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ABSTRACT
Mechanical and thermodynamic properties, including the influence of crystal defects, are critical for evaluating materials in

engineering applications. Molecular dynamics simulations provide valuable insight into these mechanisms at the atomic scale.

However, current practice often relies on fragmented scripts with inconsistent metadata and limited provenance, which hinders

reproducibility, interoperability, and reuse. FAIR data principles and workflow-based approaches offer a path to address these

limitations. We present reusable atomistic workflows that incorporate metadata annotation aligned with application ontologies,

enabling automatic provenance capture and FAIR-compliant data outputs. The workflows cover key mechanical and thermody-

namic quantities, including equation of state, elastic tensors, mechanical loading, thermal properties, defect formation energies,

and nanoindentation. We demonstrate validation of structure–property relations such as the Hall–Petch effect and show that the

workflows can be reused across different interatomic potentials and materials within a coherent semantic framework. The

approach provides artificial intelligence (AI)-ready simulation data, supports emerging agentic AI workflows, and establishes

a generalizable blueprint for knowledge-based mechanical and thermodynamic simulations.

1 | Introduction

Atomistic modeling provides a foundation for understanding
mechanical properties, defect dynamics, and phase-transformation
processes in materials. Like other computational studies, it was
historically conducted through ad hoc scripts that combined
method choices, parameters, and analysis steps in a nonstandar-
dized manner. The shift toward systematic workflows and high-
throughput infrastructures, such as the Materials Project [1, 2],
AFLOW [3], and NOMAD repository [4], has shown the strong
demand for scalable and reproducible computational methodolo-
gies. Workflow-based automation has also proven valuable
for developing and validating machine-learning interatomic

potentials (MLIPs), for example, through frameworks that support
data generation, potential fitting, and large-scale validation [5].
As density functional theory (DFT), empirical potentials, and
MLIPs continue to expand the scope and fidelity of simulations,
the resulting data landscape has grown in both volume and
complexity, creating a pressing need for structured and interop-
erable approaches [6].

Based on these developments, molecular dynamics (MD) techni-
ques become increasingly powerful. Despite significant advances,
however, they continue to face challenges related to nonstandar-
dized workflows and data representations, as outlined above.
Most studies rely on fragmented, script-based simulations in

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided

the original work is properly cited.

© 2026 The Author(s). Advanced Engineering Materials published by Wiley-VCH GmbH.

Advanced Engineering Materials, 2026; 28:e70869 1 of 15
https://doi.org/10.1002/adem.70869

Advanced Engineering Materials

www.aem-journal.com

RESEARCH ARTICLE

https://orcid.org/0000-0001-7564-7990
mailto:a.azocar.guzman@fz-juelich.de
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1002/adem.70869
http://www.aem-journal.com
https://doi.org/10.1002/adem.70869
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fadem.70869&domain=pdf&date_stamp=2026-05-12


which input parameters, analysis steps, and methodological
assumptions are kept within monolithic input files. This lack of
standardization in metadata and provenance makes it difficult to
reproduce simulation protocols across research groups or even
within the same project over time. Reuse of workflows is often lim-
ited, particularly when switching between modeling approaches
that use different software, each having its own conventions and
file formats. Moreover, simulation outputs are rarely integrated into
broader research data infrastructures, which restricts their accessi-
bility and reuse. API-based initiatives such as OPTIMADE [7] and
PLUMED [8] help promote transparency and reproducibility in
atomistic simulations data, but do not address the deeper semantic
and interoperability challenges discussed here.

Therefore, a transition toward FAIR research data is essential for
advancing computational materials science. The FAIR principles
require that data be findable, accessible, interoperable, and reus-
able, which, in turn, demands standardized metadata and
machine-readable provenance [9]. Specific to the materials com-
munity, FAIR data practices can enable new research directions
and require shared, domain-aware metadata [10, 11]. Semantic
interoperability is particularly important for enabling cross-study
comparison, combining results from different simulation methods,
and integrating computational data with experimental measure-
ments. Materials science ontologies have proven effective for anno-
tating metadata while capturing complex descriptions of materials,
methods, and workflows in a consistent manner [12, 13]. These
semantic representations provide the foundation for knowledge
graphs and artificial intelligence (AI) workflows that can search,
interpret, and reason over large bodies of simulation data.

Emerging AI technologies increasingly rely on structured knowl-
edge representations to support reasoning and decision making
[14]. Materials science knowledge graphs provide these capabili-
ties by encoding relationships among materials, simulation
methods, and studied properties in a machine-readable format.
This structure allows downstream tasks such as complex query-
ing, verification of structure–property relationships, automated
selection of modeling strategies, and rapid exploration of high-
dimensional data landscapes. As a result, workflows enriched
with semantic metadata are well positioned to serve as the back-
bone of next-generation AI-assisted materials research.

Although several workflow engines exist for atomistic and in par-
ticular DFT simulations [15–17], most lack the semantic rigor or

domain specificity needed to support interoperable and reusable
workflows. Current standardization efforts largely focus on
electronic-structure data and rarely extend to the calculation
of mechanical properties, thermodynamic quantities, or crystal
defect energetics that are essential for engineering applications.
As a result, no unified framework is currently available that
semantically captures both mechanical behavior and thermody-
namic processes across different simulation methods.

