ISSN: 3082-849X (Online)
Volume 1 - Issue 4
December 2025

Engineering Science in

. ADDITIVE MANUFACTURING

Engineering Science in Additive Manufacturlng (ESAM) aims to Collate <
- the cuttlng edge research and review articlYimad e manufacturlng
: that hlghllght the engineering science

ACC
1



ACCSCIENCE
PUBLISHING

b

Engineefing Sciencein
~ Additive Manufacturing - _

Online ISSN: 3082-849X

Engineering Science in Additive Manufacturing (ESAM)
aims to collate the cutting-edge research and review articles

in additive manufacturing that highlight the engineering Enguiecring Scicgeiy

science. The journal covers all fundamentals of additive ADDITIVE MANUESCEURING
manufacturing, including its principles and applications. The
journal publishes articles that acknowledge the significant
development in the field and its disruptive nature in the
industry. ESAM provides a platform for publishing articles
that advance the in-depth understanding of additive
manufacturing. The journal also welcomes papers that
employ theories, numerical methods and/or simulations that
demonstrate relevance to the additive manufacturing

community.

About the Publisher

AccScience Publishing is a publishing company based in Singapore. We publish a range of
high-quality, open-access, peer-reviewed journals and books from a broad spectrum of disciplines.

Contact Us

Managing Editor AccScience Publishing
esam.office@accscience.sg 9 Raffles Place, Republic Plaza 1 #06-00 Singapore 048619.


acer3
Highlight


Volume 1 ¢ Issue 4 « December 2025
ISSN 3082-849X (online)

ENGINEERING
SCIENCE IN ADDITIVE
MANUFACTURING

Editor-in-Chief
Swee Leong Sing

National University of Singapore, Singapore

ACCSCIENCE
PUBLISHING

Access Science Without Barriers



ACCSCIENCE
PUBLISHING

Full issue copyright © 2025 AccScience Publishing

All rights reserved. Without permission in writing from
the publisher, this full issue publication in its entirety
may not be reproduced or transmitted for commercial
purposes in any form or by any means, electronic or
mechanical, including photocopying, recording, or any
information storage and retrieval system. Permissions
may be sought from esam.office@accscience.sg

Article copyright © Respective Author(s)

See articles for copyright year. All articles in this full
issue publication are open-access. There are no
restrictions in the distribution and reproduction of
individual articles, provided the original work is
properly cited. However, permission to reuse
copyrighted materials of an article for commercial
purposes is applicable if the article is licensed under
Creative Commons Attribution-NonCommercial
License. Check the specific license before reusing.

ENGINEERING SCIENCE IN ADDITIVE MANUFACTURING
ISSN: 3082-849X (online)
Editorial and Production Credits

Publisher: AccScience Publishing

Managing Editor: Shirley Lu

Production Editor: Sharmila Velapasamy

Article Layout and Typeset: Sinjore Technologies (India)

For all advertising queries, contact
esam.office@accscience.sg.

Supplementary file

Supplementary files of articles can be obtained at
https://accscience.com/journal/ESAM/1/4.

Engineering Science in
ADDITIVE MANUFACTURING

-

-“ -
——

W

L)

Engineering Scienc

the cutting-edge research and review a; e manufacturing

that highlight the engineering science

AcC
1

Disclaimer

AccScience Publishing is not liable to the
statements, perspectives, and opinions
contained in the publications. The appearance
of advertisements in the journal shall not be
construed as a warranty, endorsement, or
approval of the products or services advertised
and/or the safety thereof. AccScience
Publishing disclaims responsibility for any
injury to persons or property resulting from any
ideas or products referred to in the
publications or advertisements. AccScience
Publishing remains neutral with regard to
jurisdictional claims in published maps and
institutional affiliations.



Engineering Science in Additive Manufacturing

Editorial Board

Editor-in-Chief

Swee Leong Sing, Singapore

Editorial Board Members*
Wonjoon Choi, Korea
Wei Fan, China
Charlotte Hauser, Saudi Arabi
Che-Nan Kuo, Taiwan
Ming Leu, USA
Yanglong Lu, China
Tuhin Mukherjee, USA
Jodo Pedro Oliveira, Portugal
Chinnapat Panwisawas, UK
Eujin Pei, UK
Abdollah Saboori, /taly
Panagiotis Stavropoulos, Greece
Caiwang Tan, China
Pan Wang, Singapore
Hongze Wang, China
Xiaoming Wang, North America
Zhonggang Wang, China
Yi Xiong, China
Yuan Xu, UK
Kenta Yamanaka, Japan
Shuo Yin, Ireland
Lang Yuan, USA
Quanren Zeng, UK
Laichang Zhang, Australia
Yifan Zhang, USA

Yaoyao Fiona Zhao, Canada

*Editorial Board Members as of December 8, 2025



ACCSCl EN C E Volume 1 | Issue 4 | December 2025
PUBLISHING Engineering Science in Additive Manufacturing

https://accscience.com/journal/ESAM

CONTENTS

REVIEW ARTICLES

1

Guidelines for the use and reporting of experimental statistics in additive manufacturing: An
assessment of current practices

Colin M. Lynch, Ryan B. Wicker, Jorge Mireles, Rene Villalobos

Machine learning-driven additive manufacturing of biomedical metals: A review of forward
prediction, inverse optimization, and quality control

Yi Mao, Deyu Jiang, Uglov Viadimir, Zhou Jing, Ligiang Wang

ORIGINAL RESEARCH ARTICLES

3

4

Understanding the reusability of Ti6Al4V powder in laser powder bed fusion

Nathaniel W. Zuckschwerdt, Amit Bandyopadhyay

Effect of electroshock treatment on microstructure evolution of Ti-6Al-4V/Cu-Cr-Zr interface
fabricated by laser melting deposition

Shigiang Xie, Changlin Huang, Jiawei Gong, Pei Wang, Yan Wen, Lechun Xie

TwinPrint: A dual-arm robotic 3D bioprinting solution for multi-material biofabrication of soft
matter constructs

Noofa Hammad, Zainab N. Khan, Hibatallah Alwazani, Kowther Kahin, Dana M. Alhattab, Christian Baumgartner, Charlotte
A. E. Hauser



ACCSCIENCE
PUBLISHING

Engineering Science in
Additive Manufacturing

*Corresponding author:
Colin M. Lynch
(cmlynch2@asu.edu)

Citation: Lynch CM, Wicker RB,
Mireles J, Villalobos R. Guidelines
for the use and reporting of
experimental statistics in additive
manufacturing: An assessment

of current practices. Eng Sci Add
Manuf. 2025;1(4):025340021.

doi: 10.36922/ESAM025340021

Received: August 19, 2025

1st revised: September 18, 2025
2nd revised: September 22, 2025
Accepted: September 24, 2025

Published online: November 14,
2025

Copyright: © 2025 Author(s).
This is an Open-Access article
distributed under the terms of the
Creative Commons Attribution
License, permitting distribution,
and reproduction in any medium,
provided the original work is
properly cited.

Publisher’s Note: AccScience

Publishing remains neutral with

regard to jurisdictional claims in
published maps and institutional
affiliations.

REVIEW ARTICLE

Guidelines for the use and reporting

of experimental statistics in additive
manufacturing: An assessment of current
practices

Colin M. Lynch*{, Ryan B. Wicker?3*(, Jorge Mireles*”, and Rene Villalobos’

"Terra Integrated Solutions, Mesa, Arizona, United States of America

2W.M. Keck Center for 3D Innovation, The University of Texas at El Paso, El Paso, Texas, United
States of America

3Department of Mechanical and Aerospace Engineering, The University of Texas at El Paso, El
Paso, Texas, United States of America

Abstract

Additive manufacturing (AM) creates three-dimensional objects using various
approaches, typically layer-by-layer. One emerging method is laser-based powder
bed fusion of metals (PBF-LB/M), which uses high-energy lasers to melt metallic
powder into shape. AM processes are influenced by many factors, yet there is no
standardized framework for quantifying their effects on final products. This guide
introduces key principles of experimental design and statistics, outlining a roadmap
for conducting rigorous experiments. We review the literature on AM generally and
PBF-LB/M specifically to assess how well current practices align with standardized
methodologies. In addition, we compare the evolution of experimental techniques
in PBF-LB/M to those in a more regulated industry to explore potential cross-
pollination. Our analysis reveals that most studies do not adhere to best practices in
experimental design and statistical analysis. For example, randomization of run order
is rarely mentioned, and statistical model assumptions are often unchecked. Even in
tightly regulated fields, experimental designs and statistical methods remain basic
and lack sophistication. To improve research quality, we provide recommendations
for establishing standardized experimental and reporting practices in AM.

Keywords: Design of experiments; Response surface methodology; Additive
manufacturing and 3D printing; Laser-based powder bed fusion of metals; Experimental
statistics

1. Introduction

Over the past few decades, additive manufacturing (AM) has undergone tremendous
evolution, transitioningfromresearchlaboratoriestowidespreadindustrialadoption.! This
evolution depends strongly on the vast experimental effort to discover new technologies,
materials, and processes.” Despite these advancements, AM can still be considered to
be in its infancy, as further work needs to be done to ensure that manufactured parts
have performance characteristics equivalent to—or better than—parts manufactured
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with traditional methods, particularly in the fabrication
of high-value parts with metal alloys using laser-based
powder bed fusion of metals (PBF-LB/M). Some of these
characteristics include strength, reliability, geometric
tolerances, cosmetic aspects, and cost.” Experiments will
play a fundamental role in the achievement of these goals.
Thus, it is important that the right tools and procedures are
used to properly design these experiments, analyze their
results, and report critical findings.

To begin, we provide a brief overview of AM generally
and PBF-LB/M specifically. AM is defined as a process of
joining materials to make objects from three-dimensional
(3D) model data, usually in a constructive manner, i.e.,
layer upon layer, as opposed to subtractive manufacturing
methodologies.* The goal of AM is to quickly and efficiently
fabricate complicated objects that may be inconvenient to
produce with traditional machining techniques.” While
the specifics of every AM technique differ, the complexity
of potential builds enforces a sophisticated approach to
manufacturing 3D objects. For instance, one form of PBF
requires raking a metallic powder onto a build plate, using
a laser beam as an energy source to melt the powder into a
desired shape, lowering the build plate, and then repeating
the process until a 3D structure is formed,® referred to as
PBF-LB/M.” However, the field also employs dozens of
other AM techniques as well, utilizing a wide diversity
of materials such as polymers, metals, and ceramics’;
the American Society for Testing and Materials (ASTM)
has classified the myriad AM technologies into seven
overarching process categories.®* AM is used within fields
such as aerospace engineering,” construction,'® robotics,!
and medicine.”? The end application of the fabricated
objects can also be very different, from rough plastic
prototyping to operations that require higher performance
and reliability.'>"

Regardless of the end goal of the process and the type
of AM used, the complexity of manufacturing allows for
error at many different processing steps.” In addition,
each manufacturing process is highly sensitive to the
parameter settings of the machine, causing uncertainty
in the quality of the final products.® In the case of PBF-
LB/M, these factors include the type of feedstock used,
the type of commercial AM system, laser power, scan
speed, and more than a hundred additional factors.'”'® It is
difficult to know a priori which factors will have an effect
and what that effect will be, especially within PBF-LB/M
where the relevant factors are very often not known and
are not controlled. Simulating the process with tools such
as finite element modeling can help in the absence of real
data,' but accurate models can be challenging to design,
computationally expensive, part-specific, and require

validation experiments to ensure the models represent
the physical reality with appropriate fidelity. Therefore, a
rigorous statistical analysis on data collected from a well-
designed experiment is the best way to find out what
parameters affect the AM process, set these parameters
to obtain the best output sought, and determine if the
resulting process can meet the required specifications.

Thus, given the pervasiveness of AM as well as the
uncertainty about the quality of the fabricated objects,
experiments and statistics should be used in tandem
to assess potential sources of variability and to ensure
consistency of the final product. This issue is particularly
salient within PBF-LB/M, which is considered one of the
most promising processes for fabricating critical structural
components in high-end applications such as aerospace
and medicine.”’ In this paper, we assess the current state-
of-the-art practices of experimental statistics, focusing
on the design of experiments (DOE?"*) and response
surface methodologies (RSM****). To do this, we evaluate
the frequency at which statistical techniques and different
experimental design types are used within AM generally
and PBF-LB/M specifically, and evaluate how these
practices have been changing over time. We also compare
the evolution of the use of these methods within PBF-
LB/M and a highly regulated medical field (orthopedics),
and summarize the use of these methods in the best of
the sampled papers. We then compare current practices
to ideal practices to provide recommendations on how
the field can improve experimentally, offering a roadmap
that engineers can follow to maximize the efficacy of their
experiments.

2, State-of-the-art practices for statistics
and DOE

Although AM has been around for the last 30+ years, it has
mostly remained in the areas of prototyping and, in a few
cases, in small production of parts. However, it is widely
believed that the field should aim to develop systems and
processes that result in the manufacturing of parts that
are ready for use in industrial applications. A primary
challenge in AM, particularly for metal components, is
ensuring that printed parts achieve reliability comparable
to those manufactured through conventional methods.
Demonstrating this equivalence necessitates rigorous
testing, thorough experimentation, and robust methods
for assessing quality and consistency. Experimental
statistics offers valuable tools to address these needs by
quantifying variability, optimizing process parameters,
and validating material properties and mechanical
performance. Moreover, statistical methods can accelerate
the development and certification stages by efficiently
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identifying key factors influencing product reliability and
enabling informed decision-making based on data-driven
insights. This paper aims to highlight essential statistical
techniques beneficial to the AM community, facilitating
the adoption of best practices and improving confidence
in AM-produced parts (for detailed discussions of specific
techniques).?

Statistics is a larger field than can possibly be covered
here, but this broad overview highlights some of the
minimum standards that should be applied to any
experimental field. In this section, we introduce various
experimental designs which can be used in different
contexts. We then present some of the good statistical
practices that, in our opinion, are most relevant in AM.
The set of basic designs we will cover are presented in
Table 1, which includes a brief description of each design,
the conditions necessary for their proper implementation
(whether or not a power analysis is needed to determine
sample size, whether randomization is necessary, whether
the underlying distribution needs to be checked, and
whether an experimental design matrix needs to be
evaluated), and the section of the companion to this
manuscript® in which they are discussed more thoroughly.
Distribution checks are necessary to ensure that the
data follow the assumptions of the model (i.e., analysis
of variance [ANOVA] assumes a normal distribution).
These checks can be done using different methodologies,
but the most common is to check the residuals of a

fitted model, where residuals are the difference between
the model prediction of a data point and its true value.
These tables and companion manuscript are the result of
an extensive literature search of statistical manuscripts
and were produced in conversations with different AM
experts. The designs are presented from the simplest to the
most complex. Our underlying expectation is that as the
statistical sophistication of AM advances, more complex
designs will be used.

While there is no unique recipe for conducting
experimentation, the steps depicted in Figure 1 provide a
good blueprint for the proper application of experimental
statistics, regardless of the chosen experimental design.
Most steps of this figure require further comment, and
reference® should be consulted for further discussions of
these topics. It should be noted that there are many other
approaches, and other statisticians may change the order of
these steps or include other steps. In general, the steps consist
of the following: (1) Defining the problem, the population,
and/or response variable of interest, and state hypotheses at
the onset to avoid introducing bias to the model selection
process. (2) Defining a statistical model (or set of models)
based on the stated hypotheses. (3) Conducting pre-
experimental procedures to ensure experimental efficiency
and trustworthiness of results. (4) Designing a sampling
strategy. Determine the number of samples needed, what
types of measurements need to be made, and how bias
can be avoided by performing appropriate sampling. (5)

Table 1. Overview of experimental techniques, associated statistical tests, and minimum reporting requirements

Technique Statistical test Minimum conditions Section
Sample size Random-ization Distribution Design numb;r in
determination check matrix ref.

Simple hypothesis t-test v v v 23,32

testing

One-way design F-test v v v 24,33

One-way design with  F-test v v v 2.5

blocking

Split-plot one-way F-test v v v 2.6

design

One-way nested F-test v v v 2.7

design

Full factorial F-test combined with a first-order v v v 2.8
regression model

Fractional factorial F-test combined with a first-order v v v 2.9
regression model

Response surface F-test combined with a second-order v v v 2.10

methodology (RSM)  regression model

Sequential F-test combined with the first- and v v v 2.11

experiments second-order regression model

Notes: “Section number in reference? which discusses each technique.
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Figure 1. Flow diagram of experimentation and data analysis. Image created by the authors.

Sampling data from a targeted established population or
from an experiment. (6) Fitting the data to the model so
that its parameters allow the predictions of the model to
match as closely as possible to the real data. (7) Checking
the set of candidate models against one another to see
which one provides the most explanatory power with the
fewest assumptions. (8) Checking the most parsimonious
model for adequacy. Assumptions of the model, such as
the normal distribution of residuals, may or may not be
met. (9) Transforming the variable if necessary, using an
alternative method to fit the data, or assuming a different
class of model until the final model(s) fit the data well. (10)
Interpreting the model. The significance of different factors
is checked by calculating the probability of observing these
data given that there is no true effect of that factor. (11)
Reporting the results, if the experimental question has been
answered; otherwise, performing an additional experiment
and repeating steps (4) to (10) until the research goal is met.

3. Progression of the usage of statistics and
DOE in AM and PBF-LB/M

In this section, we quantify whether the standards
summarized in Section 2 are currently being followed
within AM and PBF-LB/M and determine where the field
should be shifting its focus in terms of quality control and
hypothesis testing. We do this by performing a literature
review of randomly selected papers from AM and
categorizing the types of designs and analyses they used.
We then determine whether the use of different practices
is becoming increasingly sophisticated to match the
techniques described in Section 2. We also look for other,

perhaps more subtle changes in the way experiments are
designed and analyzed by performing a cluster analysis
on this data while observing how participation in these
clusters changes over time. Next, we compare the relatively
unconstrained practices of PBF-LB/M to those of a more
tightly regulated field—AM in orthopedic medicine. We
conclude by discussing the best papers of those sampled,
showing how these can act as models of improvement
while still highlighting areas of improvement.

3.1. Description of review methods

To unveil the current standards of statistics and DOE in
AM and PBF-LB/M, we performed a literature survey of
manuscripts in these fields, which were selected with a
stratified random sampling technique. Each study was
manually reviewed to identify its experimental design, the
statistical methods used to analyze experimental outcomes,
and any additional best practices in experimental design.
We then quantified the number of studies within each
category and examined how these counts varied over time.

First, we created a list of candidate papers for AM in
the search engine Scopus. Scopus was selected due to
its extensive interdisciplinary coverage, particularly of
engineering and technical disciplines, and its intuitive,
user-friendly interface, facilitating efficient literature
searches and citation analysis. The search term we used
“Additive Manufacturing” AND “Experiment,;’
resulting in 5549 papers. A random set of these papers
was quickly assessed for relevance. As all of these papers
were engineering papers focused on developing methods
for AM, there was no need for further trimming. Another

was
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candidate list of papers was created for PBF using the
search terms “Powder Bed Fusion” AND “Experiment” OR
“Machine-Learning” AND “Selective Laser Melting” OR
“Selective Laser Sintering;” and its relevance was checked
as well. We included a search term for “machine learning”
to capture cases where machine learning models were used
to evaluate experimental results instead of or in addition to
traditional linear models.

Next, we randomly sampled up to a minimum of 12
papers from each year from 2016 to 2024 in Scopus for both
AM and PBF-LB/M, increasing the number of samples
every year to reflect the acceleration in publication rates
in the field (Table 2). We restricted our analysis to papers
published between 2016 and 2024 because this period
captures the rapid expansion of AM research following
the release of key standards, such as ISO/ASTM 52901
on requirements for purchased AM parts and ISO/ASTM
52915 on standardized AMF file formats,”* ensuring
that temporal trends reflect practices developed under a
modernized and increasingly standardized framework.
Before 2016, papers on this topic were relatively scarce.
Each randomly selected paper was vetted to make sure
it was an experimental paper (as opposed to a review or
theoretical paper). If a paper did not meet this requirement,
it was excluded and replaced with a new random paper
from that year.

Each paper was assessed on the type of data analysis,
the type of experimental design, whether blocking was
present, whether the run order was randomized, whether
model adequacy checks were performed, whether
model selection took place, and whether there was some
justification for the sample size, and finally, the sample
size itself was recorded. If aspects of the design were not
explicitly stated, attempts were made to estimate values
such as sample size from figures or attached datasets. If the
sample size, design, or analysis could not be determined

Table 2. Counts of manuscripts sampled per year across the
different manuscript types

Year All Powder Orthopedic
AM bed fusion engineering

2016 12 15 10

2017 13 16 0

2018 14 17 0

2019 15 18 0

2020 16 19 0

2021 17 20 0

2022 18 21 0

2023 19 22 0

2024 18 21 10

from the text alone, the paper was abandoned and replaced
with a new randomly selected paper. If other aspects of the
design were not stated (such as whether the experiment
was performed in random order), it was assumed that this
aspect of the design was absent from the study. If there
were multiple experiments performed, then data would
only be collected on the first experiment mentioned in the
text. Figure 2 shows the workflow of the review, and Table 3
gives a brief overview of each of the topics we covered in
the review. Each of these topics is discussed in more depth
in the companion manuscript.?

3.2. Summary results of literature review

Overall, the data reveal no significant temporal trends in
the use of design types or analytical methods for either
AM or PBF-LB/M. However, the two approaches exhibit
differences in the specific designs and analyses they
employ. First, we find the proportion of papers each year
that utilize different aspects of DOE and ANOVAs for all
AM (Figure 3, left panel) and PBF-LB/M (Figure 3, right
panel). We then find the proportion of papers each year
that perform different data analysis (Figure 4) and use
different design types (Figure 5). We then fit a LOESS
regression” to each category to measure trends over time.
In each case, these regressions tend to either remain flat
over time or fluctuate wildly, so no significant trends can
be predicted from this analysis. Finally, we categorize
some designs (full factorial, fractional factorial, Taguchi,
central composite, and randomly distributed factor levels)
as being more sophisticated than alternative designs and
plot the proportion of this group of designs over time. We
then performed a linear regression, which includes this
proportion as its response variable, while year and field type
are predictor variables (Figure 5; linear model: p-values for
all effects >0.05, p-value for the model = 0.5866, multiple
R?=10.1249). Neither their main effects nor interactions are
significant, despite that the fit was adequate (residual plots
were checked). This means that designs are not becoming
increasingly sophisticated over time.

We also investigated differences in experimental
practices between AM and PBF-LB/M in aggregate. First,
there are no differences in the proportion of good practices
used by AM or PBF-LB/M papers (Figure 6A; all sample-
size corrected proportion tests have p>0.05), nor are there
differences in sample sizes (Figure 6B; Wilcoxon test
p>0.05). In addition, there is no difference in the proportion
of analyses or experiments present in AM manuscripts
than in PBF-LB/M manuscripts. To test this, we performed
a binomial generalized linear model (GLM) with the main
effects of analysis type and manuscript type, as well as an
interaction between these two factors. This interaction
between PBF-LB/M and the type of analysis has a p>0.05

Volume 1 Issue 4 (2025)

doi: 10.36922/ESAM025340021


https://dx.doi.org/10.36922/ESAM025340021

Engineering Science in
Additive Manufacturing Experimental statistics in AM

Paper Identification

SCOPUS search for AM papers Candidate Screening Stratified Random Sampling
(‘Additive Manufacturing' AND (2016-2024)
'Experiment’) - -Quick check for relevance ‘ o

-SCOPUS search for PBF papers (engineering-focused papers -Minimum 12 RAREISIPERYET
(*Powder Bed Fusion' AND kept) (more samples in later years)
'Experiment' OR 'Machine -Restricted to 2016-2024

Learning' AND 'SLM/SLS')

Evaluation Criteria Replacement / Assumptions

-Type of data analysis -If experiment unclear -> replace Paper Vetting

-DOE with new paper -Only experimental papers
-Blocking _ -If details missing - assume - included

-Randomization absent (except sample size, -Replace review, opinion, or
-Model adequacy checks estimated if possible) theory papers with new random

-Model selection -If multiple experiments - record samples
-Sample size justification only the first

Figure 2. Flow diagram of the process of conducting a literature review on statistical and experimental practices within AM. Image created by the authors.
Abbreviations: AM: Additive manufacturing; DOE: Design of experiments; PBF: Powder bed fusion; SLM: Selective laser melting; SLS: Selective laser
sintering.

