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1. Introduction

Laser powder bed fusion (PBF-LB) of metals
and polymers has revolutionized industrial
production through rapid, customized part
manufacturing.[1–5] While this technology
has reached a high technical readiness level,
understanding and controlling the complex
interdependencies along the process chain
remains a significant challenge.[6,7] This is
especially critical in industries such as aero-
space,[8] automotive,[9] and medical,[10]

where tailored material properties, preci-
sion, and part performance are crucial.
Variations in machine calibration, process
parameters, operator skills, and material/
feedstock properties introduce complexity,
affecting key outcomes such as dimensional
accuracy, mechanical strength, surface fin-
ish, and microstructure.[11–13] Addressing
these challenges requires a systematic
approach, investigating how feedstock prop-
erties and processing conditions influence
part quality, focusing on developing robust
methodologies, and understanding the
underlying mechanisms.[7,14,15]

Laser powder bed fusion is a cornerstone technology for additive manufacturing
(AM) of metals and polymers, yet challenges in achieving consistent repro-
ducibility and process optimization persist. Addressing these requires a sys-
tematic understanding of the interactions between feedstock, process
parameters, and final part characteristics throughout the entire production chain.
This study presents results from a comprehensive interlaboratory investigation
conducted by 32 research institutions, evaluating six feedstock, including
nanoparticle-modified aluminum alloy and polyamide powders, under stan-
dardized protocols. Data analysis encompasses 69 powder properties, 15 process
parameters per print, and 78 part features, culminating in a dataset of over 1.2
million correlations. Advanced statistical methods and machine learning are
employed to identify critical variability drivers, such as the impact of nanoparticle
modifications on powder flowability and thermal conductivity, as well as the
influence of process parameters on reproducibility. Newly introduced dimen-
sionless figures of merit provide universal metrics to describe and predict thermal
and mechanical interactions, simplifying process optimization and material
characterization. The findings, supported by an open-access dataset adhering to
findable, accessible, interoperable, and reusable principles, advance under-
standing of material–process–structure–property relationships. They establish a
benchmark for future research and lay the foundation for improving the reliability,
quality, and sustainability of AM processes.
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As these determinants are interrelated along the process chain,
from feedstock micropowder properties to the final printed part,
these challenges can only be properly addressed if property met-
rics are tracked in all steps. Standard operating procedures (SOPs)
for feedstock preparation, including the additivation of nanopar-
ticles (NPs), as well as methods for process and part characteriza-
tion, are essential to identify relevant influencing factors. Such a
comprehensive approach paves the way for optimizing PBF-LB
processes and advancing the capabilities of this transformative
technology. Interlaboratory studies (ILSs) provide a framework
for systematically investigating the interdependencies between
feedstock properties, process parameters, and part outcomes
across diverse conditions and setups, enabling deeper insights
into the mechanisms governing the PBF-LB process and support-
ing the development of standardized methodologies. ILSs are col-
laborative studies that enhance result quality through analyses
performed by multiple laboratories on a common test material.[16]

An ILS goes beyond focused-purpose activities such as method-
performance studies (also known as Round Robin), laboratory-
performance studies (proficiency testing), or material-certification
studies.[17–21] By fostering a collaborative framework, ILSs help to
assess and improve the performance, precision, and reliability of
additive manufacturing (AM) processes but also may scientifically
address interrelations along the material-process-part-chain.
Furthermore, such studies hold the potential to uncover hidden
correlations between variables that have not yet been described
in the literature, providing new insights into the complexities

of the process and opportunities for optimization.[22,23] To realize
the potential of an ILS, a study design is required that ideally con-
siders and tracks all material, experimental, and procedural deter-
minants of the studied process chain. In the context of PBF-LB,
where higher product consistency and quality are imperative, only
Round Robins or lab-performance studies have been conducted.
Most of these studies focus on either metal or polymer processing,
highlighting the variability of individual process steps, such as
roughness, corrosion resistance, and flowability.[24–26] However,
these studies primarily evaluated centralized manufacturing plans
or machine manufacturer guidelines, often overlooking the influ-
ence of raw feedstockmaterials on part properties. While there are
studies examining the entire process chain for either polymer or
metals,[27–29] to the best of our knowledge, they have not yet
investigated both material types (polymers and metals) in a single
ILS all along the entire process chain. This gap is particularly
intriguing, as studying both materials together could uncover
unexplored insights into process optimization and consistency.
An ILS that fully incorporates research data management
(RDM) standards and examines the entire PBF-LB process chain
provides a holistic view of the interdependencies between
feedstock properties, processing parameters, and final part perfor-
mance. It provides valuable insights into how feedstock character-
istics influence outcomes and support optimizing commercially
available and NP-modified feedstocks. In recent years, feedstock
modification has gained significant attention, particularly through
the surface decoration of commercial feedstocks with NPs.[30–34]
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These NP-modified feedstocks are becoming increasingly promi-
nent in research and development due to their potential to
enhance powder properties, processing efficiency, microstructure,
and, ultimately, the performance of final parts produced in PBF-
LB.[35–38] In this field of work, numerous studies focus on
NP-based feedstock modification, but very few investigate the
influence of NPs across the entire PBF-LB process chain.[39–48]

Understanding how NP modifications impact not just the pow-
der but each process stage—from powder handling to part
performance—remains an underexplored area with significant
potential for optimizing AM outcomes. Kusoglu et al. recently pro-
posed an ILS design that included investigating the quantified
effects of feedstock modification on metal and polymer character-
istics, process behavior, microstructure, and part properties in the
PBF-LB, including aspects like repeatability, reproducibility, and
RDM under findable, accessible, interoperable, and reusable
(FAIR) principles.[49] They proposed investigating six different feed-
stocks, including AlSi10Mg alloy and polyamide-12 (PA12), both in
their commercial and modified forms, across the entire PBF-LB
process chain. These commercial materials are widely regarded as
the gold standards for polymer and metal PBF-LB, respectively.
AlSi10Mg and PA12 are extensively studied in PBF-LB research
and are widely utilized in industrial applications. The nanoadditiva-
tion of these feedstocks is not primarily aimed at enhancing
mechanical properties through grain refinement or crystallization.
Instead, it seeks to investigate the compatibility of nanoadditivated
feedstock variants with the PBF-LB process. Specifically, this
approach examines the robustness of PBF-LB against NP incorpo-
ration, which is of particular importance for the AM of nanofunc-
tionalized components.

The current study follows the design published by Kusoglu
et al.[49] executed across 32 nonprofit research organizations
along the scheme summarized in Figure 1. Six different feed-
stocks were processed using 20 PBF-LB machines, evenly split
between metals (10 machines) and polymers (10 machines).
In total, 69 powder features (39 for metals and 30 for polymers)
and 78 part features (46 for metals and 32 for polymers) were
measured. Note that this results in a cumulative total of over
500 000 correlations involving metals and polymers, extracted
to over 1 200 000 correlations when including replicates. For
example, the powder particle size histogram consists of a hun-
dred 2D data points that represent a single feature, and its
detailed analysis allows the extraction of multiple parameters,
such as the d10, d50, and d90 values, as well as the span. Since
each histogram was measured in triplicate, this greatly increases
the number of parameters and potential correlations in the
dataset. The prospect of a rich dataset that arose during the
study’s design motivated adequate data acquisition and handling
standardization.

Consequently, our study implemented a comprehensive RDM
grounded in the FAIR principles, which required the study part-
ners to agree on SOPs for the experimental and RDM execution.
Adhering to these SOPs, the research aimed to understand the
PBF-LB process comprehensively. The study also quantified the
uncertainties in powder properties, PBF-LB process parameters,
and as-built part features for both commercial and NP-modified
polymer and metal feedstocks using relative standard deviations
(RSD). This approach provided valuable insights into the repro-
ducibility, or lack thereof, across the entire PBF-LB process
chain.

Figure 1. Graphical illustration of the overall study design collecting FAIR data along the entire process chain of the PBF-LB process ILS dataset for three
metal powder compositions (AlSi10Mg, SIC–AlSi10Mg, and TiC–AlSi10Mg) involving 39 powder, 7 process, and 46 part features, and for three polymer
powder compositions (PA12, Ag-PA12, and CB-PA12) involving 30 powder, 8 process, and 32 part features. Note that the cumulative correlations include
repeated measurements as conducted within this study.
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This large-scale ILS effort generated extensive, high-
dimensional data, which was analyzed using principal component
analysis (PCA) and machine learning (ML) models (details given
in the Experimental Section). As an overall outcome, new dimen-
sionless figures of merit are developed, which support simplifying
the PBF-LB process and generalizing its complex physical phe-
nomena by reducing the number of variables.[50] While statistical
and ML models uncovered hidden correlations, identified key var-
iability drivers, and detected outliers, dimensionless figures of
merit provide a way to characterize physical phenomena and com-
pare different materials and conditions. The outcomes of this
study offer crucial insights into the factors influencing part prop-
erties in PBF-LB, serve as a guide for optimizing the complex PBF-
LB process, and tell about the robustness of this AM method
toward nanofunctionalized 3D printing. Additionally, the open-
access FAIR data enable further data-driven analyses andML, driv-
ing progress in AM technologies.