We propose semantically annotated workflow nodes for atomistic
simulations of mechanical and thermodynamic properties. In
this work, we use the term knowledge-based workflows in the
sense of explicit knowledge representation, where predefined
simulation workflows are combined with ontology-aligned
semantic annotation, provenance capture, and knowledge-graph
integration to make workflow outputs machine-readable, inter-
operable, and queryable. This establishes a foundation for more
advanced knowledge-driven capabilities in future developments.
The data journey for the proposed framework is schematized in
Figure 1. It is specifically intended for calculations of the equa-
tion of state, elastic tensor, compression and tensile loading,
nanoindentation, thermal expansion coefficient, specific heat,
Gibbs free energies, and defect formation energies. We demon-
strate the reusability of the workflows across different empirical
potentials, including EAM, MLIPs, and universal MLIPs. We also
show targeted queries for physical insight, such as the validation
of Hall–Petch strengthening law. We therefore provide a gener-
alizable framework that combines reusable property-specific
workflow nodes with semantic annotation and knowledge-graph
integration, enabling FAIR and AI-ready atomistic data for
systematic comparison, validation, and reuse of engineering-
relevant mechanical and thermodynamic properties.

2 | Methodology

2.1 | Overall Scientific Workflow

Our methodology follows an overall scientific workflow, as shown
in Figure 2. It consists of two computational stages: (i) a simulation
workflow for property calculation and (ii) a semantic annotation
and knowledge graph creation stage. The simulation workflow
comprises the creation or import of an atomic structure, system
equilibration, a production MD simulation, and postprocessing.
The simulation workflow is composed of independent workflow

FIGURE 1 | Data journey proposed for atomistic simulations, representing data resulting from atomistic software codes into a knowledge graph.
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nodes with clearly defined inputs and outputs, as well as an
explicit execution order. Between these two computational stages,
the resulting data and metadata are subjected to a validation step,
in which the user curates which results are suitable for inclusion
in the knowledge graph. Validated results are then semantically
annotated and integrated into the knowledge graph.

2.1.1 | Validation Step

In the present work, validation refers to a set of quality-control
checks applied to the outputs of the simulation workflow before
knowledge-graph ingestion. These checks ensure that only physi-
cally meaningful and consistent results are stored. Typical valida-
tion criteria include convergence of thermodynamic quantities
during equilibration, physically reasonable ranges for calculated
properties such as elastic constants or energies. The specific vali-
dation criteria depend on the type of workflow (i.e., the material
property being calculated), the intended use of the data, and the
expected fidelity of the underlyingmodel. In the current implemen-
tation, this step is primarily performed manually by the user, who
curates which results are suitable for inclusion in the knowledge
graph, although it can be partially automated depending on the
property and use case. A representative set of validation checklists,
along with an example of validation integrated directly into the
workflow, is provided in the Supporting Information (Section S1).

To ensure complete reproducibility in the spirit of Section 1, for the
simulation workflows used for property calculation, we employ a
workflow management system that formalizes the simulation pro-
cess into discrete, traceable units. Each step of the workflow is
defined at a coarse-grained level, corresponding to a distinct scien-
tific task, and represented as an independent workflow node with
clearly specified inputs and outputs. Many existing systems, such
as pyiron [15], jobflow [16], or file-based frameworks like the
CommonWorkflowLanguage (CWL) [18], adopt a similar structural
paradigm.

We use the pyiron software [15], in a graph and node based
implementation [19], to construct and execute simulation work-
flows for property calculation. Our choice is motivated by its

ability to directly handle complex Python objects without requir-
ing file-based serialization. Beyond defining the core Python
function, the only additional requirement is the use of a decora-
tor, which enables the composition of multiple nodes into a com-
plete and executable workflow.

In addition to the functionality provided by pyiron, we design
the individual workflow nodes to be context-aware: each node
generates a Python dictionary containing comprehensive scien-
tific metadata for its respective step. These metadata records are
subsequently aggregated and, after validation, used to construct
a knowledge graph in the KG creation stage, providing a struc-
tured and machine-interpretable representation of the work-
flow and its execution context, as described in more detail in
Section 2.3.

An example is shown in Listing 1, which illustrates the complete
workflow for calculating the equation of state of a given system
using a specified interatomic potential. In this case, the property
calculation stage includes generating the initial structure and per-
forming MD simulations with Large-scale Atomic/Molecular
Massively Parallel Simulator (LAMMPS) at a range of volumes,
with the output of each step passed directly to the next. The meta-
data from each step is aggregated and then parsed into the knowl-
edge graph in the KG creation stage.

In this work, we provide reusable and reproducible simulation
workflows for the calculation of several material properties, includ-
ing the equation of state, elastic constants (shear modulus, bulk
modulus, and Poisson ratio), thermal expansion coefficient, and
thermodynamic quantities such as specific heat and free energy,
which can be used to determine phase transition temperatures.
We also include workflows for mechanical tests under compression
and tension. In addition, auxiliary nodes for generating atomic and
polycrystalline structures are provided. The scientific methodology
behind each of these nodes is briefly described in Section 2.2, along
with a discussion of representative results in Section 3.1.

The current implementation uses LAMMPS as the simulation
engine. Solver-dependent components (input generation, execution,

FIGURE 2 | Schematic overview diagram of the overall scientific workflow. The property calculation workflow covers structure creation, MD sim-

ulation, and postprocessing. Its outputs are then subjected to a validation step, after which validated results are semantically annotated and integrated

into the knowledge graph. The “KG creation” stage is described in Section 2.3, while the “Property calculation”workflows are described in further detail

in Section 2.2.
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and parsing) are encapsulated in dedicated workflow nodes, while
semantic annotation and provenance capture are handled indepen-
dently of the underlying engine. This modular separation enables
straightforward substitution of the simulation backend; for instance,
an equivalent workflow using Quantum ESPRESSO [20, 21] is pro-
vided in the Supporting Information (Section S3).

