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Featured Application: A potential application of the work relates to automated or semi-automated
systems for the design and production of chainmail with preset or personalised properties for
medical applications.

Abstract: The problem of computerising the design and development of 3D-printed chainmail with
programmed directional functions provides a basis for further research, including the automation
of medical devices. The scope of the present research was focused on computational optimisation
of the selection of materials and shapes for 3D printing, including the design of medical devices,
which constitutes a significant scientific, technical, and clinical problem. The aim of this article was
to solve the scientific problem of automated or semi-automated efficient and practical design of
3D-printed chainmail with programmed directional functions (variable stiffness/elasticity depending
on the direction). We demonstrate for the first time that 3D-printed particles can be arranged
into single-layer chainmail with a tunable one- or two-directional bending modulus for use in a
medical hand exoskeleton. In the present work, we accomplished this in two ways: based on
traditional programming and based on machine learning. This paper presents the novel results of
our research, including 3D printouts, providing routes toward the wider implementation of adaptive
chainmails. Our research resulted in an automated or semi-automated efficient and practical 3D
printed chainmail design with programmed directional functions for a wrist exoskeleton with variable
stiffness/flexibility, depending on the direction. We also compared two methodologies of planning
and construction: the use of traditional software and machine-learning-based software, with the latter
being more efficient for more complex chainmail designs.

Keywords: information technology; computational method; additive manufacturing; rehabilitation;
exoskeleton; directional features; flexible shape

1. Introduction

Recently, artificial intelligence (AI), machine learning (ML), and data science have
become widespread and are increasingly being applied in 3D-printing and reverse engineer-
ing research, including biomedical applications. The scope of the research was focused on
computational optimisation of the selection of materials and shapes for 3D printing, includ-
ing the design of medical devices, which constitutes a significant scientific, technical, and
clinical problem. Its efficient solution may bring significant social and economic benefits by
increasing the effectiveness of the rehabilitation equipment used by patients in the process
of motor rehabilitation. Some of these problems can be solved by 3D printing. The problem
of computerisation of the development of 3D-printed chainmail designs with programmed
directional functions provides a basis for further research, including the automation of
medical devices under the Industry 4.0 paradigm [1–3]. Technological and social changes
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in the 21st century have led to greater computerisation, automation, and robotisation of
industry. At the same time, human intervention in the production process is being reduced.
This has led to a revolution in industry, the so-called fourth industrial revolution (IR 4.0,
Industry 4.0). IR 4.0 relies heavily on the Internet of Things (IoT), wireless sensor networks
(WSN), and the use of artificial intelligence and computational models, including digital
twins. This enables not only technical control throughout the manufacturing stage, but also
prediction and lifecycle assessment (LCA) of various products [1–5].

The principle of chainmail is relatively simple: the shape, interconnections, and
geometric number of particles at the microscale determine the resulting properties (e.g.,
mechanical) at the macroscale, so adjusting the shape, interconnection, and material of the
particles affects the trade-off between weight and adaptability of the bending modulus.
The complex shapes of the components, the connections between them, and the resulting
complexity of chainmail have been a major obstacle in the design of entire chainmail
systems with desirable characteristics. However, the rapid development of 3D design and
printing technologies with higher performance, improved material properties (including
related to contact with skin and body fluids), and the use of ML techniques in design has
now begun to come to fruition [4,5]. These technologies offer a complement to traditional
biosystem design [6]. The key problem is to acquire and maximise the use of available
data and to find novel solutions that perform better than the existing ones (with enriched
properties, often meeting a set of contradictory requirements). AI and ML methods are
applied at every stage of computer-aided design, and their combination results in a high
success rate of the therapeutic process and represents a step forward towards prediction of
clinical outcomes using integrated AI/ML models [7–9].

In our applications, ML models make it possible to identify patterns in complex data
(including biomedical data used for exoskeleton design), support design and optimisation
at every stage of manufacturing, and provide support in finding nonobvious engineering
solutions with fewer design iterations, shorter duration, and lower cost. This is particularly
important for exoskeletons, where varying size, movement patterns, type, and deficit levels
require a personalised approach [10].

