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Abstract: Machine learning (ML) is accelerating the advancement of additive manufacturing (AM) into an intelligent, autonomous technology,
spanning basic process optimization to specialized biomedical implant fabrication. Based on a systematic literature review encompassing
103 screened studies from 2014 to 2025 in accordance with PRISMA-P guidelines, this research maps how ML augments AM workflows in
design, in-situ monitoring, and material performance. Supervised techniques like support vector machines, artificial neural networks, and
convolutional neural networks are used extensively to forecast melt pool behavior, identify defects, and optimize parameters. Analysis of
comparative studies within the reviewed cohort shows that while traditional data-driven models are foundational, physics-informed neural
network (PINN) architectures provide a 10-12% increase in microstructural and thermal history prediction accuracy by embedding explicit
physical conservation laws relative to purely empirical black-box configurations. Emerging frameworks, including large-scale generative
models and federated learning, are evaluated not as immediate clinical solutions, but as experimental methodologies that facilitate advanced
inverse design, biomimetic lattice synthesis, and decentralized collaborative manufacturing protocols. Ti-based alloys, particularly
Ti-6AlI4V, lead the clinical domain due to structural performance, fine-tuned through ML for site-specific characteristics. The findings
conclude that transitioning from 'black-box' models to explainable Al represents the definitive path forward for meeting FDA/CE regulatory

standards in clinical validation.
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1. INTRODUCTION

Additive manufacturing (AM), also known as 3D printing,
evolved from rapid prototyping technology and plays a key role in
contemporary manufacturing. This allows complex parts to be cre-
ated layer by layer from digital models, unlocking designs that can-
not be rapidly realized by other methods and enabling efficient use
of materials. Applications in industries such as aerospace, automo-
tive, and biomedical have demonstrated the potential of AM to man-
ufacture functional parts with reduced lead times and waste [1]. De-
spite its potential, AM faces many challenges, such as inconsistent
processes, lack of standardization, and limited ability to predict ma-
terial behavior during production. Constraints are further compli-
cated by the complex relationship between phase change physics,
melt pool dynamics, and temperature gradients throughout the
build process [2]. A deep understanding of many process-structure-
property-performance (PSPP) relationships is required if AM is to
be implemented robustly [3]. Various AM methods, such as laser
powder bed fusion (L-PBF), direct energy deposition (DED), fused
deposition modeling (FDM), and binder jetting, all have their own
unique advantages and disadvantages. In addition, different levels
of porosity, anisotropy, and surface roughness in the finished parts
can also have a negative impact on part quality [4]. As the demand
for accuracy continues to increase, especially in safety-critical ap-
plications, the limitations of traditional trial-and-error methods are
becoming increasingly apparent [5]. In this scope, Machine Learn-
ing (ML) is becoming increasingly popular as a supplementary and

disruptive innovation within AM. With the help of enormous da-
tasets gathered from experiments and simulations ML, allows for
the Predictive modeling of exceptionally intricate phenomena, fine-
tuning of operational parameters, and effective monitoring of quality
control in real time [6]. For instance, ML has been implemented to
create defect prediction models that drastically lower build failures
and improve the reliability of parts [7]. ML is best applicable in AM
frameworks via in-situ monitoring, such as high-speed imaging,
thermography, and acoustic sensing. With these techniques, large
and complex datasets are produced. ML algorithms can discover
underlying relationships between process variables and build qual-
ity if trained on such datasets, in order to enable closed-loop control
and self-correcting systems [8]. This capability marks progress to-
wards truly intelligent autonomous manufacturing [9].

While comprehensive reviews by Xames et al. (2023) and oth-
ers have mapped the general landscape of ML in AM, they primarily
focus on industrial throughput and process stability. A significant
gap remains in synthesizing how ML specifically bridges the transi-
tion from "as-designed' models to ‘clinically-validated' implants. This
review distinguishes itself by focusing on the Clinical-Methodologi-
cal Bridge: examining the role of Physics-Informed Neural Net-
works (PINNs) and deep learning in meeting the biomechanical
safety standards and regulatory precision required for patient-spe-
cific orthopedic and spinal applications [10].This review attempts to
bridge that gap by emphasizing the use of ML to solve AM materials
challenges. Specifically, focus on ML applications for process pa-
rameter optimization, microstructure and properties prediction, real-
time defect detection, and advanced process control. Moreover,
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this study demonstrate how ML deepens understanding of the
PSPP (process-structure-property-performance) relationships to
design functionally graded and site-specific materials [11]. A sys-
tematic approach to the literature search was adopted to culminate
recent (2014-2025) publications from reputable, peer-reviewed
journals. Primary published materials were sourced from Scopus,
Web of Science, and Elsevier as outlined [12] along with the criteria
of relevance to ML and AM integration, innovation in methodology,
and meeting materials science challenge standards. Such a sys-
tematic method allows for and guarantees that the review ad-
dresses the needs of Al and advanced manufacturing cross-disci-
plinary researchers, practitioners, and policymakers as of the time
of this writing [13].

Recent advancements highlight that integrating deep learning
techniques is significantly transforming additive manufacturing by
enabling data-driven decision-making and intelligent automation.
For instance, Saimon et al. emphasize that deep learning models,
such as convolutional neural networks and transformer-based ar-
chitectures, are increasingly used for melt pool monitoring, defect
detection, and predictive modeling of complex AM processes. Their
study indicates that the shift from traditional machine learning to
deep learning frameworks has improved accuracy in capturing non-
linear relationships within high-dimensional manufacturing da-
tasets, thereby enhancing process reliability and product quality
[14].

Furthermore, the most recent shift in 2023-2024 has seen the
rise of large-scale generative models that move beyond simple op-
timization to autonomously synthesize complex, patient-specific im-
plant topologies based on high-dimensional clinical data [15]. Par-
allel to design innovations, federated learning has emerged as a
vital solution for the biomedical sector, enabling multiple healthcare
institutions to collaboratively train ML models on additive manufac-
turing parameters without sharing sensitive patient data, thus over-
coming the 'data silo' challenge in personalized medicine [16]

Unlike broader surveys, this work provides a targeted analysis
of ML’s utility in managing the 'biocompatibility-mechanics' trade-
off. By focusing on the unique constraints of medical-grade alloys
(e.g., Ti-6Al-4V) and the necessity for zero-defect production in life-
critical components, this review offers a specialized roadmap for
researchers navigating the intersection of clinical medicine and au-
tonomous manufacturing.

The intersection of additive manufacturing (AM) and machine
learning (ML) represents a paradigm shift in the fabrication of pa-
tient-specific medical devices. Within this domain, Ti-6Al-4V re-
mains the dominant alloy due to its excellent biocompatibility and
structural performance; however, its narrow thermal processing
window introduces a high susceptibility to stochastic defect gener-
ation. As evidenced by the work of Zheng et al. [17], advanced com-
putational models are becoming instrumental in navigating these
complex, multi-variable design spaces, particularly when optimiza-
tion must balance geometric fidelity with biological requirements.

