data structures must be taken into account, ideally independent of the file format to enable
broad applicability. The functional extension of the DataDesc framework presented in this work
encourages mapping to controlled vocabularies, is not restricted to a particular file format, and
does not require the conversion of heterogeneous datasets into a unified representation.

Workflow Tools

Workflow tools play an important role in computational scientific work.” The use of workflow tools
ranges from high performance computing environments to individual data analysis pipelines of
scientists. Software solutions are correspondingly diverse, with software such as SLURM4
in HPC contexts not only managing workflows but integrating resource management down to
Jupyter notebooks*! in individual data analysis pipelines with loose but easily adaptable work-
flows. The side-benefit for science of such workflow tools, especially when they provide a static
workflow definition, is the creation of artefacts that are themselves suitable for documentation,
and the further creation of traceability and reproducibility for these workflows. A widely used
workflow tool is Snakemake“?, which binds programs to flexible, statically declared workflows
and provides a reproducible execution environment. An example of one of the more prominent
applications of such tools, at least in energy systems analysis, is the coupling of models into
complex workflows for multi-perspective scientific analysis.*?

Most of the workflow tools used in the scientific community, Snakemake being a rare excep-
tion, were not originally developed specifically for scientific activities. As a result, few workflow
tools incorporate scientific metadata processing and handling by design. The importance of
scientific metadata is now being increasingly recognised.“#4> There, the tracking of data-related
metadata and the computer-aided generation of metadata for generated datasets is central to the
reusability and traceability of scientific results. The increasing popularity of the FAIR principles
both among scientists*4 and funding agencies*®*® only adds to the importance. The support
of metadata information during workflows and of dedicated interfaces to scientific infrastructures
such as metadata hubs is usually not natively covered by traditional generic workflow tools. Fi-
nally, workflow tools introduce their own complexity and require additional skills to be acquired
by researchers. As workflow tool skills are a secondary concern in the scientific work environ-
ment, workflow managers with easy-to-learn principles and easy-to-use approaches are usually
favored.
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In summary, workflow tools often lack native support for scientific metadata and integration
with scientific infrastructures, which makes data traceability and interoperability more difficult.
Furthermore, their complexity and steep learning curve make them less attractive in scientific
environments where ease of use is a priority.

In this work we demonstrate with our implementation of a scientific workflow in ioProc, how
the issue of lock-in effects into a specific workflow manager and that workflow tools can be
designed, such, that scientists can apply them with their preexisting knowledge in scripting and
notebook environments.

Results

This section first describes a modular approach to software and data integration and shows
how model workflows can be practically designed from reusable software components using
the refinements and extensions of the DataDesc framework presented here. In a next step, io-
Proc is introduced as a workflow management tool that is designed to meet the special needs of
scientific research and with which model workflows can be implemented transparently and repro-
ducibly. Finally, DataDesc and ioProc are used to demonstrate the design and implementation
of two application cases from the domain of energy systems analysis.

Designing Reusable Workflows with DataDesc

This work takes up the modular workflow concept presented by Kuckertz et al.#?, which propa-
gates a flexible approach to data and software integration and thus offers a lightweight alterna-
tive to the laborious introduction and adoption of static interface and data standards in energy
systems research (cf. Figure[f). Along the workflow concept, information transfers between soft-
ware modules via non-persistent in-memory data formats, such as integers, arrays or classes,
and is exchanged between software and data files based on persistent data formats, such as
Excel, XML or NetCDF4. This work addresses the integration of persistent data formats into
software interfaces. To this end, the concept first requires the metadata description of software
and data artifacts, whereby in particular their inherent data models are annotated in detail. Once
these are available, the data models mapped by software interfaces can be compared with those
used in data files in a second step. This provides information about the compatibility of data and
interfaces and identifies transformation requirements that can be covered by data processing.
Along this process, the concept aims at the reuse of software and data artifacts and their flexible
integration into complex application-specific model workflows. In addition to the metadata de-
scriptions, transformation functions form a central component, as they act as a link between the
individual software interfaces and heterogeneously structured datasets within the domain of en-
ergy research. The concept intends for the transformation functions to be designed in a modular
way, described transparently and made available as open-source so that they can be jointly used
and sustainably developed within the research community. Overall, the concept is intended to im-
prove the reuse of research software and also the reproducibility and validation of study results,
thereby promoting efficiency and academic exchange in the field of energy systems analysis.

