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Digital Transformation in Materials Science: A Paradigm
Change in Material’s Development

Julian Kimmig, Stefan Zechel, and Ulrich S. Schubert*

The ongoing digitalization is rapidly changing and will further revolutionize
all parts of life. This statement is currently omnipresent in the media as
well as in the scientific community; however, the exact consequences of the
proceeding digitalization for the field of materials science in general and
the way research will be performed in the future are still unclear. There are
first promising examples featuring the potential to change discovery and
development approaches toward new materials. Nevertheless, a wide range
of open questions have to be solved in order to enable the so-called digital-
supported material research. The current state-of-the-art, the present and
future challenges, as well as the resulting perspectives for materials science

are described.

1. Introduction

Artificial intelligence (AI), automation, deep learning, big data,
machine learning: these buzzwords are dominating the media,
in news articles and are already connected to nearly every field
and application (see Table 1 for definition of the most impor-
tant terms). Consequently, it is not surprising that science in
general is not excluded from this trend and there are already
first promising results.l! Exemplarily, a deep learning software
can be utilized for the identification of specific genetic dis-
eases,/? artificial intelligence can be utilized for the interpreta-
tion of images in clinical routines?®# or the development of new
drugs,Pl big data handling simplifies the understanding of geo-
graphic questions!® or cognitive computing enhances the speed
of life science research.”l All these examples show the great
potential of the ongoing digitalization for significant advance-
ments in science and one can simply conclude that this process
will also influence materials science and the way research will
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be performed in the future. Thus, here, we
will focus on the current developments in
terms of automation and digitalization in
all fields of material research (covering all
material classes), evaluate the current and
future challenges, and try to draw a pic-
ture of a potential digital material research
future, which is beginning to develop. For
this purpose, we will focus on the different
aspects of material development starting
from the experiment itself over the char-
acterization and analysis of the data and
finally to the fabrication and application of
the obtained materials.

2. Preparation of Materials

The first and one of the most important steps in the development
of new materials is the synthesis, formulation or preparation
of new compounds. Typically, this step marks the beginning of
material development and is followed by characterization (after
a potential purification) and interpretation of the obtained data.

In general, new materials are obtained by a chemical reac-
tion, a modification or by formulation/blending of different
substances. The reaction conditions must be chosen accord-
ingly to obtain the material of choice with the appropriate
properties. Typically in today’s research, these syntheses are
performed by human, that is, scientists or technicians, who uti-
lize a wide range of different methods for the different classes
of materials. While in the field of polymers mostly classical
organic synthesis protocols are utilized,® there are also formu-
lation such as sintering steps (e.g., for ceramics),!”) melting pro-
cesses,1 or sol-gel processes!! for other material classes, for
example, metals, respectively.

This approach has the great disadvantage that the results
and the materials obtained depend strongly on the researcher
performing the experiments and on how much experience one
has. For this reason, initial approaches in the digital transfor-
mation of material research are focusing mostly on the auto-
mation, parallelization, and miniaturization of the synthesis
and the development of opportunities for high-throughput
processes.['l Two priority methods are robot-based synthesis!'’!
and flow chemistry™ (including microfluidics!™)). The former
one is based on the utilization of synthesis robots, which can
perform a variety of experiments simultaneously and with high
precision as well as high reproducibility. In contrast, in flow
chemistry microreactors, for instance, are utilized allowing
a corresponding high number of experiments due to the par-
allel experiments as well as a relatively low amount of required
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Table 1. Definition of often-utilized terms for the field of automation and
digitalization.

Term Short definition®

Artificial
intelligence (Al)

“The theory and development of computer systems able
to perform tasks normally requiring human intelligence,
such as visual perception, speech recognition,
decision-making, and translation between languages.”

Machine learning ~ “The use and development of computer systems that are able
to learn and adapt without following explicit instructions, by
using algorithms and statistical models to analyze and draw

inferences from patterns in data.”

Big data “Extremely large data sets that may be analyzed
computationally to reveal patterns, trends, and associations,

especially relating to human behavior and interactions.”