All additive i i Powder bed fusion

0.4
2
Qo3
g
[
o
c 02
k]
=
g
001
o

0.0

2016 2017 2018 2019 2020 2021 2022 2023 2024 2016 2017 2018 2019 2020 2021 2022 2023 2024
Year
— Block — Model selection — Sample size justification

DOE & ANOVA Feature — Model adequacy check — Random order
Figure 3. LOESS regression of the proportion of papers that use a DOE practice (color) for additive manufacturing overall (first panel) and PBF-LB/M
specifically (second panel). Image created by the authors.
Abbreviations: ANOVA: Analysis of variance; DOE: Design of experiments; PBF-LB/M: Laser-based powder bed fusion of metals.
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Abbreviations: ANOVA: Analysis of variance; DOE: Design of experiments; PBF-LB/M: Laser-based powder bed fusion of metals.

for both the proportion of analyses used (Figure 6C) as has been corrected for unequal sample sizes.
well as the types of designs used (Figure 6D). This p-value
was calculated from a Chi-square test on deviance, and it 3.3. Cluster analysis
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Table 3. Overview of key concepts in statistics and experimental design relevant to AM research

Category Topic Description/goal Examples
DOE and ANOVA feature Blocks Reduce variability by grouping similar Blocking by machine, operator, day
experimental units
DOE and ANOVA feature Model adequacy Ensure model assumptions are met Residual plots, normality checks, and
checks homoscedasticity
DOE and ANOVA feature Random order Avoid confounding with time-related effects Randomized run order in DOE
DOE and ANOVA feature Model selection Choose the best-fitting and parsimonious AIC, BIC, stepwise selection
model
DOE and ANOVA feature Sample size Ensure sufficient power for detecting effects ~Power analysis, economic justification for sample
justification size
Statistical analysis ANOVA Test differences among group means One-way ANOVA, two-way ANOVA, repeated

measures ANOVA

Statistical analysis

Confidence intervals

Estimate the range of parameter values

95% CI for mean or regression coefficients

Statistical analysis

KS-Test

Compare the distribution of data with the
reference distribution

Kolmogorov-Smirnov test for normality, a subset of

goodness of fit tests

Statistical analysis

Mann-Whitney U test

Compare medians of two independent
groups

Example of non-parametric statistics such as the
Kruskal-Wallis test

Statistical analysis

t-tests

Compare the means of groups

One-sample, two-sample, and paired t-test

Statistical analysis

Bayesian statistics

Update beliefs with data

Bayesian inference, priors, and posteriors

Statistical analysis

Descriptive statistics

Summarize data

Mean, median, variance, and kurtosis

Statistical analysis

Machine learning

Model complex relationships or
classifications

Decision trees, random forests, and neural networks

Statistical analysis

Regression

Model the relationship between variables

Linear regression, logistic regression, and
polynomial regression

Experimental design types

Box-Behnken

Optimize the response surface with fewer
runs

3-level design excluding extremes

Experimental design types

Fractional factorial

Reduce runs using a subset of factorial
combinations

Half fraction of 2* design

Experimental design types

One factor at a time

Vary one factor while holding others
constant

Simple screening method

Experimental design types

Repeated trials

Estimate variability and improve reliability

Performing the same experiment multiple times

Experimental design types

Taguchi

Robust design emphasizing signal-to-noise
ratios

Orthogonal arrays for process optimization

Experimental design types

Central composite

Fit quadratic models in response surface
methodology

Axial points+factorial design

Experimental design types

Full factorial

Study all combinations of factors

2" full factorial design

Experimental design types

Single factor

Investigate one factor in detail

Compare multiple levels of a single factor

Experimental design types

Randomly distributed
factor levels

Capture variability across random settings

Random selection of design points

Abbreviations: AIC: Akaike information criterion; AM: Additive manufacturing; ANOVA: Analysis of variance; BIC: Bayesian information criterion;

CI: Confidence interval; DOE: Design of experiments.

To better understand trends in experimental design over
time, we performed a cluster analysis to automatically
categorize different papers and then see how frequencies
in these groups change over time. The variables that
were used in the cluster analysis were whether a paper
used blocking, randomization, checked for model
adequacy, performed model selection, and used a power

analysis. Each of these variables is binary. In addition,
we also input the type of experimental design and the
type of data analysis used. Finally, we incorporated the
sample size. While this is a continuous variable, all other
factors are categorical. As we used Gower distance to
calculate the dissimilarity matrix,*® which is only valid
for categorical variables, we converted the sample size
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Abbreviations: AM: Additive manufacturing; ANOVA: Analysis of variance; OFAT: One factor at a time; PBF-LB/M: Laser-based powder bed fusion of
metals.

to either being large or small, depending on whether a two clusters using the DIANA algorithm maximized the
paper’s sample size was higher or lower than the mean width. To characterize the cluster, we then calculated the
sample size. We performed the cluster analysis for AM percentage of observations of each factor level within
and PBF separately. each cluster (Figure 7A and B). Finally, we tracked the

percentage of papers within a year that were in the second

After calculating the dissimilarity matrix with Gower ) .
cluster, plotting the results of a LOESS regression to ease

distance, we evaluated the silhouette width of two ) : ; - - “
clustering algorithms (AGNES, DIANA™) across 2-15 the interpretation of the time-series (Figure 7C).

clusters, finding the algorithm and cluster number which In general, the second cluster of AM and PBF uses
maximizes the silhouette width. For both AM and PBE, fewer experimental designs, focusing on response surface
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designs such as central composite, Box-Behnken, and
Taguchi designs. In addition, the second cluster uses fewer
types of analyses, using regression or ANOVA. These
papers also tended to use proper experimental techniques
such as randomization and blocking. Papers in this
second cluster, then, used the DOE in their studies. The
proportion of papers in cluster 2 do not show a consistent
trend over time, instead following a sine-wave pattern
with an extremely small magnitude (roughly 0.075). This
pattern is roughly matched by PBE although it may be
offset by a couple of years. This could indicate that, in the
past, there may have been some improvements in the use
of the field, but any progress made was lost. The reason for
that is currently unknown, but a potential explanation is
the entrance of new researchers and new peer reviewers,
publications that are not as strict in experimental statistical
application as more senior researchers. Even if this upswing
is real, the proportion of papers using proper designs and
analyses is still small, and thus, further improvements need
to be made. Still, the presence of this sine wave-like cycle

sample size. Image created by the authors.

makes it unclear whether there is a general trend toward
more sophisticated designs.

3.4. AM in orthopedic research versus PBF-LB/M

One potential reason for the vast diversity of experimental
designs and statistical analyses in AM is the lack of
a generally accepted standard. However, research in
medical fields requires human or animal subjects
and thus requires the approval of institutional review
boards® as well as regulatory agencies such as the Food
and Drug Administration (FDA) or the European
Medicines Agency*; therefore, there is higher pressure
for standardization. Mechanical testing of additively
manufactured orthopedic implants must demonstrate
that the device can withstand clinically relevant loading
conditions and that the manufacturing process produces
consistent properties across builds. Standards such as
ASTM F3001 and F2924 specify chemical composition,
microstructure, and minimum mechanical property
requirements for titanium alloys produced via PBE, while
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device-specific protocols (e.g., ASTM F382 for bone plates,
ASTM F2077 for intervertebral fusion devices, and ISO
7206 series for hip joint prostheses) define test methods
for static and dynamic loading, fatigue life, and wear
performance.*®** These standardized methods provide
clear procedures for specimen preparation, loading
regimes, and acceptance criteria, ensuring reproducibility
and comparability across laboratories.

Biological safety is addressed through the ISO 10993
series, which provides detailed protocols for evaluating
cytotoxicity, sensitization, irritation, systemic toxicity, and
long-term effects of implantable materials.”” These tests
are essential for verifying that residual powders, post-
processing treatments, or unique surface morphologies
generated during AM do not introduce biocompatibility
risks. Alongside mechanical and biological testing,
robust statistical analysis is required to substantiate
compliance claims. Standards such as ISO 16269
(statistical interpretation of data) and ASTM E2709/E2810
(statistical methods for demonstrating conformance with
specification limits) offer frameworks for determining
sample sizes, confidence intervals, and equivalence
margins.*®* Regulatory guidance, including the FDA’s
Technical ~Considerations for Additive Manufactured
Medical Devices, further emphasizes the importance
of justifying statistical methodologies when validating
process control and demonstrating equivalence to
predicate devices.*” Together, these frameworks establish a
comprehensive basis for experimental verification of safety
and performance in AM-produced orthopedic implants.
Therefore, 3D printing in medicine—particularly in
orthopedics—serves as a valuable point of comparison for
highlighting the lack of standardized experimental and
statistical practices in PBF-LB/M.

To compare the two fields, we sampled an additional
20 papers from orthopedic research where AM was
used to build various anatomical structures with the end
goal of patient implantation (which we shall refer to as
“orthopedic engineering”). As we did before, we created a
list of candidate papers for AM in Scopus. The search term
we used was “Orthopedics” AND “3D Printing” A random
set of these papers was quickly assessed for relevance. Half
of these papers were from 2016, and the rest were drawn
from 2024, so that we could compare temporal trends
as well as fields. We also analyzed these papers as we did
before, noting what types of experimental designs were
used in each study, the type of analysis, etc. We compare
the proportion of papers using each design to PBF in the
same years.

We find that nearly all studies in orthopedic engineering
perform either single-factor experiments or full factorial

ones (Figure 8A), compared to the more diverse options used
in PBE While they do not use any problematic designs, such
as one factor at a time or single-value experiments, they also
do not utilize any RSM designs, such as central composite
designs (CCD). A similar pattern holds for statistical analyses
(Figure 8B). Most orthopedic studies use either an ANOVA
or t-test and are much less likely to just report descriptive
statistics; they also do not use more advanced models, such as
aregression. Finally, the proportion of papers that utilized at
least one useful DOE feature is higher in orthopedic studies
and PBE This is primarily the case because most studies
mentioned that experimenters randomly assigned subjects
to different treatment groups. Generally speaking, these
patterns have not changed between 2016 and 2024, although
the proportion of PBF papers using good experimental
strategies does increase (Figure 8C).

3.5. Best of the sampled papers

The use of statistics and DOE is not new to the field of
PBF-LB/M. Several manuscripts have successfully used
many of the techniques described in this review to address
empirical questions. Here, we highlight the best papers
we sampled that are focused on PBF-LB/M. These papers
were selected based on the number of good experimental
practices they used, as well as the clarity in which these
practices were explained (Summarized in Table 4).

Vilanova et al.*' used DOE for the classical problem of
finding the right parameter combinations that maximize
a response variable. It highlights and utilizes the general
guidelines for DOE (replication, randomization, etc.),
it uses a design which is appropriate for the fitted model
(CCD fitted to a second-order regression model), it has a
reasonably high sample size, and the response function is
well defined. Specifically, they used this design to solve a
multi-objective problem where the response variable is a
function of the desirability of several process outputs. They
reported regression results, the relevant statistics, and the
design matrix along with the raw results of the experiment.
Overall, they used the highest proportion of proper
experimental techniques of those papers we have checked.

The goal of the work of Zhang et al.’® is to use a
combination of simulations and experimental designs to
find regions of the process parameter space which result
in stable prints. They developed printability maps via
theoretical simulations, which showed the combinations
of parameters that result in different types of defects
(if any). They then chose points within each of these
regions to determine whether they achieve the predicted,
categorical result. The authors used a Latin hypercube
design and reported the design matrix along with the raw
results. Figure 2 shows an example of how to illustrate an
experimental method.
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Abbreviations: ANOVA: Analysis of variance; OFAT: One factor at a time; PBF: Powder bed fusion.

Table 4. Features used in experimental designs and statistical analyses of the highest-quality sampled papers

Manuscript Experimental design recommendations Statistical recommendations
Sample size  Randomization Blocking Standard Design Statistical Model Model Plot
justification design  matrix given test selection adequacy results

Vilanova et al.** v v v v v v v v

Zhang et al.** v v 4 v v

Pfaff et al. v v v v v v

Flores Ituarte et al.** v v v v

Tyagi et al.* v v v v v

Note: Each of the papers, except for Flores Ituarte et al.,** adopted a response surface methodology design, which used a full factorial design [Table 1].

Pfaft et al.*> designed a general method of finding
the process parameters necessary to maximize print
quality. They pointed out the benefits of using a CCD,
fitting a second-order model, made suggestions for the
most important predictor variables for PBF-LB/M while
showing the importance of setting parameter ranges, and
also discussed the advantages of aspects of DOE such as
randomization and using contour plots to find operating
conditions. They also covered some topics that we do not
include in this paper, such as calibrating empirical results
to an underlying theoretical model. Figures 1, 2, 7, and

8 show examples of how to demonstrate experimental
designs and visually show response surfaces.

The paper by Flores Ituarte et al.*® is perhaps the most
straightforward paper yet: it focuses on only identifying
the process parameters that influence the quality of
prints (tensile strength, porosity, etc.). They performed
a screening experiment but used a full factorial design,
which is inefficient. However, without reporting the design
matrix, it is not entirely clear what exact type of design was
used, or if they randomized the run order. They used an
ANOVA to determine the significance of factor effects and
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then fit single-factor polynomial trends to each factor and
effect after the ANOVA, and they utilized contour plots
across different response variables to find samples which
minimize all defects. Tables 1 and 2 depict how one can
efficiently report an experimental design and how to report
the results of an ANOVA, respectively.

Tyagi et al.,* like Flores Ituarte et al.,*® are interested in
determining factors that significantly influence features of
tensile bars, such as tensile and compressive strength. This
work used Taguchi’s L27 design and performed an ANOVA
on the results.* Interestingly, they only investigated the
main effects of the model, even though they could have
used a second-order model, but their analysis seems
appropriate for their research questions. The authors also
presented the appropriate ANOVA table and reported
their design matrix along with raw results. One major
issue is that some of their analyses were conducted using
signal-to-noise ratios, but without elaboration on why they
were utilized. In his work, Taguchi defined several signal-
to-noise ratios,” but it is not clear which of these (if any)
the authors used in the study.

While each of these papers generally used DOE
effectively, there is still an opportunity for growth.
Specifically, authors should report whether they checked
assumptions of their models, and why a specific statistical
model was selected. In addition, sequential experiments can
be performed, and a diverse range of models and designs
not used in these papers are available. By elucidating the
relevant literature, we aim to simplify the selection process
of appropriate models and designs for use in PBF-LB/M
experiments.

4. Concluding remarks
4.1. Current practices and limitations

AM is a complex technical field, where the variance in the
response of an experiment may be introduced in many steps
of the process. This variance should be minimized by the
experimental design and/or accounted for in the statistical
model. While a few studies in the field demonstrate good
practice in this area, most of the sampled manuscripts did
not explicitly justify their choice of experimental design
in terms of minimizing the effect of inherent variance on
the results. Unfortunately, based on the papers reviewed,
this situation is not improving with time, or at least
not improving significantly. We also conclude that the
experimental practices of PBF-LB/M do not differ from
AM at large. However, neither field in general utilizes the
most accepted standard best practices of DOE. About half
of the sampled papers do not perform any statistics beyond
just summarizing aspects of their data, such as the mean
response (descriptive statistics). Most of the remaining

papers perform either a regression analysis, an ANOVA or
both. Rarely are more advanced analyses performed, such
as Bayesian statistics and GLM. This means that only half
of the sampled papers use analyses that would quantify
the confidence that they had in their results. It is also not
clear if the other half of the papers even used appropriate
statistics. Very few papers performed model adequacy
checks or used model selection techniques to find the best
model. More worrisome, the sample points drawn in an
experiment may also not be independent of one another
due to the lack of randomization. This can have severe
consequences, as an improperly randomized experiment
can conflate lurking variables with treatment effects and
can introduce bias.**”” Furthermore, extraneous sources
of variation are often not accounted for with experimental
blocking, and the sample sizes used may not have been
properly determined considering the appropriate signal-
to-noise ratio. This is not to suggest that these practices
were not performed, but rather that, at best, they were
not reported. Therefore, our estimate for the frequency of
these practices is likely an underestimate. However, this
still represents a problem, as the important aspects of the
design need to be reported so that the audience has the
tools to replicate the reported results. Another potential
source of bias stems from the fact that all of the studies
reviewed originate from academia; private companies
rarely disclose their experimental practices, even in patent
filings, meaning that our analysis cannot capture the design
and statistical approaches being used in industrial settings.

In addition, the field appears to be stagnant with regard
to the use of more sophisticated experimental techniques,
as the usage of useful RSM and screening designs has not
changed over recent years. This finding was validated by
our cluster analysis, where we found that for both AM
and PBF-LB/M, all the manuscripts tend to cluster into
two broad categories: Those that use RSM as well as other
standard experimental practices, such as randomization,
and those that utilize some of these practices but tend to
perform experiments poorly. We found that participation
in these clusters did not change over time for PBF-LB/M,
and in fact, in all AM, participation in the latter cluster
is increasing with time, highlighting an urgent need to
improve the nature of the experiments in the field.

4.2. Recommendations and future directions

Unlike traditional methods that generally shape pre-
existing materials, AM builds both the material and
geometry simultaneously. This “material creation in situ”
greatly increases the likelihood that a part can be used
immediately after the build, which, in turn, elevates the
importance of rigorous statistical processes to guarantee
consistency, reliability, and performance in end-use
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applications. We therefore recommend the development of
a list of standard experimental statistics practices to be used
in AM. What is outlined in this paper is a proposed first
step in this direction. For instance, the researcher reporting
the results of experiments would mention the type of
design used, the purpose, and a justification for the sample
size used. The steps for selecting the statistical model, as
well steps to evaluate the adequacy of that model, should
be given. Finally, the results of the final regression and
ANOVA should be shown (t-value, the number of degrees
of freedom, R?, p-value, regression coeflicients, etc.).

Standardization, though, does not necessarily entail the
use of more rigorous analyses and designs. Studies using 3D
printing to replace orthopedic tissue use standard designs
(mostly single-factor) and analyses (ANOVA and t-test),
which are sufficient for simple hypothesis testing; they are
not efficient insofar as they only test one hypothesis at a
time, and they may ignore nonlinear effects such as those
modeled by interactions and quadratic terms. Given that
any experimental result is likely the product of multiple
interacting variables, multiple hypotheses should be tested
simultaneously using RSM designs to ensure the economic
viability and the robustness of the final result.*® In addition,
the use of proper experimental techniques did not change
much between 2016 and 2024. Standardization, then,
should also include higher standards for experimental
statistics.

Still, the use of even these basic designs and analyses
likely helps buffer the medical field against the crisis of
replication, as improper designs can artificially inflate
false positive rates.*” In medicine, unreproducible results
are unacceptable given the potential cost of human life,
but they should also not be tolerated in any scientific field.
Despite this, multiple engineering fields have been slow
to adopt DOE methods,***" potentially contributing to a
replicability crisis in the engineering field akin to that seen
in psychology.* Steps should also be taken to ensure the
validity of the statistical model, as model misspecification
canresultin incorrect inferences, further fueling issues with
reproducibility.*** In addition, model misspecification
caused by multicollinearity can also reduce the precision
of these models and inflate type I error rates.”* At the very
least, we encourage AM practitioners to adopt the practices
used in orthopedic engineering to avoid these problematic
outcomes.

That said, we still advocate for stronger experimental
designs, which can reduce the cost of experimentation in
numerous ways.>**>* The most common design choice in
AM studies was the generalized full factorial design. While
suitable in many cases, it is often information-ineflicient
compared to fractional factorial and other related designs.

However, this only represents about 35% of all sampled
papers, while most others use poor experimental designs
such as one factor at a time and single-factor experiments.
The first design necessarily excludes interactions from
statistical models, and the latter design only explores a
single source of variation. Other papers also may not
run a formal design at all and only report the results of a
single run or repeated runs of the same design point. Very
few experiments used standard RSM designs, such as a
CCD. One design which has been confused for a standard
RSM design is the group of Taguchi designs, which were
designed for the field of robust parameter design.>>*
These designs are meant to minimize the effect of noise
factors on a response variable by adjusting the values of
control factors. Despite requiring an excessive number
of runs compared to a similarly sized fractional factorial
design, the approach does not accommodate potentially
important control factor interactions.”” When all factors
are controlled, but some are inadvertently treated as noise
factors, important low-level interactions can be missed or
misinterpreted. In addition, if the split-plot nature of the
design is not accounted for in the fitted models, the power
of the test can be lowered. If Taguchi designs are to be used
outside of their intended context, they should be combined
with traditional response surface methods to control for
these shortcomings.”® However, in our literature review,
we found that Taguchi designs were used in place of other
designs, which is problematic. Instead, practitioners could
be using CCDs, Box-Behnken designs, and computer-
generated designs, which optimize various selection
criteria such as D-efficiency, when evaluating a response
surface. Full factorial and fractional factorial designs
should be used for screening factors.

Given that trends in the use of these analyses and
designs appear to remain unchanged over time, there is a
need to re-evaluate their application in AM broadly and in
PBF-LB/M specifically. In section 2 and in the companion
manuscript to this guide,”® we present a standardized
method of applying DOE methods to AM and PBF-LB/M
problems, and discuss the minimum requirements for
reporting these methods in a manuscript or report. If
these recommendations are implemented, they have the
potential to accelerate progress in the field by reducing
sample sizes,* removing communication barriers imposed
by imprecise experimental descriptions, and enhancing
the reproducibility of research.” These recommendations
could also be used in the context of a round-robin study to
distribute the costs of the experiments across laboratories.
This guide is useful for both practitioners and editors. Peer-
reviewed journals, especially those specialized in AM, can
request proper use and reporting of experimental statistics,
but they can also advocate for better designs. Adoption of
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these practices within AM can be tracked over time by
a journal or a scientific body by measuring an index of
statistical sophistication. Ensuring statistical precision
is highly critical for AM since it is used to produce parts
for highly regulated industry segments such as aerospace,
medicine, and similar fields.
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Abstract

Additive manufacturing (AM) for biomedical metals presents revolutionary
opportunities for producing personalized, complex structured biomedical
components. However, the high nonlinearity and complexity of the manufacturing
process pose significant challenges to the performance consistency of biomedical
metals. Traditional trial-and-error approaches and experience-based optimization
methods are increasingly inadequate for meeting the demands of high-reliability
medical applications. In recent years, machine learning (ML) has emerged as a
powerful data-driven tool, deeply integrating into every stage of AM for biomedical
metals and providing a driving force for its intelligent transformation and upgrading.
This review outlines three key applications of ML in biomedical metal AM: at
the property prediction stage, ML enables forward prediction of performance
characteristics by establishing precise mapping relationships between process
parameters and macrostructure quality, microstructure, and mechanical/functional
properties; at the process optimization level, ML-driven inverse optimization
algorithms efficiently navigate high-dimensional parameter spaces to achieve both
single-objective perfection and multi-objective balancing; at the quality monitoring
and control level, ML enables real-time diagnosis of manufacturing defects and
even closed-loop adaptive control by integrating multiple in situ sensor data. This
review explores how ML can facilitate the biomedical metals during the AM process
and outlines its future development toward fully integrated intelligent design and
manufacturing processes.

Keywords: Machine learning; Additive manufacturing; Biomedical metals; Forward
prediction; Inverse optimization; Quality control and monitoring

1. Introduction

Biomedical metals, such as titanium and its alloys,' cobalt-chromium alloys,?
biodegradable magnesium/zinc alloys,’ and medical-grade stainless steel,* are widely
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used in implant manufacturing for orthopedics, dentistry,
and cardiovascular applications® due to their superior
mechanical properties, biocompatibility, and corrosion
resistance. With the significant trend of global population
aging and the widespread increase in health awareness, the
market demand for biomedical materials (such as those
used in joint replacement, dental restoration, and trauma
treatment) has experienced explosive growth.' Ideal
biomedical metals require personalized geometric shapes
that precisely match the patient’s individual anatomy. In
addition, to promote osseointegration and avoid the stress
shielding effect, the internal structure is typically designed
as porous and possesses mechanical properties matching
those of natural bone tissue.”® However, traditional
manufacturing processes such as forging and casting
suffer from inherent limitations including extremely low
material utilization, difficulty in precisely controlling
internal pore structures, and inability to achieve
personalized customization, severely restricting their
clinical application.” In contrast, additive manufacturing
(AM), an advanced layer-by-layer fabrication technology,
leverages its digital and high-freedom manufacturing
characteristics to precisely form personalized biomedical
metals that closely match patient anatomy. It can also
construct biomimetic bone scaffolds with complex porous
structures, effectively promoting bone tissue ingrowth,
enhancing osseointegration, and significantly reducing
stress shielding risks.'

1.1. Introduction to AM technologies for biomedical
metals

In the field of medical metal AM, multiple mainstream
technologies are applicable to different clinical scenarios
due to their unique process characteristics.!! The most
widely applied techniques currently include laser beam
powder bed fusion (LB-PBF), electron beam powder bed
fusion (EB-PBF), and directed energy deposition (DED)
(Figure 1).

LB-PBF employs a high-energy laser beam to
selectively melt layers of metal powder, achieving layer-
by-layer manufacturing through rapid solidification.
This technology is renowned for its exceptional forming
precision and capability to produce complex structures,
enabling the fabrication of components with high density,
fine grain structure, and uniform microstructure."
Research indicates that commercially pure titanium and
Ti-6Al-4V alloy components formed through LB-PBF
exhibit significantly superior microhardness, compressive
strength, and tensile strength compared to those produced
by conventional processes."

EB-PBF differs from LB-PBF by utilizing a high-energy
electron beam as the heat source, typically operating in

a vacuum environment, and preheating the powder bed
before melting. This approach helps reduce residual stresses
and control microstructure.'*'> EB-PBF technology excels
in manufacturing titanium alloy implants with simulated
bone stiffness characteristics, effectively mitigating the
stress shielding effect.'s

DED, as one of the most mature industrial AM
technologies, fundamentally involves the controlled
deposition of metal powder.” The DED technique
includes laser powder DED and laser wire DED and
electron beam DED. DED technique offers advantages
such as high printing speeds, the ability to process large-
scale components, compatibility with various metals
and alloys, and the capability to manufacture parts from
heterogeneous materials. Components produced by this
technology exhibit fine, uniform microstructures due to
rapid melting and solidification under high-energy lasers,
resulting in excellent mechanical properties and near-
complete density. It is also suitable for complex surface
deposition and part repair.

Research data further confirm that biomedical metal
AM significantly surpasses traditional processes in key
performance metrics (Table 1). Attar et al.'® demonstrated
that commercially pure titanium components produced
through LB-PBF exhibit markedly higher microhardness,
compressive  strength, and tensile strength than
conventionally fabricated samples, achieving near-full-
density microstructures and outstanding comprehensive
mechanical properties. Regarding corrosion resistance,
Zhao et al.” noted that Ti-6Al-4V alloy components
manufactured  through LB-PBF demonstrated
outstanding corrosion resistance in tests simulating
in vivo environments, exhibiting corrosion rates
significantly lower than industry standards. Similarly, Bai
et al.”® found that Ti-6Al-4V alloy formed using EB-PBF
technology exhibited superior corrosion resistance in
phosphate-buffered solution compared to conventional
forged components. This compelling experimental
evidence demonstrates that AM not only overcomes
the limitations of traditional processes in producing
personalized and complex structures but also achieves
substantial breakthroughs in material density, mechanical
properties, and service reliability. This establishes a robust
technological foundation for developing a new generation
of high-performance, customized medical metals.*!