One of the important problems to be solved in assistive technologies and rehabilitation
robotics is the need to provide materials with controlled bending force and direction. More
and more methods are being used to address the challenge of preprogrammed elastic
deformation mentioned above, so as to avoid complicated elasticity calculations [11]. One
way to solve this problem is cellular neural networks, in which local chainmail position
corrections are captured as local cell connections. In this way, the dynamic deformation
behaviour (not only of 3D-printed fabrics, but also of neural structures or soft tissues) is
directly transformed into the dynamic behaviour of the cellular neural network [12–14].
This approach is able to efficiently model both typical and atypical nonlinear mechanical
behaviours. It gives the designers a lot of freedom, as it is enough to program the boundary
parameters of the chainmail structure and the remaining issues are solved automatically in
some common cases. In other cases, it is necessary to tune the solution parameters to the
requirements/expectations, which are usually described by clinical parameters [15,16].

Chainmails are included in the four-dimensional (4D) printing family of materials that
has been developed since 2013. This approach extends the previous complex geometries
of manufactured 3D objects by giving classical static structures dynamic properties that
change over time and ensuring that these structures adapt to, for example, the changing
shape of the hand in the therapeutic process [17].

Our 3D-printed chainmail makes it possible to obtain materials and ready-made
elements (here an exoskeleton on a hand) with preprogrammed properties related to:

• The size and shape of the elements and the resulting properties;
• The material used (PLA, ABS, and others) and the resulting properties;
• Bending: in all directions, in only one direction, or in selected directions, with a

programmed maximum bending angle;
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• Tensile properties in both directions (e.g., kinesiotex tapes with properties similar to
human skin);

• Degree of softness;
• Other properties (durability, etc.) as needed;
• Opportunities for computerisation of design and optimisation of ownership thanks to

artificial intelligence (AI) [18].

Technological and material advances in 3D printing allow for faster fabrication, greater
freedom of shape selection, and programmable control of mechanical properties, providing
the potential for innovative interdisciplinary engineering solutions in mechanics, automa-
tion, robotics, computer science, and biomedical engineering. An example is the availability
of AI-assisted 3D design of personalised medical devices, such as in dentistry, where in-
office 3D printing is booming and design individualisation is very much required. With the
advent of new biocompatible 3D-printing resins, the ability to 3D print personalised devices
such as orthodontic distalisers and power arms requires 3D modeling skills, but knowing
the biomechanical aspects in relation to the different strengths of 3D-printing materials
is much more complicated for dentists. In such cases, support with shape optimisation
would be extremely useful [19,20]. Programmability here can refer to a combination of
programmable mechanical design, programmable materials, programmable fabrication,
and programmable operation of the finished device. Research work in these areas can
be accomplished through hierarchical programming, from modelling and fabrication to
the operation of the finished device [21,22]. The dynamic displacement of the material
structure can be controlled (and to a much greater extent than before) by changing the
geometric and material parameters through a combination of techniques for selecting the
shapes of individual elements, the way they are connected, and the properties of composite
structures [23]. This makes it possible to create stretchable electronics, deformable devices,
self-assembled fabrication, etc. [24]. Both the geometry and features of these materials
can be printed; hence, it is referred to as 4D printing. Traditionally, one of the greatest
difficulties with 3D printing of assistive technology has been the comfort and flexibility
of the products, with their low thickness and low weight. Currently proposed 3D-printed
solutions solve this group of problems (e.g., through an adaptively selected filling fac-
tor), but this is not enough to control the flexibility of the product. Another advantage
is the fact that an end product, even with a complex shape, can be printed in one piece
(one production run), which ensures, if required, high uniformity and repeatability of the
preprogrammed properties over the entire surface. The new material can also be sewn,
braided, glued, and welded. Materials with various additives can provide antibacterial,
magnetic, or optical properties, and can also be more biodegradable, e.g., made of algae,
coffee grounds, or wood.