Deep learning “A type of machine learning based on artificial neural
networks in which multiple layers of processing are used

to extract progressively higher level features from data.”

2 Definitions were obtained from English Oxford Living Dictionary.

compounds.'®18] Both approaches can also be combined as

shown in a very recent study.'” Herein, a robotic arm is uti-
lized to enable flow chemistry approaches. Additionally, the
system features an Al-software enabling an improvement in
the experimental planning. However, this system can only be
utilized for organic synthesis protocols and cannot easily be
adapted for other material classes such as metals or ceramics.

These two approaches have been known for a while,® but
they have progressed differently in the different material
classes. Consequently, synthetic robots are well-known in the
field of polymer synthesis as well as polymer formulation and
have been used for a variety of processes.l?%* However, most of
the syntheses performed nowadays are still classical ones using
flasks and other classical laboratory glassware. In addition,
catalysis represents a research field with a strong utilization
of combinatorial approaches.?? Also in other material classes
there are first examples in this direction,?’] for example, in the
perovskite development!?¥ or alloys,?”! nevertheless, the auto-
mated synthesis/formulation has not yet been fully enforced
and many syntheses and material manufacturing processes are
still performed in a classical manner. This is also due to one of
the disadvantages of the robotic approach, which are high costs
of the required equipment. However, this investment would be
a one-time investment, which can potentially be cheaper on a
long-term perspective compared to paying scientist.

An increasing trend toward automated synthesis is recogniz-
able, since it not only increases the number of experiments, it
further generates more reliable data not influenced by human
bias. Each experiment is traceable, the reaction conditions can
be read out as a protocol (this data is thus usable, see paragraph
data management) and a new experiment under the same con-
ditions provides comparable results (also in different labs as
long as the same starting materials are utilized). Therefore, it is
not surprising that companies have recognized this trend and
have heavily invested in the automation of syntheses/formula-
tion for their research and development departments.[26-?7]

The challenges in the field of automation and digitalization
in the area of material preparation are to be sought above all
in the improvements of the robotic systems and processes. In
particular, the robotic systems have to be optimized to cover
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all different reaction conditions, which are applied in mate-
rial research (temperature, pressure, type of material etc.).
Exemplarily, high-temperature processes have to be mentioned,
which is still a challenge using automated synthesis robots.
Moreover, the required compounds (liquids, solids, pastes, oils
etc.) have to be transferred from bottles, boxes, cylinders etc.
into the reaction vial in the right volume, mass using syringes
or balances. A novel revolutionary approach using “pins” (or
“coins”) has been presented in order to overcome the this
bottleneck of current robotic based synthesis.[®!

Furthermore, multi-step reaction procedures have to be
performed automatically.?” In addition, the purification and
characterization of the materials must be performed in such
an automated fashion. First approaches to this are well-known
in the field of organic synthesis and polymer science.* Thus,
the group of Cronin has combined various purification and
analysis methods with synthesis modules.3'32 Transferring
this approach to the various material classes and characteriza-
tion methods will be a crucial challenge for the future of the
digital transformation of material research.

Recently, a synthetic robot, which can move through a labora-
tory collecting samples, placing them into analysis equipment,
such as gas chromatography or high-performance liquid chro-
matography, was described by the Cooper group (Figure 1).1*%!
Herein, the robot was improved using a learning algorithm in
order to search for photocatalysts. For this purpose, the robot
performed more than 600 experiments and was able to find a
better working catalyst compared to the initial starting material
by using a learning algorithm.