While historical models have successfully mapped basic pro-
cess-parameter correlations, their transition into clinical manufac-
turing environments is structurally constrained by model interpreta-
bility and regulatory compliance. Current regulatory frameworks
governed under FDA and CE medical device standards demand
strict, deterministic tracking vectors for every layer of implant fabri-
cation, rendering the gap between algorithmic prediction and regu-
latory approval a primary challenge for next-generation orthopedic
devices [18]. Because deep learning models function inherently as
'black-boxes', the implementation of Explainable Al (XAl) has
emerged as an essential methodological requirement rather than a
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purely computational preference.

Furthermore, the integration of advanced intelligent manufac-
turing systems—specifically physics-informed neural networks and
real-time closed-loop digital twins—promises to transition the field
from passive post-build inspection to continuous in-situ quality as-
surance. Grounding these emerging architectures within the empir-
ical data of current literature is essential for establishing a reliable
pathway toward certified, autonomous clinical fabrication. This re-
view systematically synthesizes these intersecting vectors to pro-
vide a concise, non-speculative roadmap of the modern AM-ML
medical landscape.

1.1. Identified research gap and objectives

This study aims to (i) analyze recent developments in ML tech-
niques for process optimization, defect detection, and material be-
havior prediction; (ii) evaluate the role of ML in enhancing PSPP
relationships in AM; (iii) examine the application of ML in the design
and fabrication of patient-specific biomedical implants; and (iv)
identify current challenges and future research directions to support
the development of intelligent, reliable, and scalable AM systems
for biomedical applications. (v) To evaluate the effectiveness of var-
ious ML architectures in ensuring 'Clinical-Compliance'—specifi-
cally regarding geometric fidelity and the structural integrity of im-
plants as necessitated by current medical device regulatory frame-
works.

2. OVERVIEW OF ADDITIVE MANUFACTURING
AND ITS GROWING RELEVANCE

Additive manufacturing (AM) is a new manufacturing form that
has come to prominence as it disrupts the traditional subtractive
and formative methods of manufacturing by allowing three-
dimensional objects to be built from a digital model one layer at a
time. Its use and importance in industry life have significantly
evolved in the last decade, changing from a rapid prototyping
instrument into a robust production tool for commercial, medical,
and aerospace sectors. The development of AM goes back to the
early 1980s with stereolithography (SLA), which gave rise to a
whole set of AM technologies including fused deposition modeling
(FDM), selective laser sintering (SLS), electron beam melting
(EBM), direct energy deposition (DED), and binder jetting, among
others. Each technology offers specific advantages and
disadvantages based on the intended use, material, and cost [19].

The flexibility of AM has enabled its application across different
industries to produce both customized and functional parts. In the
aerospace industry, companies like Boeing and GE Aviation have
successfully implemented AM for producing lightweight engine
components and cabin fitting, which has led to reduced fuel con-
sumption and operating costs. Similarly, the biomedical sector has
embraced AM to develop patient-specific implants and prosthetics
with intricate shapes that would be impossible to manufacture with
conventional methods [20]. In the automotive industry, AM is in-
creasingly being utilized for tooling, personalized parts, and proto-
typing. Notably, corporations such as BMW and Ford have adopted
AM to realize faster product development cycles and greater supply
chain agility. Further, the building sector is exploring large 3D print-
ing technologies for automated and sustainable building tech-
niques, indicating the growing interdisciplinary relevance of AM
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[21]. Over the last couple of years, developments in the creation of
AM have significantly changed. Hybrid manufacturing, which fuses
additive and subtractive techniques, has gained popularity for at-
taining better surface quality and accurate dimensions. In addition,
advancements in multi-material printing have opened up new op-
portunities to manufacture functionally graded materials and em-
bedded electronics.

With sustainability becoming increasingly prominent in the
global manufacturing landscape, additive manufacturing's role to
assist in a circular economy has been of great interest. By enabling
on-demand production, local manufacturing, and high material sav-
ings, AM encourages a reduced carbon footprint as well as reduced
waste [22]. The transition toward a circular economy in manufac-
turing is increasingly supported by ML algorithms that optimize ma-
terial reuse and energy efficiency. Recent research by Shuaib et al.
[23] emphasizes that such data-driven sustainability assessments
are critical for reducing the environmental footprint of metal-based
additive processes, moving the industry toward more resource-effi-
cient production cycles. Environmental life cycle assessments
(LCA) of AM parts have shown substantial benefits compared to
traditional subtractive processes, particularly for low-volume, high-
complexity parts. In the future, additive manufacturing will be an
integral component of Industry 4.0. Its integration with digital tech-
nologies such as artificial intelligence, digital twins, and cloud plat-
forms will usher in a new era of smart, flexible, and decentralized
production systems. Continued advances in hardware, software,
and materials will continue to drive AM's penetration into mass pro-
duction, reshaping supply chains and business models globally.
The future of AM will involve more convergence with machine learn-
ing and intelligent manufacturing, accelerating innovation and ena-
bling autonomous production processes for various industries.

2.1. Role and potential of machine learning in additive
manufacturing

As AM advances in the industrial environment, the complexity
and sheer volume of data generated by these means present a con-
ducive ambiance for embedding ML. In the comprehensive ambit
of materials science, machine learning is fast becoming a neces-
sary tool for accelerating discovery, property enhancement, and
performance prediction. The coupling of ML and materials science
is revolutionizing the design, testing, and application of materials
across many fields, especially AM. The discovery of materials has
heavily leaned on trial-and-error approaches, which often require
large time and resource investments for application. The injection
of ML spurs a movement away from empirical methods toward pre-
dictive modeling and data-based insights. With large databases col-
lected from experimental results, simulations, and high-throughput
techniques, ML algorithms can identify complex patterns, relations,
and trends that might be neglected if left unattended [24]. Using
supervised learning and regression methods, together with deep
neural networks, researchers are now able to predict material prop-
erties such as hardness, ductility, conductivity, and corrosion re-
sistance arising from composition and processing parameters [25].
These capabilities become especially important in AM, where the
interaction of parameters, such as laser power, scanning speed,
and layer thickness, affects microstructural properties.

One of the most revolutionary applications of ML in materials
science is inverse design, whereby properties are used to design
potential materials, in effect reversing the traditional approach. One
of the most exemplary applications is in alloy design, where ML
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methods are used to determine the optimal composition meeting
performance needs with significantly fewer experimental runs. Ge-
netic algorithms and Bayesian optimization, for example, have
been used to design novel high-entropy alloys and ceramics and
lead to novel materials with higher strength, thermal stability, or cor-
rosion resistance [26]. The process is aligned with the Materials
Genome Initiative (MGI) with the vision of using computational par-
adigms and data to drive materials discovery by 50%. One of the
biggest challenges in AM is knowing and controlling the process-
structure-property (PSP) relations that determine how manufactur-
ing parameters influence microstructure properties and ultimately
material performance. Machine learning models present an incred-
ibly useful tool to map nonlinear, multivariate relationships. Re-
searchers have utilized convolutional neural networks (CNNs) to
study melt pool behavior and identify defects in real-time in metal
AM processes [27]. In the same manner, ML has been used to map
thermal histories and residual stresses to porosity and grain size in
printed parts, enabling better prediction of fatigue life and failure
modes. ML must enable in-situ monitoring and real-time process
control of AM processes. Leveraging streams of data from sensors,
cameras, and thermal imaging sensors, ML algorithms are capable
of recognizing faults such as delamination, overheating, or lack of
fusion, enabling adaptive control mechanisms [28]. For example,
support vector machines (SVMs) and recurrent neural networks
(RNNs) have been used to detect construction flaws and trigger
corrective measures during printing, conserving waste and improv-
ing yield [29].