In order to implement this concept in practice, metadata schemas are required that can be
used to describe data models in detail both in interfaces and in datasets. These must be com-
patible with each other insofar as the annotations created on their basis allow them to be com-
pared exactly with each other. In addition, the schemas should support semantic references
to ontologies, such as the Open Energy Ontology=? developed for energy systems research,
and machine-actionable exchange formats so that the comparisons can be carried out automat-
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Figure 1: A modular workflow concept for the flexible integration of software and data in the
context of a distributed research data infrastructure. The original figure by Kuckertz et al.4®
was supplemented by a software metadata registration component to facilitate the findability and
reuse of energy systems models and data transformation functions.

ically. With DataDesc, Kuckertz et al.* have already developed a framework that meets these
requirements, at least for the formal description of software interfaces. DataDesc centers around
a software metadata schema that describes the data models on which software interfaces are
based. In addition, DataDesc effectively promotes the FAIRness, i.e., findability, accessibility,
interoperability, and reusability, of research software. As described in the Related Work section,
there is currently no metadata schema for datasets that can be used to map their data models
at a comparable level of detail. In order to present an approach to compensate for this omission,
it is shown in the following to what extent the elements of the DataDesc metadata schema are
also suitable for describing data models of datasets, and how the schema structure has been
refined for this purpose.

The part of the DataDesc schema that is the focus of this work is the Data Schema Ob-
ject (cf. Figure [2). Its properties can be used to describe even deeply nested data models in
terms of contents, formats, value ranges and structures. The contents of data structures can be
documented using description and clearly assigned to individual ontology classes using seman-
ticConcept. It is of no consequence whether these contents are expected by a software interface
or provided by a data file. The properties type, format, mediaType, and charSet can be used to
describe data model components of both persistent and non-persistent variables. For example,
the type and format can be used to specify not only the valid file type for variables that expect a
file as input, but also the assumed data structure within a transferred file. The various minimum
and maximum properties can be used to define value ranges that must be adhered to when
using an interface in order to ensure error-free data processing. With regard to files, these prop-
erties describe specific value ranges contained in the dataset. Finally, the description of nested,
grouping or dimensionally resolving data structures with items and properties remains the same,
regardless of whether they are used in a function variable of complex type or a data file. Overall,
it becomes evident that the Data Schema Object can be used to describe data models in files in
the same way as in software interfaces.
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Figure 2: Structure and content of the DataDesc schema for describing software and their

interface data models, adapted from Kuckertz et al.=C.

Both the general and the technical

information are organized in information objects, with arrows indicating the various relation-
ships between them. DataDesc properties that map directly or via extensions with the Ope-
NAPI| specification are indicated by white circles and white triangles, respectively. Properties
that map to the Schema.org ontology are indicated by a gray square. The schema and fig-
ure from Kuckertz et al.®% have been slightly adapted by the changes shown in green to ac-
commodate the description of data models mapped in files. Components written in blue are
intended exclusively for the description of interfaces, while all other objects and properties are
also used to describe datasets. Individual property definitions can be viewed at GitHub: https:
//github.com/FZJ-TEK3-VSA/DataDesc/blob/main/schema/DataDesc_schema_v1.2.md.”


https://github.com/FZJ-IEK3-VSA/DataDesc/blob/main/schema/DataDesc_schema_v1.2.md
https://github.com/FZJ-IEK3-VSA/DataDesc/blob/main/schema/DataDesc_schema_v1.2.md

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

338

339

340

341

342

343

344

345

346

In Figure [2, object types and properties of the DataDesc schema that are intended exclu-
sively for the description of interfaces are highlighted in color. It is clear to see that the majority,
including the part required for the description of data models, is just as suitable for the annotation
of data files as for software interfaces. The only structural difference is that the Data Schema Ob-
ject is assigned directly to the DataDesc Object when describing files. By reusing the schema,
also the exchange format of the DataDesc framework can be reused, which inherently ensures
the homogeneity of the metadata descriptions.

On this basis, the DataDesc framework has been expanded to include analysis functionality
that enables the direct and systematic comparison of a data model mapped in a file with the
one implemented in a software interface and reveals the degree of their compatibility. In ad-
dition to the structures of the respective data models, also the properties of the variables they
contain, such as dimensionality, value ranges and units, are contrasted individually. During the
comparison process, the software interface is taken as the reference point from which the ex-
tent to which the data model of the dataset corresponds to the necessary interface structures is
assessed. While the absence of expected variables or deviations from expected units or value
ranges reduce the degree of compatibility, additional information contained in the file that is not
required by the interface is ignored and does not have a negative effect. Essentially, the compar-
ison process checks whether the information required by the software interface is available as a
subset in the data file.