2. Results and Discussion

The basis for reproducibility, repeatability, statistical correlation
analysis, ML, and dimensionless figures of merit analysis dis-
cussed in this section is the open-access ILS dataset published
under FAIR principles.[51] First, the reproducibility and repeat-
ability of the powder properties, PBF-LB processing conditions,
and part properties are assessed to ensure reliability by quantify-
ing the relative variability across different settings and operators.
Essentially, the term relative variability refers to estimating how
sensitive a part property is to slight changes in the processing
conditions and powder properties in PBF-LB. Next, PCA is per-
formed on the powder properties dataset (both metals and poly-
mers) to reduce the dimensionality of the dataset and uncover
hidden correlations. The outcomes from PCA are used to identify
and interpret key differences in the powder features (Figure 1)
between commercial and NP-modified feedstocks, which subse-
quently influence the part properties. Since PBF-LB processing
conditions are critical to model the part properties, ML methods
are used to establish a quantitative relationship between the pow-
der properties (an outcome from PCA), PBF-LB processing

conditions, and part properties. Note that the dataset[51] includes
a wealth of additional parameters, such as data on used powder
and heat-treated samples, which were not analyzed in this study
for the sake of focus and clarity. These data are, however,
available to the community for further exploration and analysis.
Furthermore, only the core measurement methods are dis-
cussed in this section. Detailed descriptions of the method-
ologies, including all measured parameters, their respective
units, allowed ranges, and specific measurement protocols,
can be found in the respective SOPs.[52] Finally, four dimension-
less figures of merit were developed that provide a universal basis
for identifying relationships, such as how material and process
parameters systematically influence part performance, and for
defining corridors or best effort guidelines. By simplifying com-
plex relationships, they serve as a powerful tool for decision
making.

2.1. Reproducibility and Repeatability

ILSs are also critical for ensuring data reliability, especially in
complex manufacturing processes like PBF-LB. To achieve con-
sistent and trustworthy results, validating the repeatability and
reproducibility of the entire PBF-LB process chain is essential.
Repeatability refers to the consistency of measurements under
identical conditions, while reproducibility assesses how results
vary across different settings and operators. This validation helps
to identify the dataset’s strengths and potential weaknesses,
ensuring that the data is robust and suitable for further analysis
and process optimization. RSD is a key metric used to extract
information on both repeatability and reproducibility. It offers
a standardized measure of data variability relative to its
mean, which facilitates a clearer understanding of measurement
consistency. Generally, a lower RSD indicates high consistency
and reliability, while a higher RSD suggests greater variability,
highlighting areas where process or measurement variability
may need to be addressed.[53] Figure 2 illustrates the RSD of fea-
tures assessed experimentally across the entire process chain,
encompassing powder, process, and part properties for both met-
als and polymers. For both material systems, powder properties

Figure 2. Illustration of the RSD calculated via %RSD= (s� 100)/(x ) with s= standard deviation and x = mean value, observed across all parameters
assessed throughout the PBF-LB process chain for both NP-modified and unmodified feedstocks. a) Metal feedstocks: The RSD was averaged over 39
powder, 7 process, and 46 part properties. b) Polymer feedstocks: The RSD was averaged over 30 powder, 8 processes, and 32 part properties. See Table 2
and 3 in the Experimental Section that lists all powder and process features evaluated in the study, separated by material class (metals and polymers).
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exhibited the highest repeatability compared to process and part
properties. In metals (Figure 2a), the powder properties of
NP-modified feedstocks showed a tighter RSD distribution than
commercial AlSi10Mg powders. Conversely, in polymers
(Figure 2b), the repeatability of powder properties was slightly
lower than that of metals, with NP modification only marginally
improving the RSD over commercial PA12 powders. In contrast,
the part properties exhibited a wider range of RSD for both met-
als and polymers (see right panels in Figure 2a,b, as well as
Figure S1 and S2 (SI) for the evaluated powder and process fea-
tures). This variability is primarily attributed to differences in the
PBF-LB process parameters used by ILS participants. Each par-
ticipant followed a defined process parameter corridor specified
in their respective SOPs.[52] However, differences across groups
and machines led to a broader process window (see middle pan-
els in Figure 2a,b), resulting in higher RSD values for the mea-
sured part properties. For example, the SOPs recommended best
effort values within an allowed range[52] for the PBF-LB energy
density, calculated as (laser power) / (scan speed� hatch spacing
� powder layer thickness). These values were 0.3 J mm�3 (within
a range of 0.3–0.45 J mm�3) for polymers and 34 Jmm�3 (within
20–100 Jmm�3) for metals, naturally resulting in some variabil-
ity in the RSD (see Table S1 and S2 (Supporting Information) for
process parameter sets of ILS participants).

Importantly, repeatability—the ability to obtain the same
results under identical conditions —was high for both commer-
cial and NP-modified powders, indicating strong consistency in
their powder properties (see Figure S1 in the Supporting
Information). In contrast, reproducibility—the consistency of
results across different operators or laboratories—was influ-
enced by variations in processing parameters among ILS partic-
ipants. Notably, the influence of NP modifications and feedstock
types on part property variations appeared weaker than the
impact of processing parameters. Among the part properties ana-
lyzed, volumetric pore size distribution and elongation had the
highest RSD values (see Figure S2 of the Supporting
Information), highlighting the effect of the processing window
on part variability.

While powder analysis proved highly repeatable, the reproduc-
ibility of part properties in this study is limited by the variation in
processing parameters. The narrower processing window for pol-
ymers contributed to significantly lower RSD values for their part
properties compared to metals, demonstrating better consistency
in properties under similar processing conditions. To account for
variability across laboratories, the ILS employed various types of
PBF-LB machines, each requiring specific process parameter
optimization to achieve the acceptance criteria: a density of over
99% for metals and 90% for polymers. These criteria, combined
with a "best effort" approach for parameter selection within
defined corridors, were essential for enabling meaningful com-
parisons across participants and laboratories.

Overall, these findings underscore the necessity of careful pro-
cess parameter selection and control in PBF-LB to enhance both
repeatability and reproducibility. These findings present valuable
insights for utilizing data generated from the completed ILS.
Reliable data derived from reproducible measurements are cru-
cial for establishing robust benchmarks and guidelines for the
PBF-LB process. While SOPs were employed to promote consis-
tency and minimize RSD by predefining allowed parameter

corridors, some variability in processing parameters is unavoid-
able in an international study with different machines, under-
scoring the importance of understanding these factors when
evaluating the results.

The overall data quality generated in this ILS provides a strong
foundation for further analyses, including PCA and ML, which
can uncover deeper relationships between powder properties,
PBF-LB processing conditions, microstructure, and part proper-
ties. Compared to existing studies on repeatability and reproduc-
ibility in PBF-LB, the results of this ILS align with expectations
for such a diverse and wide-ranging study. For example, prior
research has reported RSD values for metal powder properties
typically below 5% for parameters like particle size distribution
and flowability, with slightly higher variability (up to 10%) for
polymers due to their higher sensitivity to environmental condi-
tions.[54] The powder RSD values in this study are consistent with
these benchmarks, particularly for NP-modified powders, which
exhibited high repeatability and tighter distributions compared to
commercial feedstocks. This highlights the robustness of our
powder preparation methodologies and suggests that they can
serve as reliable baselines for further investigations. In terms
of part properties, previous studies have documented RSD values
between 10% and 30% for key metrics like density, tensile
strength, and elongation at break, depending on the material
and process parameters evaluated.[22,53,55–58] The higher RSD
values observed in this ILS for part properties—particularly in
metals—can be attributed to the broader process parameter cor-
ridors allowed in the study, reflecting the diversity in machine
types and operator expertise across participating laboratories.
Despite this, the narrower process windows for polymers
resulted in RSD values that fall closer to the lower range of
reported literature values, indicating better reproducibility under
controlled conditions.

The observed repeatability and reproducibility are com-
mendable considering the wide scope of this ILS, including inter-
national participants, various machine configurations, and both
commercial and NP-modified feedstocks. The results demon-
strate that while variability is unavoidable in such a comprehen-
sive study, the data remain sufficiently robust for further
evaluation. In particular, the findings emphasize the importance
of understanding the interplay between processing parame-
ters and material properties to optimize the PBF-LB process.
Compared to other ILSs or repeatability analyses in the field, this
study uniquely integrates both metals and polymers while inves-
tigating the impact of NP modifications on feedstock perfor-
mance. Although the reproducibility of part properties for
metals may appear lower, this is largely due to the broader pro-
cess parameter ranges permitted in this study. For instance, RSD
values exceeding 20% were observed for rheological features,
volumetric pore size distributions, and tensile test elongation
(Figure S2, Supporting Information). While this variability
presents challenges, it also provides valuable insights into the
sensitivity of PBF-LB part properties to process conditions,
highlighting the importance of tighter parameter controls to
ensure consistent results. In conclusion, the data quality
achieved in this ILS is comparable to or better than similar stud-
ies in the field,[7,14,18,23] as demonstrated by its adherence to
SOPs, comprehensive reporting of PBF-LB process parameters,
and rigorous application of FAIR principles. Specifically, the
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study’s scope—encompassing both metals and polymers—and
the generation of over 1.2 million traceable correlations across
69 powder features, 15 process parameters, and 78 part proper-
ties surpass comparable ILSs in scale and detail. These aspects
underscore the study’s relevance as a benchmark for PBF-LB
research and its potential to inform best practices for process
parameter selection, feedstock design, and material performance
evaluation. Furthermore, the robust dataset provides a solid
foundation for advanced analyses using PCA and ML, extracting
actionable insights and deepening the understanding of PBF-LB
processes.