These technologies are employed to process various
biomedical metals; however, each category presents distinct
application advantages and manufacturing challenges.
Biomedical metals serve as core materials for implants in
orthopedics, dentistry, and cardiovascular applications.
They can be classified into several major categories:!
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Figure 1. Additive manufacturing techniques used for biomedical metals." (A) LB-PBF; (B) EB-PBF; (C) laser powder DED; (D) laser wire DED; and (E)

electron beam DED.

Abbreviations: DED: Directed energy deposition; EB-PBF: Electron beam powder bed fusion; LB-PBF: Laser beam powder bed fusion.

Table 1. Comparison of primary conventional manufacturing processes versus AM for biomedical metals

Feature Conventional manufacturing processes AM process References
Design freedom Low: constrained by mold and tool High: capable of producing complex geometries, lattice 6,9
accessibility structures, and internal channels
Customization Challenging and costly Core advantage: easily achieves implants tailored to 5,10
patient anatomy
Material utilization Low: generates significant waste (subtractive High: near-net-shape forming, with unmelted powder 9
manufacturing) recyclable
Mechanical properties Isotropic, stable performance May exhibit anisotropy; properties strongly dependent 12,13,18
on process parameters
Microstructure control Limited by overall heat treatment, restricted Precise and controllable; can be directionally regulated 14
control range through process parameters and scanning strategies
Typical applications Standard-sized bone plates, screws, and joint Custom acetabular cups, craniofacial implants, porous 8,10
stems bone scaffolds
Primary limitations Difficulty in manufacturing complex porous High equipment costs; process monitoring and quality 33,35

structures; high cost of customization

assurance systems still under development

Abbreviation: AM: Additive manufacturing.

(i) Titanium alloys, particularly Ti-6Al-4V, represent the
benchmark material due to their excellent specific
strength, corrosion resistance (relying on a surface
TiO, passivation film), and inherent biocompatibility.2
B-type titanium alloys (e.g., Ti-Nb-Zr-Ta systems)
are especially promising with elastic moduli (~30-
60 GPa) closer to human bone (10-30 GPa), effectively
mitigating stress shielding. These alloys are widely
used in orthopedic implants (e.g., artificial joints and

bone scaffolds), dental implants, craniofacial repair
components, and cardiovascular stents, especially for
load-bearing and long-term implantation scenarios.
Researchers further used LB-PBF to fabricate complex
porous structures that modulate modulus and
promote osseointegration.”? Therefore, defects need
to be suppressed through parameter optimization to
enhance relative density and avoid porosity or a lack
of fusion, which would degrade fatigue performance.

Volume 1 Issue 4 (2025)

doi: 10.36922/ESAM025440031


https://dx.doi.org/10.36922/ESAM025440031

Engineering Science in
Additive Manufacturing

Machine learning for biomedical metal AM

(ii) Cobalt-chromium alloys possess exceptional wear
resistance and high mechanical strength. Ideal
for articular prostheses (orthopedics) and dental
restorations/implant abutments, where wear resistance
and mechanical stability are critical.** However, long-
term implantation may involve risks of Co/Cr ion
release and potential toxicity.”® AM processes require
careful hot cracking control and surface roughness
regulation to minimize bacterial adhesion and ion
release, combining scanning strategy optimization.

(iii) Medical-grade stainless steels (e.g., 316L) offer cost-
effectiveness and good processability.® Limitations
include relatively inferior corrosion resistance,
potential Ni ion-induced allergies, and high elastic
modulus. Suitable for short-term orthopedic fixators,
prosthetic sockets, and general medical devices,
particularly in cost-sensitive, low-load-bearing
scenarios. AM focuses on preventing solidification
defects by controlling energy density and reducing the
evaporation of elements with a high vapor pressure.”

(iv) Biodegradable metals represent an emerging frontier
in biomaterials research. Magnesium alloys have
mechanical properties that match those of human
bone and excellent biocompatibility, but they suffer
from excessively fast degradation, which makes them
prone to premature mechanical failure and hydrogen
evolution during corrosion.” They can be employed
in temporary orthopedic fixators, porous bone
scaffolds, and biodegradable cardiovascular stents,
avoiding secondary surgery for implant removal.
AM focuses on addressing these issues by employing
low-energy density to suppress evaporation and
balling effects, mitigating challenges associated
with magnesium’s low boiling point and high vapor
pressure, while rapid solidification refines the
microstructure to regulate degradation rates.” Zinc
alloys offer moderate degradation rates and favorable
biocompatibility*®' but suffer from inadequate
mechanical properties and low as-fabricated density
in AM processes. To enhance performance, AM
strategies focus on optimizing scanning strategies
to reduce elemental segregation, thereby improving
mechanical integrity. Iron-based biodegradable
alloys possess high strength and biocompatibility.**
However, their degradation is excessively slow,
hindering complete absorption within the desired
timeframe. AM enables the fabrication of tailored
porous structures to accelerate corrosion, making
these alloys suitable for load-bearing bone scaffolds
and orthopedic fixators.

However, the actual AM process of biomedical
metals constitutes a thermo-fluid-solid coupled physical

metallurgical process involving rapid solidification,
phase transformations, and complex stress evolution.”
The ultimate result, in relation to the performance and
quality of the biomedical metal, is significantly influenced
by material composition, powder characteristics,
process parameters (e.g., laser power, scanning speed,
and scanning strategy), equipment condition, and even
environmental factors.*** These factors exhibit strong
nonlinear interactions, forming a high-dimensional,
complex parameter space. Conventional research and
production models are predicated on engineers’ experience
and extensive trial-and-error experimentation. This not
only leads to prolonged development cycles and high costs
but also hinders the systematic capture and understanding
of underlying patterns. Consequently, this can result
in limitations on the performance of the product and a
compromise to batch consistency.

1.2. Introduction to machine learning (ML)

ML is a fundamental component of artificial intelligence
(AI) that provides a novel approach to addressing the
aforementioned limitations. It possesses the distinct
capacity to automatically discern patterns from data,
facilitating precise predictions and decisions.”® By
continuously acquiring new knowledge and advanced
capabilities, and through self-optimization and
updating through specific optimization algorithms
and other methods, more precise judgment outcomes
can be achieved.”*® Against the backdrop of rapid Al
advancement, ML exhibits increasingly broad applicability.
In biomedical metal AM, its implementation typically
follows a systematic workflow comprising four key stages:
data acquisition and preprocessing, feature engineering,
model selection and training, and model evaluation.

With regard to the collection of data, the present corpus
of ML data in AM is primarily derived from the following
sources:*** Experimental data form the core, encompassing
process parameters and mechanical property data obtained
through systematic experiments, real-time molten pool
dynamics captured via in situ monitoring techniques
(e.g., thermal imaging and acoustic emission [AE]), and
microstructural/defect data derived from microscopic
characterization (e.g., scanning electron microscope [SEM]
and micro-computed tomography [micro-CT]). However,
acquiring experimental data is costly and time-consuming.
Second, simulation data, particularly that generated from
multi-physics models such as finite element analysis, have
been demonstrated to effectively supplement experimental
data. Databases formed by integrating public datasets
and academic literature, along with industrial production
data accumulated by manufacturers, also provide valuable
resources for model development. Nevertheless, the latter is
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frequently challenging to acquire due to concerns regarding
commercial sensitivity.*** To address fundamental
challenges such as data scarcity, heterogeneity, and
insufficient high-quality labeled data, researchers employ
diverse strategies, including multimodal data fusion
and transfer learning. Subsequent preprocessing steps,
including data sampling, anomaly detection and handling,
data discretization, and standardization, have been shown
to enhance training efficiency and prediction accuracy.

The objective of feature engineering is to extract or
construct features that are most representative of the
prediction target from raw data, thus serving as a key factor
in enhancing model performance. Common methods
include principal component analysis, independent
component analysis, categorical encoding, and clustering.
The process of feature engineering has been shown to
reduce dimensionality, thereby eliminating redundancy
and highlighting key parameters that influence material
properties.**

Model selection and training involve choosing
appropriate ML algorithms based on specific tasks and data
characteristics. ML algorithms are primarily categorized
into four types (Figure 2):

(i) Supervised learning: Supervised learning models
extract feature values and mapping relationships
between input and output data from known samples.
They assign specific labels to data points and
continuously train on sample data relationships to

predict unknown data. Supervised learning is further
divided into regression and classification. Regression
primarily handles continuous variables, while
classification deals with discrete variables. Regression
algorithms encompass a range of methods, including
linear regression, Gaussian process regression (GPR),
and regression trees. The applications of regression
algorithms in the field of AM primarily encompass
the following: process window prediction, process
parameter optimization, alloy property prediction,
geometric deviation control, and closed-loop
control. Common classification algorithms include
linear discriminant analysis, naive Bayes, support
vector machines (SVM), K-nearest neighbors,
random forest, and classification trees.*®* The
primary applications of these algorithms encompass
defect detection, quality assessment, and geometric
deviation control.

(ii) Unsupervised learning: Unsupervised learning
algorithms are characterized by their ability to
function without the requirement of labeled input-
output pairs. Instead, they analyze relationships
within known data to categorize and partition data
based on inherent patterns.”® Unsupervised learning
algorithms can be categorized into two classifications:
clustering and dimensionality reduction. In the
context of clustering algorithms, ML involves the
division of data into groups of records that exhibit
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Figure 2. Four categories of machine learning and common algorithms. Image created by the authors.
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similar characteristics, without the explicit definition
of the nature of these groups. Common algorithms
include K-means, hierarchical clustering, generative
adversarial networks, and self-organizing maps
(SOMs). Dimension reduction algorithms reduce data
dimensions to enhance visualization and processing
efficiency while preserving key features and lowering
complexity. These algorithms play a crucial role in
handling high-dimensional datasets, particularly in
image processing tasks.

(iii) Semi-supervised learning: Semi-supervised learning
algorithms are positioned as an intermediate model
between supervised and unsupervised learning
approaches. This methodology employs the use of
pseudo-labels or a limited amount of labeled data in
conjunction with a substantial volume of unlabeled
data for the purpose of performing data classification
and achieving predictive outcomes. Key algorithms
include self-training classifier and graph convolutional
networks. This learning approach is particularly
valuable when labeled data acquisition is costly but
unlabeled data are relatively accessible.

(iv) Reinforcement learning: Reinforcement learning
represents one of the more complex ML models. It
employs a trial-and-error approach to seek optimal
solutions within specific domains, learning through
positive reinforcement signals generated by its
environment. Typical algorithms include Q-learning,
deep Q-network, policy gradient, and Markov
decision process. The field of reinforcement learning
has demonstrated significant potential in domains
such as robot control and resource scheduling.

Model evaluation must be conducted on data
independent from the training set to avoid overfitting or
underfitting. Common evaluation methods include k-fold
cross-validation. Evaluation metrics are selected based
on task type: regression problems commonly use root
mean square error (RMSE), mean absolute error (MAE),
and coefficient of determination (R?); classification
problems employ accuracy, recall, and FI score; and
clustering problems may utilize metrics like the Landis
index. Evaluation results can further optimize model
hyperparameters to achieve optimal performance.*>*

1.3. ML-driven AM of biomedical metals

AM offers freedom for the personalization of biomedical
metals, while the highly nonlinear and dynamically
uncertain process poses significant challenges in
achieving precise control over process-structure-property
relationships. The challenges manifest across three
aspects: (i) forward prediction of properties difficulties:
the intricate relationship between process parameters

and final properties defies description through simple
models; (ii) inverse optimization of process parameters
inefficiencies: global optimization and multi-objective
trade-oft inefficiencies in high-dimensional parameter
space; and (iii) quality control challenges: insufficient
real-time diagnostic and intervention capabilities
for identifying and addressing defects during the
manufacturing process. It is within this context that ML
emerges as a transformative tool, capable of uncovering
hidden patterns from historical data, simulations, and
real-time process monitoring. This data-driven approach
enables the construction of precise predictive models and
efficient optimization strategies, thereby addressing the
core bottlenecks in AM.

Although existing reviews have improved our
understanding of biomedical metals and ML applications
in AM, the research in this specific subfield is not
integrated. For instance, Bahl et al.®® systematically
reviewed the design, thermo-mechanical processing,
and performance evaluation of metastable 8 titanium
alloys for biomedical applications. Li et al.>* reviewed
the effects of various surface morphologies on the
in vitro and in vivo performance of biomedical metallic
materials, while delving into the underlying mechanisms
linking surface topography to biological responses.
Wang et al.* reviewed the research progress on Mg-based
alloys as biomedical materials, with a particular
focus on strategies for optimizing their mechanical
properties and corrosion behavior. Existing reviews on
biomedical metallic materials seldom incorporate ML
methodologies; they are more frequently mentioned
as future perspectives in the outlook section, such as
Guo et al.*® specifically highlighted the prospects of ML
in accelerating intelligent design, printing processes,
and performance prediction of powder-based three-
dimensional (3D) printed titanium alloys providing
new insights for future research. For the field of
ML-driven alloy design, Li et al.*” outlined the use of ML
in multi-property optimization of high-entropy alloys,
while Hu et al.®® summarized MLs role in establishing
composition-processing-property linkages and enabling
inverse design. For ML in AM, Jin et al.”® elaborated on
the specific applications of ML across different AM
processes and the construction of digital twins, and
Zhu et al.®® reviewed ML applications in condition
monitoring and defect diagnosis for metal AM. Further
expanding on the applications of ML in AM, Chen et al.®!
reviewed the application of ML in AM from design and
process optimization to in situ defect detection and
post-process quality assessment and highlighted the
innovative integration of emerging ML techniques,
such as reinforcement learning and physics-informed
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ML, for enhancing quality assurance and advancing
intelligent manufacturing in AM. Inayathullah et al.®
focused on physics-aware hybrid data approaches and
evaluated the performance of various advanced ML
algorithms in enhancing the precision and efficiency
of AM. This review, therefore, narrows its scope to the
specific domain of ML applications in AM process of
biomedical metals.

This review is organized around three interconnected
dimensions that form a manufacturing framework
(Figure 3): (i) building forward predictability: in response
to the stringent requirements of medical metals for
mechanical compatibility, biocompatibility, and service
reliability, ML establishes surrogate models between
process parameters and key performance indicators,
laying the foundation for understanding complex process-
structure-property relationships and enabling function-
oriented manufacturing; (ii) enhancing process inverse
optimization efficiency: confronted with the inefficiency
of traditional trial-and-error methods in navigating
high-dimensional =~ parameter  spaces, = ML-driven
optimization algorithms synergize exploration and
exploitation to identify optimal performance parameters
or comprehensively balanced process windows, thereby
enhancing development and research efficiency; and (iii)
upgrade of process controllability: by leveraging multi-
source in situ monitoring data, ML enables real-time defect
diagnosis during the manufacturing process. This facilitates
a shift in quality control strategy from post-fabrication
inspection to in-process control and prior prediction,
providing crucial support for the clinical translation and
standardization of additively manufactured biomedical
metals.

2. ML-driven forward prediction of AM
biomedical metals

2.1. Overview

Forward prediction in AM refers to the use of ML models to
forecast the performance metrics of final products based on
known process parameters, material composition, or initial
conditions.”® This approach follows the process-structure—
property paradigm, aiming to construct high-precision
and efficient surrogate models that map manufacturing
inputs to functional outputs. Traditional methods, which
rely heavily on experimental iteration and physics-based
or empirical formulas, often encounter limitations due to
the high-dimensional and strongly non-linear coupling
effects within the parameter space. In contrast, ML-driven
forward prediction serves as a powerful surrogate model
capable of automatically extracting complex nonlinear
mappings from large volumes of high-dimensional process
data. This effectively overcomes difficulties arising from
unclear underlying mechanisms and provides a reliable
foundation for subsequent inverse optimization aimed at
determining process parameters from target properties.

For biomedical metals, the successful application
critically depends on  mechanical compatibility,
biocompatibility, and long-term service reliability.®
Accurately predicting the final performance of
AM-fabricated biomedical components is essential to
achieving right-first-time manufacturing and accelerating
clinical translation. Key aspects requiring prediction
include macrostructure quality, microstructure, mechanical
properties, fatigue life, and defects, all of which collectively
determine implant performance in complex biological
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Figure 3. Overall framework of the review: machine learning-driven additive manufacturing of biomedical metals, including forward prediction, inverse

optimization, and quality control. Image created by the authors.
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environments.* This chapter elaborates on the application
of ML in the forward prediction of these attributes for
AM-fabricated biomedical metals, demonstrating how
data-driven modeling supports performance forecasting.

2.2. Macrostructure quality forward prediction

In additively manufactured biomedical metal, the
macrostructure quality of parts forms the foundation for
their successful application. Among these, density and
surface roughness are the two most critical macrostructure
quality indicators. ML models enable precise forward
prediction of these indicators by learning correlations
between process parameters and macrostructural
properties.

2.2.1. Density

Density serves as a core metric for assessing internal
defects in additively manufactured parts. High density is
essential for ensuring the superior mechanical properties
and long-term service safety of biomedical metals.** Early
studies such as Bartolomeu et al.®* employed traditional
statistical models like response surface methodology. These
successfully established quantitative relationships between
LB-PBF process parameters and density for Ti-6Al-4V,
revealing the significance of parameter interactions and
demonstrating preliminary validation of the feasibility of
establishing quantitative process-density mapping through
data-driven methods.

As datasets expand and algorithms advance, more
sophisticated ML models demonstrate superior predictive
performance. ML models, utilizing process parameters as
inputs, can accurately predict the relative density of final
parts, thereby enabling the avoidance of high-porosity
process windows before manufacturing. For instance,
Maitra et al* constructed comprehensive Ti-6Al-4V
LB-PBF data set from 48 publications, employing GPR
models to predict densification behavior. The GPR
model achieved a remarkably low MAE of 1.12%, and
its outstanding engineering applicability was validated
through actual printing tests (MAE = 0.27%). In another
study by Jiang et al.,*” a dataset comprising 63 parameter
trials was constructed with the aim of improving the
density and mechanical properties of the high-entropy
alloy Ti;.sNb;Tao.sZriMoe.s (TNTZM), a preferred clinical
alloy, during the LB-PBF process. Using laser power and
scanning speed as inputs, the AdaBoost model achieved
the best performance on the test set (R*> = 0.85, RMSE
= 0.37). This approach successfully produced TNTZM
samples with a density of 99.9%. Subsequent heat
treatment increased the yield strength by over 150 MPa
while maintaining approximately 50% ductility, validating
the predictive accuracy of ML model.

The universality of this data-driven approach was further
validated across diverse material systems. Gor et al.®
conducted a systematic comparison of multiple models for
predicting the density of 316L stainless steel, with artificial
neural networks (ANN) and SVM demonstrating superior
performance, achieving R*> values of 0.95 and 0.92,
respectively, for density prediction (Figure 4A and B).
Collectively, these studies demonstrate that diverse
ML models can achieve high predictive accuracy for
densification behavior in LB-PBE By establishing precise
quantitative links between process parameters and relative
density, these data-driven approaches offer a reliable
strategy to avoid high-porosity process conditions, thereby
enabling the direct fabrication of highly dense parts.

2.2.2. Surface roughness

Surface roughness is a critical factor determining
product quality. In the engineering field, excessive
surface roughness not only directly leads to a shortened
product lifespan but also significantly impairs
mechanical properties such as tensile strength and
fatigue strength. This degradation of macrostructure
properties is closely related to adverse effects on the
material’s microstructure.®’ For biomedical metals,
surface roughness directly regulates biocompatibility,
influencing cell adhesion, proliferation, differentiation
(osseointegration), and antibacterial performance.”>”
However, excessively high roughness can also become an
initiation site for fatigue cracks, posing a threat to long-
term service safety. Given the complex and critical multi-
dimensional impact of surface roughness on product
performance, its stringent control is essential.

Consequently, various ML models have been developed
to predict surface roughness for different AM processes,
aiming to achieve proactive control. Koo et al.”? employed
random forest regression, extreme gradient boosting
(XGBoost), and SVR models to predict the down-skin
surface roughness in LB-PBE. The input features included
laser power, scanning speed, layer thickness, hatching
distance, and overhang angle. Among these models, the
XGBoost model demonstrated the best performance
(R* = 0.63). For wire arc AM (WAAM), which typically
involves larger thermal input and a more unstable process,
different approaches have been explored. Xia et al.”
utilized a genetic algorithm-optimized adaptive neuro-
fuzzy inference system (GA-ANFIS) model to predict
surface roughness. This GA-ANFIS model achieved a
very high prediction accuracy (R* = 0.94), which was
verified to be highly consistent with actual measurements
through a laser vision scanning system. This indicates that
the GA-ANFIS model, combining the interpretability of
fuzzy logic and powerful non-linear fitting capability, can
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Figure 4. Models and results for macrostructure quality prediction. (A) Artificial neural network model for density prediction;*® (B) support vector
machine model for density prediction;* and (C) deep neural network model for surface roughness prediction.”

effectively predict and control macro-topography even
in the challenging WAAM process. Similarly, So et al.”
used a deep neural network (DNN) to predict the surface
roughness between consecutively stacked layers in the
WAAM process (Figure 4C). Wire feed speed, travel speed,
and the geometric features of the previously deposited layer
were utilized as inputs. The DNN model exhibited excellent
performance on the test set, with an RMSE of 0.03 and a
high correlation coefficient (r = 0.97) between predicted
and actual values, demonstrating strong predictive
capability. Surface roughness prediction through ML
models, ranging from ensemble methods such as XGBoost
to hybrid systems like GA-ANFIS and deep learning
approaches like DNN, has shown considerable promise
across different AM technologies, including LB-PBF and
WAAM. These data-driven prediction methods provide an

effective pathway for the precise control and optimization
of surface roughness, thereby forming a crucial foundation
for enhancing overall product quality and reliability.

2.3. Microstructure forward prediction

Microstructure serves as the critical bridge linking AM
process parameters to macrostructure properties.”®
Factors such as grain size, morphology, and phase
composition directly influence a material's mechanical
and bio-functional properties.”” However, compared with
conventional manufacturing methodologies, the inherently
intricate kinetics of AM processes can significantly alter
the solidification behavior and grain structure of alloys
during fabrication. Therefore, accurately predicting
microstructure is central to achieving customized
performance in biomedical metals.
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Regarding phase composition and morphology
prediction, Zhang et al.”® synthesized 144 sets of Ti-
xAl-yV alloy samples through DED and utilized a
backpropagation neural network to establish a mapping
from composition to microstructure and mechanical
properties. The models successfully predicted the volume
fraction of o-phase and the average width of a-laths,
achieving high prediction accuracy with R® values
exceeding 0.96. This direct composition-microstructure
mapping provides a powerful high-throughput screening
tool for rapidly designing novel biomedical titanium
alloys with tailored microstructures, such as low-modulus
B-Ti alloys. Furthermore, unsupervised deep learning
has revolutionized microstructure characterization.
Calvat et al”™ employed variational autoencoders for
low-dimensional feature extraction from raw electron
backscatter diffraction Kikuchi diffraction patterns
(Figure 5A and B), successfully revealing microstructural
heterogeneities such as dislocation cell structures and
intra-grain orientation gradients in AM Inconel 718.
Although the research focused on high-temperature
alloys, its methodology offers a novel perspective for
quantifying and regulating microstructural heterogeneity
in biomedical metals. ML has shifted from describing
known microstructures to discovering unknown ones. It
can predict classical phase compositions and grain sizes
while extracting hidden microstructural features from
massive datasets that remain inaccessible to traditional
methods. By establishing links between process parameters
and these quantified features, processes may be directed
to refine grains and suppress detrimental phases, thereby
optimizing the overall performance of biomedical metals.

2.4. Mechanical property forward prediction

Biomedical metals, particularly those used for implants,
endure complex mechanical environments within the
human body while fulfilling their biological functions.
Mechanical property adaptation is a fundamental
requirement for biomedical metals, particularly for

load-bearing implants where modulus matching with
bone tissue is crucial to prevent stress shielding. ML
surrogate models enable predictive mechanical property
design by establishing direct correlations between process
parameters, heat treatment conditions, and resulting
mechanical performance.