As a result of a comparison, a report is generated that provides detailed information about
(in)compatibilities. Starting from an overall result that reflects whether the comparison has re-
vealed discrepancies or not, the report goes into more and more detail along the hierarchy of
the data model until it becomes clear at which points in the data model which requirements have
not been met. This accurate error indication is intended to support researchers in the design
and reuse of computational workflows, to avoid errors in data processing and to make software
and data integration more efficient. At the same time, reports follow the DataDesc structure so
that they can formally represent compatibility information as independent, machine-actionable
DataDesc documents and can be further processed automatically.

If a file is to be used as input by a software despite incompatibilities, transformation require-
ments arise that must be covered by data processing. Thereby, necessary transformations can
vary considerably in their complexity and scope, ranging from simple unit conversions to exten-
sive data restructuring. As the report provides information about the type of incompatibility, it
can be used to identify suitable transformation functions. For example, differences in currency
formats can be resolved with CuCoPy®2, while discrepancies in the spatial or temporal resolution
of the data can be addressed with Spagat®® or tsam>4>%,

Many such transformation functions are currently available open-source. However, even if
they are registered in software catalogs as indicated in Figure [1, they cannot yet be automat-
ically suggested or selected on the basis of identified transformation requirements. With their
formalized information on data models and incompatibilities, the machine-actionable DataDesc
reports form a technical basis for the goal-oriented findability and reusability of data processing
software.

Once the model and data components required for an analysis have been connected using
the transformation functions identified via DataDesc, the modular concept subsequently requires
them to be combined into transparent and reproducible computational workflows.

Implementing Reproducible Workflows with ioProc

ioProc is a library-level workflow manager, which distinguishes it from other tools such as the
popular Snakemake workflow management system”. Snakemake operates on the software level,
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so it ties individual software pieces together into a larger workflow. ioProc on the other hand
chains functions, called actions in this context, into reproducible workflow specified by static
definition file, called adapters. This adapter also serves as part of the scientific documentation
of the workflow and can be used to run the workflow repeatedly and reproduce analysis results.
In addition to the workflow itself, ioProc also writes log files, with one dedicated only to data
modifications to adhere to good scientific practices. All read and write operations to and from
data structures inside of ioProc actions are thus documented and traceable for each execution
of the workflow. Furthermore, ioProc follows the open-closed principle, thus that it is open to
extensions but closed to modifications. This manifests in different aspects of the software. For
example, all actions are saved in an action folder, including the default set of built-in actions,
that ioProc can generate on request. The ioProc generated actions are standardized, but as
they are stored as a module, accessible by the user and outside of the ioProc software, opens
them up for modification and extension without the need to modify ioProc itself. The user can
furthermore declare own actions in additional files. ioProc, if configured with the location of these
extension files, can pare these actions and apply them in a user specified workflow. In addition,
users can share their actions with others so that they can use them in their own workflows. To
improve reuseability, files with ioProc compatible actions can be modified with little mockup code,
to make them independent from an ioProc installation. It is then possible to use these actions like
ordinary Python functions in environments without ioProc, like a framework, a jupyter notebook
or another workflow tool. ioProc thus creates an environment which is geared towards good
scientific practices with a unique focus on library level workflows.

Application Cases

To illustrate our design and implementation of reproducible software workflows from reusable
software and data components and to show the general applicability of the approaches pre-
sented, two independent and simplified model workflows are compared in this section (see Fig-
ure . With REMix (Renewable Energy Mix)~® and ETHOS.FINE (Framework for Integrated En-
ergy Assessment (FINE) of the Energy Transformation Pathway Optimization Suite (ETHOS)),>/=8
two mathematical optimization frameworks with a similar scope from the field of energy systems
research are employed. Both application cases are based on pre-existing models that are instan-
tiated from the two frameworks. While both models contain individual sets of predefined param-
eters and data, they also share some input datasets. The shared input data includes unresolved
data regarding energy technologies on the one hand and temporally and spatially resolved re-
newable energy potentials on the other. During data processing within the two workflows, these
differently structured datasets are adapted to the data models expected by the frameworks’ inter-
faces along individual transformation steps, whereby some of the modular transformation meth-
ods are reused in both workflows. While the REMix workflow is implemented using ioProc and
maps a file-based import of the data, the ETHOS.FINE workflow is implemented using Jupyter
Notebook on the basis of a script-based data import.

When selecting the application cases, the focus was on the fact that they differ in a number
of relevant characteristics, but remain structurally comparable. The model calculations carried
out are realistic in terms of data structures, formats, contents and value ranges. Beyond that,
however, they do not represent conclusive analyses of energy systems.