2.2 | Property Calculation Workflows

As discussed in Sections 2.1 and 2.3, we present workflows for pre-
dicting material properties from atomistic simulations that are
scalable, reproducible, and both technically and semantically
interoperable. In the remainder of this section, we briefly describe
the scientific background behind the property calculation work-
flows. The complete set of workflows, including all input param-
eters, is available in the corresponding repository [22].

All atomistic simulations in this work are performed using the
LAMMPS [23]. To ensure reproducibility and comparability
across workflows, a consistent set of fundamental configuration
parameters is used. We use the metal unit system [24], which is
standard for metallic materials and provides energies in electron-

volts, distances in Å, and times in picoseconds.

In general, the simulation protocols follow a standardized
sequence: velocities are initialized from a Gaussian distribution
at the target temperature, the system is equilibrated in the
isothermal–isobaric ensemble to remove residual stresses and
establish thermal equilibrium, and the production simulation
is then performed, during which the relevant physical quantities
are recorded. All simulations make use of the domain

decomposition and parallelization capabilities provided by
LAMMPS, enabling efficient execution of workflows on large sys-
tems and on high-performance computing clusters.

2.2.1 | Equation of State: Equilibrium Volume and Bulk
Modulus

The equation of state, or energy–volume curve, describes the vari-
ation in the total energy of a system as a function of its volume
near equilibrium. The equation of state gives access to a number
of material properties, such as the equilibrium energy and volume,
and the bulk modulus. The first step in this workflow is the crea-
tion of atomic structure. We first relax the structure and then cal-
culate the energies in a given volume range. We calculate the
energy of a given input atomic structure at different volumes
and fit the resulting data using the Birch–Murnaghan equation
of state [25]. The corresponding simulation workflow is composed
of the workflow nodes structure (structure generation),
relaxed_structure (structural relaxation), and ev_curves
(energy–volume sampling and equation-of-state fitting).

2.2.2 | Elastic Properties: Elastic Constants and Derived
Moduli

Elastic constants are fundamental properties of crystalline mate-
rials and characterize the relationship between stress and strain
in the elastic regime. The elastic tensor of an anisotropic material
has 21 components represented as a 6-by-6 matrix Cij. The bulk
modulus B quantifies a material’s resistance to homogeneous
compression, and the shear moduli G1 and G2 indicate its resis-
tance to shear deformation in distinct crystallographic directions.
Poisson’s ratio ν defines the transverse contraction in relation to

LISTING 1 | Complete workflow for the calculation of equation of state. In the property calculation stage, an atomic structure is created, and the

equation of state is calculated. Metadata is aggregated in each step and then added to the knowledge graph.
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the longitudinal extension when subjected to uniaxial stress. In
the present work, for cubic crystals, the reported scalar Poisson’s
ratio is derived using G2 = ðC11 −C12Þ=2. These quantities can be
calculated from the elastic constants following Equation (1). We
first create an atomic structure. Then, we calculate these quanti-
ties at 0 K by deforming the simulation box and measuring the
stress response, following the approach in LAMMPS [26]. The
corresponding simulation workflow is composed of the following
workflow nodes: structure (structure generation) and elas-
tic (elastic tensor calculation and derivation of elastic moduli).

B=
C11 + 2C12

3
, G1 =C44, G2 =C

0
=

C11 −C12

2
,

ν=
3B− 2G2

2ð3B+G2Þ
=

C12

C11 +C12

(1)

2.2.3 | Mechanical Loading: Stress–Strain Response

We provide workflows for two common types of mechanical
response tests that can be performed in MD simulations: compres-
sion tests and tensile tests. These tests can be applied either uni-
axially or hydrostatically and enable the calculation of several
mechanical properties, including stiffness, yield stress, flow stress,
and indicators of phase transitions or phase stability under pres-
sure. In a first step, the atomic structure is created. This structure is
then used to create a polycrystalline structure of given grain size
using atomsk [27]. This polycrystal is first equilibrated at a high
temperature and subsequently at the target, lower, temperature to
remove initial stresses and achieve a realistic grain boundary struc-
ture. Such a sample is then subjected to hydrostatic compression or
uniaxial tension along the z-axis at a specified strain rate. During
the simulation, both the stress response and the deformation of the
simulation cell are recorded. The corresponding simulation work-
flow is composed of the following workflow nodes: struct (ini-
tial structure generation), poly (polycrystal generation), and
tensile (mechanical loading and stress–strain response calcula-
tion). In the postprocessing stage, the strain and the flow stress
after yielding, measured at 12%–15% strain, are recorded.

2.2.4 | Thermal Properties: Thermal Expansion and
Specific Heat

Here, we calculate the thermal expansion coefficient αP and spe-
cific heat cP , which describe the coupling between temperature
andmechanical response of a system. To this end, an atomic struc-
ture is created, which is then equilibrated in the isothermal–
isobaric ensemble (NPT). After the equilibration stage, an MD
simulation in the same ensemble is performed, and the internal
energy at each timestep is recorded. From the fluctuations in this
ensemble, the specific heat at constant pressure, cP , can be deter-
mined as [28]

hðδðU +PVÞÞ2iNPT = kBT2cP (2)

where U is the internal energy, and P and V are the instanta-
neous pressure and volume, respectively, at temperature T. kB
denotes the Boltzmann constant. The same fluctuation formal-
ism also provides an estimate of the thermal expansion coeffi-
cient, αP

hδV δðU +PVÞiNPT = kBT2VαP (3)

The corresponding simulation workflow is composed of the fol-
lowing workflow nodes: bulk (unit-cell generation), structure
(supercell construction), and thermal (thermal expansion and
specific heat calculation).