Despite the growing and expanding popularity of 3D-printed chainmails, there is a
lack of reviews that present current trends in chainmail modelling methods, techniques,
and strategies in the context of predicting their shapes, connections, and properties (in-
cluding personalised profile modelling) in rehabilitation devices. To date, research on
applications of artificial intelligence in exoskeletons (wearable robots) has focused mainly
on control systems [25–27], diagnosis support, and therapy monitoring [28], and much less
on optimisation of the shapes of the elements, materials used, or their properties [29,30].
Meanwhile, a 3D-printed, personalised hand exoskeleton (Figure 1) provides the possibility
to solve a number of problems as early as at the stage of construction and adjustment of
their properties (shapes, materials), while they may be difficult or impossible to solve at
later stages or during the clinical use of the exoskeleton. Undoubtedly, further research is
needed regarding the deeper incorporation of sustainability and digital twin paradigms in
Industry 4.0 [31,32]. These areas may also affect the material and management issues of
the exoskeleton, as technical control should be incorporated in all stages of the exoskeleton
life cycle. The requirements of the MDR (Medical Device Regulation, 2017/745/EU) direc-
tive [33] and the ISO 13485 standard [34] should also be taken into account to ensure better
life cycle control of devices such as prostheses and orthoses.
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Recent developments in 3D printing of chainmails for biomedical purposes were
discussed in [35,36]. Płoszajski et al. described chainmails fabricated by selective laser sin-
tering (SLS) 3D printing and subjected to magnetic functionalisation to create a lightweight,
4D-printed activation fabric. Interestingly, postprocessing involved immersing the porous
prints in ferrofluid and drying them at high temperature. Magnetically activating fabrics
produced in this way may have applications in the production of thin, lightweight, and
comfortable wearable assistive devices [35]. Wang et al. proposed chainmail with a bending
strength 25 times stiffer under low external pressure (about 93 kilopascals) than in the re-
laxed position, showing promise as a starting material for lightweight and adaptive fabrics
for use in exoskeletons, haptic systems, and reconfigurable medical supports [36]. The
shapes and/or properties of 4D-printed objects can change in a controlled manner under
the influence of heat (body, ambient), illumination, humidity, and pH level, but also the
flow of an electric current and interaction with a magnetic field [37,38]. The combined use
of traditional and 4D-printed materials to fabricate biomimetic structures is also possible. It
is also possible to combine thin-film composites, kirigami patterns, and auxetic structures
to produce integrated piezoelectric systems for wearable devices for monitoring and early
detection [39].

The aim of this paper was to solve a scientific problem concerning the automated or
semi-automated efficient and practical design of a 3D-printed chainmail with programmed
directional functions for a wrist exoskeleton. These directional functions imply variable
stiffness/flexibility depending on the direction. Such a research objective fits into the
Industry 4.0 paradigm. We did this in two ways: with traditional and machine-learning-
based software, using traditional artificial neural networks (ANNs).

2. Materials and Methods
2.1. Materials

Chainmail braiding technology derives from an ancient tradition, and to date several
thousand types of weaves have been developed, mainly for military and decorative pur-
poses. However, 3D-printing technology has given this technology a new lease on life,
allowing it to go beyond the current limits of the braiding method and the properties of
metal materials.

In each case, whenever possible, we tried to use a flat chainmail (what is called in art
the European weave), which is more compact than a spatial weave (what is called in art the
Japanese weave).

We printed chainmails based on our own designs on different printers, using different
technologies, and with different properties (element size, directionality, and bending angle).
This allowed us to examine and show in this article the whole spectrum of possible solutions
within the investigated area. These different chainmail versions we used in the author’s
hand exoskeleton described in other publications [40,41].
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2.2. Methods

Standardised names concerning additive manufacturing technologies were used ac-
cording to ISO/ASTM 529:

• 3D printer (2.3.1);
• Additive manufacturing (2.1.2);
• Material extrusion (2.2.3);
• Feedstock (2.5.2);
• Laser sintering (LS).

Two different 3D printers were used to create the chainmail-based parts of a hand
exoskeleton:

• Prusa i3 MK3S3 filament printer;
• Prusa SL1S3D SLA printer.

The values of the printing process parameters in this study were selected based on the
recommendations of the manufacturers of the materials and printers, previous research
and scientific publications, and the experience of members of the research team [29,31,34].
A large amount of data and the lack of their full organisation in the form of databases made
it impossible to analyse and use them without the use of computers. For these reasons,
artificially intelligent optimisation and objectification of the parameter selection process is
a very important and future-oriented area of research.

To achieve the aim of the study, we built two concurrent basic solutions to support the
design of chainmail with the desired features:

• An algorithm for calculating/setting the repetitive pattern, implemented and tested in
Java (Java IDE IntelliJ Idea 2019.3);

• A machine-learning-based tool using traditional artificial neural networks using Mat-
lab R2021b with Neural Networks Toolbox (MathWorks, Natick, MA, USA).