Shared Input Datasets

Both workflows ingest technology catalogues from the Danish Energy Agency®?, which provide
a comprehensive but unresolved dataset of techno-economic data for technologies commonly
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Figure 3: Schematic comparison of an ioProc (a.) and a Jupyter Notebook software workflow
(b.) that use the same datasets (DS) as input and transfer their contents into the energy system
models REMix and ETHOS.FINE using individually combined transformation functions (TF) and
adapters (A).

used in energy systems analysis. The data is provided under the CC BY 4.0 license in Excel
spreadsheets grouped by technology type, such as electricity and heat generation®?, storages®
and renewable fuel production®?. Each Excel file contains the worksheet alldata_flat, in which all
data points have been converted into a row-by-row format and can therefore be easily processed
by machines.

In addition, in the application cases, both workflows use PV and wind generation time series
from Pfenninger and Staffell®3. The time series are geographically and temporally detailed at
country level, in this case for Germany, and in an hourly resolution for all weather years between
1980 and 2019. The data is provided by the website renewables.ninja®* under the open CC
BY-NC 4.0 license as CSV files, which are structured into two columns containing the timestamp
and the normalized generation.

Figure [4] shows an abridged DataDesc document describing the data model of the PV gener-
ation time series for Germany. The CSV file comprises a tabular structure consisting of the two
columns national (lines 13-18) and time (lines 23-25). While national holds the capacity factor
float values for Germany in the range between 0 and 1, time represents the temporal dimension
indexing the values using the coordinated universal time (UTC) format.

Shared Transformation Functions

In both workflows the same fundamental micro-transformations of data need to be performed.
These operations were implemented to be compatible with ioProc and the general ones were
applied both in the REMix and ETHOS.FINE workflows. Both workflows share the following
transformation steps (we denote the exact function name of the ioProc action in brackets for
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"dataDescVersion": "0.1.0",
"openapi": "3.0.0",
"dataSchema"
{
"type" : "object",
"format" : {
"example" : "text/csv"
},
"properties" : [
{
"identifier" : "mnational",
"type" : "number",
"format" : "float",
"minimum" : 0.0,
"maximum" : 1.0,
"dimensions" : [ "time" ]
}
1,
"dimensions" : [
{
"identifier" : "time",
lltypell . "String" s
"format" : "YYYY-MM-DD HH:MM:SS"
}
]
¥

3

Figure 4: Abridged DataDesc document describing the data model of a country’s PV generation
time series in an hourly resolution as provided by renewables.ninja®.

each step):

The workflow starts with reading the source data into a memory data structure for further
processing (action read_excel()). We then clean the input data from whitespaces and special
characters in the text based raw data (action strip_data()) and convert numerical data to python
numerical types (action remove_non_digit values()). The next steps are the reduction of the
dataset to the technologies we are interested in (in this case gas turbines, Li-ion batteries, heat
pumps and electrolyzers) (action filter_technologies()), to the relevant technology parameters
(action filter_parameters()) and finally to the target years (action filter_years()) and the mean
estimate (action filter_estimate()). Finally we exclude all columns with irrelevant data for our use
case from the dataset (action drop_columns()).

In the next phase of the data preparation, we have to make adjustments of the dataset la-
bels for example to be compatible with the REMix conventions. We hence rename the tech-
nologies (action rename_technologies()) and parameters (action rename_parameters()) to their
given standard names. Afterwards, we convert all values to consistent base units (action con-
vert_units()) and discount the costs to a uniform reference year (action convert_currency()). For
the cost conversion we delegate the task to the Currency Conversion for Python (CuCoPy) li-
brary®2%> which we call from inside of the action. CuCoPy is an open-source software package
developed to streamline the integration of heterogenous currency data into research software.
The package enables the conversion of currencies from over 260 countries, along with the ability
to adjust financial data for inflation dating back to 1960, on an annual basis. As CuCoPYy is inde-
pendently released under the open MIT license, it seamlessly integrates into existing applications
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but also works autonomously within processing workflows like the ones described here.