2.2.5 | Free Energy Calculations: Gibbs Free Energy
and Phase Stability

Gibbs free energies govern phase stability under pressure. We pro-
vide workflows for the calculation of both Gibbs and Helmholtz
free energies. The free energy calculation starts with the creation
of an atomic structure, which is then equilibrated at the given tem-
perature and pressure. The free energy of the crystal at this tem-
perature and pressure is then calculated using nonequilibrium
thermodynamic integration methods, followed by the determina-
tion of the free energy as a function of pressure. Both methods
are employed as implemented in calphy [29]. The corresponding
simulation workflow is composed of the following workflow nodes:
bulk (unit-cell generation), structure (supercell construction),
and free_energy (calculate_free_energy, free-energy
calculation as a function of thermodynamic conditions).

2.2.6 | Nanoindentation: Hardness and
Load–Displacement Response

Nanoindentation is a widely used technique for investigating
hardness, elastic modulus, and conditions for dislocation burst-
ing, and stress-induced phase transformations not just in experi-
ments but also in MD simulations [30]. The procedure involves
moving a nanoindentor to the surface of the material under test
and then indenting it to evaluate the material properties. The
nanoindentation simulation workflow is designed to mimic
experimental measurement protocols to provide insight into
the mechanical response of materials at the atomic level.

The different steps in the workflow include creation of atomic struc-
ture, preparing substrates with suitable surface geometry and vac-
uum layer, with subsequent thermal equilibration to remove any
residual stresses, followed by a vertical spherical indentor, that
indents the material surface with a constant velocity. This enables
recording raw force-depth curves alongside time-stamped atomic
configurations at specified intervals, which can then be analyzed
to compute fitted curves for the extraction ofmodulus and hardness,
as well as to detect pop-in spots and their magnitudes. The corre-
sponding simulation workflow is composed of the following work-
flow nodes: structure (structure generation), indentation
(nanoindentation simulation), and, where needed for analysis, aux-
iliary nodes such as read_final_structure, plot_force_
depth, plot_temperature, and plot_centrosymmetry.

2.2.7 | Defect Energetics: Point-Defect Formation
Energies

One important quantity related to crystallographic defects is the
formation energy. Here, we present workflows for calculating the
formation energy of atoms acting as point defects in a host metal
matrix. The workflow begins with the creation of a pristine
atomic structure and the calculation of its total energy.
Subsequently, a structure with substitutional or interstitial
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defects is generated, followed by a second total energy calcula-
tion. The defect formation energy is then computed using

EX
f =EnH + 1X

tot − EnH
bulk +E1X

ref

� �
(4)

where EnH + 1X
tot is the total energy of the configuration containing

n host (H) atoms and a single (X) atom occupying either an inter-
stitial or substitutional site, EnH

bulk denotes the total energy of the
corresponding bulk host metal supercell with the same number
of (H) atoms, and E1X

ref represents the reference energy of an (X)

atom in a reference configuration. The corresponding simulation
workflow is composed of the following workflow nodes: bulk
(bulk structure generation), structure (supercell construc-
tion), defect (create_vacancy, create_substitu-
tional, or create_interstitial, defect creation), and
relax (relaxation of the defect structure). The final formation
energy is then obtained from the relaxed bulk and defect energies
using the corresponding formation-energy expression.

2.3 | Semantic Annotation and Knowledge Graph
Creation

Compliance with the FAIR principles [9] requires describing data
with metadata. Specifically, in terms of interoperability the meta-
data should use a formal, accessible, shared, and broadly applica-
ble language for knowledge representation, for which the standard
choices are RDF or OWL [31, 32]. These formal requirements are
addressed at the community level through initiatives such as
NFDI-MatWerk [33], whose objective is to support the develop-
ment and harmonization of semantic standards for interoperable
materials research data. The domain-specific semantic artifacts
used in this work are developed within this context. Beyond adher-
ing to the FAIR principles, semantic interoperability in materials
science presents the benefit of expressing structure–property rela-
tionships and in this way injecting physical knowledge to the data
itself.

To describe the metadata of the data produced in this article, we
use the Computational Materials Sample Ontology (CMSO)
[34, 35] and the Atomistic Simulation Methods Ontology
(ASMO) [35, 36]. Concepts related to the computational sample,
including the material specification, crystal structure, and simula-
tion box, are contained in CMSO. However, ASMO describes the
methods used for modeling, in this caseMD, the interatomic poten-
tial, and the simulation algorithms. The workflow aspects are rep-
resented using the provenance ontology PROV-O, a lightweight
W3C standard ontology that defines a set of concepts for describing
provenance information across different application domains [37].
As shown in Figure 1, the metadata of each workflow run is stored
in a conceptual dictionary, a Python dictionary with keys aligned to
the necessary ontology classes. In the example shown in Figure 3a,
the ConceptualDict object aggregates the metadata generated
at each step, enabling subsequent semantic integration. The JSON
or YAML representation of the dictionary is then serialized into
RDF triples using the atomRDF software [35, 38]; a schematic
representation is shown in Figure 3b. The main objects are the
computational sample and the simulation instance.

A key design principle of the ConceptualDict is its indepen-
dence from any specific workflow engine. It provides a lightweight
abstraction for capturing semantically relevant metadata without
constraining workflow definition or execution. As a result, the same
metadata structure can be populated across different workflow envi-
ronments, ensuring consistent description of workflow execution
and results. Listing 2 shows the same workflow as Listing 1 imple-
mented using jobflow, illustrating the environment-agnostic nature
of the semantic annotation approach.