All printing simulations were carried out in the PrusaSlicer program (version 2.4.1,
Prusa Research a. s., Prague, Czech Republic).

2.3. Statistical Analysis

MS Excel (Microsoft Corporation, Redmond, WA, USA) was used for data collection
due to the ease of integration of various types of data, including .csv files from the devices.

The results (project data from the 3D-printing software, material parameters, and
calculation results) were subjected to statistical analysis. All data were analysed using the
Statistica 13 program (StatSoft, Palo Alto, CA 94304, USA).

The normality of the data distribution was checked each time using the Shapiro–Wilk
test (α = 0.05). As a result, if the values of the data distributions were close to the normal
distribution, they were presented using mean values and standard deviation (SD), while if
the values of the data distributions were different from the normal distribution, they were
presented using the median, minimum value, maximum value, and the lower quartile (Q1)
and upper quartile (Q3).

The strength of the correlation between the results was expressed using Spearman’s
Rho. The significance level was set at 0.05.

2.4. Computational Methods

The main problem in automated chainmail design is twofold. The first is the lack
of computational chainmail models. The second is the inaccuracy implicit in the balance
between the shape and dimensions of individual chain elements and the same parameters
for an entire chain consisting of many such elements. It is challenging to quickly create
a relationship between the mathematical, physical, and mechanical rules due to the lack
of precise mathematical models; thus, an AI-based tool may derive them from datasets,
gather them together, and create a tool for computational analysis and design.

As an artificial neural network (ANN), a feed-forward neural network with a back-
propagation algorithm written in the Matlab programming environment was used for
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the solution. Networks of this type are often used to build solutions where complete
data are unknown. Many experimental ANNs were built during the construction of the
network, and this article presents only the most promising. The conditions for selecting
input parameters were:

• Homogeneous values;
• Normalisation of input data.

The ANN structure was generally selected on the basis of:

• The programmer’s knowledge;
• ‘Hit and miss’ trials;
• Genetic algorithm.

We also used:

• A three-layer forward neural network (Figure 2);
• Back-propagation (BP) algorithm;
• Perceptron Linkage Optimisation set for minimal multilayer diagnostics focused on

setting the mean squared error (MSE);
• naive initialisation techniques over more advanced solutions (e.g., LeCun initialisation).
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After a retrospective analysis of the 3D-printing parameters, efforts were made to
model the problem posed in this way. The ANN method as part of ML is data-dependent,
so we used the following datasets:

• Division into three datasets: training, test, and validation datasets: 80%/20%/10%;
• Input datasets: material, layer, angle in x direction, angle in y direction, maximum

tensile force, x dimension, y dimension (Figure 1);
• Output datasets: part type, z dimension, layer (Figure 1).

For unidirectionally bent chainmail shapes, the proper directional angle should be set
to 0. A training dataset was used to fit the parameters of the model, and then a validation
dataset was used to assess the model fit to the training dataset. Lastly, a test dataset was
used to assess the final model fit.
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We began by creating datasets with more input and output parameters (60 parameters
taken from the printer and slicer software), but this increased the computational effort
unnecessarily without significantly affecting the accuracy of the final result.

Each layer of the network contained neurons with the same activation functions
(Table 1): sigmoidal type–hyperbolic tangents as a very flexible nonlinear function.

Table 1. The best MLP network models (the best one is marked in bold).

ANN Structure. Activation Function
in the Hidden Layer

Activation Function
in the Output Layer

MLP 7-8-3 Sigmoid Sigmoid

MLP 7-10-3 Sigmoid Sigmoid

MLP 7-12-3 Sigmoid Sigmoid

MLP 7-14-3 Sigmoid Sigmoid

MLP 7-16-3 Sigmoid Sigmoid

The number of neurons in the hidden layer was adjusted to the number of inputs (n)
and inputs (m). The number of neurons in the hidden layer influences, for example, the
possibility of generalising the network. The number of epochs ranged from 500 to 1000
(Figure 2).

The proposed method of optimising the number of neurons in the hidden layer (from
2n-1 to 3n) is a step towards unifying the problem of selecting ANN parameters for 3D
printing under Industry 4.0 using the AI method (Figure 3).
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3. Results

The material consisted of many single elements. A single element consisted of (Figure 4):

• Base (marked in red)—an element that is placed on the table during 3D printing. This
is a necessary part due to the specificity of 3D printing (for printers that do not make
supports) without which the material cannot be made;

• Dyelet (marked in blue)—the part that connects the individual elements. This is an
example of a 3D material, which was used to create material for the metacarpals.
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Figure 6. Construction of the chainmail.