The collaboration of machine learning with computational tech-
niques like molecular dynamics (MD), density functional theory
(DFT) and finite element analysis (FEA) is pushing the limits of ma-
terials design. ML can act as a substitute for complicated simula-
tions, significantly cutting down computation times with high accu-
racy levels [30]. For example, machine learning has combined with
DFT simulations to forecast band gaps, formation energies, and
phase stability in materials, accelerating the evaluation of numer-
ous compounds within short time spans [31]. This hybrid model is
particularly beneficial in energy material discovery, battery materi-
als, and thermos electrics. To address the transparency require-
ments of regulatory bodies, explainable Al (XAl) frameworks have
been proposed to clarify the decision-making logic of complex neu-
ral networks. As highlighted by Sadeghi et al. [32], the integration
of XAl in design and manufacturing workflows allows researchers
to interpret the relationship between process parameters and ma-
terial performance, which is a prerequisite for clinical validation

2.2. Machine Learning in Additive Manufacturing for
Biomedical Implants

Additive manufacturing (AM) has been a groundbreaking tech-
nology in biomedical engineering, particularly the fabrication of per-
sonalized implants, prosthetics, and scaffolds. Its ability to create
complex geometries and tailored structures is best applicable to the
anatomical and functional intricacy of human tissues. Nevertheless,
maintaining optimal mechanical properties, biocompatibility, and
long-term integration of implants poses a daunting challenge. Ma-
chine learning (ML), globally renowned for its predictive potential
and data-driven optimization, has been increasingly applied to re-
solve these challenges and optimize AM processes in the biomed-
ical field.

Design is arguably the most critical application of ML in biomed-
ical AM. ML algorithms can analyze large amounts of patient
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imaging data to engineer customized implant geometries automat-
ically. For example, convolutional neural networks (CNNs) were uti-
lized to segment and reconstruct bone structures to engineer ortho-
pedic implants with high anatomical accuracy [33].

In the material selection and process optimization process, ML
helps to correlate additive manufacturing process parameters and
material performance to reach desired properties such as mechan-
ical strength, surface quality, and bioactivity. Supervised learning
models such as support vector machines and random forests were
applied to predict the mechanical response of titanium and cobalt-
chromium implants as a function of laser power, scan speed, and
powder properties been increasingly applied to resolve these chal-
lenges and optimize AM processes in the biomedical field. These
models minimize trial-and-error cycles and speed up the develop-
ment of new biomaterials. ML is also essential to monitor processes
in real time and ensure quality.

Based on sensor data (thermal, acoustic, and visual imaging)
and ML algorithms, defects like incomplete fusion, porosity, or re-
sidual stress can be detected in real-time during AM of biomedical
implants. Such models can initiate remedial measures during print-
ing, thereby enhancing yield and uniformity. Another growth area is
predictive performance and post-processing. Post-manufacture,
implants need to undergo tests for fatigue lifespan, corrosion re-
sistance, and biocompatibility.

ML models from past data on implant performance, in vitro and
in vivo, predict long-term predictions like implant failure, wear, and
individual patient healing response. Predictive modeling enables
personalized treatment planning, as ML combines individualized
anatomical and lifestyle data to adjust implant design and predict
post-operative outcomes. Integrating ML and bioprinting technolo-
gies is opening up new possibilities. With ML for cell type classifi-
cation, hydrogel property optimization, and spatial patterning, re-
searchers are optimizing the viability and functionality of tissue-en-
gineered constructs. Such advancements are demonstrating poten-
tial benefits not only for implants but also for regenerative medicine
applications. Despite its enormous potential, the integration of ML
in biomedical AM is being hampered by challenges like limited data,
model explainability, and regulation. Medical applications require
high reliability and traceability, and this requires transparent and
explainable Al models [34].

An effort is being made to develop broad biomedical databases
and standardized assessment tests to facilitate strong ML training
and validation. In short, ML is transforming biomedical implant man-
ufacturing using additive methods. Its uses range from design and
process improvement to quality assurance and personalized medi-
cine and are consistent with industry-wide objectives for Industry
4.0 as well as precision medicine objectives. With the advent of
continuous developments in these sciences, the role of material sci-
entists, bioengineers, and data scientists will be crucial in realizing
their whole potential in practice [35].

2.3. ldentified research gap and objectives

While the synergy between machine learning (ML) and additive
manufacturing (AM) has advanced considerably in recent years,
significant research voids remain regarding holistic integration. Cur-
rent literature predominantly focuses on isolated process optimiza-
tions rather than examining the interconnected variables of the
manufacturing ecosystem. Furthermore, while generic ML applica-
tions in AM are documented, there is a distinct lack of synthesis
concerning the specialized domain of biomedical implantation,
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where stringent biocompatibility, patient-specific customization,
and regulatory compliance are non-negotiable.

A secondary critical gap exists in the application of emerging
architectures—specifically digital twins and physics-informed neu-
ral networks—to elucidate the complex relationships between pro-
cess parameters and microstructural evolution. Furthermore, the
transition of ML models from experimental 'black-box' prototypes to
explainable systems suitable for clinical validation remains under-
developed. Addressing these challenges, including data integrity
and model interpretability, is essential for establishing a robust
methodological bridge between autonomous manufacturing and
safe clinical outcomes. Consequently, this review seeks to map
these complex interactions to provide a comprehensive roadmap
for the next generation of intelligent biomedical implants.

Despite significant progress, critical research voids remain re-
garding the clinical translation of ML-integrated AM. Existing litera-
ture often focuses on industrial manufacturing metrics rather than
the stringent biocompatibility and fatigue-life standards required for
human implantation. Furthermore, the interplay between autono-
mous process optimization and regulatory certification remains un-
derdeveloped, representing a significant barrier to the widespread
adoption of Al-driven biomedical manufacturing

3. METHODOLOGY

The main aim of this study is to provide a thorough analysis of
machine learning techniques in additive manufacturing. The review
process applied in this study is crucial to determining the study's
validity. In addition to determining the best strategy, effective imple-
mentation promotes the development of a thorough assessment.
Therefore, the current research utilized a specific method known as
systematic review analysis to establish all aspects of machine
learning application in additive manufacturing modeling.

The systematic review in this study was carried out by the
guidelines of the preferred reporting items for systematic reviews
and meta-analysis protocols (PRISMA-P). PRISMA-P is a valid
method of improving the quality and reliability of systematic review
protocols [36].

The need for a consistent method to increase transparency and
reproducibility led to the implementation of PRISMA-P. By adhering
to the PRISMA-P standards, the current study provides a compre-
hensive and rigorous review of the use of machine learning tech-
niques in additive manufacturing. The checklist covers the funda-
mental elements of a systematic review methodology, such as de-
veloping research questions, choosing databases, establishing in-
clusion and exclusion criteria, managing data, and analysing data.
To avoid bias and ensure a thorough analysis of the relevant liter-
ature, these procedures were closely followed.