REMix Workflow Utilizing ioProc

REMix is a modular codebase that allows to set up linear optimization models and was developed
by the Institute of Networked Energy Systems (VE) at the German Aerospace Centre (DLR) to
address research questions in the field of energy systems modeling.*® The framework is pro-
grammed in Python and relies on GAMS as its mathematical programming language. REMix
can be used to address problems related to the optimal design and operation of future integrated
energy systems, both for target systems and transformation pathways. It implements methodolo-
gies like Pareto optimal search, modeling to generate alternatives, perfect foresight and myopic
optimization. One of the most important strengths of REMix is its high-performance scalability,
since it is designed for processing large spatio-temporal optimization scopes. This makes it fea-
sible to conduct path optimizations of high complexity with multiple years in hourly resolution and
a high spatial resolution including balance area sizes of up to continental level and individual
transmission lines. REMix is based on an implementation agnostic data model with makes it
applicable for different scopes. The data model consists of five basic building blocks, nodes and
goods. Nodes represent installations or connection points and goods describe everything that is
exchanged withing the system. Converters balance the consumption and production of goods,
storages allow the retention of goods across time, transfer links allow the transfer of these goods
between nodes. Sources and sinks allow respectively the input and output of goods from and
into the modeling scope. Complemented by indicators, users can model complex accounting
relations like carbon taxes or electricity market prices.

The primary input to REMix models consists of structured data, stored in CSV or DAT files,
which are loaded into the REMix model at the beginning of each model execution. These
datasets are comprehensive, covering all aspects of the energy systems model being analyzed.
They also play a crucial role in the configuration of the model, as REMix is a data-driven frame-
work. Therefore, the combination of a specific REMix software version and a complete dataset
constitutes a REMix instance, which is reproducible. In most cases, scientists do not create
entirely new datasets from scratch, since research questions rarely focus on completely novel or
previously not modeled systems. Instead, most modeling work is derived from a basic energy
system model that defines the scope and area of interest. This requires scientists to provide
data for specific parts of the model, such as particular technologies or regions, and properly link
them to the overarching energy system data. Technically, this often involves modifying or replac-
ing certain parts of an existing dataset. The core dataset that represents the energy system is
referred to as the baseline dataset. For a dataset to be usable as a baseline, it must conform
to the REMix conventions and be complete enough to execute the model without the need for
additional data.

This application case focuses on the common task of adding specific data to a baseline model
in REMix. To this end, we developed an exemplary workflow that integrates publicly available
open data into a baseline dataset. The main tasks involved are transforming the data to fit REMix
conventions and creating a new set of REMix-compatible input data files. We implemented this
workflow in ioProc, which consists of a series of distinct, specific actions. The implementation is
independent of any particular workflow or model context, enabling the exchange and sharing of
source code between the REMix and ETHOS.FINE workflows.

The REMix workflow begins with 12 general data cleaning and transformation actions that
focus on parsing and interpreting the input data format. These general actions are followed by
REMix-specific steps to clean and transform the raw input data to comply with REMix conven-
tions. In the final stage, the data is converted into the standard input data structure for REMix:
a two-dimensional table format with standardized labels and columns. The next step involves
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incorporating the new dataset into the baseline model. To do this, we read the baseline dataset,
parameterize the entire model instance in REMix, and replace the relevant subset of the existing
baseline data with the new, more detailed dataset. In this example, the new dataset introduces
additional technologies, which must also be declared in REMix. This step completes the data
preparation process. At this point, the first dataset is ready to be written as REMix input files,
marking the final step of the workflow.

In this example, we incorporate two datasets, with the second being timeseries data. The
timeseries data is handled using the same workflow described above, though the required trans-
formations are fewer since the data is already in a format compatible with REMix. As a result,
we can skip the cleaning and conversion steps. The next steps involve reducing the dataset to
the target year for our model run and converting the labels to the REMix standard. The data is
now ready to be integrated into the base REMix model, following the same procedure as with
the technology dataset. We have now created a complete REMix input dataset consisting of the
baseline dataset, along with the incorporated technology and timeseries data. These files are
now ready for processing by REMix.

Reading a dataset into REMix is facilitated by a call to the read_remix_csv function, which we
have documented as part of this project with the DataDesc schema to provide additional meta
information and make it machine readable. The description includes a detailed description of the
two input parameters file and schema which were described as separate variables with their own
data schemas. While file is a simple string that refers to a CSV file schema is a complex data
structure which refers to a JSON file that is composed of various fields (including name, title,
type, isAbout, etc.). The return value of the function is the REMix interface internal data format,
which is a pandas.DataFrame.

To demonstrate how specific operations in one workflow can be generalized, such that they
become applicable in another workflow, we implemented two operations in the action format of
ioProc andused them in also in the ETHOS.FINE workflow. The selected actions are the reading
of the raw source data into memory (more precisely into pandas DataFrames) and the currency
conversion, which are based on CuCoPy. This demonstrates, that atomic transformation op-
erations, can be used across different workflow implementations and can be used to create a
shared basis of operations.