In a study on DED titanium alloys, Chi et al.* employed
an XGBoost model to establish relationships between
process parameters, utilizing laser power, scanning rate,
and heat treatment conditions as inputs to accurately
predict the ultimate tensile strength (UTS) and elongation
of the material. Ti-17 alloy specimens fabricated under the
guidance of the model exhibited mechanical properties
in close agreement with the predicted values, achieving a
UTS of 1050 MPa and an elongation of 12.5%. Considering
the multifactorial effects of process-heat treatment-
microstructure interactions, Wang et al.*' demonstrated the
advantages of multi-scale modeling. Employing a multilayer
perceptron, they found that incorporating heat treatment-
induced microstructural features significantly improved
the prediction accuracy of Ti-6Al-4V tensile strength, with
the R increasing from 0.80 to 0.91. This indicates that
incorporating microstructure as an intermediate variable
enhances both the physical plausibility and accuracy of
mechanical property predictions. Liu et al®* developed
an ML-based knowledge transfer framework to accelerate
process optimization for new metal AM systems. Focusing
on LB-PBF of Ti-6Al-4V, the study employed a naive
Bayes classifier to model process-property relationships.
The model used process parameters as inputs to predict
discretized levels of relative density and microhardness as
outputs. The predictive performance was robust, achieving
accuracies of 85.6% for density classification and 88%
for microhardness classification, with area under the
curve values of 0.88 and 0.93, respectively. Experimental
validation confirmed that the model could successfully
recommend process parameters for new printer models
not included in the training data, effectively demonstrating

50 pm

b 718 Wrought || s

Figure 5. Microstructure characterization of additively manufactured metals by machine learning. (A) Variational autoencoder training principle and
(B) latent space feature maps for microstructure heterogeneity identification. Image reprinted with permission from Calvat et al.” Copyright © 2025 The

Authors.
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cross-printer knowledge transfer across three industrial
scenarios and significantly reducing the experimental
burden for process qualification. In addition, Fang et al.,*
as illustrated in Figure 6, integrated a validated thermal
model with a 1D convolutional neural network (CNN)
to analyze thermal history data, accurately predicting the
mechanical properties, specifically the UTS, yield stress,
and failure stress of DED Inconel 718 thin walls and
demonstrating high predictive accuracy for UTS with a test
set R? of 0.67. The thermal history-performance prediction
framework established in this study is equally applicable
to forecasting performance changes in biomedical metals
during AM caused by complex thermal cycling. For the
elastic modulus which is critical to biomedical implants,
Liu et al.3* developed a Young’s modulus prediction model
for Ti-6Al-4V based on an ANFIS. This model achieved
a prediction error of only 0.66 GPa, far outperforming
traditional theoretical models, and effectively quantified
microstructure effects, providing a reliable foundation for
precision control of implant modulus.

With the increasing application of ML models in
AM of biomedical metals, model interpretability has
become crucial for ensuring prediction reliability
and guiding process optimization. Shapley additive
explanations (SHAP) analysis, one of the most widely used
interpretability methods,® quantifies the contribution
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of each input feature to model predictions, thereby
revealing the influence mechanisms of process parameters
on strength and ductility. As shown in Figure 7, the
MechProNet framework developed by Akbari et al®
integrated 1600 data points and employed models such
as random forest to achieve high-precision predictions
(R? > 0.90) for yield strength, tensile strength, and other
properties. Concurrently, SHAP analysis systematically
examined the influence of multiple AM factors on
mechanical properties such as yield strength and UTS
(Figure 8). The analysis indicated that post-processing
conditions are the most significant factor affecting yield
strength, followed by material thermophysical properties,
processing parameters, and the material itself.

SHAP analysis serves a dual purpose: it quantifies
the importance of influencing factors and reveals the
direction of their effects on mechanical properties. This
enhances the transparency of ML models and validates the
consistency between predictions and underlying physical
mechanisms. Such interpretability not only improves
model trustworthiness but also provides new insights
into understanding complex process-structure—property
relationships in AM. By clarifying the influence mechanisms
of key process parameters, it effectively guides the process
development of novel biomedical alloys, reduces trial-and-
error costs, and accelerates clinical translation.
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Abbreviations: SHAP: Shapley additive explanations; XGBoost: Extreme gradient boosting.

2.5. Fatigue life forward prediction enhance prediction accuracy. For instance, Zhan et al.¥
developed a hybrid framework combining continuum
damage mechanics with a random forest model. Using
the stress concentration factor, maximum stress, and
stress ratio as inputs, the model effectively predicted the

Fatigue is also a predominant cause of metal failure,
particularly for biomedical metallic materials serving in
environments under cyclic loading.** Consequently,
accurate prediction of fatigue life is crucial for ensuring the

long-term safety and reliability of implants. In recent years, fatigue life of additively manufactured titanium alloy,
hybrid approaches integrating physical models with data- demonstrating significantly higher accuracy than pure
driven methods have emerged as a promising pathway to physical models. This method proves particularly suitable
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for predicting the fatigue behavior of actual components
with geometrical features, highlighting its substantial
practical engineering value. Regarding direct prediction
based on process parameters, Zhang et al.*® constructed an
ANFIS model for LB-PBF 316L stainless steel. The model
successfully predicted high-cycle fatigue life using process
parameters and post-processing parameters in conjunction
with the maximum cyclic stress, maintaining prediction
errors within an acceptable range. Similarly, Shen et al.”!
employed feature engineering to optimize a multilayer
perceptron model for Ti-6Al-4V alloy. By incorporating
defect characteristics obtained from micro-CT scans,
they established a high-precision fatigue life prediction
model and explicitly identified defect location as the
most critical factor influencing life. Evidently, the ML
prediction of fatigue life is evolving from a reliance solely
on process parameters toward an integrated framework
that incorporates mechanical loading conditions with key
defect characteristics such as size, shape, and location.

2.6. Defect forward prediction

Common defects in AM, such as porosity, lack of fusion,
and cracks (Figure 9), are key risk sources that compromise
the reliability of metals®>* and can lead to clinical failure.
These defects not only act as stress concentration sites,
significantly reducing the fatigue strength and fracture
toughness of the material, but in biodegradable metals,
they may also accelerate localized corrosion, leading
to premature mechanical degradation or the release of
unintended metal ions. Therefore, proactively predicting

Moving
laser beam

a0 Mini
~keyhole

“J’-like
keyhole

and avoiding defects before production is a critical task for
ensuring product quality. In this context, ML, particularly
its important subfield, has demonstrated significant
potential in key tasks such as defect identification,
classification, and generation.

In the diagnosis and prediction of defect types, Lee
et al.** established an explainable ML framework for the
laser metal deposition process. The study used GPR to
predict porosity and geometric dimensions, and an SVM
to classify defect types (e.g., gas pores, keyholes, and lack
of fusion), achieving an overall accuracy exceeding 0.93.
Through SHAP analysis, the influence weight of various
process parameters on defect formation was systematically
quantified. Results indicated that the powder feeding
rate had the greatest impact on the deposited height,
while laser power was the most critical factor controlling
porosity. Similarly, Gui et al.”* designed and fabricated 32
sets of S30C samples with different process parameters
and conducted actual inspection and classification of
internal defects using X-ray CT and SEM. By employing
quantitative surface morphology parameters as defect
detection criteria, an SVM model was utilized to predict
defects based on process parameters (current, scanning
speed, and line offset), achieving an accuracy of 0.95 and
an F1 score of 0.73.

Furthermore, Du et al.*® integrated purely data-driven
methods with physical laws to reveal the underlying
mechanisms of defect formation and establish high-
precision prediction models. Addressing balling defects in

Newborn
keyhole

Figure 9. Common defects in additive manufacturing. (A) Lack of powder fusion; (B) Crack;*? (C) Formation of keyhole.”*
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LB-PBE instead of using process parameters directly, they
utilized a validated 3D heat transfer and fluid dynamics
model to compute six feature variables closely related to the
balling formation mechanism, such as volumetric energy
density, surface tension, and melt pool aspect ratio—as
inputs for ML. Using a genetic algorithm, they constructed
a balling susceptibility index prediction model, which
achieved approximately 90% prediction accuracy tested
against 166 experimental datasets, with its effectiveness
further validated through LB-PBF experiments.

In defect prediction, the usage of ML is evolving
from post-detection toward pre-hoc warning and virtual
twins. By generating virtual microstructures consistent
with real defect statistics and leveraging explainable
models to clarify causal relationships between process
parameters and defect types, ML paves a new path toward
achieving comprehensive, forward-looking quality control
throughout the entire biomedical metals AM process.

3. ML-driven inverse optimization of AM
process

3.1. Overview

After achieving accurate prediction of the process-
structure-property relationships, the core challenge in
AM process research shifts from an analytical problem
to an inverse problem of greater engineering value. In
biomedical metallic AM, inverse optimization denotes
ML-based algorithms searching within high-dimensional
process parameter spaces to identify optimal parameter
combinations or Pareto fronts. Its core output comprises
either a set of process parameters meeting target
performance criteria or a process window achieving multi-
objective trade-offs, thereby bridging material design with
applications.

Traditional optimization pathways face three major
challenges: (i) high-dimensional complexity: the AM
process involves numerous parameters, such as laser
power, scanning speed, hatch spacing, layer thickness, and
scanning strategy. These parameters interact in complex,
non-linear, and coupled ways.”” This high-dimensional
parameter space makes optimization through traditional
empirical methods or exhaustive search extremely
difficult; (ii) cost and time constraints: full factorial
design of experiments is a common method in traditional
optimization, but the number of required experiments
grows exponentially with the number of parameters. For
specific metal AM alloys or systems, budget constraints
make data-intensive methods difficult to generalize; and (iii)
susceptibility to local optimum: traditional optimization
methods based on single-point responses, such as one-
factor-at-a-time or some local search algorithms, are prone

to becoming trapped in local optima, failing to discover the
global optimal process window.”® This means potentially
missing parameter combinations that could achieve higher
performance or better overall benefits.

Against this backdrop, optimization frameworks driven
by ML, by integrating performance prediction models
with intelligent search algorithms,”'® enable precise and
efficient mapping from the performance space back to the
process parameter space, ultimately facilitating intelligent
decision-making from performance requirements to
process recipes.

3.2. Introduction to optimization algorithms

Within the inverse optimization framework, optimization
algorithms search the process parameter space to identify
combinations that achieve target performance metrics.
Different algorithms, with their unique mechanisms,
are suitable for different application scenarios.!”'”* For
inverse optimizing a single key performance objective,
algorithms strive to find the global optimum within the
parameter space. Evolutionary algorithms such as genetic
algorithm and particle swarm optimization (PSO), which
simulate natural selection or collective behavior, perform
global exploration in complex, non-linear spaces and can
effectively avoid local optima, making them common
choices for solving such problems.

However, optimization in AM is inherently a multi-
objective optimization (MOO) problem. The core challenge
of MOO lies in handling these conflicting objectives to
find the best compromise solutions. The goal is no longer
to obtain a single optimal solution, but to identify a set of
non-dominated solutions known as the Pareto optimal
set. These solutions collectively form the Pareto front,
the set of all Pareto optimal points in the objective space,
which clearly delineates the trade-oftf boundaries between
different performance metrics beyond which no further
improvement is possible without worsening another. Each
solution on this front represents a specific performance
trade-off scheme; no single objective can be further
improved without degrading at least one other objective.
This allows decision-makers to select the most suitable
process parameter combination from this set based on
specific clinical application requirements. As illustrated
in the schematic by Hua et al.'® (Figure 10), within a 3D
objective space, both the search directions defined by
uniform reference vectors (hollow circles in the figure) and
the actual Pareto optimal solution set (solid points in the
figure) are simultaneously presented.

Commonly used MOO algorithms include the
following: (i) non-dominated sorting genetic algorithm IT
(NSGA-II): noted for its elitist strategy, fast non-dominated
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Figure 10. Illustration of Pareto front with 3-objective problem

sorting, and crowding distance calculation mechanism,
this algorithm can stably find a Pareto front with good
convergence and high diversity, comprehensively revealing
the trade-oft relationships between performances. It is
one of the most widely used algorithms in AM;"*'% (ii)
multi-objective PSO: known for its fast convergence speed,
this algorithm guides the search direction by maintaining
the personal best and global best positions. Although
sometimes slightly inferior to NSGA-II in terms of the
uniformity of the solution distribution, it is an efficient
choice when computational resources are limited and rapid
acquisition of approximate optimal process parameters
is desired;' (iii) multi-objective accelerated process
optimization (m-APO): an emerging efficient framework
that significantly reduces the number of experiments
required to find a satisfactory Pareto solution set by
skillfully leveraging prior knowledge and an innovative
space-filling search mechanism. It is particularly
suitable for rapid process adaptation;'” and (iv) multi-
objective Bayesian optimization (MOBO): especially
suitable for optimizing expensive-to-evaluate black-box
functions.?'*1% When the performance prediction model
itself is computationally expensive to train, or when
the optimization process needs to be directly coupled
with high-fidelity simulations, frameworks combining
GPR with MOBO can inversely locate optimal process
parameters with minimal evaluations by intelligently
balancing exploration and exploitation, demonstrating
high sample efficiency.'**!*

3.3.Single-objective inverse optimization

When the design of biomedical metals has an extreme
requirement for a single core performance indicator, such
as load-bearing sites requiring extremely high fatigue life,
or the need for precise control of elastic modulus to match

bone modulus,'! single-objective inverse optimization
provides efficient solutions by identifying process
parameters that achieve those targets. The core of the ML
implementation path is to construct an inverse search
framework driven by the performance target. This involves
first training a high-accuracy forward surrogate model that
maps process parameters to the target performance. Then,
with the goal of making the model’s predicted value as
close as possible to the desired performance, optimization
algorithms are used to perform a global search within the
process parameter space, inversely deriving the optimal
combination of process parameters.

Narayana et al'? explicitly aimed to determine the
optimal process parameters for achieving extremely high
density and a specific build height for Ti-6Al-4V in DED.
By training an ANN as an accurate forward predictor and
coupling it with an optimization algorithm for inverse
search, they inversely solved for the optimal combination
of laser power, scan speed, and other parameters that would
meet these predefined geometric and density requirements.
Similarly, the work of Nguyen et al'” focused on
identifying the process parameter set that would achieve
the target near-full density (>99.8%) in LB-PBF Ti-6Al-4V.
Using a deep learning model to inversely explore the
process parameter space, they determined the specific laser
power, scanning strategy, and other parameters that would
minimize pore formation while maintaining the desired
density threshold. In scenarios aiming to maximize specific
mechanical properties (such as surface hardness and
tensile strength) of implants, ML can likewise circumvent
the limitations of traditional experience. Gan et al.'™
employed a SOM to inversely identify the optimal process
window corresponding to target microhardness values in
DED nickel-based superalloys. Their approach mapped
from desired hardness values back to the optimal powder
feed rate and other process parameters that would achieve
those targets (Figure 11A and B). This work demonstrates
the potential of unsupervised learning techniques such as
SOMs in identifying the process window for biomedical
metal AM through reverse identification.

Furthermore, melt pool stability directly determines
the microstructure and defect state of the fabricated part.
Tapia et al.'*® developed a surrogate modeling framework
based on GPR that could inversely guide the selection
of LB-PBF process parameters of 316L stainless steel.
Specifically, to achieve a stable and appropriately sized
melt pool, the model could output the specific laser power
and scanning speed combinations that would produce the
desired thermal characteristics.

Single-objective inverse optimization still holds an
important position in the AM of biomedical metals,
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Figure 11. Machine learning-driven additive manufacturing process optimization for nickel-based high-temperature. (A) SOM including input vectors.
(B) Identification of the optimal design window through contour plots of all design variables.'!*
Abbreviations: SDAS: Secondary dendrite arm spacing; SOM: Self-organizing map.

particularly in the customized development of implants
for specific clinical application scenarios. When a single
performance indicator becomes the key design constraint,
focusing optimization on that specific target can ensure
the implant’s reliability and safety in that particular
environment.

3.4. Multi-objective inverse optimization

The service performance of biomedical metals often
requires the synergistic satisfaction of multiple
performance indicators, which frequently exhibit trade-
off relationships. For instance, increasing strength may
sacrifice ductility, while reducing the elastic modulus may
compromise fatigue performance due to the introduction
of excessive porosity. MOO algorithms generate Pareto
fronts, enabling selection of process parameters based
on clinical needs."®'"” ML-driven multi-objective inverse

optimization identifies Pareto-optimal process parameter
sets that achieve different balances of conflicting
performance targets, and the workflow is illustrated in
Figure 12.

Aboutaleb et al.'” addressed the classic trade-off in
Ti-6Al-4V mechanical properties by inversely identifying
Pareto-optimal process parameter combinations that
simultaneously maximized the elastic modulus and UTS.
The m-APO framework outputs a set of Pareto-optimal
process parameters, and compared to time-consuming
full-factorial experimental designs, it reduces the
computational cost by 51.8%, highlighting its significant
value in rapid process development.

Beyond bulk materials properties, MOO methods
are equally suitable for guiding the design of complex
structures with specific functional requirements. Meng
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et al."'® used the NSGA-II to solve for the optimal LB-PBF
process parameters that would simultaneously maximize
energy absorption and minimize density in bio-inspired
lattice structures. The inverse optimization approach
determined the specific laser parameters and scanning
strategies that achieved different compromises between
these competing structural performance objectives.

Regarding the synergistic control of geometric
accuracy, precise control over the deposition morphology
is crucial when manufacturing customized biomedical
metals with complex geometries. Cai et al," working
with wire-laser DED, inversely derived optimal process
parameter combinations that would simultaneously
control the deposited layer height and width. They
established a forward prediction model using SVR and
coupled it with the NSGA-II algorithm for inverse MOO.
They successfully inversely derived the optimal process
parameter combinations that could synergistically meet
these two-dimensional requirements from the desired
geometries.

In the parameter inverse identification for coordinating
densityand controlled porosity, thisrepresentsa particularly
classic contradiction in the biomedical field. Biomedical
metals often require both high densities to ensure
mechanical performance and specific surface or internal
porosity to promote osseointegration. Heiss ef al.,'*® during
the LB-PBF manufacturing of biodegradable Zn alloy,
innovatively used principal component analysis to reduce
the dimensionality and quantify the multi-dimensional
pore morphology characteristics, subsequently creating a
clear process map. The map effectively inversely identified
the process window capable of simultaneously achieving
high bulk density and ideal pore morphology, successfully
producing demonstrator parts that achieved a balance
between mechanical performance and biological function.

With the deepening of the green manufacturing
concept, process optimization is no longer limited to part
performance. Peng et al."* aimed to identify pareto-optimal
process parameters that would minimize specific energy
consumption while maximize powder usage rate. They
constructed predictive models from process parameters
to these two economic/environmental indicator and
used the NSGA-II algorithm for multi-objective inverse
optimization. The inverse optimization framework solved
for the laser power and scanning parameter combinations
that achieved different trade-offs between economic and
environmental performance indicators.

The principal value of multi-objective inverse
optimization lies in its ability to transform process
development from an experience-dependent trial-and-
error approach into a precise, informed decision-making
process grounded in systematic trade-offs. By analyzing the
shape and distribution of the Pareto front, researchers can
quantify the conflict level between different performance
indicators. This clear trade-off landscape provides a
critical foundation for final decision-making. In clinical
applications, the optimal solution can be selected from a
set of Pareto-optimal process parameter sets based on the
specific implantation site and patient needs, thereby best
addressing the immediate clinical priorities.

4, ML-driven quality control and
monitoring

4.1. Overview

The AM technology, particularly for biomedical metals (e.g.,
titanium alloys, cobalt-chromium alloys, and biodegradable
magnesium alloys), has garnered significant attention due
to its unique advantages in producing complex porous
structures and enabling personalized customization.
However, physical variability during manufacturing,
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inconsistencies in powder materials, and resulting defects
(such as porosity, lack of fusion, and cracks) remain major
obstacles to its widespread industrial adoption. Traditional
methods heavily rely on post-printing destructive testing
or CT, which are not only costly and ineflicient but, more
critically, incapable of intervening in or repairing defects
that arise during the manufacturing process.'?

At present, ML technology is driving a fundamental
paradigm shift in AM quality control. The core lies in
integrating ML to fully leverage the vast data generated
during manufacturing. This shifts quality control from a
passive, post-inspection approach to a proactive, in-process
prevention, and intervention model. It transitions from a
passive, offline, sampling-based system to an active, online
intelligent monitoring system. This reduces reliance on
human expertise, enabling real-time quality monitoring,
early defect alerts, and even autonomous process
optimization.'” The shift aims to make every biomedical
metal printing process transparent, controllable, and
reliable, thereby ensuring that products possess high
reliability and batch-to-batch consistency.'**

4.2, Sensing technology for AM monitoring

In the field of AM, the integrated application of multiple
monitoring methods enables comprehensive perception of
process states. Different sensor types capture information
from distinct dimensions of the physical process, providing
the basis for training and inference of ML models.'

Thermal imaging sensing: Typically, thermal cameras
operate on line-scan or push-broom principle, where a
single imaged line is optically dispersed onto a 2D sensor
to simultaneously record one spatial and one spectral
dimension, with full-field temperature mapping achieved
through subsequent scanning of this line across the target
(Figure 13A).1#126128 Thermal imaging cameras provide
direct records of process thermal history by monitoring
temperature field distributions across the molten pool
and its heat affected zone. Temperature history and
gradients serve as critical indicators for material phase
transformations, residual stresses, and defect formation.
Abnormal cooling rates or localized overheating can lead
to undesirable phase changes and are also closely linked
to defects such as porosity and hot cracks. Liu et al.'®
employed infrared thermal imaging cameras to capture
real-time thermal image sequences during large-scale AM
processes. By integrating a CNN long short-term memory
model, they achieved temporal prediction of future
temperature distributions, enabling early identification
and early warning of abnormal temperatures.

Visual sensing: High speed cameras can capture
the morphological dynamics of the molten pool with

extremely high spatio-temporal resolution, including
brightness, size, geometry, and fluctuations (Figure 13B).
This visual information provides an intuitive basis for
assessing molten pool stability."**'** The molten pools
dimensions, circularity, and fluctuations reflect energy
input and melting conditions, serving as crucial precursors
to forming instability and defect generation. Yang et al.'**
employed a high-speed camera sensing method to capture
dynamic image sequences of the molten pool, spatter,
and other phenomena. The key features of the molten
pool under ultrasonic disturbance were extracted and
reconstructed by integrating a fully connected layer with a
convolutional autoencoder approach. Mi et al.'*> similarly
employ the cameras to capture sequential images during
the DED process. Further utilization of deep CNNs
enabled precise segmentation of the molten pool contour
and minute spatter particles, achieving an accuracy rate
of 94.71%. Despite being susceptible to interference from
intense light, visual sensing has become a vital tool for
detecting surface defects and geometric deviations due to
its advantages of being information-rich and highly real-
time.

Acoustic and spectral sensing: Microphones or AE
sensors can collect acoustic signals and stress waves
generated during printing by plasma, spatter, material
phase transitions, and even microcracks, thereby
sensitively indicating the formation of internal defects'****
(Figure 13C). Rahman et al'® employed AE sensing
combined with the K-means clustering algorithm to
achieve continuous in situ monitoring of multi-layer
deposition states during the WAAM process, verifying the
consistency of acoustic signals in identifying process states
under varying material and process conditions. Spectral
sensors capture spectral information with high sensitivity
and rich content. For instance, Montazeri et al.'** employed
a multispectral optical emission sensor, combined with
Fourier transform imaging and maximum likelihood
estimation, to achieve real-time monitoring of pore defects
during the LB-PBF process.

Different sensors have distinct strengths (Table 2); for
instance, acoustic and spectral sensors are more sensitive
to internal defects such as porosity and cracks; thermal
sensors precisely reflect energy input and thermal history;
while visual sensors inherently excel at capturing surface
defects and geometric deviations. Thus, multi-sensor data
fusion has become an inevitable trend. Fusing multi-sensor
data overcomes the limitations of single data sources by
integrating heterogeneous data into high-dimensional
feature vectors. This provides ML models with a more
comprehensive and complementary information view,
enabling more precise defect diagnosis."! Gaikwad et al.'*?
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Figure 13. Sensing technologies for additive manufacturing monitoring. (A) LB-PBF machine with thermal imaging camera;'** (B) LB-PBF machine with
high-speed camera;'*? and (C) LB-PBF machine with microphone.'*

Abbreviation: LB-PBF: Laser powder bed fusion.

Table 2. Sensor technologies and machine learning applications for online quality monitoring in additive manufacturing

Sensor type Monitoring target

Data format

Advantages

Limitations

Visual Melt pool morphology, spatter, 2D images/video sequences Information-rich, intuitive, high ~ Susceptible to intense light/glare
sensor surface defects, geometric deviations spatio-temporal resolution interference; large data volume
Thermal Melt pool and heat-affected zone 2D temperature field/ Directly records process thermal ~ Accuracy affected by material
imaging temperature field, cooling rate, thermal images history; correlates with energy ~ emissivity; difficult to directly
sensors thermal history input and phase transformations; reflect internal defects
sensitive to overheating

Acoustic Internal defects (porosity, cracks, 1D time-domain/ Sensitive to internal defects, low  Signals susceptible to environmental
sensors micro-cracks), process stability frequency-domain signals/ cost, easy installation noise interference; feature extraction

acoustic emission signals is relatively complex
Spectral Plasma plume, elemental 1D spectral sequence Highly sensitive to internal Expensive equipment, specialized
sensors characteristics, internal physical physical changes in the molten  data analysis

changes in molten pool

pool; rich information content
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fused heterogeneous sensor data from a co-axial pyrometer
and a high-speed video camera and developed a sequential
decision analysis neural network model to achieve accurate
prediction and assessment of the geometric quality of
single tracks in LB-PBE

4.3. Application of ML methods in real-time defect
detection

In the AM process, ML provides a powerful technical
means for achieving in situ process monitoring and quality
assessment by analyzing real-time multi-source sensor
data. Based on the characteristics of data and challenges
encountered in actual production, two primary technical
approaches have emerged: precise identification and
localization of known defects, and acute detection of
unknown anomalies when labeled samples are scarce.

Supervised learning methods play a crucial role when
common defect types in manufacturing processes, such as
spatter, spheroidization, and poor powder distribution, are
well understood and sufficient annotated data have been
accumulated. For in situ quality monitoring of LB-PBE,
Knaak et al'** developed a technique that marries high
dynamic range optical imaging with CNN (Figure 14).
This synergy provides high-spatial-resolution capabilities
and facilitates layer-by-layer prediction of surface
roughness, thereby enabling real-time quality assessment
and process optimization. These models can learn defect
features directly from image data, enabling the current

Roughness & Defect Prediction

Camera & Optical System

state to be automatically classified. These models can learn
defect features directly from image data, enabling the
current state to be automatically classified. For instance,
Scime et al'** addressed powder bed anomalies during
the LB-PBF process by constructing a multi-scale CNN
using an enhanced AlexNet architecture to automatically
analyze grayscale images of the powder bed after powder
spreading. This model autonomously learned and achieved
high-precision recognition and classification of six types of
powder bed anomalies, achieving an overall classification
accuracy of 97% while pinpointing defects with pixel-level
precision. Similarly, in the L-DED process, Chen et al.'*
developed a multi-sensor fusion digital twin framework
based on supervised learning strategies. This model enables
real-time identification and localization of known defect
types such as cracks and critical-pore voids, subsequently
generating a virtual quality map registered with the part’s
3D volume, achieving a defect classification accuracy of
96%. It significantly outperforms single-sensor approaches,
thereby demonstrating the effectiveness and robustness of
supervised methods in multimodal fusion scenarios.