The first version of the algorithm that creates and sets the material is described below,
presented in the form of a pseudo code (Algorithm 1):
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Algorithm 1: Algorithm that creates and sets the material of the chainmail

int iloscWierszy = 10; // number of lines of material
int numberMarches = 10; // number of meshes (elements) in the given row
float offset = 0;
float LOCATION OFFSETX = −6; # shift in the X axis float
LOCATION OFFSETY = 10; # Y axis shift float
RozstawElementow = 4.5; # multiplier of single items
fileZobiektem = loadOvject (“object.stl.”); # loading the model of the element
for (int ix = 0; ix <iloscWowsze; ix ++)

{
for (int jx = 0; jx <number of mesh; jx ++)

{
if ((jx% 2) == 0)

{
// modulo for lines that is for every other line it does.
shape (fileObject, (Jx + Shift)) +LinkLiftX, Elemntow * (jx + Shift) +LinkLiftY);
// Move every other line to fit in the previous line
}

else
{
shape (objectFile, (Elemntow * (ix + offset)) + 0, Elemntow * (jx + offset));

}
}

}

The 3D material was produced using SLA 3D printers and light-hardened resins.
These resins are toxic and require specialised equipment, not only a 3D printer; you also
need a washing and curing machine (if it is not a multifunctional device). Only a simulation
of the printout was made due to the difficulty of printing such elements, but it was possible
to achieve a layer thickness of 0.01 mm, and the distance between blocks (polygons) was
also limited to 0.01 mm, compared to 0.1 mm for filament. Using a 3D filament printer
(Prusa i3 MK3S), it was possible to create a material with an accuracy of 0.0001 m (0.1 mm).

Our goal now is to create an even more accurate 3D material that is more exact and
has the same properties as the material from a filament printer (Figures 7 and 8).

The simulated material was the same as the original one (at 1:1 scale). Generally
speaking, an error occurred if the stand (bending layer) under the bounding blocks did not
print, which caused the material to no longer fulfill its function. Theoretically, this could be
corrected by forcing a specific thickness of the base, but then another problem arose.

The simulator takes into account the ideal printing conditions: room temperature,
stable placement of the 3D printer, and perfect calibration. The last condition is the most
difficult because it should be done every time the filament type is changed, e.g., from
PLA to FLEX (some manuals recommend calibration every time there is a change between
filaments from different manufacturers). The same is true for a laser printer, whereby laser
printers use a hardening light feed (UV radiation, as a rule).

The 25% version was scaled up and the distance between the waiting boundary blocks
was up to 0.000025 m (0.025 mm).

The material was simulated to be the same as the original one. Unfortunately, it turned
out to be a complete failure because it printed as a solid material (for printing parameters,
see Tables 2 and 3).

Table 2. Selected 3D printer parameters.

Parameter Value

Layer height

Layer height 0.2 mm

First layer height 0.2 mm
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Table 2. Cont.

Parameter Value

Vertical shells

Perimeters minimum 2

Spiral vase diasbled

Horizontal shells

Solid layer top: 5, bottom: 4

Minimum shell thickness: top: 0.7 mm, bottom: 0.5 mm

Quality settings

Extra perimeter if needed disabled

Ensure vertical shell thickness enabled

Avoid crossing perimeters disabled

Avoid crossing perimeters–max detour length 0% (disabled)

Detect thin walls disabled

Advanced layers setting

Seam position nearest

External perimeters first disabled

Infill

Fill density: 15% 15%

Fill pattern gyroid

Length of infill anchor 2.5 mm

Maximum length of infill anchor 12 mm

Top fill pattern monotonic

Bottom fill pattern monotonic

Ironing

Ironing disabled all

Reducing printing time

Combine infill every 1 layers

Only infill where needed disabled

Advanced infill

Solid infill every 0 layers

Fill angle 45o

Solid infill threshold area 0 mm2

Bridging angle 0o

Only retract when crossing perimetrs disabled

Infill before perimetrs disabled

Support material

Generate support material disabled

Auto generate support disabled

Raft layer 0 layers (disabled)

Speed for print moves

Perimeters 45 mm/s

Small perimeters 25 mm/s

External perimeters 25 mm/s

Infill 80 mm/s

Solid infill 80 mm/s

Top solid infill 40 mm/s

Gap fill 30 mm/s

Extruders

Extruders only one
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Table 3. Selected material parameters used.