3. Characterization of Materials

The characterization and analysis of materials have been
performed already for a very long time using automated equip-
ment, for example, with auto samplers, well plates, etc. None-
theless, there is an urgent need for further development in
order to facilitate effective digitalization and automation, since
the characterization represents a central element for the gen-
eration of the (measurement) data.3*! For this purpose, also
additional on-demand and online approaches are required. A
major disadvantage for a uniform procedure across all material
classes in the development of the analysis methods is the great
variety of the materials, the investigated properties as well as the
techniques themselves (provided by different companies and
utilizing different software tools). Here, even within one class
of material, for example, polymers, one can find a wide range of
techniques that are regularly applied and used. This challenge
multiplies enormously across the different material classes and
makes increasing automation and digitalization even more dif-
ficult with increasing networking between the devices.
Generally, the requirements profile of analytical methods
changes to a faster characterization at a constant quality
standard, enabling, for example, direct real-time (kinetic)
investigations. This is usually associated with the term of high-
throughput characterization in which a variety of samples can
be analyzed within a short timeframe (also online and inline),
which are known for different material classes, for example,
polymers, alloys or hydrogels.>>3"l The increasing need for
faster characterization is also due to the increasing amount
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Figure 1. A robotic mobile chemist at work filling vials and loading the gas chromatography equipment. Reproduced with permission.*¥l Copyright

2020, Springer Nature.

of data required for machine-learning algorithms, as they can
only work effectively if sufficient data is generated and imple-
mented.*® The increasing automation of synthesis will increase
the need for new (faster) characterization approaches.

Nevertheless, the general procedure for the characteriza-
tion of new compounds applied so far consists of the sample
collection during synthesis and the subsequent transfer to the
characterization device by hand. Afterward, the measurement
data are evaluated independently by the scientist. However,
this procedure must be optimized so that a more efficient and
faster analysis is possible and bottlenecks in the research can be
eliminated. Variants for this are, for example, the online charac-
terization during the reaction,* the combination of synthesis,
purification, and characterization (see earlier)!*324% and online/
inline flow-characterization approaches.*l All of these strategies
are already available to a certain extent, however, they are rarely
utilized, (combined) expensive and need to further be developed.

Finally, another important strategy in the field of materials
analysis is the automatic evaluation of the obtained results.
Mostly nowadays the results are evaluated by hand by the sci-
entist. To optimize this process, increasingly automatic evalu-
ation tools are applied. Exemplarily, the machine-based image
recognition (e.g., transmission electron microscopy analysis)®*?!
or the automatic analysis of spectra (e.g., nuclear magnetic res-
onance)*! have to be named.

In particular, the aspect of the accuracy of the analysis should
not be lost during all automation digitalization and time-related
improvements and the obtained information should not change
during improvements. Only trustworthy measurement data can
be utilized by machine learning and artificial intelligence. If
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this would not be the case, such programs would predict new
experiments and properties based on wrong data resulting in
incorrect predications.

4. Management and Analysis of Data

The collection, analysis and handling as well as the interpre-
tation of data represents the central element in the field of
digitalization in material research. However, these aspects
have received the least attention so far. There are frequently
reports on the utilization of artificial intelligence etc.,[b3843
but very little on the storage and (automated) interpretation of
data leading to new knowledge and an accelerated materials
discovery. However, they are the key elements, as shown, for
example, by Amazon and others for their purposes, but not yet
for materials science. The data are required to train software
programs in the field of machine learning and artificial intel-
ligence enabling automated routines to provide personalized
solutions and suggestions. A first initiative that has recognized
the potential in this field was the material genome project of
the US government*! and later the analog initiative in China.[*"!
In doing so, the competencies in the area of material research
should be bundled and by a combined effort it should finally
be possible to decrypt the “material code” opening the field
of material informatics, “materialomics” or “polymeromics.”*!

Currently, most of the research data is generated locally in
academic and industrial laboratories and only there the primary
data are accessible, stored in different formats at different
storage location, which are partially offline. Furthermore, even in
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the corresponding scientific publications only selected data are
presented, typically only the data from successful experiments.*
Thus, only very sparse, the really relevant data are shared within
the scientific community. The quality of the provided data is
sometimes questionable and the reliability is not given in every
case. Another challenge in this context is the “negative” data,
which are data obtained from experiments not resulting in
the desired material.*®! These data are hardly published these
days,! or even stored in a useful manner. Of course, this raises
the question of how many experiments have already been carried
out meaninglessly several times in the world, even though it has
already been observed that the experiments are not promising.