The full ioProc workflow encompasses the raw input datasets and the baseline REMix model
data, the workflow specification in the ioProc YAML file format, and the action folder containing all
ioProc actions. This bundle is published alongside with this publication on GitHub and constitutes
a reproducible workflow artefact.®® With the documented ioProc version, it is now possible to
reproduce the workflow. Furthermore, in the spirit of good scientific practice, the action folder,
containing all operations needed for the workflow, is included and describes all scientific relevant
transformation of the data. It therefore constitutes a different form of documentation, which can
be used to examine the process in the future independent of an ioProc installation.

This approach supports reproducibility and transparency, as a separation of the basic data,
the workflow software components and the scientifically relevant transformations is achieved.
The ioProc actions can be used in the future to rebuild the workflow in any python context since
the ioProc actions do not depend on an ioProc installation. But also the reverse is true. As
easy as it is to use an ioProc action in a script, it is to modify existing source code in notebooks
or scripts to be usable as ioProc actions. This enables, without compromising the ability to
continue using the same code in existing scripts. The transformation into ioProc actions comes
with the added benefit that the meta data handling, logging and limited change tracking of ioProc
workflows are applicable without additional work.

From a research software engineering perspective, the ability to use ioProc action in other
environments is an enabling feature, as the individual testing of actions becomes easy to im-
plement. Such tests also serve as another form of scientific documentation beyond their usual
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benefit of guaranteeing technical correctness. ioProc provides to scientist a framework in which
to build flexible and granular transformation operations, which can be combined and extended
as needed and applied in a broad range of software environments reaching from scripts and
notebooks to full software applications.

ETHOS.FINE Workflow Utilizing Jupyter Notebook

The Framework for Integrated Energy Assessment is part of the Energy Transformation Path-
way Optimization Suite at the division Julich Systems Analysis of the the Institute of Energy
and Climate Research at Forschungszentrum Julich.®” The Python-based framework serves as
the basis for a diverse set of energy systems analyses conducted at the institute.®®/2 Their
outcomes support investment decisions and policy-making in the transformation towards fully re-
newable energy systems. ETHOS.FINE leverages the capabilities of the general framework for
linear optimization, Pyomo, to model linear optimization problems for energy systems analysis.
ETHOS.FINE introduces the concepts of source, sink, storage and transmission components at
different spatial and temporal resolutions as building blocks of an energy systems model. Typi-
cal problems that can be analyzed with such models are cost-optimized future energy systems
of single buildings®®, municipalities®*?, countries™~’3, or world-wide energy carrier transport’4,
Furthermore, ETHOS.FINE incorporates methods for spatial and temporal aggregation™%, tack-
ling the problem of long calculation times for large-scale mixed-integer linear energy system
optimization problems.

The relevant model information is stored in the EnergySystemModel container class. This
class holds general information such as units and location lists, as well as instructions for the
solving algorithm. In addition, instances of components are added to the EnergySystemModel
class in a modular way with the help of the EnergySystemModel.add() method. The output of the
optimization consists of values for the optimal design and operation of a minimum-cost system.

For the documentation of the programmatic interface, the constructors of the EnergySys-
temModel class and the component classes were described using DataDesc (FINE.json in the
supporting material).®® Lines 1-243 contain general metadata of the software. From line 264
onward the EnergySystemModel.add() constructor function is described. The data schema de-
scription includes an explanation of the properties, types, ranges, and default values and in-
dicates required properties. Based on an example from the ETHOS.FINE repository®’, two
Jupyter notebooks have been created that contain the processing of raw input data to the for-
mat that is needed for the model (071_data_processing.ipynb) as well as the model generation
(02_model_calculation.ipynb in the supporting material). The preprocessing step reads time-
series for renewable energy potentials and energy demands from existing CSV files as well as
techno-economic parameters from a JSON file. The renewable energy potential timeseries col-
lected from the renewables.ninja website can be inserted into the models input CSV without
transformation because they are a unitless values between 0 and 1. Parameter values for an
absorption heat pump have been collected from the dataset of the Danish Energy Agency. Here,
the preprocessing methods described in the previous sections have been used for reading and
transforming the data. The raw data has been read from Excel into dictionary format with meth-
ods described in section Shared Transformation Functions. Economic values are described as
EUR/MW in the input data while the model uses EUR/GW. The transformation has been con-
ducted with the convert units() method. Also, all monetary values are transformed to the year
2022 using CuCoPy.