2.2. Capturing Statistical Correlations in the Powder Properties
via PCA

The powder feedstock properties are the starting point of the pro-
cess chain and influence all subsequent steps during PBF-LB, so a
closer look at the commercial and nanomodified feedstock mate-
rial is indispensable. PCA is used to analyze the powder data of
metals and polymers within the ILS. PCA is a linear data
dimensionality reduction method to extract meaningful informa-
tion from high-dimensional datasets.[59,60] It assumes that there
are several statistically correlated variables in the high-dimensional
dataset. It accomplishes the goal by calculating new latent variables
called PCs obtained as linear combinations of the original varia-
bles with different weights in each PC. The first PC (PC1) captures
the most significant variance in the high-dimensional dataset; the
second PC (PC2) is orthogonal to PC1 and captures the second

largest variance and so on (see the Experimental Section for
details). By reducing the dimensionality, PCA highlights the most
significant variables contributing to data variability, facilitating a
more straightforward interpretation and identification of underly-
ing patterns.[59,60]

Furthermore, PCA aids in comparing different material sys-
tems (commercial or NP-modified), enhancing the understand-
ing of their properties and behaviors (shown in Figure S3 for
metals and S4 for polymers in Supporting Information). The
insights from PCA support decision-making regarding powder
material selection and process optimization in the PBF-LB
process chain, improving data quality and standardization
across laboratories. The metal powder dataset is composed of
30 observations (10 commercial powders, 10 modified by TiC
NPs, and 10 modified by SiC NPs), where each observation
is represented by 34 features that capture the powder proper-
ties. Similarly, the polymer powder dataset comprises 30
observations (10 commercial powders, 10 modified by Ag
NPs, and 10 modified by carbon black (CB) NPs), representing
each observation by 31 features that capture the powder prop-
erties. For example, the polymer dataset contains observations
of commercial PA12, Ag-PA12, and CB-PA12 feedstocks, which
are, in turn, represented by the features of flowability (using
four different flowability test methods), moisture content, laser
reflectance, particle size distribution, morphology, and fast
scanning calorimetry. Figure 3a shows the cumulative variances
captured by the PCs on both metal and polymer feedstock
datasets.

Figure 3. a) Cumulative variance for the different PCs, describing metal (black) and polymer (gray) powder properties. Horizontal green line marks the
threshold where the PCs capture 90% of the total variance in the datasets (6 PCs for metals and 10 PCs for polymers). Note that the input data for PCA
comes from NP-modified and commercial powder properties. b) First 6 PC scores of the metal feedstock properties. c) First 10 PC scores of the polymer
feedstock properties. In b) and c), only those powder properties with loadings exceeding |0.24| are given below each PC, and the features that statistically
carry the highest weights are highlighted in green color (see Table S1 and S2 (Supporting Information) for further details).
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For metals, six PCs captured�90% of the cumulative variance
in the dataset, while the polymer dataset required ten PCs to
achieve the same threshold. This 90% threshold was chosen
based on the maximum estimated RSD of �10% for powder
properties, as shown in the left panel of Figure 2a. The remain-
ing variance is assumed to result from noise inherent to the
wide-scale ILS approach, including variations in measurement
techniques, calibration procedures, allowed parameter ranges,
and intrinsic stochasticity. Each PC is a linear combination of
features describing powder properties (33 for metals, 31 for
polymers), with the associated weights (loadings) indicating
the relative contribution of each descriptor. To simplify the
interpretation and reduce the impact of noise from features
with lower absolute weights, only features with absolute
weights greater than |0.24| were considered. This threshold
was chosen based on an analysis of the distribution of the load-
ing, ensuring a balance between capturing significant contri-
butions and minimizing noise from less relevant features. The
dominant powder properties for each PC are indicated in
Figure 3b,c for metals and polymers, respectively, with the fea-
tures highlighted in green representing the highest absolute
weights. Detailed PCA loadings for each PC, quantifying the

contribution of individual powder descriptors, are provided
in Table S3 and S4 in the Supporting Information. Key results
of PC score correlations are visualized in Figure S3 (SI) for
metal powders and Figure S4 (SI) for polymer powders, show-
ing the PC data clustering of commercial and nanomodified
feedstocks processed on different machines.

2.2.1. PCA of Metal Feedstocks

The six PCs extracted from the metal powder dataset are inter-
preted. Notably, the effects of NP modification are most strongly
captured by PC1 and PC2 (Figure 3b), which are dominated by con-
ditioned bulk density (PC1) and reflectivity (PC2). To understand
these correlations, both dominant factors were examined in detail
(Figure 4a,b), revealing differences between commercially and NP-
modified powders. Both modified feedstocks exhibit increased bulk
density compared to commercial AlSi10Mg powders, caused by
tighter packing of powder particles due to a reduction in cohesive
interparticle forces (e.g., van der Waals or capillary interactions),
which facilitates improved powder flowability and packing
density—and, consequently, higher as-built part density.[29,61,62]

Figure 4. Powder properties of AlSi10Mg-based feedstocks: a) conditioned bulk density and b) reflectivity; and structural properties of as-built parts:
c) relative density, d) number of grains mm�2, e) fraction of LAGBs with a region of interest of �200� 200 μm2, f ) Scanning Electron Microscopy-
Electron backscatter diffraction (SEM–EBSD) images measured in x–y direction, and g) UTS in the vertical build direction for the studied VED range.
Mechanical testing of aluminum alloy samples has been performed in the as-built and at least four weeks naturally aged state.
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In Figure 4c, the relative part density was plotted to verify this
hypothesis, and higher densification, with a narrower deviation
between machines, was observed for the SiC NP-modified parts.
Interestingly, the relative density of the TiC NP-modified sam-
ples remains comparable to that of the part printed from com-
mercial feedstock. This observation may be attributed to the
specific interactions of TiC particles with the matrix during
the melting process, which might not enhance densification
as effectively as anticipated due to instabilities in viscosity, wet-
tability, and liquid–solid rheological properties.[63] However,
Pannitz et al. and Lüddecke et al. showed that nanomodification,
depending on the material type, decreases the reflectivity of feed-
stock but is not the only decisive factor for the prevailing temper-
atures in the powder bed and melt pool; instead, together with
improved thermal conductivity, it is an assessing factor signifi-
cantly influencing process parameter selection and densification
during processing.[62,64,65] Despite the increased bulk density
(Figure 4a), which is particularly relevant at the start of the scan
vector, the significant decrease in reflectivity (Figure 4b) after TiC
modification highlights changes in light–particle interactions
that additionally influence the final part density and structural
properties.[66]

PC2 captures 22.6% of the variance from the dataset, with
high contributions from reflectivity. Visualizing the scores of
PC2 (shown in Figure 3b) reveals that the TiC NP-modified metal
feedstocks behave differently from those of the commercial and
SiC NP-modified ones. As reflectivity is the main driver of
PC2, the reflectivity for the different feedstocks was plotted
(Figure 4b). As expected, the TiC NP-modified metal feedstock
shows lower reflectivity at both 298 and 398 K compared to com-
mercial and SiC NP-modified feedstocks (Figure 4b). This lower
feedstock reflectivity correlates with increased energy absorption
at the start of the scan vector and during the PBF-LB process,
where the VED is precompensated to avoid excess heating of
the melt pool, promoting more rapid solidification due to higher
cooling rates. Such conditions can decrease grain sizes and the
microstructure’s fraction of low-angle grain boundaries (LAGBs)
(fLAGB).

[67] It is important to note that PBF-LB involves high cool-
ing rates (104–106 K s�1), which strongly influence grain
formation. In standard PBF-LB of AlSi10Mg, grains are often
columnar, aligned along the thermal gradient due to epitaxial
growth. However, in some regions (e.g., near melt pool bound-
aries), equiaxed grains can form due to local undercooling.
Without NP-TiC modification, PBF-LB of AlSi10Mg predomi-
nantly has columnar grains with LAGBs and some equiaxed
regions with high-angle grain boundaries (HAGBs). Thus, the
TiC-NP modification refines grains and increases nucleation
sites leading to more equiaxed grains with random orientations
and subsequently more HAGBs.[68] While the TiC NP-modified
powders did not enhance the relative volumetric density
(Figure 4c), this nanoadditive significantly increased the number
of grains (Figure 4d), reduced the fLAGB (Figure 4e), and
decreased the grain size (Figure 4f ). Note that the overall grain
size appears smaller than the values commonly described in the
literature for this material.[40,66] However, this discrepancy can
be attributed to the measurement method, as we analyzed the
grain size exclusively in the xy-plane, which tends to capture finer
grain structures due to the layer-wise nature of the PBF-LB
process. These factors collectively contributed to higher

ultimate tensile strength (UTS) of the TiC NP modificated prints
than found in prints from commercially and SiC NP-modified
feedstocks.