3 | Application Use Cases

As described in Section 2.3, we employ a framework that allows
us to produce atomistic simulation data in reproducible work-
flows while simultaneously annotating the data with ontologies,

FIGURE 3 | (a) Conceptual dictionary snippet in JSON format. (b) Schematic representation of the RDF serialization of the metadata fields shown in

the JSON. The identifiers are shortened for visualization purposes, DOIs or unique identifiers are assigned to all instances.
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serializing the metadata as RDF triples. In this section, we show-
case the utility of this framework by presenting three use cases:
(i) we employ the workflows on a prototypical material system
and compare the calculated material properties with existing
data; (ii) we show how the workflows can be used to compare
materials properties across different models; and (iii) we validate
structure–property relationships. These represent routine and
important tasks in the computational materials science domain.
In use cases (ii) and (iii), we demonstrate in particular how the
use of ontologies with workflows can formalize knowledge about
the physical meaning of the methods and material systems
employed to produce the data. We aim to illustrate the added
value of producing FAIR data with semantic descriptions for
accelerating the research process in materials science.

3.1 | Demonstration on a Prototypical Material
System

In this use case, we apply our workflows on iron as a prototypical
system. Iron provides a well-established reference material with
multiple stable phases and a broad set of validated interatomic
potentials, making it suitable for benchmarking and demonstrat-
ing the general applicability of our workflows. The choice of an
interatomic potential is critical for accurate representation of
material properties. We use an embedded atom method [39]
potential (referred to as EAM01 [40]) throughout this work
due to its applicability in predicting the properties of iron under
pressure, including pressure-induced phase transformations.

For the equation of state (Section 2.2.1), we perform calculations
for the body-centered-cubic (bcc), face-centered-cubic (fcc), and
hexagonal close-packed (hcp) crystal structures using the corre-
sponding unit cells. The results of the Birch–Murnaghan equa-
tion of state, calculated at 0.5% intervals, are shown in Figure 4a.
As expected, the bcc structure is identified as the ground state of
Fe, while the fcc and hcp structures exhibit very similar energies.
The bulk modulus obtained with this potential is 177 GPa, which
agrees well with experimental calculated value of 170 GPa [41].
The bulk modulus can also be calculated from the methods

described in Section 2.2.2, along with the complete elastic tensor.
The tensor elements and derived moduli are summarized in
Table 1.

We employ two workflows for calculating the mechanical
response of a material system: stress–strain curves (Section
2.2.3) and nanoindentation (Section 2.2.6). We focus on uniaxial
tensile tests (Section 2.2.3) and create polycrystalline bcc Fe
structures of specified grain size, equilibrated first at a tempera-
ture of 600 K and then at the target temperature of 10 K. We then
employ uniaxial tension along the z-axis at a strain rate of
5× 108 s− 1. For all grain sizes, the polycrystal contains more than
10 million atoms, and the simulation is carried out for 400 ps. The

resulting stress–strain curves for two grain sizes, 25 and 70 Å, are
shown in Figure 4b. The curves clearly display the elastic region
at low strain, followed by the yield point and the flow stress
regime at higher strains. We further perform nanoindentation
(Section 2.2.6) following the simulation procedures and hardness
calculations adopted from Luu et al., [44]. In Figure 4f, we show
the calculated force and hardness with increasing indentation
depth for an Fe system of 54 000 atoms. These examples collec-
tively demonstrate that our workflow framework supports sim-
ulations on atomistic systems spanning a wide range of sizes,
from tens of thousands of atoms in the nanoindentation example
to more than 107 atoms in the large-scale polycrystalline tensile
simulations. The structured metadata captured at each step
ensures that the complete simulation setup, including grain-
generation parameters, applied loading conditions, and all ther-
modynamic details, is stored in the knowledge graph. This data
can be queried and analyzed, enabling reuse of the generated data.

The specific heat and the coefficient of thermal expansion can be
calculated using the workflows in Section 2.2.4. For these calcu-
lations, we use a system consisting of 6750 atoms arranged in a
bcc lattice for Fe. The simulations are performed at zero pressure
at a range of different temperatures. Each simulation is run for
1 ns, and the instantaneous energy and volume are recorded
throughout. The calculated cP values are shown in Figure 4c.
Our results show good agreement with experimental observation
of 0.45 Jg− 1K− 1 [42]. The atomic volume at different

LISTING 2 | Workflow for the calculation of equation of state using jobflow. Only the property calculation stage is shown as KG creation stage is

identical to Listing 1.
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temperatures are also obtained, as shown in Figure 4d. The ther-
mal expansion coefficient can be obtained from Equation (3) as
well as from the slope in Figure 4d. Using these two approaches,
we compute values of 53× 10− 6 K− 1 and 58× 10− 6 K− 1 at 293 K,
respectively. Both values exceed the experimentally observed
coefficient of 35× 10− 6 K− 1 [43], indicating that the EAM01
potential captures the qualitative temperature dependence but
exhibits increased anharmonicity in this regime.

We calculate the free energy of bcc and hcp crystal structures of
Fe in the pressure range of 12–15 GPa using the workflows
described in Section 2.2.5. We perform the calculations at
100 K and use a system size of approximately 2000 atoms for both
crystal structure. The bcc-to-hcp transition pressure is identified
from the intersection of the free-energy curves of the separate bcc
and hcp phases, yielding a value of approximately 13.5 GPa. This

result is consistent with previous theoretical calculations [40]
and experimental observations [45].