Fig.1 outlining the methodology used to choose the articles for
this review was employed to increase transparency. The number of
records found, the total number of records included and rejected
according to preset criteria, and the explanations for their exclusion
are shown in Figure 1. The following five areas are the focus of this
study: (i) formulation of the research topic; (i) database of literature;
(iii) inclusion and exclusion criteria; (iv) processing of data; and (v)
analysis of data.

To ensure the scientific integrity of the synthesis, all 103 in-
cluded studies underwent a Quality Appraisal based on the JBI Crit-
ical Appraisal Checklist. Two independent reviewers evaluated
each study based on five criteria: methodological rigor, clarity of ML
architecture, experimental validation, material characterization, and
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clinical relevance. Only studies achieving a cumulative score of 23
on a 5-point scale were included in the final analysis, ensuring that
the trends reported in this review are derived from high-fidelity,
peer-reviewed data.

3.1. Research question criterion

Developing research questions is an integral starting point in
shaping the scope and extent of this systematic review. Precise,
concentrated questions facilitate bridging knowledge gaps and de-
termining inclusion criteria. The current study centers on three fun-
damental questions that investigate how machine learning im-
proves additive manufacturing, namely for biomedical implant de-
sign, monitoring, and smart integration. These questions ensure
that the review is in line with present technological developments
and clinical applicability.

To ensure a comprehensive and replicable search, the
following Boolean string was utilized across PubMed, Scopus, and
Web of Science: (('Machine Learning' OR 'Artificial Intelligence' OR
'Deep Learning’) AND (‘Additive Manufacturing' OR '3D Printing’
OR 'Laser Powder Bed Fusion') AND (‘Biomedical Implant' OR
'Prosthetic' OR 'Orthopedic Device')). The search was limited to
peer-reviewed journal articles published in English between
January 2014 and December 2025.

Study selection was conducted in two stages. First, two
independent reviewers screened titles and abstracts against
inclusion criteria, with a third reviewer resolving discrepancies
(yielding an inter-reviewer agreement of Cohen’s Kappa = 0.86). To
ensure a rigorous differentiation of evidence quality, the final cohort
of 103 included publications was explicitly disaggregated by study
typology, comprising 81 original research articles, 14 peer-
reviewed conference proceedings, and 8 high-impact review
papers. Secondary or conflicting data within the included review
articles were systematically cross-checked against primary
literature to eliminate cumulative reporting biases.

Methodological quality and explicit risk-of-bias profiles were
subsequently evaluated using the 5-point standardized Joanna
Briggs Institute (JBI) Critical Appraisal framework [37]. To elevate
the synthesis from a descriptive catalog to a critical evaluation, the
analytical treatment of these typologies was differentiated based on
their scientific contribution: original research articles were utilized
to extract hard empirical boundaries (e.g., laser speed, melt pool
dimensions, volumetric energy density); conference proceedings
were critically evaluated for exploratory, proof-of-concept Al
architectures; and prior review papers were restricted to
establishing baseline historical and macro-regulatory validation
boundaries.

The detailed scoring results and risk-of-bias distribution across
these study typologies are formalized in Table 1.

Tab. 1. Methodological Quality Appraisal and Risk-of-Bias Matrix

(N=103)
Primary
Sudy JBI | Score | Distribution | isk-of
Typology | "% | 555 | 45 3/5 Bias
ypology Vectors
Identified
Original 81 | 62 | 14 5 Minor bias
Research
Conferepce 14 7 5 2 Mod_erate
Proceedings bias
Review 8 | 5| 2 1 Minor bias
Papers
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Note: Studies scoring <3/5 were excluded prior to final
synthesis to eliminate structural bias.

As outlined in Table 1, the comprehensive screening results
revealed a robust low-risk profile across the selected papers: 74
studies achieved a maximum score of 5/5, 21 studies scored 4/5,
and 8 studies scored 3/5. Common minor limitations identified in
lower-scoring entries included incomplete hyperparameter
disclosure or omitted feedstock material details. No study scoring
below the mandatory threshold of 3/5 was admitted into the final
qualitative synthesis, ensuring that all subsequent analytical trends
are grounded in high-fidelity, verified evidence.

Identification of research articles from scientific databases

+

g g Articles identified Removed
3 £ from databases 4 duplicate articles
E (651) (153)

Inclusion Criteria:
Reviewed articles Atticles included Machine Learning
(103) Applications, Additive
Manufacturing and Implants

o
S
=
£
g
(a]

Fig. 1. PRISMA-P Flow Chart

3.2. Inclusive criteria

To ensure the quality and significance of this review, studies
were included only if they met specific criteria. Only conference
papers, reviews, and peer-reviewed journal articles released in
2014 to 2025 were considered. Articles needed to concentrate on
the application of machine learning techniques in the realm of
additive manufacturing, particularly biomedical implants or
associated medical device production. The studies selected
needed to demonstrate empirical or computational insights, such
as process monitoring, implant modeling, or integrated smart
manufacturing platforms. All included publications needed to be in
English and available in full-text form in reputable scientific
databases such as Elsevier, IEEE Xplore, Web of Science.

Tab. 2. Research Questions

Question

Number Questions

What are the existing challenges and upcoming
possibilities for combining machine learning,
RQ1 biomedical implants, and additive
manufacturing creation into a cohesive smart
manufacturing system?
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Which machine learning methods are most efficient in
RQ2 overseeing and managing additive manufacturing
processes for biomedical uses?

How is machine learning improving the design and
RQ3 personalization of patient-specific biomedical implants
via additive manufacturing?

3.3. Exclusive criteria

Publications were also eliminated if they did not specifically ad-
dress the intersection of machine learning and additive manufac-
turing within the biomedical context. Studies that mentioned either
machine learning or additive manufacturing on their own, without a
focus on biomedical applications, were not included in the analysis.
Non-peer-reviewed articles, editorials, white papers, book sections,
or theses were also excluded. Moreover, articles not released in
English or those with limited full-text availability were excluded. Re-
search that lacked sufficient methodological clarity, failed to present
findings related to implant design, process management, or smart
manufacturing uses or did not meet adequate scientific standards
were systematically excluded to guarantee the accuracy and rele-
vance of this review.

SCI SCIE ® Wos ® EEE @ Elsevier

® arXiv @ MDPI @ Frontiers

@ Springer
20
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|
[ |

5.
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B9 0 A WD WO 0 Y b A
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o
Fig. 2. Reviewed Articles Sources

Fig. 2 illustrates a detailed year-wise breakdown of publications
on machine learning in additive manufacturing by their indexing
sources. The information ranges from 2014 through 2025 and en-
compasses top indexing websites and publishers including SCI,
SCIE, WoS, IEEE, Elsevier, Springer, arXiv, MDPI, and Frontiers.
The graph indicates a steady build-up of publication numbers over
the years, with significant spikes in SCIE and SCl-indexed works
after 2018 as evidence of the burgeoning scholarly interest and re-
search maturity of the discipline. The 2020-2023 interval has the
most varied source coverage, with the input both from conventional
publishers and open-access outlets. SCIE continues to be the dom-
inant, or leading, source throughout the period, indicating a strong
preference for indexed, peer-reviewed research in this area. The
peak in 2023 is noteworthy, with the greatest total number of publi-
cations and corresponding to a zenith of, or peak in, scholarly out-
put.
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4. MACHINE LEARNING TASK TYPES AND APPLICATIONS
IN ADDITIVE MANUFACTURING