2.2.2. PCA of Polymer Feedstock

We focus on interpreting the first ten PCs associated with the
polymer powder dataset. The effect of NP modification on the
powder properties is evident in the first three PCs (see
Figure 3c), which will be discussed in detail. PC1 captures
32.9% of the total variance in the polymer powder dataset, with
the second crystallization temperature being the primary contrib-
utor. The addition of NPs acts as nucleation sites or restricts
chain mobility, facilitating crystallization at slightly lower tem-
peratures during the later stages of powder bed cooling. This
influence is reflected in the second crystallization peak, as seen
in Figure 5a. Differences in nucleation kinetics and NP–polymer
chain interactions likely enhance the 3D growth of lamellae to
spherulites, creating ellipsoidal crystalline structures.[69,70] It
can be hypothesized that this tuned crystalline structure and crys-
tallinity contribute to enhanced mechanical properties in the as-
built parts, such as increased strength.[71,72] Figure 5f shows that
the UTS in the horizontal direction clearly benefits from NP
modification. However, this improvement depends on achieving
a balanced crystalline structure, as excessive crystallinity could
reduce the elongation and make the material brittle. PC2
accounts for 12.7% of the variance in the dataset and is domi-
nated by the basic flowability energy (BFE), flow rate index
(FRI), dynamic angle of repose (DAoR), and Carr index. All these
features provide insights into the overall flow behavior of feed-
stocks. Still, BFE additionally offers information on the com-
pressibility of the feedstocks under dynamic forces via the
screw feeder of the test setup. NP modification enhances flow-
ability and bulk density; therefore, increased powder bed density
is expected during PBF-LB processing (see Figure 5b,c), likely by
reducing interparticle friction and allowing for better powder
packing. This improved packing can lead to more uniform poros-
ity within the part volume. However, the melting and solidifica-
tion dynamics during PBF-LB also play a crucial role in
determining the specific shape of pores—such as the formation
of more spherical pores.[18,22]

Interestingly, Ag NP-modified powders exhibit higher porosity
with larger, spherical pores, a phenomenon typically expected to
reduce the UTS due to the presence of stress concentrators.[69]

However, the UTS for Ag-modified samples is increased
(Figure 5f ). This counterintuitive result suggests that additional
factors—such as altered crystallinity, improved NP distribution,
or modifications to the polymer matrix during melting—may
compensate for the improvement in strength despite the
increased porosity. However, CB-modified PA12 powders
improve sintering efficiency by increasing heat conductivity with
better laser heat absorption, resulting in less porosity and finer
pores than parts made out of unmodified PA12 powders.[73]

This highlights the complexity of the process and the intricate
interplay between NP modification and the resultant material
properties.

PC3 captures 9.8% of the variance in the polymer powder data-
set, with loadings primarily influenced by the D10 powder size
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(Figure 3c). The PC3 scores are higher for CB-modified powders
and lower for Ag-modified powders than commercial powder.
This trend is supported by the D10 property data shown in
Figure 5c. The D10, D50, and D90 values for both modified pow-
ders (see also Figure S5 in the Supporting Information) were
lower than those of commercial PA12. However, the observed
changes are minimal (<1 μm), below the precision limit of
the applied measurement method, namely, laser diffraction,
where computer software interprets the light scattering data to
calculate the most likely size distribution.[74] While this demon-
strates the sensitivity of the PCA, it also indicates that the data
require careful interpretation to avoid overestimating minor
differences.

Overall, the PCA reveals numerous correlations between
powder properties, highlighting the complex interactions in
the PBF-LB process given by the vast cumulative correlations
described in the introduction. Although PCA effectively identi-
fies key variables affecting material properties, the complex rela-
tionships are not always clear. For example, NP modifications
subtly impacted crystallinity, flowability, and mechanical proper-
ties, sometimes yielding unexpected results such as increased

UTS despite increased porosity, as observed for the Ag-modified
as-built polymer parts. Due to the complexity of the PBF-LB pro-
cess chain, an ML approach is used to analyze the entire process.
This advanced analysis aims to uncover hidden correlations,
offering deeper insights and potentially new avenues for process
optimization.

2.3. Establishing Powder, Process, and Property Relationships
along the Entire PBF-LB Process Chain via ML and Posthoc
Model-Agnostic Techniques

PCA revealed the statistically most strong descriptors across var-
ious feedstocks, yet the complexity of the process restricted direct
associations with part properties. To overcome this, we exploit
ML models to predict the as-built part features for metals and
polymers using feedstock properties and processing parame-
ters. Incorporating the PCs from the PCA as input for these
models has been an effective strategy, as the PCs captured
the most significant variations in powder properties, reducing
dataset dimensionality and complexity. In total, the ILS yielded

Figure 5. Powder properties of PA12-based feedstocks: a) crystallization temperature, b) basic flowability energy, and c) D10 powder size; and structural
properties of PA12-based as-built parts: d) relative density, e) micro-CT cross-section images showing pore morphology and distribution, and f ) UTS at
horizontal (0°) build direction for the studied VED range.
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46 (metals) and 32 (polymers) output part features, and a subset
of those have been chosen for further ML processing. Due to the
lack of available data points in the data matrix, some part features
are excluded, which are named in Table S5 and S6 in the
Supporting Information. This approach emphasized critical pow-
der characteristics while minimizing noise, enabling the models
to focus on the main factors affecting part properties.[75] Thus,
the inputs to the ML models are the PCs representing feedstock
characteristics (6 and 10 PCs for metals and polymers, respec-
tively, capturing 90% of the variation in powder data) and
PBF-LB process features (7 each for metals and polymers, see
Table S7, Supporting Information). The output of ML is the fea-
ture representing the microstructure and mechanical properties
of the as-built parts.

In this study, we explored two ML models for establishing
quantitative relationships between the powder properties, pro-
cess parameters, and themeasured as-built part properties: 1) lin-
ear ensemble LASSO (eLASSO) and 2) nonlinear ensemble
support vector regression (eSVR) (details are provided in
the Experimental Section). As shown in Figure S6 in the
Supporting Information, the nonlinear eSVR models consis-
tently outperformed the linear eLASSO models. Aware that

eSVR models are “black-box” and lack intrinsic interpreta-
bility, we employed two model-agnostic posthoc explanation
techniques—global feature importance (GFI) and overall interac-
tion strength (OIS)—to gain insights into the learned patterns.
Results from these analyses are visualized in Figure 6 for metals
and polymers, respectively. Additional details are given in the
Experimental Section.

A feature with a GFI value close to 1 is considered critical for
the prediction in isolation, while a low GFI score indicates lim-
ited standalone significance. According to Figure 6, PC1 (domi-
nated by bulk density and flowability) is relatively low in
importance for predicting as-built properties in metals. For poly-
mers, PC1 and PC2 (influenced by crystallization temperature II,
bulk density, and flowability) similarly show low individual con-
tributions. The GFI analysis quantifies the importance of individ-
ual input features on the eSVR. However, OIS results show that
these same features (PC1 for metals, and PC1 and PC2 for poly-
mers) exhibit high interaction strength with other output varia-
bles, suggesting that while these features may not individually
drive predictions (as GFI indicates), they significantly contribute
when interacting with other features. This outcome is
particularly relevant to the PBF-LB process, where process

Figure 6. Radar charts representing the variable importance of each input feature as learnt by the trained eSVR models. a,b) The two radar charts
summarize all 37 as-built properties, including commercially and NP-modified AlSi10Mg-based metal parts; c,d) all 28 as-built properties including
commercially and NP-modified PA12-based polymer parts. (a,c) GFI and (b,d) OIS were normalized so that the minimum and maximum values
are rescaled to 0 and 1, respectively.
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characteristics and powder properties are interdependent and
seldom act in isolation. For example, improved bulk density
reduces the voids between particles, which must be filled during
the coalescence, interacting with crystallization temperature in
polymers that influence the material’s densification behavior
under thermal processing.[27] Thus, in PBF-LB, understanding
how parameters interplay is critical, as isolated consideration
of features (as GFI does) cannot capture the inherent complexi-
ties and interdependencies of the full process chain.