In order to merge all data, positive and negative ones, a com-
prehensive database structure for all data of the material research
is required. Meta-analysis, as known from other disciplines,*! are
nowadays hardly possible and higher-level structure-property rela-
tionships can only be revealed with great difficulty. In addition,
the design and planning of new experiments are not optimal.

One solution to this problem is provided by the FAIR prin-
ciple of data handling.’% Thus, the data are findable, acces-
sible, interoperable and reusable. Consequently, previously
used experiments and the associated data can also be reutilized
again. A central element for storing the data is required, which
can be offered by a repository. All original data are stored in
a meaningful way applying the FAIR principles. Consequently,
all these data can be (re)used. Finally, new results can be gen-
erated based on existing measurements, and meaningless
experiments are not performed multiple times. Moreover, less
promising procedures can be later improved in an automated
manner. Such an example can be found in the field of metab-
olomics and is already known and established.® Herein, the
measurement data in a specific format are stored centrally in
a public repository and each scientist around the world can
access and reuse those data. One approach regarding materials
science is the material cloud,®? for example, Aflowlib with over
3 000 000 million substances.*’! One current positive trend is
that more and more journals already starts to expect the storage
of primary data related to a publication. However, this proce-
dure must be improved in the future and the data storage has
to become obligatory for each publication.

Nevertheless, there will be further challengesP*>! in the
form of generally accessible data formats, the standardization
of data and, consequently, the definition of information stand-
ards. Moreover, also already obtained knowledge must be con-
verted into data formats in order to make them usable. As a
basic requirement, scientists themselves must be convinced
of such a system and students have to be trained accordingly.
A first national step is currently being observed in Germany,
where a national research database infrastructure is to be set up
(e.g., the initiative NFDI4Chem[®®! for chemistry related fields).
However, global solutions are required. Moreover, data storage
and management work flows must be generated, which are
useable for all material classes.[’]

5. Planning of Experiment/Design of Experiments

The category of experimentation planning is, for most people
today, most associated with the concept of digitalization.
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Software-assisted synthesis planning and the development of
new materials using machine-learning and artificial-intelli-
gence approaches can become a key technology in the future of
materials research.*]

Classically, the planning of experiments is performed in
such a manner that the scientist considers a new experiment
based on literature findings and personal experience. This
experiment is then performed and, based on the obtained data,
a new experiment may be planned.

The first advances in this field are provided by simulations
of reactions and material properties that allow a prediction of
particular compositions and, thus, enable more targeted experi-
ments.”® In the first phase of the development of such simula-
tions, the results were still rudimentary and could only partially
Dbe utilized for the prediction of properties. Meanwhile, the pre-
diction quality have become much better (also using machine-
learning techniques®®) and simulations allow in certain areas,
for example, metal-organic frameworks (MOFs),[! the targeted
development of new materials.®s-3 The simulation of proper-
ties and the corresponding structures becomes increasingly
more important; however, it is still limited for specific material
classes such as alloysl®y or MOFs.[] In case of, for example,
polymers, the modeling is still in its infancy and the calculation
demand is too large to obtain exact predication.[®® In the future,
simulations will gain more importance in all fields of materials
and can also be utilized for the achievement of data, which can
be further used for artificial intelligence programs.

The next step in a modern material research process is the uti-
lization of machine learning and artificial intelligence to facili-
tate feedback-driven reaction and material planning.*®*3] These
programs uses the data from previous experiments predicting a
new targeted composition of a material, which can subsequently
be synthesized. Alternatively, the measurement data may also be
utilized for the improvement of the synthesis protocol and, con-
sequently, the yield of the reaction. Finally, a sufficient amount of
data can be generated by a large number of experiments resulting
in the opportunity to reveal the ideal composition of a material
for a certain application. Above all, it is important that sufficient
data points are available (as the number of desired properties
increases, the number of data required also increases) and that
negative data attempts are also recorded,/®”! since otherwise the
desired parameter space cannot be defined in a clear manner.®!