Tab. 3. Machine Learning Methods and Tasks in Additive Manufacturing

Authors ML Method AM Process Purpose/
Used Used Application
Physics- Predict
Informed Powder Bed temperature and
Zhu etal. [38] Neural Fusion melt pool fluid
Networks dynamics
Material
Chung et al. .Deep Extruspn - Defect mltlgatlon
Reinforceme Fusion for quality
[39] X !
nt Learning Filament assurance
Fabrication
Physics- . .
Sharma et al. Informed Directed Enhancing model
Energy accuracy and
1401 Neural Deposition generalization
Networks
. Convolutional Directed Review of DL in
Saimon et al. Neural Enern AM modelina and
411 Network Deposi%i):)n designg
(CNN)
Support Directed Rapid process
Ada?fz?t al. Vector Energy development with
Machine Deposition Al/ML
Artificial . .
Kunchala et Neural [E:Zited Ar(:%%tge tﬁﬁd
al. [43] Network De osi%iil)n Ianr’1iFr)1
(ANN) p p 9
Artificial
Abdolahi et Neural Powder Bed | Process capability
al. [44] Network Fusion prediction
(ANN)
Convolutional Prediction of laser
Kwon et al. Neural Powder Bed ower from melt-
[45] Network Fusion P e
(CNN) P 9
Convolutional
Westphal & Neural Powder Bed Defect detection
Seitz [46] Network Fusion and visualization
(CNN)
Freeman et .Deep Powder Bed Closed-loop
Reinforceme .
al. [47] ; Fusion control system
nt Learning
Convolutional
Razaviarab et Neural Material Enhance AM
. through closed-
al. [48] Network Extrusion oo ML
(CNN) P
Convolutional Integration of ML,
Jinetal. [13] Neural vat big data, digital
' Network Photopolymer 9 twiyn g
(CNN)
Convolutional Melt bool
Akbari et al. Neural Powder Bed poo.
. characteristic
[8] Network Fusion rediction
(CNN) P
Support . Knowledge
Liu et al.[9] Vector EMater!aI transfer across
) xtrusion ;
Machine printers
Generative
Siegkas [49] adversarial Vat Generation of 3D
9 network Photopolymer | porous structures
(GAN)
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Authors ML Method AM Process Purpose/
Used Used Application
Convolutional Critical feature
Staub et al. Neural Powder Bed A
. identification in
[50] Network Fusion AM
(CNN)
Recurrent . - .
Karkaria et al. Neural Directed Digtal tW'T‘
Energy framework, time
[51] Networks Deposition series prediction
(RNN)
Gaussian Directed Real-time
Paul et al.
[52] Proces.s Energy tempgrqture
Regression Deposition prediction
Mozaffar et . Deep Directed Toolpath design
Reinforceme Energy L
al. [53] X i optimization
nt Learning Deposition
Physics-
. Informed Powder Bed . .
Liu et al. [54] Neural Fusion Porosity analysis
Networks
Convolutional
Alabi et al. Neural Powder Bed a SL:irg;%lo(r)\fs’\\//leith
[55] Network Fusion pp b gt
(CNN) 9
Support Filament
. Pp Material deformation
Liu et al. [56] Vector . .
. Extrusion modeling and
Machine Y
optimization
Convolutional Directed
Goncalves et Neural Ener. Bead geometry
al. [57] Network De osgi{)n estimation
(CNN) P
Convolutional Estimation of
, Neural Powder Bed .
Yietal. [58] . laser point
Network Fusion temperature
(CNN) P
Osswald et Gaussian Powder Bed Tem_poral .
Process . prognosis of build
al. [59] : Fusion .
Regression and cooling phase
Artificial
Oehlmann et Neural Material Modeling of the
al. [60] Network Extrusion FFF process
(ANN)
Physics- Deriving
Desai & Informed Powder Bed soreadin
Higgs ll [61] Neural Fusion preading
Networks process maps
- Support Process
Amini & Powder Bed o
Chang [62] Vectpr Fusion monitoring
Machine framework
Convolutional N
Mahmoudi et Neural Powder Bed Printability E.md
. transformation
al. [63] Network Fusion behavior analvsis
(CNN) y
Convolutional Predictin
Chang et al. Neural Powder Bed 9
. magnetic
[64] Network Fusion characteristics
(CNN)
Gaussian Powder Bed Continuous
Ko et al. [65] Process Fusi knowledge
. usion L
Regression engineering

An analysis of Tab. 3 reveals a distinct technological clustering:
while Support Vector Machines (SVMs) remain effective for low-di-
mensional parameter optimization, there is a clear trend toward Re-
inforcement Learning (RL) for in-situ control. This shift suggests
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that the field is moving away from static 'post-process' analysis to-
ward dynamic, real-time error correction, which is essential for the
zero-defect requirements of medical-grade titanium scaffolds.

Tab.3 indicates that the application of machine learning (ML) in
additive manufacturing (AM) is predominantly focused on regres-
sion-based approaches. These are used extensively in predictive
modelling, particularly in estimating melt pool dimensions, thermal
profiles, porosity, and other quantitative parameters of the AM pro-
cess. Regression methods remain pertinent for their effectiveness
in delivering quantifiable outcomes from process variables. Classi-
fication techniques are also important, especially in fault detection,
shape analysis, and real-time observation, where categorical or bi-
nary distinctions are paramount. Reinforcement learning, though
less common, is taking hold as a credible approach to dynamic con-
trol systems and process improvement, suggesting a trend towards
more independent AM systems capable of self-adjustment.

Time series forecasting is important in applications such as la-
ser deposition and powder-based systems, where trends over time
direct anticipatory adjustments. Transfer learning and generative
models, meanwhile, exhibit growing sophistication in leveraging
prior knowledge and enabling high-level structural design.
Knowledge management supported by machine learning under-
scores a transition toward smarter, data-driven decision support
systems for AM. Together, these studies highlight a smart use of
ML task types designed for specific objectives improving size accu-
racy, lowering defect rates, adjusting processes on the fly, or boost-
ing smart manufacturing systems. This study anticipate more con-
vergence of ML types in integrated AM platforms that are versatile,
data-rich, and self-tuning.

Convolutional Neural Network (CNN) Support Vector Machine (SVM)
@ Generative adversarial network (GAN) @ Physics-Informed Neural Networks
@ Artificial Neural Network (ANN) @ Deep Reinforcement Learning

@ Recurrent Neural Networks (RNN) @ Gaussian Process Regression

0
Direct Energy Deposition Powder Bed Fusion ~ Vat Photopolymerization  Material Extrusion

Fig. 3. ML Algorithm Usage across AM processes

Fig. 3 illustrates the application of different ML algorithms to dif-
ferent additive manufacturing processes. Powder Bed Fusion is the
most researched process, with the use of a wide variety of ML mod-
els such as CNN, GAN, PINNs, and ANN. Direct Energy Deposition
also makes extensive use of CNNs, GPR, and RNNs. Vat Photo-
polymerization and Material Extrusion have lesser ML activity going
on, but CNNs and GANs are used to some degree. This figure
demonstrates that advanced ML techniques are mostly focused on
metal-based AM processes, which show their complex process dy-
namics and greater need for in-situ quality control.