In contrast to REMix, where one of the core functions with very few parameters was de-
scribed, only a small function was described for ETHOS.FINE, the EnergySystemModel.add()
function. The add() function expects many more parameters, some of which have custom com-
plex data types that are not found in the standard Python package library. These user-defined
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data type descriptions can be summarized in unique schemas and referenced multiple times in
the document to avoid redundancy.

A helper script (tools/comparison/main.py) was used to automatically identify transformation
needs between the APl and the datasets. The script was called via the command line, where
a DataDesc interface description, an input file description as well as a file path for the output
file were specified. As software descriptions usually consist of more than just one interface,
it was also necessary to specify which function and which parameter of said function should
be compared with the input data. The comparison is always carried out from the perspective
of the interface; meaning that a comparison is only successful if the input data serves all the
required parameters of the interface. On execution, JSON-formatted report files were generated
(see example in Figure [5), which provide information about overall compatibility (line 2), but
also more detailed information about missing expected data (lines 9-10) and mismatching data
formats (lines 18-23).

{
"match": false,
"detail": {
"dataSchema": {
"properties": [
{
"identifier": "windSpeed",
"unit": {
"expected": "https://qudt.org/vocab/unit/KiloM-PER-HR",
"received": null
3,
}
1,
"dimensions": [
{
"identifier": "time",
"type": {
"expected": "integer",
"received": "string"
1,
"format": {
"expected": null,
"received": "YYYY-MM-DD HH:MM:SS"
1,
3,
]
}
1,
}

Figure 5: Abridged DataDesc report®® contrasting and comparing individual data model com-
ponents of the ETHOS.FINE software interface and the wind generation time series from Pfen-
ninger and Staffell®® as provided by renewables.ninja®*.

Discussion

s« The coupling of research software and data into comprehensive workflows is common procedure

595

in the computational sciences to help answer complex research questions. Thereby, workflows

16




596

597

598

599

600

601

603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

638

639

640

641

642

643

644

645

are not only relevant as versatile and reusable software tools, but are also a central component
of scientific exchange when it comes to tracing, reproducing and interpreting results data and
ultimately increasing the reliability of derived findings.*

Leipzig et al."# point out that metadata plays a special role in the context of reproducible com-
putational research. They characterize the description of input or raw data and file intermediates
as they are processed in workflows as an essential core task of metadata. However, since none
of the established metadata schemas provide a sufficient description of the data models used
in data sets and software interfaces, information that can be automatically processed to enable
easy coupling of components in workflows is rarely available. The presented refinement of the
DataDesc schema, which allows data models to be annotated not only in software interfaces
but also in data sets, closes this gap and thus represents a necessary addition to established
domain-agnostic metadata standards like Dublin Core or schema.org.

The added value resulting from the ability to formally describe information of this kind in the
form of metadata is manifested in the downstream applications that this enables. Leipzig et al."*
state file format and content sanity checks, which are defined by input metadata but implemented
at the workflow level, as a prominent use case that has not yet been realized. To address this
use case, the DataDesc framework was expanded to include a tool that not only automatically
compares data content and formats, but also data structures and value ranges, identifies dis-
crepancies as transformation requirements for successful integration, and describes them in a
machine-actionable form. The ioProc workflow manager presented here then offers the option
of addressing identified transformation requirements by bundling and integrating transformation
paths in the form of modular adapters and making these available for reuse. Based on the uti-
lized modular workflow concept for the integration of software and data components, DataDesc
and ioProc support researchers in their manual design of research software workflows.

A promising application based on this comes from the innovative field of computer-aided
workflow design and integration, which could use such machine-actionable information to auto-
matically identify suitable data conversion and integration paths for model chains and suggest
them to researchers. The web-based scientific data processing platform Galaxy,” for example,
serves as a platform for describing, sharing, and publishing scientific calculation processes and
is designed to facilitate their discoverability and reusability in an accessible and interoperable
manner. Kumar et al.”® have developed an approach that enables the platform to suggest tool
combinations based on usage patterns identified using deep learning. At this point, DataDesc’s
automated comparison of the data models would provide information about transformation re-
quirements and a qualitative assessment of the proposed workflows. Computational sciences
have access to huge amounts of heterogeneous research data and research software. These
can no longer be fully evaluated using conventional data and tool searches, which often leads
to low reuse rates and redundant developments.”” 78 Against this background, the computer-
assisted selection and integration of components into one’s own research workflows is of partic-
ular importance.