Finally, we use the workflows described in Section 2.2.7 to inves-
tigate the energetics of a carbon impurity in iron. The carbon
atom occupies octahedral sites as well as substitutional positions
in bcc Fe. The calculated energies for this case are reported in
Table 2, with simulation cell sizes of 5× 5× 5, resulting in 250
Fe atoms. To calculate the defect formation energies, we use a
universal MLIP, GRACE [46], that can describe both Fe and
C. The reference value for the C for the calculation of the forma-
tion energy is that of diamond (−9.1 eV/atom). The calculated
defect formation energies show good agreement with DFT val-
ues, with interstitial and substitutional C lying within the
expected energetic range reported in previous studies, such as
0.72 eV for the octahedral C in bcc Fe [47].

TABLE 1 | Comparison of selected calculated properties with reference values from the literature.

Property This work Reference

Bulk modulus (B, GPa) 177–178 170 [41]

Shear modulus (G1, GPa) 116 116 [41]

Shear modulus (G2, GPa) 49 48 [41]

Poisson ratio (ν, –) 0.37 0.3679 [41]

Elastic constant (C11, GPa) 243 239 [41]

Elastic constant (C12, GPa) 145 136 [41]

Elastic constant (C44, GPa) 116 116 [41]

Specific heat (cP at 293 K, J g− 1K− 1) 0.49 0.45 [42]

Thermal expansion (α at 293 K, K− 1) 53–58× 10− 6 35× 10− 6 [43]

Pressure bcc → hcp (GPa) 13.5 13.75 [40]

FIGURE 4 | Thermophysical properties of bcc Fe as calculated with the EAM01 potential: (a) Energy–volume curve in comparison with those of

different crystal structures in Fe, (b) flow stress with increasing grain size, (c) specific heat, (d) coefficient of thermal expansion, (e) phase transition bcc

to hcp as a function of pressure, and (f ) hardness and forces from nanoindentation.
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3.2 | Evaluating Interatomic Potentials through
Automated Workflow Execution

In MD simulations, the calculated properties often exhibit a
strong dependence on the chosen model of atomic interactions,
that is, the interatomic potential. Therefore, systematic validation
tests are necessary to identify and select suitable potentials for a
given material or property of interest.

Here, we demonstrate two key advantages of our workflow
framework. First, the workflows are fully reusable and can be
easily adapted to different interatomic potentials without modi-
fication. Second, because metadata are recorded at every stage of
the workflow, all relevant information about the potential,
including its type, source, and bibliographic reference, is auto-
matically captured and linked to the generated data.

As a representative example, we compute the bulk modulus and
elastic constants for 12 different interatomic potentials. This
includes 10 EAM potentials (EAM01–EAM10) [40, 48–56], as
well as an atomic cluster expansion (ACE) MLIP [57] and a uni-
versal graph atomic cluster expansion (GRACE) potential [46]. A
complete list of interatomic potentials used in this work is pro-
vided in the Supporting Information (Section S2).

The resulting values are stored in the ConceptualDict object
and subsequently parsed into the knowledge graph, enabling
structured data storage and semantic querying. This approach
allows the data to be queried directly using SPARQL. However,
formulating SPARQL queries can be a complex task and often
requires detailed knowledge of the underlying ontology [58].
Therefore, we use the tools4RDF library to assist in the genera-
tion of queries based on the ontologies in use [59].We nevertheless
present the SPARQL queries explicitly to improve clarity and

to help understand how the ontology predicates are applied.
Listing 3 shows an example SPARQL query, based on the
CMSO and ASMO ontologies, that retrieves both the bulkmodulus
value and the corresponding potential used in its calculation. The
ontology-based structure ensures that all data are stored in a
semantically consistent and machine-interpretable manner.

The software infrastructure we employ, comprising the workflow
nodes, the workflow execution environment, the conceptual dic-
tionary, and the knowledge graph creation routines, ensures that
identical crystal structures are used across all simulations and
that each simulation entry in the knowledge graph retains com-
plete metadata, including details of the interatomic potential and
computational parameters. The bulk modulus values resulting
from the SPARQL query in Listing 2 are shown in Figure 5a.

A similar SPARQL query for the elastic constant C11 provides the
corresponding extracted values, presented in Figure 5b. This
demonstrates how specific material properties can be program-
matically retrieved from the knowledge graph, along with their
complete provenance information. Such ontology-based data
representation enhances interoperability across different simula-
tion workflows and facilitates the reuse of both data and meta-
data within the broader materials science research ecosystem.

We show another example for querying defect formation energies
computed using the GRACE [46] model. The corresponding
SPARQL query is given in Listing 4. This example highlights
functionality that becomes available when using our knowledge-
based workflows. When a substitutional defect is introduced by
replacing an atom, the workflow automatically annotates that
the resulting sample contains a substitutional defect. As a result,
SPARQL can be used to retrieve all samples that include substi-
tutional impurities. In traditional workflows, where only atomic
positions are stored, such information is easily lost and identify-
ing defects could require manual inspection. The SPARQL query
returns the defect formation energies together with the chemical
species present in the system. The resulting values are shown in
Figure 5c and tabulated in Table 3. The calculated substitutional
defect formation energies in Fe are in good agreement with the
DFT values [60], with deviations of at most 0.2 eV for the Cu, Si,
Al, and Mg defects considered here. These examples collectively

TABLE 2 | Formation energy of C in bcc Fe with the GRACE

potential [46], calculated taking C in diamond as a reference.

Case Value, eV

C octahedral 0.665

C substitutional 2.935

LISTING 3 | SPARQL query that retrieves bulk modulus values together with the associated interatomic potentials and bibliographic

references.
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demonstrate how our ontology-aware workflows enable system-
atic comparison of interatomic potentials and provide semanti-
cally enriched data suitable for large-scale analysis.