However, a more prevalent challenge in industrial
settings lies in the diverse and unpredictable nature of
anomalies, making it extremely costly or even impractical to
obtain large quantities of labeled defect samples. Faced with
this challenge, unsupervised or semi-supervised anomaly
detection methods demonstrate unique value. Their core
principle is not to directly identify specific defects, but

Layer surface at time t

Laser power P,

HDR Surface Images H

CNN

Scan velocity v,

---------- -| Local Surface Roughness & Defects

Process

Current
state (s,)

Model-based RL

RF Dynamics
Model
Y\
states (s,,,) i
v Model

N updates
Rewa.rd (sll al slol)
Function 4

Model Predictive

Optimal action (a,)

LPBF

Camera with
optics Indication of

laser beam

High Power LED
illumination

| I

Laser power P,

Control

Figure 14. Framework for layer-wise monitoring and optimization of laser powder bed fusion processes.

Scan velocity v,,,

143
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rather to enable the model to learn and memorize the data
patterns characteristic of qualified states through extensive
normal process data. Once real-time sensor signals deviate
significantly from this learned normal pattern, the system
automatically triggers an anomaly alert. Models like
autoencoders learn intrinsic patterns and distributions
from large amounts of normal data, enabling them to
identify anomalous signals deviating from these patterns.'*
Abranovic et al.'¥” employed a convolutional long short-
term memory autoencoder (ConvLSTM Autoencoder).
Trained unsupervised using only video sequences of
molten pools under normal operating conditions, the
model quantified process stability through its ability to
predict future frames. This approach successfully achieved
online detection and localization of four typical defects
without requiring any annotated defect data.

Therefore, ML-based real-time diagnosis lays the core
foundation for achieving closed-loop control, transitioning
from sensing to decision-making and execution.'*®
The ultimate goal of an intelligent monitoring system
is not merely to identify defects but also to dynamically
intervene in the process parameters by integrating MLs
decision-making capabilities with the actuators of the
AM equipment, thereby proactively suppressing defect
formation. This facilitates a fundamental shift in the
quality control paradigm from post-inspection toward
online prediction and adaptive manufacturing.

4.4. Closed-loop control and adaptive
manufacturing

The ultimate objective of quality monitoring is to integrate
the sensing and decision-making capabilities of ML with
the actuators of AM to create an intelligent closed-loop
control system.'* The core mechanism operates as follows
(Figure 15): when online sensor data indicates that the

process is deviating from normal conditions, or when ML
models predict impending defects, the system instantly
generates commands to dynamically adjust process
parameters (e.g., laser power and scan speed), thus steering
the process back on track and preventing defects.'*® Within
such a closed-loop framework, ML plays an indispensable
role: it enables accurate, real-time diagnosis, and prediction
of process states and quality indicators by automatically
extracting features from multi-sensor data and establishing
high-dimensional, non-linear mappings.”*! This capability
to create a quantitative, intelligent process-quality mapping
provides the foundational insight necessary for precise
parameter adjustments.

Effective parameter tuning is central to realizing such
closed-loop control, and a variety of practical approaches
have been developed. Gerdes et al'* predesigned and
implemented a programmed feedforward control strategy
involving an automatic increase in print speed at the
midpoint of the print path. Armstrong et al.'>* employed 3D
laser scanning between layers to detect geometric errors,
thereby adjusting subsequent layer paths and parameters.
Both of these methods are effective ways to improve the
geometric accuracy and consistency of printed structures
during the AM process.

The above-mentioned control models of parameter
tuning establish the practical foundation for closed-loop
control. To achieve higher level autonomous optimization,
strategies such as model predictive control (MPC) are
widely adopted. This approach utilizes dynamic models to
predict future behavior and optimize parameter adjustment
decisions. A core challenge in this field is obtaining accurate
and efficient dynamic system models, with the technical
approach evolving from traditional methods toward data-
driven techniques. Early research relied primarily on system
identification-based linear MPC. For example, Liu et al.'*

Sensor
monitoring ——

Additive
manufacturing process

parameters

Process I

e

Actuator |

Figure 15. Schematic diagram of the intelligent closed-loop control system. Image created by the authors.
Abbreviation: ML: Machine learning.
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controlled a laser metal deposition process by identifying a
linear state-space model. Building on a simplified physical
model of the melting pool, Cao et al.”** proposed a control-
oriented multi-input multi-output model and subsequently
designed a tube-based robust multivariable MPC. In
recent years, data-driven nonlinear MPC has emerged as
a cutting-edge approach, significantly enhancing modeling
and control capabilities for complex dynamics.

In the field of data-driven MPC, Chen et al.’** proposed
a digital twin framework based on time-series DNN
and MPC. The study employed the time-series dense
encoder as a surrogate model, enabling precise prediction
of the entire future time domain for both molten pool
temperature and depth. On this basis, MPC dynamically
adjusts laser power to achieve precise temperature tracking
while strictly constraining molten pool depth within the
ideal dilution range of 10-30%. This approach has been
shown to proactively suppress pore defect formation at its
source. In comparison with conventional proportional-
integral-derivative control methodologies, this framework
not only demonstrates equivalent temperature tracking
capability (R*> > 0.99) but also generates smoother, less
fluctuating laser power curves. It inherently handles multi-
variable constraints, highlighting the immense potential
of data-driven models in closed-loop control for complex
manufacturing processes. The capability of the model to
handle multivariate constraints further demonstrates the
application potential of data-driven methods in the field of
closed-loop control for complex manufacturing processes.

For the manufacturing of demanding biomedical
metals, it is essential to ensure that the microstructures
and macroscopic properties of the produced materials
comply with stringent biomedical requirements, thereby
maximizing the service life. Through ML-enhanced
closed-loop control and adaptive manufacturing, the
qualification rate and performance consistency of ML
biomedical metals products can be significantly improved,
while reducing reliance on operator expertise. Ultimately,
this speeds up the process of bringing highly reliable,
customized biomedical metals to market, paving the way
for a more autonomous and intelligent future.

5. Summary and outlooks
5.1. Summary

This review examines and elaborates on the role and
advancements of ML in the field of AM for biomedical
metals, particularly in three core areas: forward prediction,
inverse optimization, and quality control. ML is emerging
as a key driver for understanding and optimizing this
complex manufacturing process, propelling the technology
from experience-dependent to data-driven processes.

In forward prediction, ML functions as an efficient
surrogate model, accurately constructing nonlinear
mappings from process parameters to macrostructure,
microstructure, and mechanical properties. This lays the
foundation for achieving first-time-right manufacturing.
For inverse optimization, ML has driven a paradigm
shift from trial-and-error experimentation to intelligent
decision-making. Through sophisticated algorithms, it
enables efficient searches and multi-objective trade-offs
can be achieved within high-dimensional parameter
spaces, thereby determining optimal process solutions
for biomedical metals that meet complex clinical
requirements. In quality control, ML has achieved a leap
from passive detection to active intervention by integrating
diverse sensor data. Through real-time identification and
diagnosis of process anomalies, it establishes closed-loop
adaptive manufacturing capabilities, thereby paving a
viable technical pathway for zero-defect production of
biomedical metals.

5.2. Current challenges

Despite significant progress in ML for AM biomedical
metals, its further development and application still face
critical bottlenecks:
(i) Dual challenges of data quality and quantity: The lack
of high-quality, large-scale datasets remains a primary
factor constraining model performance. Experimental
data on biomedical metals is extremely costly to
acquire, and inconsistent data standards across
research institutions create severe data segregation.
Insufficient model generalization: Although existing
models typically perform well under specific
material and process conditions, their generalization
capabilities decline significantly when confronted
with new material systems or process changes. This
restricts the adoption of ML solutions in widespread
industrial scenarios.

(iii) Balancing physical consistency and interpretability:
Most current ML models remain black boxes, with
weak correlations between their predictions and
underlying physical mechanisms.

(iv) Complexity of multiscale modeling: Cross-scale

modeling spanning from microstructural evolution

to macroscopic properties remains a major challenge.

Integrating physical information across different

scales and establishing accurate mapping relationships

requires in-depth research.

Technical barriers for real-time applications:

Deploying ML models for online quality control and

real-time process adjustments faces multiple technical

hurdles, including computational efficiency, latency
requirements, and system integration.

(ii)

)
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5.3. Outlooks

Although ML has achieved significant results in individual
stages, the future development of biomedical metals
AM inevitably requires breaking down barriers between
these stages to build a comprehensive, multi-functional
intelligent technology chain spanning front-end design to
back-end manufacturing.'*® Future research will focus on
the following key directions:
(i) Overcoming data constraints: Future efforts should
concentrate on the development of small-sample
learning, zero-shot learning, and meta-learning/
transfer learning frameworks across materials and
devices. The transfer of knowledge from data-rich
domains to data-scarce domains is a significant aspect
of this approach, as it reduces reliance on the volume
of data in the target domain while enhancing the
model’s generalization capabilities.
Enhancing model credibility: The incorporation of
physical laws as soft or hard constraints within models,
for instance through the construction of physics-
informed neural networks, ensures that predictions
are aligned with physical principles. Concurrently, the
widespread implementation of interpretability tools
such as SHAP and local interpretable model-agnostic
explanations (LIME) serves to transform opaque
systems into comprehensible ones.

(iii) Prospective smart alloy design and manufacturability
prediction: The starting point for the future should
be further advanced to the material design itself.
Generative models and active learning should be
leveraged to reverse-engineer novel alloys that
simultaneously exhibit ideal biological functionality
and superior printability,'”**  establishing a
quadruple-loop design paradigm of composition-
structure-property-manufacturability —to  achieve
synergistic design of materials and processes from the
outset.

(iv) Establishing digital archives for AM process: AM is
a process with strong temporal dependencies, where
the quality of each layer is cumulatively influenced by
the thermal history and physical state of preceding
layers. By preserving layer-by-layer data throughout
the manufacturing process for each component, the
construction of digital archives holds immeasurable
value for product performance traceability and data-
driven certification systems.

Further combination of digital twins: Enhance real-

time interaction and online decision-making between

digital twins and physical production lines to drive
adaptive adjustments to process parameters, thereby
achieving precise closed-loop control.'

(ii)

(v)

In summary, the development of an integrated intelligent
technology system represents an inevitable trend. In the
future, driven by clinical needs, the integration of structural
design, intelligent manufacturing, and performance
regulation within a unified framework will be achieved
to achieve full-process closed-loop optimization. The
integration of design, prediction, optimization, and control
into a unified framework has the potential to enhance the
capabilities of AM in high-end medical applications. This
approach will deliver efficient, cost-effective, and highly
reliable personalized medical solutions for patients.
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Understanding the reusability of Ti6Al4V powder
in laser powder bed fusion

Nathaniel W. Zuckschwerdt® and Amit Bandyopadhyay*

W. M. Keck Biomedical Materials Research Lab, School of Mechanical and Materials Engineering,
Washington State University, Pullman, Washington, United States of America

Abstract

This study aimed to determine the effects of how powder degrades in quality from use
in the laser powder bed fusion process and investigate what changes in the powder
cause defects in finished parts. It was determined that the reused powder affected
the finished part quality, resulting in an increased number of lack-of-fusion pores. This
was due to a change in the size distribution of the powder particles, characterized by
an increase in larger sizes and a significant decrease in smaller sizes. There was an
11% increase in defective particles over the five prints that went through the sieving
process, as well as an increase of ~2% of particles >63 um, resulting in less powder
that could be reused after each print. The results enabled the determination of the
life of the powder due to the degradation of the powder from the differing property
changes caused by the reuse of the powder.

Keywords: Ti6Al4V; Laser powder bed fusion; Powder degradation; Additive
manufacturing; 3D printing

1. Introduction

In the world of additive manufacturing (AM), most innovation and research efforts
have focused on developing new, innovative materials and processes. Thus, it is of great
importance to determine the effect that the starting materials will have on the finished
products. Without this information, researchers could be pursuing an optimization
of the parameters while reusing the same powder between each print, running into
problems with the print that are not due to parameters, but instead are due to increasing
issues with the starting materials resulting from the reuse of the powders.

With the desire to create processes that are as efficient as possible and use as few
resources as possible, the world is looking towards AM for its future. From uses in
the aerospace industry to biomedical implants, many items being made today could
be manufactured in the future with AM."® In the biomedical field alone, over 500,000
implants made using AM are put into the human body per year in the United States.
Within the field of aerospace, it takes years for a part to go from initial designs to being
in a production aircraft, with every little thing about the part needing to be documented
and examined, from the starting material to how each step of the manufacturing process
needs to be verified, such that the process and part can be certified to be used in aircraft.
In many of these processes, the end product is thoroughly examined to determine how
the various parameters that can be adjusted have impacted the part being produced,
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with little to no examination of the starting material used
in the printing process. Thus, it is essential to understand
the frequency of feed material reuse and how the reuse of
powder impacts the quality of the finished product.”!!

At present, one method for utilizing powder for multiple
prints while maintaining high quality is the process of
sieving and adding a percentage of new powder.!*** This
process is designed to extend the powder’s lifespan and
maintain its usability without requiring knowledge of its
current properties. Thus, if it could be determined whether
there are better ways to reuse the powder or know the
extent to which the powder can be used without causing
significant defects to the final product, it would lend itself
to being able to use the powder at hand for longer while
still having reliable manufacturing of the parts.”'” More
extensive information on how the powder is degraded
during the printing process and how the reuse processes
can be improved to enable total use of the powder, rather
than needing to throw out usable powder, is needed. With
the correct information on how to process the powder to
continue using it or when the powder has passed its reuse
point and needs to be remanufactured, this waste can be
significantly reduced while also minimizing the amount of
energy required.'s%

This work aims to determine the reusability of Ti6Al4V
(Ti64) powder in a laser powder bed fusion (LPBF) AM
process. LPBF uses a laser energy source to either sinter or
melt the material that is being printed on a layer-by-layer
basis onto the build plate, creating the three-dimensional
(3D) part in the bed of powder while being in an inert
environment, unlike an electron beam PBE, thereby leading
to slightly increased level of oxidation.*** This is achieved
by pushing the powder into the build volume with a roller
at the designated layer height, then adhering it to the layer
below by scanning with a laser across the powder in the
desired locations for the current layer. The LPBF process
generates waste powder from splatter resulting from the
laser interacting with other particles in the build chamber,
thereby forming larger and deformed powder particles.?*
After a print is finished, it is recollected for reuse in the
next batch of printing. However, these defective powder
particles can cause issues with subsequent prints if not
appropriately addressed, and increase the number of
particles that are not reusable. In the case of powders,
the recollected powders are sieved before being used
again, with minimal additional processing applied to the
powder, including the mixing of new powder with the used
powder to help minimize the defects of the used powder.
A knowledge gap remains regarding the reusability of
power for LPBE, which must be addressed to enhance the
process’s convenience, reliability, and overall efficiency,

and to reduce the need for discarding feed material due to
powder degradation.

With the importance of knowing how the reuse of
powder affects the printing process and the part quality,
much work has been done to investigate the effects
with different powders.”?® Much of this work has been
focused on the increase of oxygen content and decrease of
flowability that occurs due to the oxidation/degradation
of the powder during the printing process.”*" These types
of characterizations are essential for all powders that are
used when manufacturing with the LPBF process.”"* If
the powders’ flowability decreases sufficiently, defects may
form within the parts, adversely affecting their mechanical
properties.**** With this in mind, there are still areas that
can be expanded upon. In particular, sieving can show
more information and possible correlation to the other
powder properties, though this is related to the amount of
the powder interacting with the laser during the printing
process, causing the major defects that can be found in the
used powders.

The objective of this research was to determine if there
is a way to quickly identify the percentage of defects in feed
material and identify the effects that may have on printed
parts with simple processes. If only simple equipment is
available to be used, such as sieves or an angle of repose
tester, then the quality of the powder due to degradation
could still be determined. Processes such as sieving are
already conducted during the reuse process and can shed
light on the powder quality without the need for more
characterization. It was hypothesized that the reuse of Ti64
powder over an extended number of uses would decrease
the printability of the powder and increases the number
of defects in finished parts, while having a noticeable
difference in the powder quality that can be examined with
simple instruments. This will give users of LPBF systems
the ability to quickly characterize their powder just by
sieving the powder to identify the amount of powder
that has degraded during the processes, as the powders
should be sieved after every use before the powder is
reused. The addition of testing the angle of repose will
give more insight into how the powder is being affected
by the printing process, while taking small samples from
the sieved powder. This will allow for smarter decisions
on the addition of fresh powder while taking less time to
examine the powder by using processes that are already
being conducted to reuse the powder.

2. Materials and methods

Printing was conducted on a 3D Systems DMP 200B SLM
AM system (Rock Hill, SC, USA) using several different
print settings. These prints were conducted during a
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different study, where several different shapes were
printed; however, the overall volume of the printed area
was approximately the same. The Ti6Al4V (Ti64) powder
was procured from AP&C (GE Additive, Cincinnati, Ohio,
USA) with a size range of 15 wm to 45 um. Powders were
collected after each print and weighed before sieving. The
powder was then sieved and weighed again to determine
the amount that could be reused in the next print. The mesh
size used for sieving was a 230 mesh in a 200 mm round
sieve. The sieving process was done by placing ~500 g of
powder in the sieve and then sieving for 10 min. This was
done after every print, with the used powder being passed
through the sieve once before using the powder to print
again. This sieving process could have been adjusted with
a 325 mesh size to maintain the large particles at 45 um as
they were received from the manufacturer, instead of letting
the larger particles through with the 230 mesh. Five prints
were run, and three states of the powder were examined.
From the prints, two sets of parts were examined, and the
microhardness of the parts was determined, as no print
ran for the final powder state. From the powder, samples
were taken from the as-purchased fresh, 3-use, and 5-use
powders, with only the as-purchased powder for the new
sample being examined. Imaging of the used and virgin
powder was performed using a field-emission scanning
electron microscope (FESEM; FEI Siron, Portland, USA)
for both the >63 pum and <63 um powder collected after
each print. The images were then used to evaluate the
percentage of defects in the <63 um and virgin powder. The
defective particles were separated into two groups, with
one being the misshapen particles and the other being the
particles that were welded together. Misshapen particles
were determined by whether the particles were no longer
spherical. For the welded particles, they were determined by
whether the particles were two or more conjoined particles
with a minimum size of 5 um. Hardness was measured
using a Phase IT Plus Micro Vickers Hardness Tester (Phase
IT Plus, USA) on a ground and polished section of a part
from the four prints. Imaging of the microstructure for
examining the porosity of printed samples was performed
using a Keyence 6000 series optical microscope (Keyence,
Itasca, IL, USA) on the ground and polished surface of the
samples. MATLAB was used for analyzing the scanning
electron microscopy (SEM) imaging of the <63 um powder
size distribution. A piece of equipment with a metal funnel,
platform, and a mounted protractor was used to determine
the angle of repose of the powder.

3. Results and discussion
3.1.Ti64 powder analysis

Defect characterization, conducted using SEM, MATLAB,
and manual counting, revealed the presence of defects in

all three stages of the powder, with an increasing number
of defects in the higher stages of use, despite the use of
sieving on the recollected powder. Hand counting of the
particles revealed a rapidly increasing number of defects
in the powder that made it through the sieve, as the size of
the defects was still small enough to pass through the sieve.

These defective particles are displayed in Figure 1A-C,
even in the new powder supplied by the manufacturer.
This can be due to the difficulty during the manufacturing
process in achieving completely spherical particles. During
the manufacturing process, as the molten spheres of metal
are being cooled, collisions can occur, leading to defects
in the new powder. Most of the defects would be caught
if they end up being larger than the mesh size of the sieve.
However, the defective particles that are smaller than the
upper bound of the mesh could cause flowability issues.
In Figure 1A, the displayed powder contains some small
defects with an average of the percentage of the particles
that are defective from a relatively spherical shape, and
no welded particles gave a value of 8.8 + 0.9% defective
particles over four SEM scans. This strategy for determining
the percentage of defects was applied to the other two sets
of powder, with all values for the percentage of defective
particles in all three batches listed in the second column of
Table 1. In the new powder, most defects originate from tiny
particles that are welded onto larger particles, with fewer
defects being caused by larger particles that are welded or
misshapen during the manufacturing process. The 3-use
powder in Figure 1B contains less of the much smaller
particles welded to larger particles and instead is primarily
composed of misshapen particles with a higher proportion
of particles that are of the same size being conjoined to
each other, with the average amount of defects in the 3-use
powder being approximately 6.4% higher than that of the
new powder. The five powders in Figure 1C contain an
even higher amount of the conjoined particles, with the
average size of the particles being larger than the prior sets
of powder. The percentage of particles with defects in the
5-use powder set was 10.6% higher than that of the new
powder. This increase in defects could have been reduced
by using a sieve size of approximately 45 um, which is the
high end of the initial distribution from the factory. These

Table 1. Characterization of powder samples and part
hardness

Sample Percentage Percentage of Powder’s Printed
of powder recollected distribution part’s
defects powder values D10, hardness
(%) <63 um (%) D50,D90 (um) (HV0.2)
New 8.8+0.9 100 13.5,24.2, 38.9 396+41
3-Use 15.2+1.8 96.9+1.3 16.2, 26.7, 39.6 385+27
5-Use 19.4+3.3 <95 15.9,31.3,45
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Figure 1. Sieved Ti64 powder SEM images at 200x magnification and a cum

Cumulative particle size less than (%)

5 15 25 35 45 55
Particle size (um)

ulative particle size distribution chart. (A) New as-purchased Ti64 powder.

(B) 3-use Ti64 powder after sieving. (C) 5-use Ti64 powder after sieving. (D) A chart of the percentage of particles that are less than the values of particle sizes.

types of defective particles have been observed by Dai
et al., Jandaghi et al., Moghimian et al., and Ghods et al.?*-3

The distribution of the new, 3-use, and 5-use powders
can be interpolated from the plot in Figure 1D, which
displays the percentage of particles within a specific
particle size range. It also shows that there is a considerable
difference in the particle sizes of the three powder types at
the D10, D50, and D90 distributions, with the values listed
in the fourth column of Table 1. At the D10 line, the new
powder has the smallest particle size, with a lower initial
slope and a higher number of particles below the initial
sizes of either of the two used powders. The D10 values
for the used powders were ~3 um greater than those for
the new powder. At the middle of the range with the D50
values was the largest difference in the sizes of the powder,
with there being an increase of 3-4 um going from the new
to the 3-use and then 5-use powder. At the end of the range
of particle sizes, at the D90 line, the new and 3-use powder
have similar values, while the 5-use powder increases
by ~5.5 um. These increases in values correspond to the
particle sizes of the used powders compared to the new
powder, with an increase in defects in the used powders
compared to the new powder.

These defects are significantly reduced in the powder
through the use of sieving. Following completion of each
print, there was an increase in the amount of powder that
ended up being sieved out of the recollected powder. This
value increased by approximately one percent after each
print, with each batch of powder exhibiting an increasing

number of defects, as indicated by a few values in the
third column of Table 1. In large prints, around 5 kg of
powder can be loaded, amounting to as much as 250 g
being thrown away after just the fifth print, not including
the prior prints, depending on the size of the parts being
printed. The amount of powder rejected after sieving
would likely continue to increase as the number of defects
in the powder used increases, leading to more particles
ending up in the larger size range and resulting in more
particles being >63 um after the next print. Figures 2A and
2B compares the new powder with the powder that failed
to pass through the sieve. The particles that are rejected can
be seen in Figure 2B, where all particles are welded together,
with many particles being significantly larger than the sieve
size and the maximum size of the new powder, as shown
on the left portion of Figure 2A. In the rejected powder, the
particles consist of two main categories. The first is smaller
particles that have been welded to each other, such that
they form a cluster of particles, and the second category
is particles that have been enveloped by multiple particles,
increasing the size of the particle while still maintaining
a mostly spherical appearance of the particles. Depending
on the flowability of the rejected powder for the LPBF
process, it may still be usable in other processes or recycled
into usable powder.

The powders’ flowability was tested resulting in the chart
in Figure 3A using the equipment in Figure 3B, revealing
something interesting. Each of the powders was tested five
times, filling the funnel halfway and allowing the excess
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to flow off the edge of the platform. The new powder had
the highest angle of repose at 27.8 + 1°, while the two used
powders had lower angles of repose at 24.6 + 1° and 25.6 +
0.4° for 3-use and 5-use powders, respectively, as displayed
in Figure 3A. These values show that the new powder has
slightly less flowability than the used powder. This could
be due to the change in particle size, primarily the increase
in all sizes across the powder distribution range, and the
disappearance of very small particles in the used powders.
This disappearance of the small particles in the used
powders could be the cause of the lower angle of repose,
with the lack of small particles to fill the voids between the
larger particles, thus leaving gaps between particles that
allow the larger particles to continue to move and flow
better while having a lower packing density. This does end
up with better flowability, but it could be speculated that
the powder will have a worse packing density, leading to
higher amounts of defects in the finished part.