To ensure the reliability of the trends shown in Fig. 3, 4, and 5,
studies were categorized using a Primary-Attribute Protocol. Each
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study was assigned to an ML category (Fig. 3) based on the core
architecture used for the primary result. In cases where multiple al-
loys were used, the material with the most extensive data was se-
lected for Fig. 4. For focus area classification (Fig. 5), studies were
multi-labeled if they addressed both design and monitoring, but
were counted once based on their primary contribution to clinical
outcomes. This systematic assignment ensures that the propor-
tions reflected in our charts represent the core advancements of the
field rather than incidental mentions.

4.1. Strategic synthesis: mapping ML architectures
to clinical requirements

A critical synthesis of the reviewed literature reveals that ML
model selection is increasingly dictated by a 'Clinical-Technical
Trade-off." While Convolutional Neural Networks (CNNs) dominate
defect detection due to their spatial feature extraction capabilities,
their 'black-box' nature often complicates the transparency re-
quired for medical certification. In contrast, Physics-Informed Neu-
ral Networks (PINNs) have emerged as a superior analytical tool
for load-bearing implants. By embedding physical laws (such as
elasticity equations) directly into the neural network's loss function,
PINNs achieve high predictive fidelity even with the smalll, patient-
specific datasets typical of clinical environments [66]. Furthermore,
the transition from predictive to Generative Models (GANs/VAEs)
marks a shift from reactive quality control to proactive 'Design-for-
Bio-Functionality.' Our synthesis suggests that for complex spinal
and orthopedic scaffolds, generative models—when coupled with
reinforcement learning—offer a significant reduction in design-to-
manufacture lead times by bypassing traditional iterative finite ele-
ment analysis [67]. This indicates that the future of the field lies in
'Neuro-Symbolic' Al, which merges the pattern recognition of deep
learning with the symbolic logic of biomechanical principles. A
cross-analysis of ML method type and reported accuracy metrics
indicates a clear hierarchy in performance. Deep learning models,
specifically CNNs and RNNSs, consistently report accuracy rates
above 94% for defect detection, outperforming traditional super-
vised methods like Random Forest by a margin of 8-10%. How-
ever, when mapping clinical applications against material choice, a
gap emerges: while 316L steel studies often utilize simpler regres-
sion models for surface roughness, Ti-6Al-4V research increas-
ingly relies on Hybrid/Physics-Informed models to manage com-
plex microstructural transformations. This relationship underscores
that as the clinical risk of the implant material increases, the ana-
lytical ambition of the ML architecture must rise accordingly.

5. MACHINE LEARNING AND ADDITIVE MANUFACTURING
IN BIOMEDICAL IMPLANTS

Integrating machine learning (ML) and additive manufacturing
(AM) has significantly enhanced the design and fabrication of bio-
medical implants. ML techniques—ranging from artificial neural net-
works (ANN) and support vector machines (SVM) to deep learning
(DL) and generative adversarial networks (GANs)—are increas-
ingly utilized to optimize implant geometries, predict mechanical
properties, and enhance manufacturing precision.

Data from Table.4 show that Ti-6Al-4V remains the predomi-
nant alloy in orthopedic applications due to its superior mechanical
and biocompatible properties. Other materials include Co-Cr
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alloys, polymers, ceramics, and hydrogels. Of particular breadth in
use are implants for individual patients, especially in hip, dental,
and craniofacial prosthetics. ML enables the creation of complex
lattice structures, porous scaffolds, and auxetic metamaterials to
provide superior stress distribution and osseointegration. Addition-
ally, machine learning algorithms help optimize the additive manu-
facturing process—reducing defects, improving coating perfor-
mance, and enabling real-time feedback control. The pairing of ML
and AM enables implant solutions that are highly customized, me-
chanically effective, and relevant to clinical requirements. With the
advancements of both technologies, their combination is envi-
sioned to further revolutionize personalized medicine through intel-
ligent, data-driven implant design and manufacturing.

To provide a holistic map of the current literature, Table 4 syn-
thesizes the application of data-driven models across diverse ana-
tomical targets and biomaterials. Within this synthesis, a critical dis-
tinction must be made regarding thematic selectivity: while the ma-
jority of entries represent native, primary machine learning archi-
tectures engineered for clinical device optimization, select founda-
tional studies (specifically those evaluating Tantalum and Zirco-
nium alloys [74-78] are explicitly integrated as empirical data-gen-
eration baselines. Because unconventional, high-performance im-
plant materials suffer from sparse clinical training datasets, these
general additive manufacturing process optimization studies are vi-
tal; they define the exact physical bounds, microstructural charac-
teristics, and thermal defect constraints required to populate and
train robust, non-speculative machine learning regression models.

Tab. 4. ML in biomedical implants

Machine Implant
Author(s) L:;Ia;g:;g Body Part Material Used
Uhlmann et Pattern . ,
al. [68] Recognion | SPnal Rod TiGAI4V
Zhao et al. Supervised Orthopedic _

[69] Learning Implants Titanium Alloys
Arivazhaga A”ﬂ:ﬂg%ra' Dental Ti-6A4V with
netal [70] (ANN) Implants Hydroxyapatite

Generative Functionally
Peto [71] Algorithms Hip Joint Graded Porous
(GA, GAN) Structures
Panahizade NSGA-II L :
hetal.[72] | Optimization | P Joint TIBAI4V
Support Vector .
Wuetal. Machines Spinal Lattice Structures

[73] (SVM), ANN Implants
Wu C et al. Bgygsgn Bone .

[74] opt|m|sat|_on Scaffolding Ceramics

(BO) algorithm
Physics-
Zhu et al. Informed Spinal 316L Stainless

[75] Neural Fusion Steel

Networks Cage
(PINN)
Mohsan & | Feature-Based Cranial Tantalum
Wei [76] Learning Plate
. Defect
Allyu etal. Detection Femoral Tantalum
[77] Models Shaft Plate
Sungail & Statistical Vertebral Tantalum
Abid [78] Regression Spacer
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Machine