The development of such software-based methods for
material development of new materials is still in its infancy.
However, there are first examples, such as the use of machine-
learning for the predication of material properties,”>%! for
example, battery materials,®®”% the use of machine learning
and modeling for the targeted selection and subsequent syn-
thesis of conductive MOFs,"72 the predication of metallic
glasses”] or the targeted development of catalysts.l’!

The most significant challenge for machine-learning systems
is the amount of data and the associated time (and resources)
for the required experiments. The better the program should
work and the more properties a particular material has, the
more experiments are required. To solve this challenge, there
are two possible solutions: a) the utilization of simulationsl
to predict material properties” (as well as the utilization
system properties and similarities”®)) and b) the merging of all
generated data in a corresponding repository from which the
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software can obtain the required data. This procedure could
reduce the number of required experiments and enable a more
targeted material research in the future. However, at the pre-
sent time, the application of simulation is limited to some
material classes and a general (worldwide used) repository for
materials research containing all classes of materials is not
foreseeable. Accordingly, the current descriptions of machine-
learning-based material systems are mostly based on the use of
own data (partially evaluating the literature) and, thus, demon-
strate only the principle feasibility of such systems.

6. Fabrication and Processing

The processing and fabrication of materials represent usually the
final step in the exploration of future potential applications of the
materials. The way of processing largely depends on the mate-
rials properties and the potential fields of application, whether the
usage is, for example, for batteries, as a coating for anticorrosion
or as construction element. Here, a variety of different techniques
are already available, which can also run robotically supported,
already (partially) applied industrially. The classic processes here
are, besides many others, extruding, spraying (e.g., for coatings),
roll-to-roll printing, injection molding, deep drawing, etc.

Nevertheless, the trend toward digital fabrication has been
apparent for some time in order to further advance digitaliza-
tion in this area enabling the processing of materials to the
desired/personalized shape.”] A benchmark technology here
was 3D printing.”®l Producing materials in the desired 3D
shape has been a technological revolution and is constantly
evolving,”?} for example, 3D printing of cells resulting in
fully functional human hearts components.®) Additionally,
there are also industrial applications known for 3D-print-
ining. For example, parts of the Boeing 777 are produced by
3D-printing.B Meanwhile, almost all classes of materials are
printable, although different techniques have to be applied,
for example, fused layer molding, laser beam melting, screen
printing, and two-photon-polymerization. The latest trend
in digital fabrication is so called 4D printing, which involves
printing materials that change their shape over time (fourth
dimension).[82] A classic example of this behavior can be found
for shape-memory materials, which are then also usable for var-
ious purposes, for example, medical applications.®*!

In the field of digital transformation of materials research,
fabrication is probably the most advanced area, but there is still
enormous potential for future developments. In particular, the
printing of all kinds of materials (e.g., glass!®) or the printing
of high-performance materials are still at the beginning of
research.®] Furthermore, new developments regarding auto-
mated approaches combined with self-optimizing programs
enable new possibilities, such as recently reported for film-
preparation of solar cell materials.®®!

7. Conclusion—The Next Generation of Materials
Research (Challenge and Possibilities)

The future of material research is becoming increasingly dig-
ital. However, this process will require significant efforts and
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changes. Nevertheless, the first trends are already recognizable
and there is progress in many areas. The different classes of
materials are currently at different levels, which are also due to
the fundamentally different methods of synthesis, producing,
analyzing and simulating the materials.

In general, substantial progress beyond the individual sub-
areas is required in order to reach the next level. A combination
of all areas—from synthesis to characterization, data manage-
ment and machine learning to digital fabrication—is possible
and required (Figure 2). Engineering a full chain of knowledge
will enable a fully automated, digital, and robot-assisted mate-
rial research and will change the way we discover, develop, and
process new materials. Currently, only individual and isolated
approaches are described.