3.2. Printed part quality and microhardness

The part quality was determined by examining the
ground and polished sections of a part from each print.
These sections were examined for defects in the parts;

100 um A
— 3 Use

Figure 2. New Ti64 powder and the rejected powder from the 3-use
powder were imaged with an SEM at 200x magnification. (A) New
as-purchased powder. (B) Rejected 3-use powder.

29
28 |
27 +
26 |
25 |
24 |
23 |
2 |
21
20 L

Angle of repose

New 3-Use

the representative defects are displayed in Figure 4. These
parts displayed lack-of-fusion pores in all samples with
the new powder, resulting in very few defects. In contrast,
the 3-use powder resulted in a greater lack of fusion pores,
as indicated by the dark pores in Figure 4B. For the new
powder parts, there were very few pores across the entire
polished surface, whereas the parts printed with the 3-use
powder had more lack-of-fusion porosity. These are due to
the increasing particle size and the lack of small powders
(<10 um) in the used powder, leading to a lower packing
density and, ultimately, an increase in the lack-of-fusion
defects. Although it has been demonstrated by Alamos
et al.,¥ that there is no noticeable change in the fatigue
life of reused Ti64 powder, our results do not support
such conclusions and need more careful studies to fully
understand the influence of these porosities on the static
and dynamic mechanical properties of AM-processed Ti64
parts.*®4

The hardness of the parts was also tested. The values
for the two parts tested, as shown in the fifth column
of Table 1, reveal no noticeable differences between the
parts despite the change in color of the used powders,
which is due to a slightly higher number of oxidized
particles resulting from the increase in defects. Although
this increase in the number of oxidized particles did not
affect the hardness, it has been shown that the increased
oxidation does have an effect on the embrittlement, as
demonstrated by Meier et al.,** though it could be another
reason for the increased number of lack-of-fusion pores in
the printed parts.

Our results indicate that standard tests like hardness
measurements may not be appropriate to measure the part

5-Use

Figure 3. Angle of repose data and testing equipment used for Ti64 powder. (A) Angle of repose for the three powder conditions (#=5). (B) The overall
setup for the testing, with an inset showing a measurement being taken at 60° on the protractor, resulting in an angle of repose of 30°.
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Figure 4. Optical microscope imaging of the ground and polished
surfaces of the printed parts. (A) Part printed from the new powder.
(B) Part printed from the 3-use powder.

quality in the LPBF process when powders are being reused.
Powder flowability can change along with the powder
particle size distribution due to the heat flux resulting
from laser heating during printing. In our study, about
2% of the powders were found to be unusable after each
print run. However, this number depends on the powder
chemistry, the area of the print-bed used for printing parts,
and the volume of unused powder, as compared to the used
ones. Finally, the duration of the print will also impact the
unused powder quality, where longer prints will have a
higher chance of rejected powders.

4, Conclusion

In this study, the effect on Ti6Al4V powder during the
LPBF process was examined at three points during five
prints with the same powder. Over the five prints, the
percentage of defective powder particles increased by
~11%. Each print resulted in ~1.5% less powder being
reusable, which was discovered through the sieving
process. The angle of repose of reusable powder improved
by ~2°, resulting in improved flowability. Parts printed
with used powder contained higher amounts of lack-of-
fusion porosity. The density of parts was within a range
of >98%. There was no change to the microhardness
of finished parts with the reused powder. Our results
showed that the occurrence of defects correlates with the
weight fraction of the powder passing through the sieves,
providing a simpler means of assessing powder quality
for the LPBF process.
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Effect of electroshock treatment on
microstructure evolution of Ti-6Al-4V/Cu-Cr-Zr
interface fabricated by laser melting deposition
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'State Key Laboratory of Light Superalloys, Wuhan University of Technology, Wuhan, Hubei, China

2Hubei Key Laboratory of Advanced Technology for Automotive Components, Wuhan University of
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Abstract

This study aims to examine the effect of electroshock treatment (EST) on Ti-6Al-4V/
Cu-Cr-Zr manufactured by laser melting deposition and explore the microstructure
and mechanical properties to investigate the microstructure evolution of copper-
based rail composite materials under high-energy-density currents. The results
indicated that EST could promote atomic diffusion, enabling rapid preferential
growth of TiCu in the metallurgical bonding zone. An increase of the current density
promoted the nucleation of the primary Ti,Cu phase induced by the thermal effect of
EST, which led to Cu solute enrichment and composition undercooling. Moreover, EST
significantly improved nucleation rate and grain boundary migration. The average
grain size of the EST-1 sample increased from 2.83 um to 3.62 um, approximately,
while the typical basic texture of EST-1 was enhanced. In EST-1, the shear strength
of Ti-6Al-4V/Cu-Cr-Zr was 132 MPa, which was 65% higher than that of the original
Ti-6Al-4V/Cu-Cr-Zr composite. The improvement in shear strength can be attributed
to intergranular nano-precipitation and the improved wettability of Ti-6Al-4V/
Cu-Cr-Zr. This work provides valuable insights into the preparation of high-value,
high-performance Cu-based composites.

Keywords: Electroshock treatment; Ti-6Al-4V/Cu-Cr-Zr interface; Microstructure
evolution; Mechanical properties

1. Introduction

Maintaining high electrical conductivity of copper alloys while increasing surface
hardness, heat resistance, and wear resistance can increase the service life of copper
components.”® At present, advanced surface strengthening techniques are widely
employed in the preparation of reinforced layers on copper alloy surfaces to enhance
their surface properties.®® Laser melting deposition (LMD) is an advanced surface
treatment technology, marked by high deposition efficiency, high surface accuracy, and
a small heat-affected zone of the substrate.’ Titanium alloys show characteristics, such
as high hardness, high temperature resistance, and corrosion resistance. As a coating,
it can significantly improve the surface performance of copper alloys.'*'* In addition,
Ti-6Al-4V has high strength and low electrical resistance, which can enhance the
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EST manipulates structure of Ti-6Al-4V/Cu

strength of copper-based composites without causing a
significant decrease in electrical conductivity."***

LMD enhances interfacial bond strength by promoting
mixed diffusion of copper and coating material, while
leading to significant amounts of copper entering the
coating. As a result, there are limitations in terms of
compatibility between the metal substrate and the cladding
material. Other scholars have also conducted extensive
research in this area. For instance, Li et al.'® deposited
AlCrFeNiMnx high-entropy alloy on a copper substrate
and found that an increase in Mn improved the copper
diffusion coefficient, facilitating diffusion of copper into
the cladding layer and thus reducing the hardness of the
cladding layer. By depositing CoCrNiFeTix high-entropy
alloy on the copper alloy surface, Jia et al.'” demonstrated
that the hardness of the cladding layer increased with the
addition of Ti content. CoCrW-xCu coatings with good
metallurgical bonding were prepared by laser cladding
by Dong et al.*® Zhou et al.”® achieved laser cladding of a
gradient molybdenum coating on copper alloy surfaces.
By adjusting process parameters, they obtained well-
bonded, defect-free, and dense strengthening layers. Shear
tests evaluated the bond strength, with maximum values
reaching 240 MPa. The above-mentioned studies have all
achieved effective strengthening of copper alloy surfaces,
thereby enhancing their surface properties.

As a rapid post-processing technology, electroshock
treatment (EST) optimizes the organizational structure of
the material through the action of high current, offering
a novel approach to enhancing material properties.”’
EST provides favorable conditions for analyzing the
microstructure evolution of the bonding zone of the
composite layer under high current density.?** Fan
et al** investigated the effect of electrical pulse on the
microstructure of spot welded joints of AA2198-T8
aluminum alloy. The interfacial defects of the welded
joints were gradually reduced with the increase of the
electrical pulse time. Liu et al®* explored the defect
healing mechanism of 6061-T6 aluminum alloy under
electrical pulse, and found that the current bypassing the
holes would produce local current density increase and
Joule heat effect around the holes, and the holes would
be deformed and healed under the action of thermal
compression stress. Qian et al.”® performed EST on the
interface of stainless steel joined in hot compression
and found that EST promoted recrystallization at the
interface and the formation of fine equiaxed crystal
grains, which contributed to the healing of the interface.
Taken together, EST induces the microstructure variation
of the material, and such microstructural changes are
closely related to the compression,” tensile,”® and fatigue
life of the material.**

However, no systematic studies have been reported
on the microstructural evolution and texture effects of
Ti-6Al-4V/Cu-Cr-Zr interfaces fabricated by LMD using
EST. Therefore, in this study, we prepared Ti-6Al-4V/
Cu-Cr-Zr by using LMD technology and investigated
changes in microstructure and mechanical properties
under high-energy-density current conditions. This
research provides theoretical guidance and experimental
support for enhancing the performance of copper-based
composites.

2. Materials and methods
2.1. Materials preparation

In this work, a Cu-Cr-Zr alloy was used as the substrate,
with its main composition shown in Table 1. The substrate
sample dimensions were 43 mm x 32 mm x 7 mm. Five
pieces of Cu-Cr-Zr material were prepared for LMD.
Before the LMD experiments, the substrate underwent
pre-treatment: First, surface oxide layers were removed by
grinding with 600# and 1200# sandpaper. Subsequently,
the Cu-Cr-Zr substrate surface underwent shot peening
to reduce surface gloss and enhance surface roughness. In
preliminary work, we thoroughly investigated the influence
of surface roughness on the LMD coating properties under
various shot peening parameters. Detailed comparisons
of interface forming performance across six distinct
Ra values revealed that a coating with optimal forming
characteristics was achieved at Ra = 3.9 um."* Consequently,
all subsequent LMD experiments were conducted with a
surface Ra maintained at 3.9 um. Finally, acetone cleaning
was performed to remove oil contamination from the
substrate surface, followed by ultrasonic cleaning with
anhydrous ethanol to eliminate adhering contaminants
and particulates. The substrate was dried and set aside
for later use. Ti-6Al-4V powder with a particle size of
45-150 wm was selected as the coating material, with its
main composition shown in Table 1. The powder exhibits a
spherical morphology with excellent sphericity, with 80%
of the particle size distribution ranging from 69 to 117 um."
The coating was prepared via LMD in an argon atmosphere
with oxygen content below 100 ppm, as illustrated in
Figure 1A. LMD experiments were conducted using an
LMD 16080 system (Nanjing Zhongke Raycham Laser
Technology Co., Ltd., China), with a YLS-2000 laser source
(IPG Photonics) operating at 1800 W. The powder feed rate

Table 1. Chemical composition of Cu-Cr-Zr substrate and
Ti-6Al-4V powder (wt.%)

Materials Cr Zr Cu Al V C N o Fe Ti
Cu-Cr-Zr 1.03 0.11 Bal. - - - - - - -
Ti-6Al-4V - - 6.2 4.15 0.01 0.015 0.15 0.056 Bal.

Volume 1 Issue 4 (2025)

doi: 10.36922/ESAM025430030


https://dx.doi.org/10.36922/ESAM025430030

Engineering Science in
Additive Manufacturing

EST manipulates structure of Ti-6Al-4V/Cu

A D ‘Pressure
Melting pool Shot-peening
. . P Upper electrode (+ —\
Ti-6Al-4V coating % surface o ©
- Hall current
sensor
Infrared
Cu-Cr-Zr Copper electrode /l thermometer [
......... AC pulse
Sample . -------- generator
C
B HY Control panel
heeess
et el Lower electrode (-) ]
hesess
0.2 S seeel/ EBSD
'Pressure
F
8000 1200
10025, - #@- EST-1
] P - @ EST-2
6000 A 1000 ' - A- EST-3
4000 - ) ‘
_ g 80| - ®
E 2000 @ i
£ 2 600 U
g o g 2e
£ £ A
2 -2000 - g 400 >
=
-4000
200
-6000
0 T T T T i
8000 - 0 1 2 3 4 5
Time (s)

Time (s)

Figure 1. Schematic diagram of the experimental process. (A) Schematic of LMD; (B) schematic of EST; (C) schematic diagram of specimen preparation;
(D) schematic of the microstructural characterization region; (E) EST pulse waveforms; (F) temperature changes after EST in Ti-6Al-4V/Cu-Cr-Zr (EST-0,
EST-1, and EST-2 represent samples treated at different current densities, as shown in Table 2).

Abbreviations: AC: Alternating current; EBSD: Electron backscatter diffraction; EST: Electroshock treatment; LMD: Laser melting deposition; SEM:

Scanning electron microscopy; XRD: X-ray diffraction.

was controlled at 6.9 g/min, and the scanning speed was
set to 300 mm/min. Concurrently, the shielding gas flow
was maintained at 25 L/min, and the powder delivery gas
flow was 5 L/min. After sample preparation, the specimens
were machined using an electrical discharge machining
(EDM) device into cylinders with a diameter of 5 mm and
a height of 7 mm for EST experiments (Figure 1B and C).
To minimize the impact of EDM on EST experiments, the
cut samples were polished using 600#, 1200#, and 4000#
silicon carbide sandpaper to remove traces generated
during the cutting process.

2.2, EST experimental procedure

Figure 1D illustrates a schematic of EST assembly, and the
experimental apparatus includes an AC pulse generator,
a Hall current sensor, and an infrared thermal imaging
camera. From top to bottom, there are a removable copper
upper electrode, a Ti-6Al-4V/Cu-Cr-Zr sample, and a
copper lower electrode. AC pulses with the following
parameters can be output: Peak currentand pulse frequency.
The output waveform is shown in Figure 1E. During the
EST process, the sample temperature was monitored using

Table 2. EST parameter settings

Samples Time (s) Current density (A/mm?)
EST-0 0 0

EST-1 0.1 205

EST-2 0.1 262

EST-3 0.1 306

Abbreviation: EST: Electroshock treatment.

an infrared thermal imager. The temperature rose to its
peak within an extremely short time and subsequently
cooled naturally in the air, with the temperature variation
shown in Figure 1E The EST time was 0.1 s with 5 pulses,
and the experiment was carried out at different current
densities. The samples with different current densities were
named EST-1, EST-2, and EST-3, respectively, while the
untreated sample was named EST-0, as shown in Table 2.
For each set of EST parameters, five cylindrical specimens
with a diameter of 5 mm were selected for machining.
Subsequently, three specimens were chosen from each
set for microstructural analysis and mechanical property
testing. Both microstructure and mechanical properties
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maintained a corresponding relationship to prevent
random variations in the test results.

2.3. Microstructural characterization

Before microstructural characterization, cylindrical
samples were sectioned using EDM. The sample surfaces
were ground using 600#, 1200#, 2000#, and 4000#
sandpaper. Subsequently, the observation surfaces were
polished using a mixture of 0.04 um SiO, suspension
and HO, in a 3:2 volume ratio. Scanning electron
microscopy (SEM; JSM-IT800, JEOL, Japan) was
employed to analyze the coating and the microstructure
of defects at the Ti-6Al-4V/Cu-Cr-Zr interface. Grain
orientation characteristics were observed via electron
backscatter diffraction (EBSD) and subsequently analyzed
using AztecCrystal software (Oxford Instruments, UK).
Simultaneously, the phase composition of the samples was
characterized using X-ray diftfraction (XRD) with Cu Ka
radiation at 40 kV and 30 mA. The scan was performed
with a step size of 0.025°, a scan speed to 1°/min, and a 26
range of 30°-90°. The microstructure of the samples was
characterized using SEM and EBSD. All microstructural
characterization regions are shown in Figure 1C.

2.4. Mechanical properties

Microhardness testing was performed on samples before
and after EST using a HUAYIN HV-1000A microhardness
tester. To ensure measurement accuracy, a 6Xx6 square
array of sampling points was employed, which were spaced
0.2 mm apart. The sampling point layout is shown in
Figure 1C. A load of 200 g was applied with a dwell time
of 10 s. Shear tests were conducted on an MTS C43 testing
machine with a shear rate of 0.05 mm/min. Shear samples
were prepared by splitting a cylindrical sample vertically
into two equal halves, as illustrated in Figure 1C. The shear
test fixture was designed according to the specimen to
determine the shear strength of the coating.”” Subsequently,
the relevant shear strength was calculated based on the
shear pressure and the specimen’s cross-sectional area.

3. Results and discussion
3.1. Microstructure evolution of Ti-6Al-4V/Cu-Cr-Zr

To investigate the effect of EST on the Ti-6A1-4V/Cu-Cr-Zr
interface, the microstructure of the metallurgical bonding
zone (MBZ) was analyzed before and after EST treatment (as
shown in Figure 2). The morphology of the MBZ revealed
that the untreated interface exhibited a relatively flat state
with minimal undulations, as depicted in Figure 2A-C.
Following EST at different current densities, the MBZ
formed a serrated profile at the Ti-6Al-4V interface.
This bonding zone protruded toward the Ti-6Al-4V

coating side and exhibited an embedded morphology
(Figure 2E, E H, I, K, and L). After EST, the MBZ exhibits
a protrusion toward the Ti-6Al-4V side, manifesting as
a distinct boundary line, as shown in Figure 2F, I and L.
This indicates that the thermal effects of EST soften the
Ti-6Al-4V coating. Under pressure, the coating undergoes
plastic deformation, forming an embedded, serrated-like
region.

The XRD characterization of the phase of Ti-6Al-4V
coating before and after EST are shown in Figure 3.
Before EST, there is no CuTi diffraction peak in the EST-0
in Figure 3A. CuTi diffraction peaks appeared in the
Ti-6Al-4V coating after EST, as shown in Figure 3B-D.
Meanwhile, the intensity of o phase diffraction underwent
changes after EST, and the (002) crystal plane diffraction
peaks disappeared for «-Ti in EST-1, as shown in
Figure 3B. The intensity of (101) crystal plane diffraction
peaks decreased after EST-2, as shown in Figure 3C. The
intensity of the (002) and (101) crystal plane diftraction
peaks of ¢-Ti increased in EST-3, as shown in Figure 3D.
The variation in grain orientation is due to the phase
transition induced by the thermal effect of EST.?!

Figure 4A-D show the line scan results corresponding
to Figure 2A, D, G, and ], respectively, indicating significant
difftusion phenomena at the Ti-6Al-4V/Cu-Cr-Zr
interface. The MBZ width without EST treatment was 27.4
um (Figure 4A). After EST, the MBZ exhibited a widening
trend, with MBZ widths of 50.2 um, 43.6 wm, and 235.5
um for the EST-1, EST-2, and EST-3 samples, respectively
(Figure 4B-D). The elemental distribution curves in the
MBZ exhibit a step-like pattern, indicating the formation
of Cu-Ti intermetallic compounds in this region. Based
on the atomic ratios of different elements within the MBZ,
the presence of Cu,Ti, and CuTi phases was confirmed.
Following EST, the elemental concentrations in the MBZ
region showed a gradual decrease, indicating diffusion of
elements under the influence of EST. This phenomenon
is attributed to the thermal effects of EST preferentially
acting on high-energy interface regions.

The EST process generally occurs at temperatures
above 800°C, while reaction STi + Ti,Cu < aTi occurs at
around 700°C, leading to precipitation of large amounts of
oTi in the MBZ *. When the temperature reaches 950°C,
the Ti-Cu alloy will melt to produce the liquid phase
(Liquid, L), at which the reaction L + Ti,Cu <> aTi will
occur, and when the temperature reaches about 965°C,
the eutectic reaction of L + Ti,Cu <> CuTi will occur at
the bonding zone. When the temperature continues to
increase to 990°C, the precipitation of the Ti,Cu phase
occurs, L + BTi «» Ti,Cu. Based on the above reaction
equations, when the thermal effect of EST on Ti-6Al-4V/
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Ti-6Al-4V

Figure 2. Interface microstructural morphology at different current densities. (A, D, G, J) microstructures of EST-0, EST-1, EST-2, and EST-3 at low
magnification (x50); (B, E, H, K) microstructures of EST-0, EST-1, EST-2, and EST-3 at medium magnification (x200); (C, E, I, L) microstructures of

EST-0, EST-1, EST-2, and EST-3 at high magnification (500x).
Abbreviation: EST: Electroshock treatment.

Cu-Cr-Zr is significant, the precipitation of CuTi may be
accompanied by the formation of Ti ,Cu. Figure 5 shows
the SEM analysis results of the precipitated phases in the
MBZ region before and after EST. Figure 5A, D, G, and ]
depict the MBZ interface regions of the Ti-6Al-4V/
Cu-Cr-Zr metal matrix composite before and after EST,
respectively. Figure 5B, E, H, and K correspond to the
region near the Ti-6Al-4V coating, while Figure 5C, E, I,
and L correspond to the region near the Cu-Cr-Zr
substrate. After EST at different current densities,
precipitates primarily consisting of Ti,Cu and CuTi
formed in the MBZ, predominantly on the side adjacent
to the Ti-6Al-4V coating, as seen in Figure 5E, H, and K.
Based on the temperature-dependent reaction equation,
the phase within the CuTi phase is Ti,Cu. The Cu,Ti phase
near the Cu-Cr-Zr substrate underwent transformation,
changing from an initial circular shape to an elliptical
form, with its orientation shifting from disordered to

ordered. These changes can be attributed to the influence
of electric current, which induced morphological
alterations in the Cu,Ti phase.

Ti,Cuis generated due to the thermal effect of EST, which
causes Cu to diffuse into the Ti lattice by displacement
diffusion.” A small amount of Ti,Cu is also precipitated
in the MBZ during LMD, causing the decomposition of
o’ > a + Ti Cu through the distribution of solute Cu.** The
diffusion coefficient of Cu is expressed by the Arrhenius
equation.®

D =D, exp (-Q/RT) (1)

Where D is the diffusion constant of solute atoms, D, is
the diffusion constant, Q is the activation energy, R is the
gas constant, and T is the temperature. Spherical particles
of Ti,Cu can enhance the ductility and processability of the
alloy, whereas the acicular or lamellar particles significantly
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Figure 3. X-ray diffraction characterization results of Ti-6Al-4V coating before and after EST. (A) EST-0; (B) EST-1; (C) EST-2; (D) EST-3.

Abbreviation: EST: Electroshock treatment.

enhance the strength of titanium alloys through the
dislocation pinning effect, but they become brittle due
to stress concentration. When the nucleation resistance
is low during solidification or phase transformation, the
particles tend to grow freely into spherical shape. When
the nucleation resistance is high, the particles growth
is limited, and it is easy to form an irregular interstitial
structure or a finely dispersed phase. In addition, the
reduction of interfacial resistance promotes the diffusion
of atoms at the phase interface, inducing the formation
of cavity vesicular Ti,Cu.** According to the nucleation
model, the driving force o for Ti,Cu precipitation can be
described as follows:”

AG,* = AG""*™ + AG; - AG (2)

Where AG_ is the molar driving force for Ti,Cu
precipitation, AGyis the phase interface energy, AG, is
the strain energy of Ti,Cu, and AG is the free energy
of the system. Using the calculated driving force, the
critical nucleation radius of Ti,Cu can be estimated as
follows:

*

a/Ti,Cuy 7 Ti,Cu
, _ 286G,

AG®/TaCr (3)

Where V_ is the molar volume of Ti Cu. Equation 2
suggests that the formation of Ti,Cu particles is governed
by the nucleation barrier, which is mainly composed
of the interfacial energy and the strain energy. To lower
the nucleation barrier and reduce the nucleation drive of
Ti,Cu, it is necessary to optimize the interfacial structure
to achieve this. This interfacial matching property is
particularly critical in the early stages of nucleation, and
by reducing the interfacial energy, the total nucleation
barrier can be substantially weakened, allowing Ti,Cu to
form more easily.*** Moreover, according to Equation 3,
lower interfacial energy favors finer Ti Cu precipitation.
The generation mechanism of the copper-rich phase of
Ti,Cu nanoparticles was revealed by the diffusion of solute
copper during EST.

Theshape of Cu, Tigrainsinthe MBZ before EST presents
an irregular morphology. After EST, the shape of Cu,Ti
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Figure 4. Elemental composition of metallurgical bonding zone at different current densities. (A) EST-0; (B) EST-1; (C) EST-2; (D) EST-3.

Abbreviation: EST: Electroshock treatment.

presents an elliptical form. EST leads to the generation of a
liquid phase at the Ti-6Al-4V/Cu-Cr-Zr interface, and the
solute elements do not have enough time to diffuse during
the non-equilibrium crystallization process. The thermal
effect of EST is not significant on the Cu substrate, because
the Cu substrate has good thermal conductivity and thus
maintains a large degree of subcooling. Due to the effect
of subcooling, the grains will grow along the subcooling
direction during the growth process, which is because the
subcooling direction provides more energy-driving force
and makes the grains easier to grow in that direction.”
The grains show elongation or directional growth in the
subcooling direction.

3.2. Grain orientation and texture distribution

Figure 6 analyzes and displays the grain orientations
of the o, B, and Cu phases in MBZ before and after EST
treatment. Figure 6A shows the EST-0 sample, where the
Cu phase grains in MBZ primarily exhibit orientation
along the (101) direction. Figure 6B, E, H, and K show
the distribution of grain boundaries in the Ti-6Al-4V/
Cu-Cr-Zr hybrid zone before and after EST. Low-angle
grain boundaries (LAGBs) (2° < 0 < 15°) are indicated by
black lines, while high-angle grain boundaries (HAGBs)

(0 = 15°) are indicated by red lines. Before and after EST,
Ti-6Al-4V coatings predominantly contained HAGBs with
a small number of low-angle grain boundaries distributed
throughout. Following EST, changes occurred in both
LAGBs and HAGBs within the MBZ and Cu-Cr-Zr matrix.
As shown in Figure 6B, LAGBs were primarily distributed
within the MBZ. Following EST, LAGBs exhibited a trend
of initial increase followed by a decrease, with the increase
predominantly occurring in the Cu-Cr-Zr matrix, as
shown in Figure 6E, H, and K.