In summary, both GFI and OIS analyses are indispensable for
revealing the multilayered dependencies in PBF-LB. High OIS
scores combined with low GFI for certain features emphasize
the significance of interactions within the model, reflecting
the real-world complexity of the PBF-LB process. This study,
therefore, focuses primarily on the OIS results to capture these
practical, interaction-driven insights. However, to retain valuable
information on individual feature contributions, the GFI results
are included in the Supporting Information (see Figure S7–S15,
Supporting Information) for those interested in examining
isolated effects. Key outcomes from the OIS analyses for specific
as-built properties are summarized in Table 1. It reveals which
process parameters and powder properties are essential to under-
standing the variations in part properties. The OIS results dem-
onstrated how the properties of metal and polymer parts depend
on powder and process characteristics, which behave differently
throughout the entire PBF-LB process chain. Additionally, NP
modification is crucial in tuning powder properties and influenc-
ing microstructural properties. While we were able to extract
generic trends (i.e., identify important powder properties and
PBF-LB processing parameters as learnt by the eSVR models),
two factors prevent us from making conclusive statements about
the correlations for individual structural part properties:

1) presence of large error bars in the GFI and OIS results
(see Figure S7–S15 in the Supporting Information) and 2) lack
of a similar study in the literature where the entire process chain
has been investigated to correlate powder properties, PBF-LB
processing conditions, microstructure, and as-built properties.
In principle, the problem of large error bars can be addressed
by sequential or adaptive learning using an iterative feedback
loop.[76,77]

The eSVR models can recommend PBF-LB processing condi-
tions that resulted in the largest uncertainty in the predicted part
properties for further experimental investigation. The results
from these experiments will enhance the dataset, allowing the
eSVR models to be retrained for improved prediction perfor-
mance and potentially better inference capabilities.

It is worth noting that the large error bars observed in the GFI
and OIS results suggest that any effects of <0.5 wt% NP mod-
ifications on structural part properties are either too small to
be reliably detected or generally minimal within the conditions
of this study. Importantly, there are no indications of negative
impacts from NP modifications, a critical requirement for indus-
trial applications. While the structural properties of as-built parts
do not appear to be significantly influenced by <0.5 wt% NP
modification with the used nanomodification techniques in
ILS for the studied materials of AlSi10Mg alloy and PA12, this
does not preclude the potential functional benefits NPs can pro-
vide. Depending on the application, NPs could enhance material
properties such as thermal conductivity or tailored magnetic per-
formance.[63,78] These functionalities were not the focus of this
study, which primarily investigated structural characteristics, but
they represent a interesting area for future exploration.

A key takeaway from the ML approach is that complex, non-
linear relationships significantly influence powder properties,

Table 1. Summary of key eSVR results based on the OIS posthoc model explanation method for the metal and polymer dataset. The detailed results are
shown in Section S3.1. in the Supporting Information. The OIS results are shown as input feature1: input feature 2 (e.g., PC3: hatch spacing). Input
feature 1 has the strongest overall interaction with all other features, while input feature 2 is the feature that interacts most strongly with feature 1. Vertical
yield strength refers to yield strength of samples built in vertical direction.

Materials As-built part features OIS

Metals (Volumetric) relative density • PC3:hatch spacing
• PC3:PC2 (see Figure S7, Supporting Information)

Total number of pores • VED:laser beam diameter
• VED:PC1 (see Figure S8, Supporting Information)

fraction of LAGBs • PC2:PC3
• PC2:platform temperature (see Figure S11, Supporting Information)

Vertical yield strength • Scanning speed: Powder layer thickness
• Scanning speed: VED (see Figure S9, Supporting Information)

Vertical elongation • PC6:PC3
• PC6:PC4 (see Figure S10, Supporting Information)

Polymers (Volumetric) relative density • Powder bed temperature:PC2
• PC3:PC2 (see Figure S12, Supporting Information)

Polydispersity index (measure of broadness
of molecular weight)

• VED:laser power hatch
• VED:PC5 (see Figure S15, Supporting Information)

Build job yield strength • VED:PC3
• VED:laser power hatch (see Figure S13, Supporting Information)

Build job elongation • Laser power hatch:VED
• Laser power hatch:scan speed (see Figure S14, Supporting Information)
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PBF-LB processing conditions, microstructure, and part proper-
ties. While PCA provided a basis by identifying key powder
and process variables, ML extended this analysis by revealing
interaction-driven effects, emphasizing the necessity of
understanding interdependencies between features rather than
isolated effects. Posthoc model explanation analysis of eSVR
results (summarized in Table 1) reveals that the powder properties
and processing parameters interact to affect the part properties.
An important characteristic of the ML approach is its predictive
capability; given the powder properties and PBF-LB processing
parameters, the trained eSVR models are equipped to predict
the properties of as-built parts, along with the associated uncer-
tainties. For example, strong interactions between scanning speed
and powder layer thickness were identified as critical factors influ-
encing the yield strength of metal parts built in vertical direction
(see Figure S9, Supporting Information). Similarly, in polymers,
the combination of powder bed temperature and key powder char-
acteristics (PC2 and PC3) significantly affected the volumetric rel-
ative density (see Figure S12, Supporting Information). These
findings highlight parameter combinations that require targeted
experimental validation to further refine and optimize the PBF-
LB process. Although prediction was not the central focus of this
ILS study, the methodology demonstrates the potential of ML to
support process optimization and material design. By focusing on
such interaction effects, future studies could reduce uncertainties
in the dataset and enhance the predictive robustness of the ML
models, enabling a more comprehensive understanding of
PBF-LB processes. Furthermore, the insights gained from this
study suggest that NP-modified AlSi10Mg and PA12 feedstocks,
while not altering structural part properties significantly, do not
compromise them either. This neutral behavior lays a strong foun-
dation for leveraging NPs to add functionalities to materials with-
out negatively impacting their mechanical performance. Building
on these findings, future research should explore the impact of NP
modifications on nonstructural properties like thermal conductiv-
ity[63] or magnetic performance,[78] paving the way for broader
applications in PBF-LB. Moreover, integrating sequential learning
frameworks into future ILSs could further refine model predic-
tions, uncover additional hidden relationships, and enhance the
overall understanding of PBF-LB processes.

2.4. Capturing Dimensionless Figures of Merit along the Entire
PBF-LB Process Chain of Metals and Polymers

In the previous two sections, we discussed how PCA and ensem-
ble ML techniques uncovered several hidden correlations within
the PBF-LB process, revealing key interactions between various
powder-based latent variables (PCs) and process parameters.
Despite demonstrating good predictive performance, one limita-
tion of the eSVR approach is that these models could be more
coherent. Although posthoc model explanation techniques such
as OIS provided a formal framework to probe the blackbox eSVR
models and unveil key input features, they do not directly offer a
physical interpretation of the PBF-LB process. While these short-
comings can be addressed by incorporating adaptive learning
and symbolic regression with posthoc explanation techniques,[79]

exploring such strategies is beyond the scope of this article.

To complement the ML approach, we leverage dimensionless
figures of merit to enhance our understanding of the complex
interactions within the PBF-LB process in the as-built parts of
both metals and polymers. As mentioned, the PBF-LB process
involves interdependent material properties that seldom act in
isolation, presenting a complex challenge. In the following, we
will introduce dimensionless figures of merit to simplify these
physical interdependencies and make them universally compara-
ble. In general, dimensionless figures of merit reduce the number
of variables by combining multiple independent parameters, facil-
itating analysis, and helping to identify dominant effects. Unlike
the ML models, where a series of hyperparameters should be
specified and optimized by data practitioners empirically, the
dimensionless figures of merit encode domain-inspired physical
principles in a linear or nonlinear functional form. They are based
on deductive reasoning. In sharp contrast, ML methods rely on
inductive reasoning. The idea of dimensionless figures of
merit has been recognized in the AM literature.[80,81] For instance,
the specific laser power, defined by factors such as absorptivity,
laser power, scan speed, and material properties, combines
aspects of the Péclet and Nusselt numbers to characterize heat
transfer dynamics in the melt pool.[82] This dimensionless formu-
lation allows researchers to investigate the relationship between
energy input and resultant features such as porosity, melt pool
depth, and melt track stability. Expressing these relationships
in dimensionless form enables a more transparent and universal
understanding of the PBF-LB process, independent of specific
materials, thereby enhancing predictive capabilities and process
optimization.[44,50,83–85]

From a mathematical perspective, dimensionless figures of
merit can be derived from independent variables, where their
units cancel out during calculations. The Buckingham Π theo-
rem can be applied to facilitate this process. More details can
be found in the Experimental Section. During the ILS, we
encountered several independent variables, such as powder den-
sity (ρÞ, scan speed (νÞ length (=layer height) (l), laser power (P),
platform temperature (Θ), mechanical strength (σ), and specific
heat (c), which, following the Buckingham π theorem, can be
connected to (in total) 4 dimensionless figures of merit. It is
essential to specify their context for parameters like density
and length. In this study, density refers to the bulk density,
and length represents the layer thickness. To ensure meaningful
correlations, we selected definitions that best captured the
observed dependencies between dimensionless figures of merit
and the experimental results. ν, l, P, and Θ are process param-
eters, ρ, σ, and c are material properties. It should be highlighted
that we intended that these material properties do not describe
the properties of the additively manufactured components but
the typical properties of the bulk materials. Thereby, we can con-
sider the influence of very different materials, like polymers, alu-
minum alloys, and steels, in dimensionless figures of merit.
Hence, the dimensionless figures of merit are fully based on
input parameters before any experimental PBF-LB investigation,
so that they bear fully predictive character. Of course, material
properties depend on the manufacturing processes and the
resulting microstructures, but for this purpose, we select repre-
sentative material properties from typical manufacturing
processes. For aluminum alloy Al10SiMg (A360), we use the
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yield strength in the die-cast state without artificial aging, which
is about 170MPa.[86]

From there, four different relationships that yield dimension-
less figures of merit can be established. These parameters collec-
tively encapsulate the thermal and mechanical characteristics
of the PBF-LB process, significantly influencing both process effi-
ciency and material behavior. Further details are provided in the
Supporting Information.