In addition to designing and implementing scientific software workflows, ensuring that they
are used transparently and comprehensibly in studies and analyses remains a key challenge. In
this context, the problem of reproducibility in research has already been comprehensively docu-
mented.” Leipzig et al.'* describe computational process pipelines as a widely used method for
performing scientific analyses, that encourages parameterization and configuration that promote
reproducibility. With ioProc, a lightweight workflow manager has been released that natively im-
plements the modular workflow concept for integrating research data and software in the form of
adapters within reproducible and reusable data pipelines. Overall, the concept and tool devel-
opments presented here aim to help close the gap between abstract guidelines, such as those
systematized in the FAIR principles, and the daily work reality of researchers and to balance the
effort of metadata documentation with the corresponding practical benefits in handling scientific
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workflows.

Limitations

In this work, we have for the first time presented application examples to demonstrate in a coher-
ent and comprehensive manner how metadata-based design and modular coupling processes
interact and can be implemented. Although the FAIR principles and open source and open data
are already becoming increasingly widespread, it will take some time before the publication of
entire workflows and modular transformation functions becomes standard practice in science.
As the approach presented here benefits from the high availability of existing and well-annotated
software and data components to quickly identify and integrate needed components into the
user's own workflows, its effect is initially limited and will only develop its full potential with the
increasing expansion and use of digital research infrastructures such as workflow repositories
and software registries. The DataDesc schema and the ioProc workflow manager are comple-
mentary components in this context, which, through further integration into the infrastructure, will
offer even better embedded and holistic solutions for everyday use.

The approaches and tools presented in this paper aim at loosely coupling models via transfor-
mation adapters, with the goal of achieving flexible interoperability between calculation steps that
may differ in data formats, data types, syntax, systems, and execution times. No adaptation of
data sets or software to predefined data and interface standards is required. In application con-
texts where workflows are mostly hard coupled, the direct benefit of the presented approach is
limited. In co-simulation, for example, models are usually provided with standardized interfaces
that do not require further transformation when interconnected. Only when hard and loose cou-
pling of models is combined within hierarchical workflows should clearly annotated and reusable
adapters be used again.

Outlook

Based on this work, future studies could further develop both the presented implementation
and design aspects. A reasonable next step would be the automated annotation of data files,
starting with a selection of especially compatible formats and working from there. Also, further
metadata publication pipelines should be included in the framework in order to supplement ex-
isting connections to software publication platforms with those for data publications, such as
the Open Energy Databus®. Correspondingly the creation of a public transformation function
repository or catalogue with a stable API together would greatly improve transparency and con-
tribute to findability and reusability, i.e., core values of the FAIR principles. Based on such a data
and transformation function availability, tools can be developed which automatically identify the
needed transformation functions for connecting two different data formats (such as the format
of a data source and the format of a model data input) and the ability to create lists of needed
and missing transformations for scientists to build their workflows from. This would then open
up the possibility to further investigate limitations and best practices for automated generation
of workflows in different scientific contexts. Additional tooling can then be developed like rec-
ommendation systems for transformation functions or alternative workflow formulations based
on external factors like license compatibility. A different direction for future work would be the
improvement of the workflow tools themselves, such that they include automatic tracing of data
modifications along a specified workflow and including this information into metadata formats.
This can then be expanded towards systems that trace also the reason behind modifications and
support scientists in adding contextual information during their workflows in a user-friendly way.
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Resource Availability

Lead Contact

Further information and requests for resources on the DataDesc framework should be directed
to and will be fulfilled by Patrick Kuckertz (p.kuckertz@fz-juelich.de).

Further information and requests for resources on the ioProc workflow manager should be
directed to and will be fulfilled by Benjamin Fuchs
(benjamin.fuchs@dlir.de).

Materials Availability

This study did not generate new unique reagents.

Data and Code Availability

The DataDesc metadata schema and the source code of the developed comparison tool for
DataDesc documents are publicly available under the open MIT license at https://github.
com/FZJ-I1EK3-VSA/DataDesc.?! In addition, these resources have been made available in their
current version 1.0 in the JUlichDATA repository under the CCO public domain dedication at
https://doi.org/10.26165/JUELICH-DATA/DLCYVS.

The ioProc workflow manager in version 2.2.0 under MIT license was used for this work and
is publicly available at https://pypi.org/project/ioproc/ and as a git repository at https:
//gitlab.com/dlr-ve/esy/ioproc. Furthermore the addon ioprocmeta was also used in this
work and is available under BSD-3-clause license at https://pypi.org/project/ioprocmeta/
and as a git repository at https://gitlab.com/dlr-ve/esy/ioprocmeta.

The example and documentation files related to the presented application case are published
in a git repository at https://github.com/dlr-ve-esy/modelcouplingworkflows under BSD-3-
clause and CC-BY 4.0 licenses.
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