Parameter Value

Identification

Trade name Prusament PLA

Chemical name Polylactic (PLA)

Usage FDM 3D printing

Manufacturer Prusa Polymers, Prague, Czech Republic

Recommended print settings

Nozzle temperature [◦C] 210 +/− 10

Heatbed temperature [◦C] 40–60

Print speed [mm/s] Max 200

Typical material properties

Physical properties Typical value

Peak melt temperature [◦C] 145–160

Glass transition temperature [◦C] 55–60

MFR [g/10 min] 10.4

MVR [cm3/10 min] 9.4

Specific gravity [g/cm3] 1.24

MFR [g/10 min] 10.4

MVR [cm3/10 min] 9.4

Specific gravity [g/cm3] 1.24

Heat deflection temperature (0.45 MPa) [◦C] 57.4 +/− 0.4

MFR [g/10 min] 10.4

Appl. Sci. 2022, 12, x FOR PEER REVIEW  11  of  21 
 

 

Figure 7. Material models in three sizes (from the biggest) original  50% version  5% version. 

   

Figure 7. Material models in three sizes (from the biggest) original→ 50% version→ 5% version.



Appl. Sci. 2022, 12, 5007 13 of 20Appl. Sci. 2022, 12, x FOR PEER REVIEW  12  of  21 
 

(a) 

 

(b) 

 

Figure 8. Cont.



Appl. Sci. 2022, 12, 5007 14 of 20Appl. Sci. 2022, 12, x FOR PEER REVIEW  13  of  21 
 

(c) 

 

Figure 8. Printouts of the chainmail: (a) project, (b,c) real chainmail. 

The  simulated material was  the  same as  the original one  (at 1:1  scale). Generally 

speaking, an error occurred if the stand (bending layer) under the bounding blocks did 

not print, which caused  the material  to no  longer fulfill  its  function. Theoretically,  this 

could be corrected by forcing a specific thickness of the base, but then another problem 

arose. 

The simulator  takes  into account  the  ideal printing conditions: room  temperature, 

stable placement of the 3D printer, and perfect calibration. The last condition is the most 

difficult because it should be done every time the filament type is changed, e.g., from PLA 

to FLEX (some manuals recommend calibration every time there is a change between fil‐

aments from different manufacturers). The same is true for a laser printer, whereby laser 

printers use a hardening light feed (UV radiation, as a rule). 

The  25%  version was  scaled up  and  the distance  between  the waiting  boundary 

blocks was up to 0.000025 m (0.025 mm). 
The material was simulated to be the same as the original one. Unfortunately, it turned out 
to be a complete failure because it printed as a solid material (for printing parameters, see 
Tables 2 and 3). 

Table 2. Selected 3D printer parameters. 

Parameter  Value 

Layer height 

Layer height  0.2 mm 

First layer height  0.2 mm 

Vertical shells 

Perimeters minimum  2 

Spiral vase  diasbled 

Horizontal shells 

Solid layer  top: 5, bottom: 4 

Minimum shell thickness:    top: 0.7 mm, bottom: 0.5 mm 

Quality settings 

Extra perimeter if needed  disabled 

Ensure vertical shell thickness  enabled 

Avoid crossing perimeters  disabled 

Avoid crossing perimeters–max detour length    0% (disabled) 

Detect thin walls  disabled 

Advanced layers setting 

Seam position  nearest 

External perimeters first  disabled 

Infill 

Fill density: 15%  15% 

Fill pattern  gyroid 

Length of infill anchor  2.5 mm 

Figure 8. Printouts of the chainmail: (a) project, (b,c) real chainmail.

PLA melts at a relatively low temperature of about 175 ◦C; in addition, unlike ther-
moset materials, PLA can be heated above its melting point repeatedly. It is a tough and
cookable material, proven for 50 micron layer heights. The disadvantages of PLA are low
heat resistance—PLA parts begin to lose mechanical strength at temperatures above 60 ◦C;
it also has low UV resistance. PLA is soluble in chloroform or hot benzene, so regular glue
can be used to join many parts. PLA is food-safe, but it is not recommended to continuously
drink or eat from 3D prints with PLA (over time, bacteria can accumulate in small cracks
on the surface of the print, but this can be prevented by applying a food safe coating. PLA
postprocessing requires wet sanding.