Dimensionless figure of merit 1 (Π1, heat transfer ) reflects the
efficiency of energy absorption by the material during the PBF-
LB process. A higher value signifies greater energy absorption,
which enhances melting efficiency, while a lower value indicates
insufficient heat transfer or excessive process speed.

Π1 ¼
Θc
ρv2

(1)

Dimensionless figure of merit 2 (Π2, heat distribution num-
ber) captures the influence of thermal conductivity (K), platform
temperature, density, process rate, and length on the heat trans-
fer capabilities of the material. A higher value suggests that the
material can effectively conduct heat, enhancing thermal unifor-
mity during processing, while a lower value may indicate poor
heat distribution, potentially leading to defects in the final prod-
uct.

Π2 ¼
ΘK
ρv3l

(2)

Dimensionless figure of merit (Π3, strength effector number)
relates the material’s mechanical strength (σ) to its density and
the square of the scan speed. A higher value suggests that the
material demonstrates favorable mechanical strength in relation
to its density and processing speed, which is critical for maintain-
ing structural integrity in the final parts. Conversely, a low value
may signal a risk of mechanical failure during or after the
manufacturing process.

Π3 ¼
σ

ρv2
(3)

Dimensionless figure of merit (Π4, melting energy utilisation
establishes the relationship between input power, material den-
sity, and process parameters. A higher value indicates more
effective energy utilization during the melting process relative
to the material’s properties and processing conditions. In con-
trast, a lower value may reveal inefficiencies in energy use, poten-
tially compromising the quality of the printed components.

Π4 ¼
P

ρv3l2
(4)

Interestingly, the ratio of Π1 and Π2 yields the Péclet number,
a well-known dimensionless figure of merit in AM (further
details in the Supplementary Information).[79] This relationship
highlights the interplay between energy absorption and thermal
conductivity in the PBF-LB process. By separating the Péclet
number into these two components, we gain a deeper under-
standing of heat transfer mechanisms and their role in melting
efficiency. AnalyzingΠ1 andΠ2 individually also enables targeted

process optimization. A low Π1 may indicate the need for energy
input or material properties adjustments. In contrast, a low Π2

suggests that improving the thermal conductivity of feedstocks
(e.g., through NP modification) could enhance uniform heat dis-
tribution. This targeted approach fosters effective optimization
strategies. However, it is important to recognize the theoretical
limitations of these dimensionless figures of merit when used in
the context of predictive models. Furthermore, this decomposi-
tion aids in comprehensive material characterization, facilitating
the selection of optimal materials for specific applications and
improving performance in AM processes. These dimensionless
figures of merit are intended as a first step toward simplifying
complex process dependencies and should not be viewed as
standalone predictive metrics. It underscores the interconnected-
ness of thermal and mechanical properties, essential for devel-
oping high-quality materials. Ultimately, insights from Π1 and
Π2 not only enhance our understanding of heat transfer dynam-
ics in the PBF-LB process and provide practical avenues for opti-
mization, material characterization, and predictive modeling,
leading to improved performance and quality in final parts.
Future work should focus on experimentally validating and refin-
ing these dimensionless figures of merit, including comparisons
the powder layer’s (thermo) physical properties with established
physical principles, to ensure their broader applicability and
reliability.

These established parameters have now been applied to the
dataset generated within the ILS using four selected examples
(Figure 7). Additionally, measurements from the literature,
highlighted in green in Figure 7, have been incorporated to vali-
date and contextualize the findings (circles for polymers taken
from ref. [87] triangles for metals taken from ref. [88,89]. In
the plot of the relative density of printed metal and polymer com-
ponents from the ILS study versus Π1, the values range between
50 and 300, with a notable concentration between 50 and 100 (see
Figure 7a,b). All measured volumetric relative densities exceed
99.5% (metals) and 90% (polymers), indicating high-quality den-
sification, as was indicated in the SOPs of this ILS.[52] These parts
were produced using NP-modified or commercial metal feed-
stocks with varying printing parameters, reflecting the flexibility
allowed in the ILS design. The relationship shown in the plot
aligns with the understanding that Π1 relates to energy absorp-
tion and melting efficiency in the PBF-LB process. The clustering
of Π1 values between 50 and 100 suggests this range represents
an optimal energy absorption scenario, where sufficient melting
occurs to achieve near-full densification without excessive over-
heating. This balance is critical for preventing defects such as
porosity and ensuring the structural integrity of the printed parts.
Furthermore, the plot provides valuable physical insights. It indi-
cates optimal energy absorption; within the identified Π1 range,
energy is effectively utilized to achieve high densities while
avoiding overheating. It underscores the importance of parame-
ter tuning flexibility, as achieving specificΠ1 values can standard-
ize quality across different machines and parameter sets, making
Π1 a valuable target parameter for controlling density in PBF-LB
processes. Finally, the concentration of values around specific Π1

ranges could signify an energy efficiency window, where energy
is employed most effectively for melting and consolidation,
impacting both cost-effectiveness and speed in industrial appli-
cations. Furthermore, Π2 reflects the interplay between thermal
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properties and process parameters, making it vital for under-
standing the PBF-LB process. Here, we decided to plot the volu-
metric total number of pores for metals, which is a highly
underestimated parameter in PBF-LB literature (Figure 7c). By
plotting pore counts against Π2, we assess how effective heat dis-
tribution inside the powder bed influences melting behavior and
solidification. The values for Π2 center around 105, resulting in
less than 500 pores within the investigated volume (�3.92� 3.92
� 9.5mm3) per sample in this study. Π3 relates the material’s
mechanical strength to its density and the square of the process
rate (Figure 7d). For metals, the acceptable value range is found
to be between 35 and 100 to obtain a mean grain diameter below
2.5 μm for commercial and SiC-modified ones and below 2 μm
for TiC-modified AlSi10Mg. The set of dimensionless figures of
merit Π1–Π4 provides a systematic framework for evaluating and
optimizing PBF-LB processes, irrespective of the material sys-
tem. While the current study focused on AlSi10Mg and PA12,
the methodology can similarly be applied to other materials, such
as polymer-based systems (e.g., TPU or LaB6 NPs/TPU) or metal-
matrix composites used in magneti PBF-LB. For instance,Π1 and
Π2 can guide the selection of energy input and thermal conduc-
tivity parameters to ensure optimal melting behavior, while Π3

and Π4 help balance mechanical strength and energy utilization
across varying process conditions.

Applying all four Π-numbers simultaneously offers a holistic
approach to identifying recommended processing parameters.
By analyzing their combined influence on the predicted part
properties (e.g., density, mechanical strength, or grain structure),
optimal corridors for scan speed, laser power, and powder layer
thickness can be defined, even for novel material systems. This
approach bridges the gap between input parameters and tar-
geted outcomes, allowing researchers to predict suitable process
settings based solely on feedstock properties and machine con-
figurations as initially motivated. For example, in polymer PBF-
LB, Π1–Π4 could help optimize parameters for materials with
significantly different thermal properties, such as TPU. Here,
Π1 may reveal whether energy absorption is sufficient for uni-
form melting, while Π2 could indicate the need for enhanced
thermal conductivity, for example, through NP modification, to
achieve consistent part quality. By providing a universal and
material-independent framework, the dimensionless figures of
merit enable systematic exploration of process-parameter spaces,
offering actionable insights for new material systems and applica-
tions while reducing the reliance on trial-and-error approaches.

Figure 7. Dimensionless figures of merit versus as-built part properties for a) polymer and b–d) metal parts. Reference ranges validating the Figure of
merits given between green dashed lines in (a,b) are extracted from the literature. Green circles correspond to polymer values taken from ref. [87], and
triangles correspond to metal values taken from refs. [88,89]. The black dashed lines show the acceptable range for the investigated dimensionless figures
of merit.
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This comprehensive exploration of dimensionless figures of
merit enhances our understanding of the PBF-LB process and
highlights the need for further research into integrating these fea-
tures with ML approaches. Future investigations could focus on
how dimensionless figures of merit can guide the development
of more coherent and interpretable MLmodels, ultimately leading
to enhanced process optimization and material performance.