As shown in Figure 7, MBZ primarily consists of
the B phase. To characterize the changes in [ grain size
within MBZ before and after EST, the 8 grain sizes were
statistically analyzed (as depicted in Figure 6C, E I, and L).
The d90 represents the cumulative frequency of the
distribution histogram of 90%. The P grain size in the
MBZ of the EST-0 sample was 2.83 um. After EST, the 3
grains exhibited varying degrees of growth. The maximum
increase reached 3.62 wm in the EST-1, while the minimum
increase was 2.97 um. The 3 grain size in the MBZ showed
a significant increase trend after EST, resulting from the
combined effects of thermal and non-thermal mechanisms
provided by EST. In Ti-6Al-4V, the o phase (hexagonal
close packed structure) is the low-temperature stable
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phase, while the 3 phase (body-centered cubic structure)
is the high-temperature stable phase. Under high-
temperature conditions, the o phase dissolves into the {3
phase. The instantaneous high-energy pulse current of
EST significantly accelerates this dissolution process. Once
o phase particles are rapidly dissolved, 3 grain boundaries
can migrate freely, leading to rapid grain growth.

The phase distribution in the MBZ before and after EST
was characterized using EBSD (as shown in Figure 7A, D,
G, and J). The MBZ primarily consists of P, interspersed
with o and Cu phases. As depicted in Figure 7A for the
ETS-0 sample, the 3 phase contains a significant amount
of o phase, predominantly distributed near the Cu-Cr-Zr
matrix side in a relatively dispersed manner. Following
EST, the o phase near the Cu-Cr-Zr matrix transformed
into B phase, as shown in Figure 7D, G, and J. This
transformation resulted from the electromigration effect
of the current, which drove atomic diffusion. The original

Figure 5. Scanning electron microscopy morphology of metallurgical bonding zone at different current densities. (A-C) EST-0; (D-F) EST-1; (G-I) EST-2;
(J-L) EST-3.
Abbreviation: EST: Electroshock treatment.

o. phase region adjacent to the interface became enriched
with Cu. The Cu injection significantly lowered the
stabilization temperature of the B phase within the MBZ,
enabling stable (3 phase formation at lower temperatures.
Conversely, more o phase appeared near the Ti-6Al-4V
side. The primary reason for this phenomenon was
the lower thermal conductivity of the Ti-6Al-4V alloy
compared to Cu. This resulted in more pronounced heat
accumulation adjacent to the Ti-6Al-4V interface, thereby
initiating alterations in the phase constitution. In addition,
a Cu phase appeared near the Ti-6Al-4V side. As Cu atoms
continue migrating toward the Ti-6AI-4V side, the loss of
[-stabilizing elements (Cu and V) induces the precipitation
of the o phase within the (3 phase. Due to the low solubility
of Cu in o phase, copper precipitates from o phase during
its nucleation and growth, diffusing into the surrounding
B phase and inhibiting the free growth of o phase. The
growth of the eutectic o phase initially formed during the
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Figure 6. Grain orientation of the samples before and after EST: (A) EST-0; (D) EST-1; (G) EST-2; (J) EST-3. Distribution of Ti-6Al-4V/Cu-Cr-Zr grain
boundaries before and after EST: (B) EST-0; (E) EST-1; (H) EST-2; (K) EST-3. MBZ f3 grain size before and after EST: (C) EST-0; (F) EST-1; (I) EST-2; (L)

EST-3.

Abbreviations: EST: Electroshock treatment; HAGB: High-angle grain boundary; LAGB: Low-angle grain boundary; MBZ: Metallurgical bonding zone.

phase transformation is constrained only by the initial 3
phase grain boundaries and exhibits larger dimensions.

Figures 6E, 6H, 6K and 7B display the kernel average
misorientation (KAM) maps of Ti-6Al-4V/Cu-Cr-Zr.
The average KAM value of the EST-0 sample was
0.66°. Following EST, the average KAM values of all
samples increased, with EST-1 exhibiting the greatest
improvement, which achieved an average KAM value
of 1.37°. Following EST, the average KAM value of the
Ti-6Al-4V/Cu-Cr-Zr material increased significantly, with
its dislocation density rising by at least 7.58% compared
to the untreated specimens. Under the thermal effects of
EST, significant intergranular interactions occur, pinning
and entangling dislocations to promote recrystallization.

During recrystallization, LAGB undergoes entanglement,
slip, and climb mechanisms, increasing lattice distortion
and dislocation density within the MBZ.

The rapid temperature increases and cooling rate under
EST promotes the o+ phase transition. When the § phase
transforms into o phase, there is a clear Burgers orientation
relationship. This relationship determines the cubic 3 phase
and hexagonal /0’ phase transformations as follows: {110}
B/7{0001}a/o, <111>P//<11-20>0/0* The orientation
distribution is shown in Figure 8. The EST-0 specimen
contains {-23-11} and {-3121} textures, with {-23-11}
being the dominant texture exhibiting a maximum texture
strength of 7.47, as depicted in Figure 8A. Following
EST, the texture and intensity underwent changes. After
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Figure 7. MBZ phase distribution: (A) EST-0; (D) EST-1; (G) EST-2; (J) EST-3. KAM distribution maps of Ti-6Al-4V/Cu-Cr-Zr before and after EST:
(B) EST-0; (E) EST-1; (H) EST-2; (K) EST-3. Distribution of KAM value: (C) EST-0; (F) EST-1; (I) EST-2; (L) EST-3.
Abbreviations: EST: Electroshock treatment; KAM: Kernel average misorientation; MBZ: Metallurgical bonding zone.

processing at a current density of 205 A/mm? (EST-1),
the texture comprised {-2113} and {3-301} textures, with
{-2113} being dominant and exhibiting a maximum
texture intensity of 9.99, as shown in Figure 8B. When the
current density increased to 262 A/mm? (EST-2), as shown
in Figure 8C, the texture contained {0001}, {-2113}, and
{2-1-11} orientations, with a maximum texture strength
of 10.03. With further current density increase, Figure 8D
shows grains containing {0-1-13}, {-1102}, and {3-2-10}
orientations, where {3-2-10} exhibits the highest orientation
strength with a maximum value of 9.87. EST accelerates the
recrystallization and grain growth processes of specific-
orientation grains by providing extremely high energy
density and non-thermal effects, thereby strengthening the
preferred orientation of the original texture.

About the P phase (Figure 8E-H), the maximum
texture strength of untreated Ti-6Al-4V/Cu-Cr-Zr is 2.99

in {111} direction with uniform texture distribution. After
EST, the maximum texture strength was detected along
{110} direction, but the texture strength was increased
and the maximum texture strength was 3.47. Similar
results were achieved in EST-2, where EST increased
the stress concentration and texture strength. Increasing
the current density increased the texture strength of the
B phase in EST-3 and strengthened the texture strength
in the {I11} direction without significant orientation
concentration, with a value of 4.22. Overall, after EST,
the texture orientation of o and 3 phases becomes more
concentrated.

3.3. Mechanical properties

The mechanical properties of Ti-6Al-4V/Cu-Cr-Zr
composite materials were investigated under varying
EST current densities, along with hardness and shear
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Abbreviation: EST: Electroshock treatment.
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Abbreviation: EST: Electroshock treatment.

tests. Figure 9A-D display the microhardness of the
Ti-6Al-4V coating and the Cu-Cr-Zr substrate. In the
EST-0 sample, the microhardness of the Ti-6Al-4V
coating was 355 HV, while that of the Cu-Cr-Zr substrate
was 90 HV. Following EST treatment, the microhardness
of the Ti-6Al-4V coating exhibited a pronounced upward
trend, with a maximum increase of approximately 70%.
The Cu-Cr-Zr substrate also showed an upward trend,

achieving a maximum increase of 30%, though this
growth was relatively smaller compared to the Ti-6Al-4V
coating. The hardness enhancement in post-EST samples
is attributed to the formation of CuTi and Ti,Cu during
EST. The Cu-Ti intermetallic compound exhibits higher
hardness, and the precipitation of CuTiand Ti,Cu acts as a
diffusion strengthening mechanism, thereby significantly
enhancing hardness.
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Figure 10. Schematic representation of microstructure evolution during EST. (A) Original sample; (B) EST process; (C) cooled sample.
Abbreviation: EST: Electroshock treatment.

Figure 9E displays the shear engineering stress-strain
curve of the Ti-6Al-4V/Cu-Cr-Zr composite. After EST,
the shear strength and strain curve exhibited significant
changes. The EST-0 sample achieved a shear strength of
80 MPa with an elongation of 12.35%. The reaction layer
formed at the interface ensures a strong bond between
the Ti-6Al-4V coating and the Cu-Cr-Zr substrate.
Concurrently, the Cu-Cr-Zr matrix exhibits excellent
toughness and plasticity, enabling deformation-induced
resistance to external loads and thereby enhancing
the overall toughness and plasticity of the Ti-6Al-4V/
Cu-Cr-Zr composite. Following EST, both shear
strength and elongation of the Ti-6Al-4V/Cu-Cr-Zr
composite increased to varying degrees. The maximum
increase occurred at a current density of 205 A/mm?
(EST-1 sample), achieving a shear strength of 132 MPa
and an elongation of 36.75%. Both shear strength and
elongation exhibited an initial increase followed by a
decrease across different current densities applied in
EST. Comparing samples processed at varying current
densities revealed that intergranular nano-precipitates
play a crucial role in enhancing material strength and
promoting dislocation activity, thereby improving
plasticity.  These intergranular  nano-precipitates
comprise multiple phases with distinct structures. The
well-matched crystal planes favorable for dislocation slip
enable continuous slip across different phase structures.”
Following EST, the shear strength and elongation of
the samples significantly surpassed those of untreated
specimens. This demonstrates that adjusting current
density effectively improves mechanical properties,
though beyond a certain threshold, the effect becomes
counterproductive.

3.4. Effect mechanism of EST on Ti-6Al-4V/Cu-Cr-Zr

The microstructural evolution of MBZ related to EST
is shown in Figure 10, and the potential mechanism
for the mechanism is proposed. EST can lead to a
significant increase in the elongation of Ti-6Al-4V/
Cu-Cr-Zr because the pressure and high temperature
during EST results in the significant plastic deformation
of the Ti-6Al-4V coating, which promotes the physical
elimination of porosity at the bonding zone, as shown in
Figure 10A and B. This process helps repair microscopic
defects at the interface, thereby enhancing the material’s
mechanical properties.

As shown in Figure 10C, EST promotes the dissolution
of precipitates and accelerates recrystallization in the MBZ
of Ti-6Al-4V/Cu-Cr-Zr. With increasing temperature,
thermal activation enhanced atomic diffusion and reaction
kinetics. However, the interdiffusion behavior between Ti
and Cu in the MBZ was greatly impacted. Diftusion of Cu
atoms in the MBZ favored the stabilization of the 3 phase
during cooling. The solid-state diffusion of Ti in the MBZ
was suppressed, obviously, and an unbalanced mass flux
between Ti and Cu occurred. Finally, a continuous o phase
was formed on the surface. However, due to the small
radius of the Cu atoms, the Cu atoms continued to diffuse
through the grain boundaries into the reactive layer, and
the Cu,Ti phase might further capture Cu to promote its
growth. The use of coherent intracrystalline precipitates
to impede dislocation motion can enhance the strength
of the material. In addition, activation of mechanisms,
such as laminar dislocations and deformation can
also enhance material properties. Under high-density
current conditions, Ti,Cu precipitates in the MBZ and
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thereby increases material hardness, indicating that EST
exhibits significant precipitation strengthening effects on
Ti-6Al-4V/Cu-Cr-Zr composites. Simultaneously, the
transient high temperatures generated when current flows
through the Ti-6Al-4V/Cu-Cr-Zr composite repair minute
internal defects, thereby improving mechanical properties.
EST exhibits a pronounced homogenizing effect on
the texture of LMD-fabricated Ti-6Al-4V/Cu-Cr-Zr
composites, reducing anisotropy and enhancing interfacial
bonding strength.

4, Conclusion

This work systematically elucidates the significant role of
EST in regulating the microstructure and enhancing the
mechanical properties of Ti-6A1-4V/Cu-Cr-Zr composite
materials. It reveals the phase evolution mechanism
induced by EST in the interfacial mixing zone (MBZ)
and clarifies the precipitation strengthening effect of
intermetallic compounds, such as CuTi and Ti,Cu. The
innovation lies in utilizing both thermal and non-thermal
effects of EST to achieve precise control over phase
composition and grain orientation, thereby significantly
enhancing the hardness, shear strength, and ductility
of the composite material. The main conclusions of this
research are as follows.

(i) The Ti-6Al-4V/Cu-Cr-Zr composite fabricated by
LMD exhibits a distinct MBZ region between the
coating and the substrate. This region is primarily
composed of the [} phase, along with minor amounts
of the o phase and Cu phase. After EST, the CuTi
phase appears within the MBZ, and the diffraction
peak intensity of the o phase changes: As the current
density increases from 205 A/mm?* to 306 A/mm?,
the diffraction peak intensity of the o phase ((002),
(101)) first decreases and then increases. This
change in o grain orientation is attributed to phase
transformations induced by the thermal effects of
EST, leading to chemical composition differences or
the formation of precipitates.

After EST, the microhardness of the Ti-6Al-4V coating
increases significantly, with a maximum improvement
of nearly 70% compared to the EST-0 sample. This
enhancement is attributed to the formation of CuTi
and Ti,Cu phases within the sample during the EST
process. The precipitation of CuTi and Ti,Cu acts as a
diffusion promoter, substantially enhancing hardness.
Following EST, both shear strength and elongation
of the Ti-6Al-4V/Cu-Cr-Zr composite increased to
varying degrees. Both shear strength and elongation
improve with varying current densities, rising from
the original sample’s 80 MPa and 12.35% to 132 MPa
and 36.75%, respectively. Compared to the original

sample, optimal comprehensive mechanical properties
are achieved at a current density of 205 A/mm?”.

(iii) EST exhibits significant precipitation strengthening
effects on  Ti-6Al-4V/Cu-Cr-Zr  composites,
regulating microstructure and enhancing material
hardness. Concurrently, EST facilitates the repair of
microdefects within the material, further improving
its mechanical properties. These changes collectively
enhance the performance of the cladding layer and
broaden the applicability of Ti-6Al-4V/Cu-Cr-Zr
composites.

This work presents a novel process for optimizing the
properties of dissimilar metal composites fabricated by
LMD, broadening the application prospects of Ti-6Al-4V/
Cu-Cr-Zr composites high-strength  structural
components for use in the aerospace and other fields.
Future efforts will focus on further optimizing EST process
parameters, exploring its applicability to other material
systems, and conducting in-depth studies on the stability
of its long-term service performance.
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Abstract

As the field of three-dimensional (3D) bioprinting gains increased momentum,
complex 3D bioprinters are being developed to keep up with the needs of
biofabrication and tissue engineering. Cartesian-based linear 3D bioprinters have
facilitated the fabrication of 3D biological constructs and scaffolds. However, to
achieve meaningful advancement in biofabrication, 3D bioprinters need increased
freedom of motion, seamless multi-material printing, full automation, and ease of
use. In this paper, we propose TwinPrint, a dual-arm robotic 3D bioprinting system,
designed to be compatible with soft bioinks to build multi-material constructs,
crucial for creating functional tissue. The uniquely integrated robotic 3D bioprinter—
comprising an in-house fabricated coaxial nozzle, two 4-axis robotic arms, six
microfluidic pumps, and a software interface—work harmoniously as a single unit.
We showcase the development of the Python-based software and Graphical User
Interface, integrating all components into a single easy-to-use interface. Due to their
human-like and instantaneous gelation properties, peptide-based bioinks were used
as printing material to test the system. Developed in our laboratory as an alternative
to gelatin- and alginate-based bioinks, they avoided chemical and ultraviolet-
crosslinking by solidifying instantaneously under physiological conditions. For system
performance testing, acellular and cellular constructs were observed for structural
fidelity, multi-material layering, printing accuracy, cell viability, and proliferation.
Overall, our proposed system showcases an innovative integration of robotics for
biofabrication to expedite the printing process and enable multi-task print protocols.
By saving time, increasing degrees of freedom, and expanding printing complexity,
we believe TwinPrint is a promising next step for biofabrication.

Keywords: 3D bioprinting; Extrusion-based printing; Peptide bioinks; Multi-robot
systems; Multi-material construct
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1. Introduction

Three-dimensional (3D) bioprinting technology has
facilitated remarkable advancements in the biofabrication
of complex biomimetic tissues,'* thus catering to challenges
in organ donor shortage and enabling solutions in
personalized medicine to reduce immune system response.
The most demanding applications for engineered tissues
include the cartilage,® skin,® cardiac tissue, vascular
grafts,” and hard tissues such as bones.® It has also shown
high potential in eliminating dependency on animal
testing by introducing artificially constructed organs for
pharmacology and pharmaceutical research.’

The heterogeneity and complexity of human tissues
necessitate 3D bioprinting of multi-material and multi-
cellular constructs with physical and mechanical properties
closer to native tissues.'’ This entails the integration of
various biomaterials and cell types to fabricate a single
biomimetic construct.''*In light of this, several researchers
have proposed methods to accomplish the goal of 3D
printing multi-material acellular and cellular scaffolds of
varying mechanical properties and print resolutions. Some
have modified the design of commercial, conventional
3D printers by integrating multiple printheads for multi-
material 3D bioprinting.'** On the other hand, Liu
et al.'* and Miri et al."> developed their own multi-head 3D
bioprinter with a rapid switching mechanism for bioink
interchangeability. A handheld multi-material 3D printer
was introduced by Pagan et al.' for in situ 3D bioprinting
for tissue repair applications.

Ultrashort self-assembling amphiphilic peptides are
compounds with both hydrophobic and hydrophilic
regions.'”'® Peptide Ac-Ile-Val-Cha-Lys-NH, (IVZK),
which was investigated in this study for its suitable
properties belongs to a class of tetrameric ultrashort
self-assembling peptides that was described in detail in
earlier publications."*” These peptides assemble into
fibers and further into 3D supramolecular structures in
the form of hydrogels by non-covalent interactions, such
as van der Waals interactions and hydrogen bonding.
Adding ionic solutions such as phosphate-buffered saline
(PBS) to aqueous peptide solutions can accelerate their
fiber formation, reducing gelation times to minutes and
seconds, depending on the specific peptide sequence and
the peptide concentration. These properties underscore
the potential of ultrashort self-assembling amphiphilic
peptides as an optimal bioink material in extrusion-based
3D printing and bioprinting, as alternatives to gelatin and
alginate-based bioinks, to facilitate instantaneous layer-by-
layer printing of acellular and cell-laden material.

With several promising attempts at developing
multi-material 3D bioprinters, certain challenges still

exist. Primarily, large-scale printing has not yet been
realized. Clinically practical sizes need to be achieved
without extending fabrication time.?' This requires an
array of new approaches such as concurrent printing,
robotic maneuverability, and full system integration and
automation.

Of note, a vast majority of 3D bioprinting systems
involve pre-mixing or post-printing curing protocols, i.e.,
bioinks are pre-mixed before loading in a pressure-based
extruder, and final crosslinking occurs through curing
processes after printing. This approach, while common, is
not as biologically suitable on the grand scale, due to its
dependency on ultraviolet-based or chemical crosslinking
techniques. Soft matter bioinks, such as ultrashort self-
assembling peptides, are key candidates to explore for 3D
bioprinting due to their instantaneous gelation properties,
biocompatibility, and nanofibrous topography resembling
the natural extracellular matrix.!”'®?* While avoiding the
use of harmful crosslinking reagents, their instantaneous
binding nature requires increased precision control.
Screw-driven syringe pump extrusion systems have been
found to offer better control and flow accuracy when
working with ultrashort peptides.”? Our previous research
explored the development of microfluidic syringe pump
extrusion systems embedded with dual coaxial nozzles to
accommodate the gelation nature of peptide bioink.2**%

Examining the use of articulated robots for 3D
biofabrication applications highlights a number of
advantages. In comparison to traditional Cartesian 3D
bioprinters, articulated robot workspace is not confined and
can perform successful in situ bioprinting at regions such
as curved or irregular anatomical sites,”?® and perform
additional tasks aside from 3D bioprinting, making them
cost-effective. More significantly, articulated robots offer
additional degrees of freedom, which allows for faster
fabrication time of highly curved scaffolds with intricate
geometry while achieving high deposition precision and
printing resolution.” Non-planar robotic printing can
revolutionize 3D bioprinting by breaking away from the
traditional layer-by-layer XYZ approach and creating more
defined extrusion paths to fabricate complex organs and
tissues.’**? A multi-arm configuration running in tandem
reduced biofabrication time considerably by increasing the
degrees of freedom from the standard 3 axes to 5-6 axes,
which would be vital for in situ bioprinting at the clinical
phase.®

Among many challenges facing 3D bioprinting, one
significant obstacle is achieving reliability and robustness.**
Currently, 3D bioprinting is hindered by extrusion
failures, bioink incompatible mechanical and rheological
properties, and the lack of robust, end-to-end automation.
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In this work, we address the latter challenge by advancing
the automation and integration of the different parts within
the 3D bioprinting system, with the goal of accelerating the
technology’s overall progress.

Consequently, in this paper, we propose a dual-
arm, microfluidic extrusion-based multi-material 3D
bioprinter, called TwinPrint, with an integrated graphical
user interface (GUI). TwinPrint leverages the advantages
of robotic arms to develop a system catering to soft
matter bioinks, including peptide hydrogels, to achieve
3D bioprinting of multi-material, geometrically complex
bio-constructs for skin grafting, disease models, and drug
testing applications. Taking user workflow into account,
an intuitive GUI is developed in a pre-, intra-, and post-
printing layout for quick navigation. Moreover, several
tests to evaluate the system performance, printability,
biocompatibility, and cell viability are performed.

To the best of our knowledge, this is the first work of
its kind that presents synchronized dual robotic arms for
3D bioprinting, free from any crosslinking dependencies
that could further complicate the printing process and
present potential harm to cell viability. More importantly,
the demonstration of layer-by-layer switching of robotic
arms is an advantageous time saver as compared to a linear
Cartesian system with a head switching mechanism. Given
the fragile nature of cell viability in the bioprinting process,
quicker standardized protocols are extremely crucial in
realizing realistic goals of clinical bioprinting. Finally, the
capability of increasing degrees of freedom in a robotic arm
setup adds further time, space, and structural complexity
advantages that are far from possible with state-of-the-art
Cartesian printers.

2. Materials and methods
2.1. Peptide synthesis

Peptide Ac-Ile-Val-Cha-Lys-NH, (IVZK) was synthesized
using the solid-phase peptide synthesis method on
a CS136X peptide synthesizer (CSBio, USA). After
synthesis, the peptide was removed from the resin using
a mixture of 95% trifluoroacetic acid, 2.5% tri-isopropyl
silane, and 2.5% water at room temperature for 2 h. The
peptide was then precipitated by adding cold diethyl ether
to the peptide solution and kept overnight at 4°C. The
precipitated peptide was separated from the supernatant
by centrifugation. Finally, the peptide was purified by
reverse-phase high-performance liquid chromatography
with a C-18 column (2-98% acetonitrile in 15 min) at a
flow rate of 20 mL/min and collected at a yield of over 60%.
The peptides were stored within sealed Falcon containers
at —80°C, and peptide aliquots were taken for experiments.

2.2, System description

The TwinPrint System, as the name implies, consists of two
identical 3D bioprinting sets; a set is composed of a 3D
printing robotic arm and a microfluidic-based extrusion
system, as depicted in Figure 1. Previous studies have
described our 3D bioprinter at length.?**%* In a single print
job, the sets take turns in printing with different materials,
constituting a multi-material structure. Before printing, the
robotic arms agree on a start point from which each robot
calculates its movements with respect to this point. A GUI
Software is built using Python to control and integrate
the system’s different components from a single software
platform. The system input is a G-code (Geometry Code)
file of a desired construct, from which the required data
are extracted and transmitted to the robots for command
execution. As G-code is designed to contain information
for Cartesian systems, it first needs to be converted to polar
coordinates for it to be understandable by the robots.

2.2.1. Geometry code (G-code) obtainment

3D bioprinting is an additive manufacturing process that
uses a computer-aided design (CAD) model, which is
converted into an standard template library (STL) file to
define the 3D geometry of the object as a mesh of small
triangles.®*¢ Conventionally, the first step in printing is to
load a desired STL file into the printing software and slice it
into G-code, which denotes the required XYZ movements
and speeds at each coordinate to print the 3D object layer
by layer.”” To this effect, basic objects were designed in
Solidworks® CAD software (Dassault Systémes, France),
including cuboids and rings, and sliced to obtain their
G-codes. However, because robots are designed with

1] -

G-code parsing

& TwinPrint

TwinPrint GUI via python

Robot & microfluidic
pump integration

Multi-material
biofabrication

Figure 1. An illustration of the TwinPrint system
Abbreviation: GUI: Graphical user interface.
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increased degrees of freedom and do not naturally read
G-code, a parsing approach was developed to extract the
required commands for each point from the G-code.

2.2.2. Geometry code (G-code) parsing

The Dobot Magician is compatible with a Repetier host 3D
printing software that establishes communication between
a single Dobot and the software, allowing users to load
G-code files and 3D print, as is done with generic Cartesian
3D printers. However, in this case, the aim is to integrate
two Dobot Magician arms for communication and printing,
which is beyond the scope of the Repetier Host software.
Hence, a Python program was developed from scratch to
achieve this goal. Because the default Dobot application
programming interface (API) protocol is not designed to
accept G-code files, a G-code parser was first implemented
in the Python program. For successful translation, the
parsing process included two essential steps: information
extraction and instantaneous coordinate calculations. The
parser first scans the loaded G-code file of the 3D construct
intended to be printed, line by line, looking for a specific
pattern of interest, denoted by a letter G followed by a
number that indicates the type of geometry change. In
addition, the G line provides information on the selected
positioning type (absolute or relative), XYZ coordinates,
and extrusion feed rate (denoted by F). For instance, G90
sets the positioning type to “Absolute” for the subsequent
G lines, which contain the XYZ geometric locations with
respect to the current location.