In the simulations on the SLA 3D printer (Prusa SL1S printer), the same model was
used in the three variants (not including the original one). The four variants (including the
original) were designated PLA100 (the original, at 100% size), PLA50 (50% of the original’s
size, with a distance between blocks of 0.00005 m (0.05 mm), PLA25, and PLA10. The
50% variant had distances between blocks of 0.00005 m (0.05 mm), the 25% variant had
distances between blocks of 0.000025 m (0.025 mm), and the 10% variant had distances
between blocks of 0.000001 m (0.01 mm).

A different type of support (spreader) had to be used. A support plate (shim) mounted
only on the printing table was selected. The 50% and 25% variants were printed correctly.
Only the 10% model failed due to the fact that the supports broke through the model.

The best results for the ANN were achieved with n = 7, m = 3, and 12 neurons in
the hidden layer (i.e., MLP 7-12-3), but we observed that other AR structures were also
effective, such as MLP 7-10-3 and MLP 7-14-3. The ANN was able to lower the MSE for the
training set to very small values (0.001–0.01) (Tables 4 and 5, best choice in bold).

Table 4. Selected ANN quality assessment (the best one is marked in bold).

Network Name Quality
(Learning)

Quality
(Testing)

MLP 7-8-3 0.8119 0.8771
MLP 7-10-3 0.8788 0.8975
MLP 7-12-3 0.9113 0.9212
MLP 7-14-3 0.8814 0.8858
MLP 7-16-3 0.8321 0.8714

Table 5. (R)MSE values for three MLP neural networks (the best one is marked in bold).

Network Name (R)MSE

MLP 7-8-3 0.02
MLP 7-10-3 0.01
MLP 7-12-3 0.001
MLP 7-14-3 0.01
MLP 7-16-3 0.02

The ANN was able to quickly estimate and identify a solution to the problem of
selecting/optimising the 3D-printing parameters as a basic or competitive solution to a
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traditional IT program. For easily programmable tasks with complete and unchecked
databases, the first of the above-mentioned solutions can be an advantage. The ANN,
however, will work in almost any conditions, providing a better or worse result. Thus, the
difference between using a traditional program and an ANN lies in two areas:

• Database completeness;
• Required accuracy.

The results show that the proposed method can provide nonlinear deformation and
reflect typical mechanical behaviour (Figures 9 and 10).
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The chainmail capabilities of an exoskeleton prepared for manual folding were mea-
sured as follows:

• For unidirectional folding: by wrapping on a shaft of specified diameter;
• For bidirectional folding: by wrapping on a sphere with a specified radius.
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The ready-to-use chainmail retained its bending constraint capabilities in the finished
product (exoskeleton) (Figure 11).
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4. Discussion

The proposed approaches make it possible to plan, design, and 3D print highly
complex products (chainmails) with the ability to customise their properties according
to individual user/patient needs. Due to the advanced scientific and clinical needs, the
above-mentioned group of technologies is of great interest and can also be used in practical
applications in other areas, such as designing smart textiles, protective clothing, etc. [35–39].
Unfortunately, there are too few scientific papers concerning the planning and production
of 3D-printed chainmails for biomedical applications to compare our results with those of
other researchers. However, perhaps our publication will become an inspiration for further
research groups. The topic of 3D printing of chainmails for biomedical purposes is rare
in the literature. It seems to have arisen in 2013, but the most important publications are
less than three years old. In comparison with other research, chainmail shaping has mostly
been used for soft tissue shaping to date [12–14], but very general biomedical applications
have also been described [35–39]. In the area of soft materials chemistry and methods for
fabricating 3D and 4D materials with properties and shapes that can be programmatically
altered over time, the ability to control the composition from the molecular scale to the
macroscale, which is important for biomimetic and biocompatible materials, is gradually
emerging from current research [42]. Shape memory polymers (SMP) are one such direction
of development, changing a temporary shape into a permanent one under the influence
of external stimuli, which could be especially useful through when combined with 4D
printing. At the present stage of development of SMP, various excitation methods and
deformation modes are used [43].