3. Conclusion

This study represents a milestone in systematically exploring the
PBF-LB process for metals and polymers through an unprece-
dented ILS involving 32 international research institutions. By
assessing six distinct feedstock types, including commercial and
NP-modified AlSi10Mg and polyamide-12 (PA12) powders, the
study comprehensively investigated the entire PBF-LB process
chain. Over 1 200 000 correlations were extracted for 39 powder
features, 7 process parameters, and 46 part properties of metal
PBF and 30 powder features, 8 process parameters, and 32 part
properties of polymer PBF. This vast dataset enabled an unparal-
leled evaluation of reproducibility, repeatability, and the role of
feedstock properties in influencing process and part outcomes.
The open-access dataset acquired under RDM standards defined
in the SOPs, aligned with FAIR principles, offers a unique
resource to bridge knowledge gaps and establish standardized pro-
tocols for consistent, high-quality production in AM. Beyond its
immediate findings, this dataset serves as a foundation for explor-
ing sustainability-focused innovations, such as reducing material
waste and enhancing energy efficiency in PBF-LB processes.

The study highlights the promise of NP modifications, which
improved powder properties such as bulk density, flowability,
and thermal conductivity, contributing to enhanced microstruc-
tural and mechanical properties of as-built parts. However, repro-
ducibility in as-built part properties was primarily limited in the
metal parts, as the polymer components exhibited more consis-
tent results. This emphasizes the critical need for defining
tighter parameter corridors within the SOPs rather than solely
monitoring compliance. Ensuring uniform adherence to these
tighter corridors would help mitigate variability in process
outcomes across laboratories. Importantly, the ability to process
NP-modified powders without significant disturbances to the
microstructure or mechanical properties of AlSi10Mg and PA12
demonstrates the flexibility of the PBF-LB process. This suggests
that, in many cases, material properties can be tailored by nano-
addtitives to meet specific functional requirements, such as
improved corrosion resistance[39] or creep properties,[41] without
the need for extensive reoptimization of process parameters. For
example, with nanomodifiers below 0.5 wt%, the process can
often proceed without requiring precompensated parameter
adjustments, indicating a high degree of robustness of PBF-
LB toward nanofunctionalized AM. For metals, NPmodifications
could additionally enhance properties such as thermal conductiv-
ity or electromagnetic behavior, enabling advanced functional
applications.[90,91] For polymers, the functional enhancements
may focus on bioactivity[88] or optical properties,[38,89] tailored
to specific use cases. Furthermore, the use of NPs opens oppor-
tunities to manipulate phase transitions and interfacial interac-
tions at the micro- and nanoscale, paving the way for advanced

nanocomposite materials with superior multifunctional proper-
ties, such as 3D printing permanent magnets with high coerciv-
ity.[78] This underscores the broader utility of NP-modification in
PBF-LB and highlights the potential for expanding material capa-
bilities without compromising process reliability or repeatability.

Advanced statistical methods, such as PCA, and ML methods,
such as eSVR, revealed hidden correlations and complex relation-
ships within the dataset and proved powerful in extracting action-
able insights from the dataset. PCA excelled in reducing dataset
complexity and identified the dominant role of NP modifications
in enhancing powder properties. At the same time, ML uncov-
ered the interplay between powder characteristics and process
parameters, highlighting key variability drivers. Posthoc model
explanation techniques provided additional insights into critical
input features influencing as-built part outcomes. These findings
provide concrete guidance for parameter optimization and feed-
stock design. Furthermore, the developed four dimensionless
figures of merit offer a physical framework for correlating pow-
der, process, and part properties. These features simplify the
complexity of PBF-LB, enabling universal comparisons across
materials and conditions, thereby facilitating process optimiza-
tion and offering predictive capability.

Future research should consider explicitly linking NPmodifica-
tions to specific material classes and AM applications. For exam-
ple, thermal and electromagnetic property enhancements could be
integrated with metal printing applications, while bioactivity and
optical properties could focus on polymers. Additionally, it would
be valuable to reference established studies on nanodoped PBF
processes to substantiate these claims or omit less evidenced
effects. Furthermore, integrating dimensionless figures of merit
with adaptive ML frameworks could further enhance predictive
capabilities, optimize feedstock designs, and refine process param-
eters. Specifically, the experimental validation of dimensionless
figures of merit in conjunction with advanced material characteri-
zation techniques, such as in situ X-ray diffraction or high-
resolution electron microscopy, could provide deeper insights into
the role of NP modifications in phase stability and defect evolu-
tion. While this large-scale study answered many questions along
the process chain, it also opened the door for further, more specific
investigations. The open-access dataset[51] invites the broader
experimental, computational, and ML communities to build upon
these findings, accelerating advancements in PBF-LB processes.

4. Experimental Section

Methodology to Generate ILS Data: A full version of the Experimental
Section describing the feedstock modification, powder handling, charac-
terization, processing, and part analysis can be found in the SOPs, pub-
lished separately.[52] Machine types and printing parameters are given in
Table S1 and S2 (SI ). The following statistical and data-driven ML models
were evaluated using the metal and polymer data matrix along the entire
PBF-LB process chain generated with the experimental ILS dataset. The full
dataset was open access e-published at DuEPublico.[51]

Reproducibility and Repeatability: The reproducibility of each measured
powder, process, or part property feature was determined by calculating %
RSD according to the formula below.

%RSD ¼ 100 � s=jxj (5)

where s = the sample standard deviation and x = sample mean

www.advancedsciencenews.com www.aem-journal.com

Adv. Eng. Mater. 2025, 27, 2402930 2402930 (16 of 22) © 2025 The Author(s). Advanced Engineering Materials published by Wiley-VCH GmbH

http://www.advancedsciencenews.com
http://www.aem-journal.com


% RSD was calculated for powder, process, and part property features
given in Table 2 for virgin and NP-modified AlSi10Mg and in Table 3 for
virgin and NP-modified PA12.

Principal Component Analysis: An efficient analysis was essential to
extract meaningful relationships from a dataset using ML models. A
key step in this process involves reducing the dataset’s dimensionality
while minimizing the loss of important information. Various statistical
techniques, such as PCA, can be employed for dimensionality reduction.
The PCA approach reduces the dataset’s dimensions while preserving as
much data variance as possible.[75,92] The dimensions or the PCs calcu-
lated by PCA from the original dataset were expressed as a linear combi-
nation of all the features present in the data. For instance, the first PC (Z1
or simply PC1) can be expressed as

Z1 ¼ α11X1 þ α21X2 þ : : : þ αp1Xp (6)

Here, X1,X2, : : : ,Xp are the features in the powder dataset and,
α11, α21, : : : , αp1 are known as the loadings for Z1. For a dataset having
p features, these loading vectors were calculated for all the PCs and math-
ematically expressed as our dataset’s eigenvector of the covariance matrix.
The eigenvector for the largest eigenvalue of the covariance matrix will
correspond to the PC, explaining the largest variation in the dataset
and is usually the first PC since the eigenvalues are arranged in descending
order. Since eigenvectors are orthogonal to each other, the PCs were not
correlated to each other. A dataset having n datapoints can be projected on
this set of loading vectors to get the scores of the PCs for every datapoint.

To determine the number of PCs for the reduced dataset, the cumulative
variance explained by the PCs was plotted against their count. A 90% data
variance cutoff was set for selecting PCs from PCA. The resulting input
dataset for the ML models included the scores of the PCs that captured
90% of the variance in the original dataset. The prcomp() function from
the stats library in R was used to perform the PCA on the dataset.[93]

Ensemble Learning: The basic idea of ensemble learning is to build a
committee of data-driven models trained on independent datasets.[94]

The final prediction for an observation will then be made by combining
or aggregating the predictions from each individual model. In this
approach, each model was assumed to be independent of the others,
and the mean and standard deviation were calculated from the committee
of models for a given property of interest. Among various ensemble learn-
ing methods, the bagging approach was employed. The original dataset
consisted of n observations, and the bootstrap resampling technique
was used to constructm replicas of n data points through sampling with
replacement.[95] For LASSO, the value ofm was fixed at 1000. However, for
the SVR method, m was treated as a hyperparameter and optimized—
along with two other hyperparameters discussed in the SVR
subsection—using the 10-fold crossvalidation (CV) approach.

Support Vector Regression: Let f ðxÞ describe a linear function that maps
the relationship between the inputs (X) and an output (y). The mathemati-
cal formulation of a linear SVR can be written in the form

y ¼ f ðxÞ ¼ w, xh i þ b (7)

Table 2. Conducted test methods and measured property features of powder, process, and part for virgin and NP-modified AlSi10Mg.