3.3 | Querying Structure–Property Relations

One of the fundamental principles of materials science is
to understand structure–property relationships and employ
these effectively for materials design. In that aim, the

microstructure of the material plays a fundamental role;
the presence of crystallographic defects directly affects the
physical properties of the material. We propose that semanti-
cally annotated data can be leveraged to express such relation-
ships and allow direct querying to validate fundamental
physics principles.

Here, we present the example of the Hall–Petch effect, which
gives the relation between the grain size and the strength of
metallic materials and is described by

σy = σi + kd− 1=2 (5)

where σy is the yield stress (or flow stress at higher strains); σi the

stress required to move dislocations through a single crystal or
very large grain; k the Hall–Petch coefficient, a constant specific
to the material; and d is the average grain diameter. The validation
of Hall–Petch laws is highly relevant for engineering applications,
and similar data-driven analyses have been demonstrated by auto-
matically extracting grain size and yield strength data from the
literature [61].

FIGURE 5 | Results of SPARQL queries from the knowledge graph: (a) bulk modulus and (b) elastic constant, c11, with different EAM potentials.

(c) Formation energy of substitutional impurities (X=Cu, Si, Al, Mg) in Fe computed using the GRACE [46] model.

LISTING 4 | SPARQL query that retrieves defect formation energies for samples containing substitutional impurities. The query identifies atomic-

scale samples, their calculated defect formation energies, and the chemical species present.

TABLE 3 | Defect formation energies in Fe from GRACE and DFT

[60].

Host Defect GRACE, eV DFT, eV ΔE, eV

Fe Cu 0.6 0.8 0.2

Fe Si −1.3 −1.1 0.2

Fe Al −0.8 −0.7 0.1

Fe Mg 1.0 1.0 0.0
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From the data generated using our uniaxial tensile test workflow,
described in Section 2.2.3, for polycrystalline Fe using EAM01
potential, we query computational samples with different grain
sizes and the corresponding calculated flow stress, as shown in
Listing 5.

The resulting values are then plotted in Figure 6, which depicts the
average flow stress as a function of the inverse square root of the
average grain size, both quantities are automatically annotated at
the workflow stage. We see the grain boundary strengthening
mechanism according to the Hall–Petch equation. Initially, the
stress increases with decreasing grain size, until the strengthening
limit after which the stress is reduced due to grain boundary slid-
ing. This softening is known as the inverse Hall–Petch effect.
Furthermore, we perform a numerical fit of Equation (3.3) and

obtainin a slope k= 3.3± 0.5 GPa nmð1=2Þ, σ0 = 3.0± 0.1 GPa,
and a goodness of fit, R2 = 0.836. The strengthening limit is
reached at 11 nm, in good agreement with existing studies [62–64].

4 | Discussion

This work illustrates that combining workflow orchestration
with semantic metadata enables a knowledge-based approach
that significantly enhances the interoperability and interpretabil-
ity of atomistic simulation data. We provide workflows for
mechanical and thermodynamic properties calculations and pro-
duce annotated datasets specific to the Fe and Fe–X material
systems.

The use cases demonstrate that semantically annotated workflows
can be used for data-driven validation of physical laws, such as the
Hall–Petch effect, directly from existing simulation data. The
framework presented in this work also supports systematic com-
parison across interatomic potentials, which is essential for uncer-
tainty quantification in atomistic modeling. The workflows
intentionally capture more complex systems and simulations such
as tensile and compression tests, free energy calculations, nanoin-
dentation, and defect formation energies, showing that semantic
workflow design is scalable to mechanical behavior and phase
transformation scenarios that are relevant for engineering applica-
tions. While the present work focuses on Fe-based systems, the
framework is directly applicable to multicomponent alloys, includ-
ing chemically complex systems such as high-entropy alloys. While
the present work focuses on Fe-based systems, the framework is

directly applicable to multicomponent alloys, including chemically
complex systems such as high-entropy alloys. Extending the
approach to more complex molecular or polymer-based systems
introduces additional requirements, such as the representation
ofmolecular topology. Addressing these systems requires extending
both the workflow nodes and the underlying ontologies, while the
overall modular architecture remains unchanged.

Figure 7 highlights that, in the present work, knowledge-based
workflows refer to modular workflow nodes enriched with
semantic annotation and integrated into a FAIR and queryable
knowledge-graph framework, thereby overcoming key limita-
tions of traditional ad hoc simulation practices.

The added value of the proposed infrastructure can be best illus-
trated considering the implications for interoperability and
reusability:

i. Interoperability: In terms of FAIR data, the captured meta-
data is aligned with application- and domain-level ontolo-
gies, providing a common vocabulary to describe the
material system, computational sample, simulation work-
flow, and calculated properties. The use of consistent
semantic descriptors enables linking outputs from DFT cal-
culations data with classical MD and MLIP simulations in
the same knowledge space. This framework also supports
semantic integration with external resources, such as mate-
rials databases, and has the potential to interoperate with
experimental data. In terms of FAIR workflows, our nodes
are agnostic to the specific workflow environment. This is
demonstrated in Listings 1 and 2, where two different

LISTING 5 | SPARQL query to extract average grain size and flow stress from the knowledge graph.

FIGURE 6 | Variation of flow stress with inverse square root of the

average grain size.
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workflow systems, pyiron and jobflow [16], are used.
Further connections to other workflow systems are possible,
for example, using the Python Workflow Definition [65].
Overall, this shows that the ontology-aware workflow nodes
can be seamlessly reused across different workflow systems.

ii. Reusability: The central advantage of the proposed approach
for generating simulation workflows and data is the reusabil-
ity for different tasks. Workflows can be executed with dif-
ferent interatomic potentials without modifying the code, as
demonstrated by the systematic evaluation of 10 different
potentials in Section 3.2. The semantic layer captures both
the physical concepts and the procedural steps of each sim-
ulation, allowing the same workflow to be reused across dif-
ferent material systems or thermodynamic conditions by
adjusting only the relevant metadata parameters. This capa-
bility significantly increases the automation potential for
generating comparable datasets for benchmarking or model
validation and supports systematic studies of methodological
uncertainty in atomistic simulations.