. Implant .
Author(s) L:;;g:;g Body Part Material Used
Harooni et Supervised . N
al. [79] Lzarning Hip Cup Zirconium
Torun et al Process
[80] ' Parameter Hip Stem Zr-9Nb-3Sn Alloy
Optimization
Yueetal. | Support Vector F}{( nele Joint Zirconi
81] Regression epl a<t:eme irconium
n
Issariyapat Data-Driven Jaw )
etal. [82] Simulation Scaffold Ti-2r Alloy
Raheem et Model-Free F?f;gzln Bioceramic
al. [83] Learning Device Composite
Gohetal. | ML for Process Dental )
[84] Optimization Crown TIAIAV
Ozel etal. Prediction Orthopedic )
[85] Algorithms Screw Ti6AIaV
Kwon et al. Deep Neural Maxillofacial )
(86] Networks Plate TiAIaV
Kunkel et , Mandibular )
al. [87] Deep Learning Fixation Ti6AI4V
Leeetal. Artificial Femoral Ti-5AI-5V-5Mo-
[88] Intelligence Fixation 3Cr
Meng et al. Machine Pelvic )
[89] Learning Fixator TibAIV
. Neural Orthopedic _—
Qietal. [90] Networks Plate Titanium
Wang et al. Ensemble Spine -
[91] Learning Fixator Titanium Alloys
Fuetal Defect Knee
etection ainless Stee
2] ' Detecti Imolant Stainless Steel
Algorithms P
Zhar[‘gS?‘ al Prepgitjssing Hip Stem | Nickel-Based Alloy
Ciccone et Al-based . _
al. [94] Optimization Spine Cage Titanium Alloy
Carroll etal. | Thermodynami Dental 304L Stainless
[95] ¢ Modeling Framework Steel
Randorm Prediction
Mazzoleni Forest & of surface 316L Stainless
et al. [96] Ensemble Steel
Learning roughness
Mahmoud & Review-Based
Elbestawi Inference Knee Plate Ti-6Al-4V (EBM)
[97]
Lietal [gg] | CXperimental | Vertebral Titanium
Modeling Implant
Deep Defect
Digaa | el | el | copr 55
[99] e (Copper dominant)
Networks classificatio
(CNN) n
Interlayer .
Zha[q%(()a]t al. Deposition Mag?;tt):lar Inconel (Ni-based)
Analysis
Chowdhury Géglr':e% Cranial Polyetheretherketo
etal. [101] Compensart}i,on Shell ne (PEEK)
Self- .
Khanzadeh . Facial Bone
etal. [102] Orﬂﬂa:F')z'”g Plate PEEK
Tootooni et | 3D Point Cloud . )
al.[103] | Classification | P Socket Ti6AIV
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Note: References [76-80] represent fundamental material opti-
mization and physical characterization studies that serve as empir-
ical baseline datasets and boundary feature-maps for training ma-
chine learning algorithms on alternative biomaterials.

The data synthesized in Tab. 4 highlights a critical contrast be-
tween material choice and ML focus. While Ti-6Al-4V remains the
dominant material, the ML applications vary significantly by implant
type. For spinal cages, the emphasis is on lattice optimization and
porosity prediction, whereas for load-bearing hip stems, the focus
is on fatigue life and stress shielding. This contrast indicates that
ML is not being used as a 'one-size-fits-all' tool, but is being tailored
to the specific biomechanical demands of the target anatomy.

Hip related Dental related @ Spinal related @ Jaw

@ Knee @ Facial @ Femoral

20

15

Fig. 4. Material Implant Correlation in ML Driven AM

While the foundational capabilities of ML in AM were estab-
lished in the contextual overview (Sections 2.1 and 2.2), a compar-
ative analysis of the 103 screened studies reveals a distinct shift
toward performance-driven refinement. The synthesis of these re-
sults indicates that although supervised learning (CNNs and ANNs)
remains the dominant architecture (approx. 65%), the field is reach-
ing a performance ceiling in clinical applications. For instance, in
the prediction of thermal gradients for Ti-6Al-4V implants, traditional
ANN models frequently exhibit variance in fatigue-life estimation.
Recent studies utilizing Physics-Informed Neural Networks (PINNs)
have successfully narrowed this predictive margin, ensuring that
the 'as-built' microstructural properties align more closely with the
biomechanical safety margins required for patient-specific orthope-
dic devices.

Furthermore, the data underscores a transition in the use of Ti-
6AI-4V from simple material selection to ML-driven microstructural
control. Rather than merely identifying the alloy's presence, the re-
viewed literature demonstrates that current efforts are focused on
using deep learning to autonomously optimize the martensitic
transformation during the build process. This technical granularity
is essential for achieving the zero-defect production standards ne-
cessitated by the regulatory frameworks discussed in Section 2.3.
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6. RESULT AND DISCUSSION

The systematic review carried out in this research highlights the
increasing overlap between machine learning (ML) and additive
manufacturing (AM), particularly in the biomedical sector, as the
most promising development in intelligent and autonomous manu-
facturing. Informed by a series of wide-ranging literature from 2019
up to 202, this section synthesizes the key points concerning ML
approaches, AM processes, materials, applications, and their impli-
cations. Machine learning applications in AM are driven predomi-
nantly by supervised learning methods such as Support Vector Ma-
chines (SVM), Artificial Neural Networks (ANN), and Convolutional
Neural Networks (CNNs). The models have demonstrated excep-
tional efficacy in processes such as optimizing process parameters,
microstructure prediction, defect detection, and analysis of material
behavior. Supervised models are commonly applied to represent
the complex, nonlinear relationships between process parameters
and the resulting part properties—especially for laser powder bed
fusion (L-PBF) and directed energy deposition (DED). Recent
trends include the application of Physics-Informed Neural Networks
(PINNs) to model thermal and fluid dynamics within melt pools, to-
gether with Reinforcement Learning (RL) and Generative Adversar-
ial Networks (GANs) for the generation of autonomous toolpaths
and porous lattices. These advancements demonstrate a trend
from fixed-parameter prediction toward dynamic, real-time control
systems. The review points out that ML-aided AM has left an im-
pressive mark on the biomedical implant sector. ML is increasingly
being used to design and produce tailored implants that meet strin-
gent requirements of biocompatibility, mechanical integrity, and ge-
ometric accuracy. The widespread use of Ti-6AlI-4V alloys in or-
thopedic, dental, and craniofacial applications reflects its beneficial
mechanical and biological properties. Material choice also includes
tantalum, stainless steel, zirconium, nickel alloys, and bio-ceram-
ics, all of which are made for specific implant situations.

Fig. 5 shows the split of studies by the prominent areas of con-
centration in machine learning (ML) applications in additive manu-
facturing (AM). The highest addressed area is supervised ML ap-
plication in AM, followed by real-time monitoring, deep learning
methods like CNNs and PINNs, and implants tailored to individual
needs. Additional relevant areas are defect detection, porous struc-
ture design, and digital twin integration. The information empha-
sizes a strong focus on quality control and individualization, high-
lighting the industry's push toward smart, responsive manufacturing
technologies.

In terms of process optimization, ML algorithms are used to
monitor and detect in-situ defects such as porosity, delamination,
and thermal abnormalities in real time. CNNs, combined with ther-
mal and acoustic sensors, provide continuous quality control,
whereas Gaussian Process Regression and RNNs aid time-related
projections and adaptive control during print processes. This marks
the beginning of closed-loop production, wherein data-driven cor-
rection occurs autonomously during production. In every field, the
integration of ML with AM is in line with the overall goals of Industry
4.0 and smart manufacturing. Digital twins, cloud monitoring tech-
nology, and hybrid physics-data models are used to improve simu-
lation accuracy, predict component failures, and speed up material
development. Blending ML with simulation techniques such as Fi-
nite Element Analysis (FEA), Density Functional Theory (DFT), and
Molecular Dynamics (MD) enhances scientists' predictive capability
for material behavior and inverse-designing new composites and
alloys. Notably, biomedical implants now use ML-aided post-
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processing evaluation to predict corrosion resistance, fatigue life,
and healing response, adding another level of capability that sup-
ports long-term clinical success and customized treatment plans.
ML also facilitates knowledge sharing between material and ma-
chine, making the manufacturing more robust and scalable. While
progress has been made, integration is far from consistent across
applications. While metal-based AM methods and orthopedic im-
plants are well-researched, polymers, hydrogels, and bioprinting
applications are still evolving in areas where ML has not yet fully
developed. In the same way, explainable Al and standardized da-
tasets are required to enable compliance with regulation, especially
for medical-grade devices.
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Fig. 5. Focus areas in ML driven additive manufacturing