Test method Measured property features (unit*)

Powder Ring shear FFC (�), Bulk density (g m�3)

Rotating drum dAoR (°), CI (�)

Karl–Fisher titration Moisture content (ppm)

DRIFTS Laser Reflectivity (%)

FT4 powder rheometer BFE (mJ), FRI (�), CBD (�)

Hausner ratio Bulk density (g cm�3), tapped density (g cm�3), Carr index (%), HR (�)

X-ray flourescence Al (wt%), Si (wt%), Mg (wt%), Ti (wt%), Al/Si (�), Al/Ti (�)

Optical emission spectroscopy Al (wt%), Si (wt%), Mg (wt%), Ti (wt%) , Al/Si (�), Al/Ti (�)

PSD by laser diffraction D[10,3](μm), D[50,3](μm), and D[90,3] (μm)

Dynamic image analysis S (–), AR (�)

DFSC Tm[onset] (K), Tm[peak] (K), Tc[onset] (K), Tc[peak] (K)

Process PBF-LB machine set Laser power (hatch)(W), scanning speed (hatch)(mm s�1), hatch spacing (μm), laser beam diameter (μm),
powder layer thickness (μm), platform temperature (°C), VED (J mm�2)

Part X-ray flourescence Al (wt%), Si (wt%), Mg (wt%), Ti (wt%), Al/Si (�), Al/Ti (�)

Optical emission spectroscopy Al (wt%), Si (wt%), Mg (wt%), Ti (wt%) , Al/Si (�), Al/Ti (�)

SEM-EBSD Number of grains (�), mean grain diameter (μm), mean grain area (μm2), max grain area (μm2),
and fraction of low-angle boundaries [fLAB(%)]

PoreAnalyzer Relative density (RD) (%), relative porosity (%), area median pore diameter (d50,2) (μm),
span value of pore size distribution (σ) (�), max pore size (μm), area fraction of cracks (ppm),

area fraction of gas pores (ppm), area fraction of unmelted partciles (ppm), and
area fraction of lack of fusion (ppm)

Optical microscope Melt pool width (μm) and depth (μm)

Micro-CT Relative density (%), total number of pores (�), average pore size (μm), average pore volume (x105 μm3),
and average pore sphericity (�)

Brinell hardness Brinell hardness at building Z-Y/X (�) and scanning X-Y/Z direction (�)

Tensile UTS (σUTS), yield strength (σYS,0.2), elongation at break (%), and elastic modulus (E)

(*) (�) is dimensionless unit.
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where x is an input vector of features,w are coefficients that fit the training
data, and b is the intercept derived via the following optimization routine

min
1
2
kwk2 þ C

Xn
i¼1

ðξi þ ξ�i Þ (8)

subject to

8><
>:
f ðxÞ � w, xih i � b ≤ ∈ þ ξi
w, xih i þ b� f ðxÞ ≤ ∈ þ ξ�i
ξi, ξ�i ≥ 0

(9)

where C is the regularization term, n is the total number of data points,
∈ is the insensitive tube around the target values that provides the mag-
nitude of the amount of permitted error (only those target values greater
than ∈ are penalized by the optimization), ξi, ξ�i are the nonnegative slack
variables that permit a certain level of violation of the ∈-tube bounds, and
xi is the descriptor for the i

th training data.[96,97] The regularization term C
balances the model complexity and training error (large C and small C can
lead to overfitting and underfitting, respectively). For a linear SVR, the ker-
nel function, w, xh i, is a dot product of x and xi, leading to a f ðxÞ that is
linear in x. In this work, we used the nonlinear Gaussian radial basis func-
tion of the form.

κðx, x0 Þ ¼ exp �kx � x
0 k2

2σ2

� �
(10)

We determined the hyperparameters, C and σ, by CV from the training
data to balance the bias–variance tradeoff. The hyperparameters that mini-
mized the CV error were used for the final model. We performed this

procedure for each model in this work. We used the function svm() from
the e1071 library in R to perform the SVR regression.[98]

Like eLASSO, we combined the ensemble learning method with SVR,
which we called eSVR. Since we do not know a priori how many bootstrap
resamples (m) are needed to generalize our training data, we treatedm as
yet another hyperparameter. We considered four values of m: 25, 50, 75,
and 100. Along with C and σ, we also optimized form using the 10-fold CV
approach.

Global Feature Importance: With a large number of features for our data-
set, the objective of GFI was to calculate the impact of individual features
relative to other features on the predictions as learnt by the trained ML
models.[99] To calculate the importance of a feature, the values of that fea-
ture were permuted, keeping the rest of the data the same, and then ML
models were run to get the prediction on this new data. Mathematically, it
is the difference between the prediction made with the original data and
the prediction made with this new data having the permuted values for the
feature. The predictions with new data should be less accurate if the fea-
ture is essential. It can be expressed as

Vðf , iÞ ¼ Riðf Þ � Rðf Þ (11)

Here, Riðf Þ and Rðf Þ are the loss functions for the new data after per-
muting the Vðf , iÞ and the original data values, respectively. Loss functions
are the measure of performance for the model and the performance after
permuting the feature should go down if the feature is important. We used
the function model_parts() from the DALEX package in R to implement
this GFI method for ILS datasets.[100] Error bars were placed on the impor-
tance of the standard deviation of multiple bootstrap resamples used to

Table 3. Conducted test methods and measured property features of powder, process, and part for virgin and NP-modified PA12.

Test method Measured property features (unit)

Powder Ring shear FFC (�), Bulk density (g m�3)

Rotating drum dAoR (°), CI (�)

Karl–Fisher titration Moisture content (ppm)

DRIFTS Reflectivity (%)

FT4 powder rheometer BFE (mJ), FRI (�), CBD (�)

Hausner ratio Bulk density (g cm�3), Tapped density (g cm�3), Carr index (%), HR (�)

X-ray flourescence Ag (wt%)

PSD by laser diffraction D[10,3](μm), D[50,3](μm), and D[90,3](μm)

Dynamic image analysis S (�), AR (�)

DFSC Tm[onset] (K), Tm[peak] (K), Tc[onset] (K),
Tc[peak] (K)

Process PBF-LB machine set Laser power (hatch)(W), scanning speed (hatch)(mm s�1), laser power (contour) (W),
scanning speed (contour) (mm s�1) hatch spacing (μm), laser beam diameter (μm), powder layer thickness (μm),

powder bed temperature (°C), VED (J mm�2)

Part Micro-CT Relative density (%), total number of pores (�), average pore size (μm), average pore volume (�105 μm3),
and average pore sphericity (�)

Tensile UTS (σUTS), yield strength (σYS,0.2), elongation at break (%), and elastic modulus (E)

Oscillatory rheology Complex viscosity at 1 Hz [Pa·s], Cross-over point frequency at 0.1% [Hz], Cross-over point
dynamic modulus at 0.1% [kPa], LVE-strain limit at 1 Hz [%]

Gel permeation chromatography Number average molecular weight (Mn) (g mol�1), the weight average molecular weight (Mw) (g mol�1), and
polydispersity index (PDI) (�)

Gel permeation chromatography Number average molecular weight (Mn) (g mol�1), the weight average molecular weight (Mw) (g mol�1), and
polydispersity index (PDI) (�)

(*) (–) is dimensionless unit.
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ensemble of MLmodels. For this work, 13 features were used for the metal
dataset and 17 for the polymer dataset.

Feature Interaction via h-Statistics: As discussed earlier, the regression
ML models comprise a set of features based on which the predictions are
made. After GFI that captures individual feature importance on the pre-
dictions, we used Friedman’s H-statistics to capture feature interactions
and their impact on the predictions by the ML models.[101] We used two
types of H-statistic values, which can be used to measure these OIS. The
first one captured the interaction strength of one feature with all the other
features at an instance. Mathematically it is expressed as

H2
j ¼

P
n
i¼1 ½FiðxÞ � F̂i

jðxjÞ � F̂i\jðx \jÞ�2P
n
i¼1 ðFiðxÞÞ2 (12)

Here,H2
j is the statistic that calculates the interaction of variable xj with

other variables and FiðxÞ is the prediction function value for a data point i
from a dataset of total n points. Further, F̂ijðxjÞ and F̂i\jðx \jÞ represent the
average partial dependence of FiðxÞ on variable xj and on all the other var-
iables except xj respectively. The second measure calculates the two-way
interaction strength, which is more specific, and calculates the interaction
strength between two specific features depending on how they affect the
predictions. Mathematically

H2
jk ¼

P
n
i¼1 ½F̂ijkðxj, xkÞ � F̂i

jðxjÞ � F̂ikðxkÞ�2P
n
i¼1 Fijkðxj, xkÞ

� �
2 (13)

Here, H2
jk is the measure to calculate the interaction between two var-

iables; xj and xk and F̂ijkðxj , xkÞis the average partial dependency value of

FiðxÞ on ðxj, xkÞ combined where i is a data point from a dataset of total n
points. Further, F̂ijðxjÞ and F̂i

kðxkÞrepresent the averaged partial depen-
dence of FiðxÞ individually on variable xj and on variable xk, respectively.
The OIS and specific two-way interaction strength were calculated for all
the features and plotted as bar charts. We had error bars on the interaction
strength from the standard deviation of multiple bootstrap resamples
used for our ensemble of ML models. These plots were generated for
all the part property predictions to study the impact of feature interactions
on them. We used the Interaction$new() function from the iml library in R
to calculate these H-statistic values for our features.[102]
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