The models presented in this article are a promising tool in the field of computational
analysis and design of 3D-printed chainmail, which is useful in personalised therapy
in clinical applications, not only in the area of exoskeletons, but also orthoses and next-
generation active dressings. The mechanical properties of chainmail fabrics do not exhaust
all their possibilities: there are already new materials with improved properties when
in contact with human and animal tissues and body fluids, and printing from bio-ink
allows serious consideration of reconstruction or supporting, for example, the fascia. In
addition, strength tests on 3D-printed chainmail fabrics can lead to the creation of new,
very light and thin, but mechanically very durable coatings and networks, with many
possible technical and health applications (including in reconstructive medicine). However,
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despite the development of 3D-printing technology, the accuracy of the printing remains a
challenge in these proposed solutions [44].

We are aware that we did not check all possible solutions in the field of artificial
intelligence; more complex, multidimensional computational problems in the area of
chainmail design can be solved with the help of deep learning—these mainly include
chainmails with life characteristics that are variable in time and in defined/controlled time.
With the help of fuzzy logic and multifractal analysis, problems related to trends in changes
in the characteristics of the exoskeleton (e.g., as part of therapy progress, motor ageing)
and their creative prediction can be achieved. In some cases, this also applies to uncertainty
modelling, including in the case of inconsistent or uncertain data.

Limitations of the research to date relate not only to material issues, but more impor-
tantly to combining the physical and chemical properties, form, and function of printed
objects with different surface textures and hardnesses (including soft surfaces) and con-
trolled biomimetic and biologically compliant behaviours [42].

Computational analysis of the characteristics of exoskeleton components and other
clinical devices can help with the identification of new, more sensitive markers that allow
for earlier detection of the very early stages of individual diseases developing in the
exoskeleton user and more effective therapy for such harmful changes.

Better control and forecasting of exoskeleton parameters will make it possible to
predict damage to the exoskeleton and better meet the requirements for medical devices
covered by the MDR and ISO 13485 requirements.

Properly selected properties of the AI system will allow for the flexible connection
of many data sources, which makes calculation tools useful in the development of the
solutions presented in this article. Some directions of further research include:

• Research on new aircraft with properties described by mathematical formulas;
• Research into new materials and technologies better suited to medical applications;
• Research on changes in the properties of materials and 3D prints from them, including

the development of both solutions with increased strength and extended durability,
and solutions with a programmed useful life after which they can be easily recy-
cled [6]—this is important for the multicriterion determination of the optimal material
parameters for nonlinear properties, so that the realism of the modelling better reflects
the real changes (e.g., in the user’s movement system);

• In terms of industrial and clinical applications, the scalability of the proposed method
is important, i.e., its susceptibility to the mapping of many elements as the number
of elements increases without deterioration of the required characteristics (including
directional ones).

Another possible important direction for further research is the further development
of a 3D-printing filament that includes keratin protein, which would enable the printing of
complex elements of various shapes where the shape memory can be triggered by water.

Major clinical goals can be formulated as follows:

• Facilitation of the proper hand movements;
• Protection of the human hand from injury (including injuries caused by a range of

motion (ROM) that is much too large).

Engineering and clinical goals must be reconciled for better functionality of the final
solutions. It is worth being aware that there are more and more materials and medical
devices, including 3D-printed ones [45]. Materials with biotechnological properties that
must be biocompatible should be provided with appropriate certificates [46]. Therefore,
it is important to ensure coherent and transparent use of new technologies, materials,
and products at every stage of their life cycle [47]. Current personalised 3D-printing
solutions support sustainable manufacturing through reduced material waste, energy use,
and carbon emissions—this can be additionally strengthened by eHealth solutions [48,49].
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5. Conclusions

Our automated or semi-automated, efficient, and practical 3D-printed chainmail
design with programmed directional functions for a wrist exoskeleton has variable stiff-
ness/flexibility depending on the direction. We compared the use of traditional software
and machine-learning-based software (ANN), with the latter being more efficient for more
complex chainmail designs. Generally, new computational tools supporting both diag-
nosticians and medical engineers can significantly improve the effectiveness in the field
of medical device quality and prevention of secondary changes. This will allow better
targeting and monitoring of harmful phenomena and faster responses to negative changes
in health. Relying on data, analysing trends, and forecasting long-term changes may enable
the implementation of novel/modified production processes.
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