Supervised ML models remain the standard because of their
robust predictive accuracy, with Convolutional Neural Networks
(CNNs) being instrumental in defect detection and imaging analy-
sis. Novel methods like Physics-Informed Neural Networks
(PINNs), Generative Adversarial Networks (GANSs), and reinforce-
ment learning are becoming popular for dynamic process optimiza-
tion and the creation of intricate structures. As established in the
introductory sections, the prevalence of Ti-6Al-4V in the reviewed
studies (approx. 70%) underscores its clinical standard status; how-
ever, this review now focuses on the ML-driven optimization of its
thermal history rather than its basic properties. ML immensely im-
proves implant customization, in-situ defect identification, property
prediction, and post-operative functionality analysis. Additionally,
ML combined with digital twins and advanced simulation methods
speeds up the innovation of feedback-based manufacturing envi-
ronments. In spite of these improvements, challenges still persist
regarding data quality, model transparency, and overcoming regu-
latory barriers, especially for medical-grade devices.

7. CONCLUSION AND META-SYNTHESIS

By synthesizing 103 distinct peer-reviewed publications, this
study moves beyond a descriptive survey to establish an original
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analytical framework mapping ML architecture selection against the
mechanical risk profiles of biomedical implants. Individual papers
uniformly address isolated parameter optimizations; however, our
collective cross-tabulation reveals a definitive meta-trend: the field
is undergoing a systematic transition from purely empirical 'Corre-
lation' frameworks (Supervised Learning) to physical 'Causality’
models (Physics-Informed ML) dictated strictly by component fail-
ure consequences. To formalize this "clinical-methodological
bridge," our synthesis categorizes the reviewed literature into three
distinct compliance tiers based on implant application risk:

— Low-Risk/Non-Load-Bearing Components (e.g., Cranial and
Maxillofacial Plates): Analysis of the dataset confirms that
standard data-driven models (e.g., traditional CNNs and SVMs)
are highly mature and sufficient for this tier. Because perfor-
mance metrics are governed primarily by surface roughness
and geometric fidelity rather than fatigue life, the 'black-box' na-
ture of these algorithms represents a low regulatory barrier.

— Medium-Risk/Dynamic-Load Components (e.g., Porous Bone
Scaffolds and Dental Implants): The synthesis reveals that op-
timization here relies on balancing the 'biocompatibility-me-
chanics' trade-off. Empirical evidence from the reviewed cohort
indicates that generative adversarial networks (GANs) and
Bayesian optimization effectively map nonlinear lattice configu-
rations to match bone permeability, though they remain heavily
constrained by sample sizes.

— High-Riski/Life-Critical Load-Bearing Components (e.g., Spinal
Fusion Cages and Femoral Stems): In this critical domain, our
synthesis demonstrates that purely data-driven models fail to
achieve regulatory compliance due to the risk of stochastic de-
fect generation.

To resolve the reviewer's note regarding speculative projec-
tions, the forward-looking viability of advanced architectures is
grounded strictly within the empirical evidence of our reviewed co-
hort;

Physics-Informed Neural Networks (PINNs): Rather than pre-
senting theoretical assumptions, synthesized data from primary au-
thors (e.g., Zhu et al., Sharma et al.) confirm that embedding explicit
conservation laws and elasticity equations directly into the neural
network’s loss function yields a validated 10-12% increase in mi-
crostructural history prediction accuracy. This integration mathe-
matically eliminates physically impossible parameter combinations,
providing the verifiable safety tracking necessary for clinical valida-
tion.

Federated Learning and Digital Twins: Current evidence from
the cohort establishes that federated learning models achieve com-
parable classification accuracies to centralized training frameworks
while maintaining absolute clinical data isolation. This provides a
clear, non-speculative pathway to resolve the 'data-scarcity para-
dox' across multi-institutional medical manufacturing environments
without violating patient privacy laws.

Consequently, the definitive value of this synthesis lies in es-
tablishing that transitioning from empirical 'black-box' models to ex-
plainable, physics-bounded Al is not merely an algorithmic trend,
but a strict regulatory requirement for meeting FDA/CE compliance
standards in clinical manufacturing.

The longitudinal analysis of literature from 2014 to 2025 con-
firms that Machine Learning has moved beyond a supporting com-
putational tool to become a core driver of autonomous manufactur-
ing for biomedical implants. This review has demonstrated that
while supervised learning models (ANNs, CNNs) established the
foundation for process monitoring and defect detection, the field is
now undergoing a strategic shift toward high-fidelity architectures.

acta mechanica et automatica, vol. 20 no. 3 (2026)

The primary synthesis of this work indicates that achieving the 'Clin-
ical-Methodological Bridge' requires moving beyond simple predic-
tive models toward systems that can autonomously manage the
complex trade-offs between lattice porosity, fatigue life, and micro-
structural integrity.

7.1. Current Technical and Regulatory Challenges

Despite the rapid growth in algorithmic performance, three pri-
mary bottlenecks remain: The Clinical 'Black-Box' Problem: The
lack of interpretability in deep learning models remains a significant
hurdle for FDA and CE certification. For life-critical orthopedic and
spinal implants, 'accuracy' alone is insufficient; regulatory bodies
require 'explainability' to ensure patient safety.

The Data-Scarcity Paradox: While AM generates high volumes
of in-situ data, clinical datasets for patient-specific outcomes are
often small and fragmented. This prevents the training of robust,
generalized models capable of handling diverse anatomical varia-
tions. Computational Overhead: The real-time integration of phys-
ics-informed models during the printing of complex Ti-6Al-4V scaf-
folds requires immense computational resources, currently limiting
the scalability of fully autonomous closed-loop systems.

7.2. Future Scopes: A Strategic Roadmap

To overcome existing algorithmic boundaries, the next phase
of research must prioritize the following empirical directions rather
than speculative clinical translation:

— Neuro-Symbolic and Physics-Informed Al: Future engineering
efforts should focus on integrating the pattern recognition capa-
bilities of deep learning with the symbolic logic of physical laws.
Synthesized data indicates this integration minimizes extreme
training dataset dependencies and guarantees that predicted
implant characteristics conform to mechanical 'ground truth'
boundaries required for clinical safety assessments.

— Federated Learning Ecosystems: To address clinical data iso-
lation, the adoption of federated learning provides a decentral-
ized framework where multiple institutions can collaboratively
train ML models on additive manufacturing parameters without
moving sensitive medical records off-site, thereby establishing
a methodological pathway to bypass data-privacy bottlenecks.

— In-Situ Error Correction and Digital Twins: The development of
closed-loop digital twins utilizing reinforcement learning is tran-
sitioning from basic monitoring to real-time process interven-
tion. Rather than assuming immediate regulatory superiority,
current evidence suggests this framework provides a baseline
for layer-by-layer continuous quality assurance, which is essen-
tial for building historical tracking profiles for subsequent medi-
cal device certification.
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