As a consequence, a faster and higher reproducible develop-
ment of materials will be possible. Moreover, the number of
duplicates in experimentation will be reduced significantly and
the human resource will have to do less synthesis work and can
focus more on planning new materials and their properties in
order to enable a targeted experimental design. Moreover, a higher
number of experiments and a central storage of the required data
will enable much more innovations resulting also in materials
with properties, which are hardly imaginable up to now.

There are many challenges for achieving automated, digital,
and robot-assisted materials research (summarized in Table 2).
First of all, the further development of existing technologies
has to be pushed forward, for example, robots and machine-
learning. Herein, the programs of AI have to be modified to
more suitable for materials science and the different require-
ments of the different classes of materials.

The establishment of a data repository is also crucial, as this
is the only way to ensure utilization of the produced data by
every scientist. Moreover, the data formats have to be defined in
a standardized manner in order to have the same format across
the world. Thus, all data can be reused sufficiently to evaluate
general structure-property relationships. One of the greatest
challenges, however, is the training of skilled students and
scientist. Classically, scientists today receive training in mate-
rials research, chemistry, engineering or physics. In the future,
knowledge in the field of computer science, database manage-
ment, and robotics will be required as well. Integrating this
content into teaching and training represents a key challenge
for the future of digital material research and will result in a
new generation of scientists.

Finally, the question of the perspective and the chance for sci-
entists remains in such a construct. What tasks will you have,
and which skills do you have to bring and what can be the ben-
efit? First, it should be noted that the realization of a digital mate-
rial research is still far away and many scientists are required
in order to optimize and expand the individual areas until this
vision can become reality. Herein, many new discoveries are
required, which must be performed by experts. In addition,
properties, which should be obtained at the very end, must also
be specified by a scientist and a rough direction for the starting
parameters of experiments must be guaranteed. Otherwise, the
number of iterations is far too large. Finally, programs need to
be developed further, robots have to be optimized and made
available in a cost-efficient manner for the broad community of
researchers, and the design of experiment (at least in the early
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Figure 2. Schematic representation of a completely automated and digital-transformed material research combining automated synthesis, online/
inline characterization, machine learning, and digital fabrication. All obtained data will be stored centrally in a data repository enabling new materials
as well as general structure-property relationships.

stages) will remain a long-term task for scientists. The chance of
a more digital material research lies in the higher productivity,
the better reliability of the data and in a better understanding

Table 2. Summary of advantages, disadvantages as well as challenges of a more automated and digital material research.

of general structure-property relationships. Scientists can focus
on the major part of the discovery of new materials, which is
the designing of desired materials and their properties, since

Category Advantages Current disadvantages Challenges
Synthesis — Faster — Expensive —  Access for all
- Automated — Not applicable for all materials — More reaction parameters, miniaturization
— More reliable — Not accessible for all scientist — Application for all materials
— Required space for synthesis robots — Purification of materials
Characterization — Faster — Reliability? — Faster, but still reliable
— Online and inline — Accuracy of results — Automated evaluation

Machine learning

Digital fabrication

Data handling

Teaching

— Combining methods (also with synthesis)

— More cost-efficient
— Access to the devices

— Meta-analysis
— Structure-property-relationship

— Partially loss of details in academia teaching areas (informatics, robotics)

— Automated optimization — Black box—hardly controllable — Better programs
— Material design, which is not so - Loss of unexpected results — Data input must be ensured
easy imaginable — Number of iterations—time consuming — Output parameters have to be defined
experimentation — Establishment of simulation as data source
Device of choice can be produced — Partially difficult for some materials — More development, for example,
— Personalization — Not efficient for high number production 4D-printing also for other materials

— Central access to data — Invalid data has to be filtered out — Development of such a system

Negative results can be stored — Data format must be uniform
- Less duplicates of experiments — Information standards have to be defined
— Reliable data — Rethinking of scientist

Broader teaching — Changed profile of teacher — Combination of materials science and other

— Implementation into curriculum
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the synthesis, characterization, and optimization of the process
(improvement of the synthetic procedure) will be performed
automatically. Consequently, faster material design and more
target-oriented research will be accessible.
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