Although the proposed framework improves interoperability and
reusability in the production of FAIR data and workflows, there
are several limitations that must be acknowledged:

• Workflows for calculation of properties relevant for engi-
neering applications remain strongly application-specific
and require domain expertise for correct configuration
and interpretation. MD is fundamentally constrained by
accessible time scales, which constrains realistic loading
rates and transformation kinetics. Consequently, the selec-
tion of appropriate input parameters still depends on
knowledgeable users, and poor choices directly affect the
quality of the results. In addition, sensitivity to boundary
conditions, such as cell shape, loading mode, or thermostat
and barostat algorithms, continues to affect the comparabil-
ity of simulation outcomes. The semantic layer can

document these choices, but it cannot yet eliminate the
underlying physical dependencies.

• The generalizability of workflows to entirely new simula-
tion scenarios is not automatic. Accurate semantic annota-
tion requires domain expertise, and both the ontologies and
the workflow templates need to be extended to new physi-
cal processes or modeling methods. Nevertheless, the gen-
eral architecture is expandable to new simulation scenarios.
Other approach is that of semantikon [66], which offers
greater flexibility by allowing serialization with any ontol-
ogy, although it shifts the responsibility of ensuring consis-
tent and meaningful semantic annotation to the user. While
the framework is designed to be extensible, its application
to new classes of materials or simulation methods may
require additional domain-specific extensions of both the
workflows and the underlying ontologies.

• Finally, with respect to integration into broader semantic infra-
structures, our highest-level alignment currently relies on
PROV-O. While PROV-O provides lightweight and flexible
provenance representation, alignment with upper-level ontol-
ogies such as the Basic Formal Ontology (BFO) [67] would fur-
ther enhance interoperability. Existing mappings of PROV-O
to BFO indicate that the two are not incompatible [68], but
adopting a top-level-aligned design would improve integration
within the wider materials science semantic ecosystem.

Future directions include deeper integration with external
knowledge graphs and broader research data infrastructures to
enable federated search across simulation results, experimental
measurements, and literature-derived knowledge. Another
opportunity is connecting the semantic workflow framework
to emerging agentic AI pipelines that can build on the structured
knowledge representation developed here to autonomously
select workflows, choose interatomic potentials, propose valida-
tion steps, and generate new simulation data. An example of such
is LangSim, a library that couples large language models with
simulation workflows [69]. The semantic layer can enhance
transparency and trustworthiness in such AI-driven approaches.
In addition, expanding the underlying ontologies to capture
microstructure evolution, more complex defect interactions,
and advanced thermodynamic descriptors will allow the frame-
work to support a broader range of physical phenomena and
materials modeling tasks. Ultimately, semantically annotated
workflows not only serve as documentation tools but as a frame-
work to accelerate understanding and generation of insights from
data, validation of models and scientific reproducibility.

5 | Conclusion and Outlook

In this work, we introduced knowledge-based workflows for atom-
istic simulations of mechanical and thermodynamic properties,
demonstrating how metadata annotation, ontology alignment,
and provenance tracking transform traditional simulation scripts
into structured and interoperable research objects. By decomposing
simulations into modular workflow components bound to domain
and application ontologies, we enabled consistent description of
materials, computational samples and methods, and calculated
properties across a broad set of atomistic simulation tasks. The

FIGURE 7 | Comparison of traditional ad hoc simulation scripts (left)

and the knowledge-based workflows concept adopted in this work (right).

Traditional approaches produce isolated results that require manual compar-

ison and lead to data silos. Semantic workflows produce FAIR-compliant

data and queryable knowledge graphs that improve interoperability and

reuse.
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workflows developed for Fe use cases illustrate how this approach
improves reusability, facilitates systematic comparison across data-
sets, and supports transparent interpretation of material properties.

A central outcome of this work is enhanced interoperability and
reusability. The semantic layer harmonizes metadata across sim-
ulation software and modeling approaches, consistently annotat-
ing data from workflows used with different materials systems,
potentials, or boundary conditions. This interoperability extends
naturally to institutional databases and national research data
infrastructures solutions within NFDI-MatWerk, enabling inte-
gration with experimental datasets, external simulation reposito-
ries, and emerging knowledge graph ecosystems.

The structured metadata and modular workflow design also posi-
tion the framework for future AI-driven materials discovery.
Semantically annotated datasets support targeted query of physi-
cal concepts and validation of structure–property relationships,
while agentic AI systems can be developed to leverage reusable
workflow nodes to select simulation protocols, propose valida-
tion tasks, and orchestrate large-scale data generation. Such
capabilities provide a pathway toward automated exploration
of mechanical properties, high-throughput screening of phase
stability, and informed alloy design workflows.

Looking ahead, the framework can be extended to more complex
simulation scenarios, e.g., diffusion processes and defect–defect
interactions, andmultiscale coupling withmesoscale or continuum
models. As the library of reusable workflows and materials science
ontologies grows, the field can progressively shift from script-based
simulations toward knowledge-driven computational materials sci-
ence. We therefore encourage the community to adopt, refine, and
expand the workflows and ontologies introduced here, advancing a
shared semantic foundation that supports reproducible, scalable,
and AI-ready computational materials science.
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