When a G-code file is loaded into the Python program,
instantaneous geometric coordinate recalculations are
done based on the selected positioning type, and the new
coordinates are stored temporarily in the system. Absolute
positioning moves the robotic arm exactly to the XYZ
coordinates, while relative positioning indicates how
far the XYZ point is from the current location. The user
specifies and saves a starting point to which each absolute
coordinate is added. In the case of relative positioning,
the XYZ coordinates of the starting point are only added
to the first geometric location in the G-code. The rest
of the coordinates are added, one by one, to the latest
accumulated value.

Furthermore, the number of layers in a 3D structure is
found by counting how many times the Z value is altered
in the G-code file while parsing. Here, the Z value stands
for the height parameter in the print. This information is
useful when splitting the layers between the two arms to
send the recalculated coordinates associated with each
layer to the appropriate arm, and to keep track of printing
progress, in terms of numbers of layers that have been
printed and are still left. Moreover, the printing time (¢,) in

seconds for a print is calculated based on the speed of the
arm (v) and the total displacement (d,) of the arm, and the
formula is expressed as follows:

f, =—L (1)

In terms of extrusion, the flow rate from all active
syringe pumps provides an approximate total flow rate
for the extrusion at the tip of the needle. While it is an
approximation due to material loss during extrusion,
the effects are considered negligible. The movement of
the arms is synced with the speed of extrusion, which is,
decidedly, the summed-up flow rate of the active pumps.
Note that the F value of the G-code refers to the feed
rate, or the print move, in which extrusion occurs. It is
essential that the speed setting is aligned with the rate of
extrusion to avoid shearing and inconsistency in the case
of quickened movement, and an undesirable thickness in
the case of slower movements. Hence, the compatibility of
both speeds for the pumps and arm needs to be optimized
to ensure optimal print quality.

2.3. Robotic arms integration

For the dual-arm integration, the TwinPrint system
leverages Dynamic-link libraries alongside a Python API
provided by Dobot® to communicate with the robots. The
two robotic arms are connected via separate computer USB
ports and take turns in printing based on the number of
layers specified for each arm by the user. The arms initially
agree on a global point in 3D space as a start point for the
cooperative 3D printing to begin. The two robotic arms are
positioned facing each other with respect to the location
of the plate. The arm’s maximum reachability in terms of
the x-axis must be taken into consideration; the farther the
arm is placed, the less printing space it can cover. The user
specifies and saves the set global point within the printing
workspace in the system, which acts as a reference point
from which the 3D structure coordinates are recalculated
by each arm separately. Therefore, precision when setting
the common global point is of utmost importance. Slight
offsets from the robotic arm motors prove to be detrimental
to the print quality.

For collision avoidance between the two arms, the
handing-over process is timed; only one arm moves at a
time to or from the printing workspace. In addition, the
waiting location of each arm is at a particular distance
away from the set global point. While the arm is waiting
for its turn, it is kept moving back and forth in a segment
of 2 mm to avoid timeout.

In the case that the arms are working in tandem on the
same 3D structure, they are bound to operate within the
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same printing workspace collectively. Hence, the printing
area is not necessarily doubled by using dual arms as
one might previously assume. Both arms must reach the
entire print area. On the other hand, if the print is not
divided layer by layer and instead, divided from the X or Y
dimension, then the printing area can be doubled. Hence,
the maximum print area is a function of the allocation of
printing sequence to both arms. At minimum, it could be
the same as the printing area of one arm, and at maximum,
it could be doubled.

2.4. Microfluidic syringe pumps integration

A set of Cellix® ExiGo microfluidic syringe pumps
(Cellix, Ireland), consisting of four pumps, is connected
to the TwinPrint GUI via a USB cable. The computer port
number and the unique addresses of the pumps are used for
bidirectional communications in a master-slave approach
without confusion. An API containing all the functions
necessary to operate and handle communications with
pumps is created in Python. The pumps can be operated
synchronously with the arms, or separately as a whole set
or individually. Flow rates are set for extrusion depending
on the viscosity of the biomaterial used.

Overall system performance can be hampered due
to continuous monitoring and updating of individual
pump statuses to the GUI, considering that there are
eight pumps in the system. To reduce the communication
overload, one query command, called “Status Word,” is
used to return information about the entire set rather than
query-specific or pump-specific commands despite their
simpler, straightforward responses. Further calculations
and conversions have to be done to extract the useful
information from the Status Word’s response. The backend
code requests an update on the screen only if a pump status
has changed from the previous received status, which
eliminates the unnecessary communications with the GUL

2.5.GUI

The GUI Python toolkit used to build the TwinPrint GUI
was wxPython. The GUI layout and features incorporated
into the TwinPrint GUI were selected specifically based on
past 3D bioprinting experience over the span of 5 years, to
suit researchers’ needs in the Laboratory for Nanomedicine.
The design was developed from a user’s perspective, i.e.,
what the user would need for easy control before and
during printing. Pre-printing, several parameters are set
by the user, while during 3D bioprinting, the user controls
the devices and monitors print and flow status.

The user interface is based on classes that inherit
attributes and methods from wxPython classes to create
and manage the GUI widgets as well as display updated

information on the screen. Additional methods are
added to those classes to perform side calculations,
e.g., based on the user’s inputs, feedback from a device,
and communication with the APIs. Therefore, there are
intensive background operations and constant requests to
update the GUI within the system that can cause a delay
in providing updates on screen or even worse, cause GUI
freezing or crashing. To avoid these issues, threading,
which is a locking mechanism, in addition to the pub/
subapproach is applied.

Most system calculations are dependent on the results
of other calculations that can occur in other parts of the
system. This makes the adoption of the threading approach
ideal, as the threads can share the memory space as well
as expedite execution time. In addition, it avoids the issue
of an unresponsive GUIL. Hence, background operations
are allocated to threads, called worker threads, and each
has a certain task to do. The threads may request to update
information on-screen according to their tasks and results.
Another thread, called the GUI thread, is responsible
for making the GUI appear on-screen, is dedicated to
interacting with the GUI screen. A single Python class
method is allocated for coordinating GUI update requests
to prevent simultaneous screen updates from multiple
sources. Furthermore, a locking method is applied to the
GUI updating class to permit only one update request
to be received and executed at a time. Furthermore, to
establish efficient, instantaneous communication between
the various GUI classes, the pub/sub approach is utilized.

2.6. System tests

After system design and development, a series of tests were
conducted to evaluate TwinPrint. For the evaluation of
printing accuracy with dual-arms, several pen tests were
performed to draw different shapes and compare them
with single-arm results (section 3.2). To ensure seamless
pump communication, an experiment was set up to
compare flow rates run by TwinPrint and SmartFlo®—
the default pump software (section 3.3). For dual-arm
synchronization, an acellular 3D printing experiment was
conducted (section 3.4). To study cell viability, a disease
model was created using cellular 3D bioprinting with
multiple cell types (section 3.5).

2.7. Acellular 3D printing and cellular 3D bioprinting
of a disease model

We performed acellular printing experiments as described
in detail in section 3.4 to test the material deposition of the
system and print resolution. For the cellular bioprinting
experiment, we printed using two cell types to mimic a multi-
cellular disease model; acute myeloid leukemia (AML) cell
line (HL60) and human bone marrow mesenchymal stem
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cells (BM-MSCs). The HL60 and BM-MSCs cell lines were
supplied by ATCC (USA) and Professor Abdalla Awidi
(Cell Therapy Center, University of Jordan, Amman,
Jordan), respectively. Human BM-MSCs were cultured
and maintained, as described before. Briefly, the cells were
cultured at a seeding density of 4x10° cells/cm* when
cultures reached 80% confluence, the cells were subcultured
using 0.25% trypsin. Cells in passages 4-8 were used in the
bioprinting experiments. Human BM-MSCs cells were
maintained in o-modified minimum essential medium
(a-MEM) supplemented with 10% mesenchymal stem
cell-qualified fetal bovine serum (FBS), 2 mM L-glutamine,
and 1% penicillin/streptomycin (GIBCO, ThermoFisher,
USA). HL-60 AML cell line was cultured in RPMI-1640
media supplemented with 10% FBS and 1% penicillin/
streptomycin (GIBCO, ThermoFisher, USA). The cells
were maintained at a density of 500x10° cells/mL media.
Before bioprinting, human BM-MSCs were stained with
Cell Tracker” Green 5-chloromethyl fluorescein diacetate
(CMFDA) Dye (Invitrogen, ThermoFisher, USA) at a
final concentration of 10 uM, and the HL-60 cell line was
stained with CellTracker” Red CMTPX Dye (Invitrogen,
ThermoFisher, USA) at a final concentration of 5 WM.

For bioprinting, human BM-MSCs (3x10° cells)
were mixed with 500 uL of 1x PBS and loaded into the
microfluidic tubing of the first robotic arm. In addition,
HL-60 (9x10° cells) were mixed with 500 uL. 1x PBS and
loaded into the microfluidic tubing of the second robotic
arm. Each cell type was printed separately using the two
robotic arms in an alternating layer-by-layer fashion.
Growth media composed of a 1:1 ratio of human BM-MSCs
and HL-60 cell line media was added to the printed cell-
laden constructs. The printed cell-laden constructs were
placed in the CO, incubator set at 37°C, 5% CO,, and 95%
relative humidity, with media exchange every 3 days.

For cytoskeletal staining, cell-laden constructs were
fixed with 4% formaldehyde solution for 30 min and then
incubated in a cold cytoskeleton buffer (3 mM MgCl,, 300
mM sucrose, and 0.5% Triton X-100 in PBS solution) for
5 min. The cell-laden constructs were then incubated in
blocking buffer solution (5% FBS, 0.1% Tween-20, and
0.02% sodium azide in PBS) for 30 min. For F-actin,
anti-mouse IgG (whole molecule)-FITC and rhodamine-
phalloidin (1:300; Thermo Fisher Scientific, USA) were
added to the cell-laden constructs for 1 h. Then DAPI
were added for 5 min to counterstain the nucleus. The cell-
laden constructs were observed and imaged using a laser
scanning confocal microscope (Zeiss LSM 710 Inverted
Confocal Microscope, Germany).

For confocal microscopy imaging, an inverted laser
scanning confocal microscope (Zeiss LSM 880 Inverted

Confocal Microscope, Germany) was used to observe
and evaluate cells within the printed constructs. Human
BM-MSCs stained with CMFDA Dye were observed using
492 nm excitation and 517 nm emission filters. HL-60 cells
stained with 5-chloromethyl tetraphenyl-p-xylylene
(CMTPX) dye were observed using 577 nm excitation and
602 nm emission filters. Z-stack images were obtained to
evaluate the 3D distribution of cells within the printed cell-
laden constructs.

3. Results and discussion
3.1. TwinPrint system

The TwinPrint System, as shown in Figure 2, comprises
two sets of four microfluidic syringe pumps, two robotic
arms with custom-designed nozzles,” tubes connecting
the syringe tips to the nozzles, and a computer running the
TwinPrint GUI. Figure 3 displays the four GUI tabs, with
Figure 3A and B showing the pre-printing settings and
Figure 3C and D displaying the settings for the initiation,
control, and monitoring of the 3D bioprinting process.

First, the “Device Settings” tab, as shown in Figure 3A,
allows the user to connect/disconnect devices and set
generic printing parameters, including desired z-height,
pump syringe type, and desired flow rate. The GUI
displays a list of communication (COM) ports that are
open for connection, to avoid interference with occupied
ports. Figure 4A and B are zoomed-in images of the Dobot
settings and Pump settings, respectively, showing examples
of how the system operates when devices are connected to
TwinPrint. Upon successful connection of the devices, the
corresponding settings are activated across all tabs to allow
for communication with the connected devices exclusively.

Instantaneous updates are provided for the robotic
arm’s location, which is used to determine the arm
corresponding to each box of Dobot settings (Figure 4A).
It is crucial to identify which arm is R1 to avoid false layer
splitting, as R1 is always the first to start printing. The
user-defined home coordinates are used as a starting point

Figure 2. The TwinPrint system with an older version of the user interface
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for printing, referred to as the arm’s local point. In a dual-
arm setting where both arms are expected to print from
the same point, the local points of the arms are expected

to be the same point in 3D space, which creates a shared
global point. This point is sent back to arms when starting
the print. TwinPrint also offers flexibility in updating the
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saved z-height separately without readjusting the XY home
values. The arm travel speed can be adjusted using the axes
buttons, but this does not affect the 3D bioprinting velocity
previously specified in the parsed G-code.

Analogs to the arms, to determine which Pump
settings box corresponds to its respective pump set, only
one pump from each of the two sets can be initialized via
the “Initialize” button. As shown in Figure 4B, Pump 1 is
the master pump while Pumps 2-4 are arranged according
to their position from the master. Since a total of eight
pumps can be connected to the TwinPrint GUI, a labeling
feature is incorporated for easy reference to each pump
and its corresponding material type. This new name is
then published across all tabs. Figure 4B shows the label of
Pump 1 changed to “Cell Type A In addition, TwinPrint
supports the use of three gauge sizes for BD PlastiPak
syringes (1, 3, and 5 mL), which are often needed in our
3D bioprinting experiments. For effortless monitoring of
the volume of material dispensed from a pump, the GUI
syringe slider values are updated according to the syringe
gauge selected.

The “Pump Program Mode” tab, as shown in Figure 3B,
is used to set an automated program for a pump, which
creates a series of timed jobs to be run sequentially. The
system supports three flow types (constant, ramp, and
pulse) in three units (mL, UL, or nL). The buttons are
to manage and facilitate the process of adding/deleting
jobs. To keep track of the added/deleted jobs, a pump’s
programmed jobs are visualized on a flow rate (UWL/min)
versus time (min) graph. The added jobs are queued in the
system, and this queue is passed to the pump when the
“Program” button is clicked. If a job has a flow rate that
exceeds the pump’s accepted range of flow rates for the
given syringe volume, the job will be rejected by the pump.

During the 3D bioprinting process, the “Job Settings”
tab, as shown in Figure 3C, is used to load desired print
files, adjust the z-height (during pauses), and specify the
layer splitting parameter. The uploaded G-code filename
is printed on the screen for user assurance. In addition, a
G-code visualizer allows the user to preview the loaded 3D
object and its individual 2D layers. More information on
the development of the visualizer can be found in a previous
publication.'® The layers of a loaded 3D object are divided
according to user inputs in the allocated fields. For example,
if R1 layers are entered as “1” and R2 layers are entered as
“2;” a seven-layered 3D construct would be split alternately.
In other words, R1 would print the odd-numbered layers,
and R2 would print the even-numbered layers.

In the case that automated program mode is not
selected for the pumps, manual control of each pump’s flow
rate is also achieved in the “Job Settings” tab. Noteworthy,

a predictive machine learning model was developed as a
software add-on to suggest optimal flow rates to the user
for the 3D bioprinting materials selected. This is detailed in
another study.’® Moreover, to enhance user experience and
ease the printing process involving several components,
the side buttons offer device control both collectively and
individually.

Finally, the “Printing Status monitoring” tab, as shown
in Figure 3D, allows users to monitor the different printing
and pumping activities occurring across all devices
collectively in a single tab, making it easier to quickly
discern any failure.

3.2. Print accuracy test

To validate the printing accuracy of the TwinPrint parsing
process for the robotic arms, a 2D circle was drawn with
pen ink and compared with standard Repetier printing
software, TwinPrint single arm mode, and TwinPrint dual
arm mode. To ensure fair comparison, the robotic arm
speed was determined based on the feed rate (F value)
specified in the G-code file. In our setup, the feed rate was
set to 72 mm/min, and this value was kept constant across
all three printing modes. Figure 5 shows the results along
with the G-code preview. It was observed that the circles
drawn by Repetier software and TwinPrint single mode
were closely similar. Slight differences can be noticed in the
line thickness, which is dependent on the set layer height
due to the delicate nature of a pen’s tip. In terms of printing
accuracy, however, both were found to closely replicate
the desired G-code preview and maintained equal spacing
without elliptical variations, indicating that the shape was
drawn as expected.

For TwinPrint’s dual arm mode, two different colored

Figure 5. Printed circles with pens for accuracy evaluation. (A) A top
view of a cylindrical construct from Repetier-Host Software; (B) A pen-
printed circle using Repetier—Host software. (C) A circular shape printed
using TwinPrint user interface in the single-arm mode. (D) Two color-
printed circles in the dual-arm mode using TwinPrint System.
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ballpoint pens were used to determine: (i) Parsing with
respect to two arms, and (ii) setting of global points.
While the parsing process was found to match the
previous two modes, it was noted that there was a position
inaccuracy when each arm would return to the set global
position. Since the global point coordinates are received
as feedback from the arm about its current location
in the 3D space, it was noticed that when the arm was
returned to the initial setpoint, it was slightly off from
the specified point with a deviation <1 mm. This could
be due to mechanical constraints of the arm. Several
models of the Dobot® Magician were cross-tested, and
similar results were found. However, it is worth noting
that the line thickness of soft matter bioink is generally
>1 mm, as compared to the 0.5 mm line thickness of
a fine-tip ballpoint pen. Thus, it was deduced that the
accuracy achieved was suitable for the 3D bioprinting
requirements in our scope.

To validate layer allocation for each robot, several
combinations of layer splitting were tested for objects
of various layer heights. Some combinations required
alternate layering, while others required sequential
layering (where R1 prints X number of layers and R2 prints
Y number of layers, one after the other). The tests were all
found to pass successfully, with both robots able to print
their allocated layers as specified by the user.

3.3. Pump accuracy test

A pump accuracy test was run with three pumps for a range
of 4 flow rates (20, 50, 100, and 200 puL/min) to compare
the accuracy of TwinPrint with its default SmartFlo®
software and determine the error. Multiple pumps were
used to minimize error readings from a single pump.
Each pump was run for the range of selected flow rates,
first by issuing a command from the SmartFlo® software,
and second by TwinPrint. Each test was conducted thrice.
Assuming the density of water is approximately 1, the mass
of a weighing boat was recorded before and after collecting
the desired volume of water for a period of 1 min. This
roughly provided the mass of the accumulated volume of
water in the boat. From this, an approximate comparison
was deduced of each pump’s performance when receiving
a command from the two software programs. Figure 6
shows the results and the estimated error readings. Slight
variances were noted between the two systems, but the
difference was acceptable for the required application.

3.4. Acellular bioprinting and print resolution test

For a thorough demonstration of the TwinPrint system, an
experiment was conducted to observe the synchronization
of the arms while printing peptide-based 3D constructs.
Shape fidelity and cell viability were assessed. An alternating

200
150
100 = =

50
=HCH B

SmartFlow TwinPrint

Flow rate (uL/min)

Figure 6. Estimated errors in flow rate by SmartFlo and TwinPrint
software

layers approach was used to observe the interaction of
both arms in processing commands sequentially, avoiding
collision, and recalling start/stop positions.

Several trials were performed to resolve bugs in the code,
which initially caused R2 to repeatedly “forget” its start
position. Another issue faced was the timeout of the robots
due to extended wait periods in between commands. This
was resolved by adding a minimal movement command
where R1 would move slightly while in wait position, as R2
completed its layer, and vice versa.

For system performance evaluation, the TwinPrint
system was used for 3D bioprinting of an acellular 3D
construct. A seven-layer cuboid of 10 x 10 x 1.4mm’ was
loaded and parsed by the software. Alternating layers were
assigned to each robot by splitting them singularly. Pumps
were set to 60 uL/min and 20 uL/min for IVZK peptide
and 5x PBS, respectively, based on printing parameters
optimized in previous reports.>** R1 was manually moved
to a desired start point with a z-height of 0.2 mm from the
printbed, and the coordinates were saved using the GUL
The same was repeated for R2 at the same point. The system
was prepared to print. A green dye was injected into S2
P6 (5x PBS) to facilitate observation of layers deposited by
each arm.

Given the nature of soft matter ultrashort peptide-based
bioinks, it was inevitable that accuracy would be reduced
as compared to the pen test. However, printing resolution
was assessed in terms of a standardized in-house printing
rubric, which entails observing shape features, continuity
of peptide gel, consistency of layer-buildup, and overall
resolution compared to the desired G-code. Figure 7 shows
a seven-layer cuboid (10 x 10 x 1.4 mm’) printed with
both arms depositing alternate layers of peptide-based
bioink. R1 was set to extrude clear peptide ink while R2
was set to extrude green-stained peptide bioink, allowing
differentiation between the two arms and simulating
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a multi-material printing process (Video S1; video
description is given in the “Supplemental information”
section in this article).

During printing, layer allocation and start point
accuracy were observed. R1 was expected to print the
bottom layer and retreat to “home,” avoiding collision with
R2 as it printed the next layer. This process was repeated
until layer 7. It was noted that R2 would shift slightly when
returning to the desired start point in subsequent layers.
This impacted the construct fidelity but was negligible
for small constructs. It is presumed that the inaccuracy
is due to mechanical constraints and the robot’s cache

s 2

Figure 7. Acellular 3D construct of the peptide bioink IVZK with one
bioink printing batch in green color (for one robotic arm) and another in
clear color (for the second robotic arm) assembled in an alternating layer
approach. (A) Side view; (B) top view.

memory. Overall, the resolution was good enough for the
application, as bioinks are of low viscosity and tend to
fill up gaps after deposition. Hence, the inaccuracy is less
visible as compared to the pen ink test.

3.5. Formation of 3D multi-cellular disease model

In the context of an intact organism, cells inhabit a
complex 3D environment, wherein cell-cell interaction
plays a pivotal role in tissue physiology and development.*
Furthermore, the development of biomimicry disease
models necessitates the precise replication of diverse
cellular interactions, as this process is imperative in the
formation of the diseased tissue microenvironment.**! To
test our system’s potential for developing a multi-cellular
disease model, we performed printing using two types of
cells; AML cell line (HL60) and human BM-MSCs in a ratio
of 3:1. Human BM-MSCs are well established as accessory
cells that confer survival signals and chemoresistance
advantage to acute leukemia cells.”” Regarding bioink, we
used IVZK peptide-based bioink.'**

Our results demonstrated the potential of our dual-
arm robotic system for the controlled deposition of

Figure 8. Formation of a multicellular 3D acute myeloid leukemia (AML) disease model through 3D bioprinting of AML cells (red, round) and human
bone marrow mesenchymal stem (BM-MSCs) cells (green, fibroblast-like morphology) using the IVZK peptide-based bioink. (A) Front view of 3D
constructed image; (B) Side view of a 3D constructed image showing the distribution of leukemia cells (red) and human BM-MSCs (green) on two different
projection planes, as deposited by the dual-arm 3D bioprinter; (C) Front view of 3D constructed image; (D) Side view of a 3D constructed image. Cells
were co-printed using a dual-arm 3D bioprinter at a ratio of 3:1 (leukemia cells: human BM-MSCs) and imaged in complete peptide hydrogel construct by
means of confocal microscopy. Cells stained with CMFDA are shown in green, while cells stained with 5-chloromethyl tetraphenyl-p-xylylene (CMPTX)
are shown in red.
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Figure 9. Cytoskeleton staining of human bone marrow mesenchymal stem after 30 days of bioprinting. (A) Front view of 3D rendered (constructed)
image, demonstrating the distribution and matrix interaction between cells and peptide biomaterial; (B) Side view of the 3D constructed image covering a
thickness of 500 um in the direction of the Z axis, showing the distribution of cells within the IVZK peptide scaffold over a 500 um length. Scale bar = 100
wm. Actin cytoskeleton is stained with phalloidin (red), and nuclei are stained with DAPI (blue).

different cell types while preserving cell viability and
functionality. This is indicated by the retained fibroblast-
like morphology of human BM-MSCs upon printing and
the filopodia formation (Figure 8A and B). In addition,
cell-cell interactions between BM-MSCs, and between
BM-MSCs and leukemic cells, indicate cellular health
status and the feasibility of our system for multi-cellular
bioprinting (Figure 8C and D).

Moreover, at 30 days post-printing, the staining of
the cytoskeleton of the BM-MSCs revealed the activity
and the 3D distribution of cells within the printed
constructs (Figure 9A and B). The cells maintained their
fibroblast-like morphology with clearly defined actin
fibers, demonstrating the binding between the cells and
the peptide hydrogel. These findings further highlight the
potential of our printing system.

4, Conclusion

The proposed research aimed to develop an upgraded, easy-
to-use system, which is also efficient and resource-saving, to
enable biofabrication of complex soft matter 3D constructs
from a single software platform with a more automated
approach. The TwinPrint system, developed in Python,
was tested and evaluated for performance, printability, cell
viability, and proliferation. It was found to considerably
streamline the printing process, support multi-cellular and
multi-material printing, and exhibit high compatibility
with peptide-based bioinks. The synchronization of two
robotic arms accelerates the printing process and enables
several multi-tasking protocols. The results demonstrated
that the TwinPrint system meets biofabrication needs
by saving time, enhancing automation, and increasing

freedom of motion. Further potential exists to standardize
its use among researchers, develop software add-ons, and
advance printing complexity. The success of TwinPrint
underscores the importance of robots in 3D bioprinting
for bridging the gap from research development to clinical
applications.

Supplemental information

Description for Video S1. Demonstration of the dual-
arm bioprinting process with different colored inks to
simulate a multi-material print process. The TwinPrint
system conducts an acellular print test using the peptide
bioink IVZK, with one robotic arm printing green-colored
bioink and the other robotic arm printing clear bioink in
an alternating layer arrangement. This is done to simulate
multi-material experiments and observe layer-by-layer
deposition using different color dyes as well as assess print
resolution of the fabricated construct.
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