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ABSTRACT
The use of modern data science has recently emerged as a promising new path to tackling the complex
challenges involved in the creation of next-generation chemistry and materials. However, despite the
appeal of this potentially transformative development, the chemistry community has yet to incorporate it
as a central tool in every-day work. Our research program is designed to enable and advance this emerging
research approach. It is centred around the creation of a software ecosystem that brings together physics-
basedmodelling, high-throughput in silico screening anddata analytics (i.e. the use ofmachine learning and
informatics for the validation, mining and modelling of chemical data). This cyberinfrastructure is devised
to offer a comprehensive set of data science techniques and tools as well as a general-purpose scope
to make it as versatile and widely applicable as possible. It also emphasises user-friendliness to make it
accessible to the community at large. It thus provides themeans for the large-scale exploration of chemical
space and for a better understanding of the hidden mechanisms that determine the properties of complex
chemical systems. Such insights can dramatically accelerate, streamline and ultimately transform the way
chemical research is conducted. Aside from serving as a production-level tool, our cyberinfrastructure is also
designed to facilitate and assess methodological innovation. Both the software and method development
work are driven by concrete molecular design problems, which also allow us to assess the efficacy of the
overall cyberinfrastructure.
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1. Introduction

The two principal challenges in creating new chemistry and
materials are that their behaviour is governed by complicated
structure–property and structure–activity relationships [1–3],
and that chemical space is practically infinite [4–6]. Traditional
experiment-driven trial-and-error approaches are increasingly
ill equipped to meet these challenges on their own, in partic-
ular since advanced systems require more and more intricate
property profiles [7–9]. However, chemical research is currently
undergoing a dramatic transformation that is offering new so-
lutions to complex discovery and design problems [10]. After
decades of continuous advances in methods, algorithms and
computer hardware, the fields ofmodelling and simulation have
reached a tipping point, and they are finally at a stage where
they can make accurate predictions for systems that are both
realistic and relevant. Progress is now increasingly driven by
computational studies, which have become crucial assets in the
pursuit of novel chemistry. Bymaking guiding predictions, they
can boost the efficiency of research endeavours and uncover
promising targets for the more time- and resource-intensive
investigations in the laboratory. In addition, they can provide
unique insights beyond the scope of empirical observation and
thus contribute a solid foundation that underpins new findings.
Still, the usual focus on individual compounds has so far been
limiting the utility of computational research. While there is
obvious value in characterising particular systems of interest,
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the insights gained in these small-scale studies cannot easily be
transferred or generalised.

The shift towards a data-driven discovery and rational design
paradigm (cf. Figure 1) promises to mitigate many of the inef-
ficiencies and shortcomings that are still prevalent in contem-
porary chemical research. There is now a growing agreement
on the value of incorporating modern data science – the 4th
pillar of science – into chemical research, and this development
has been recognised by high-profile funding programs such as
the White House Materials Genome Initiative [11]. Yet, de-
spite impressive pioneering efforts (e.g. [12–16]), there is still a
distinct disconnect between the promise of this approach and
the realities of every-day research in the chemistry community,
where data-driven work does not yet play a significant role.

In Section 2 of this review, we will introduce our analysis
of this situation and identify objectives as well as associated
challenges that form the focal point of our research program.
Section 3 provides an outline and rationale of the approach
we pursue, followed by a discussion of our cyberinfrastructure
work (Section 4), methodological advances (Section 5) and ap-
plication projects (Section 6). Our discussion is summarised in
Section 7.

2. Overarching research objectives and challenges

We have identified three key obstacles that need to be overcome
before data science can grow into a mainstay of the chemistry
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Figure 1. (Colour online) The rise of data science as the 4th pillar of science.

community: (i) data-driven research is practically beyond the
scope and reach of most chemists due to a lack of available and
accessible tools – the existing tools and expertise tend to be in-
house, specialised, or otherwise unavailable to the community
at large; (ii) many fundamental and practical questions on how
to make data science work for chemical research remain un-
resolved; (iii) data science is not part of the formal training of
chemists, and the community thus oftentimes lacks the neces-
sary experience and expertise to utilise it. Our research program
is designed to address these challenges.

The notion to utilise data science in the chemical context is
so recent that much of the basic infrastructure has not yet been
developed or is still in its infancy [10,17]. Our work seeks to
fill this infrastructure gap by creating and deploying an open,
general-purpose software ecosystem that fuses computational
modelling, virtual high-throughput screening and big data ana-
lytics. The former facilitates the large-scale in silico exploration
of chemical space. Its uncharted domains are expected to hold
new classes of compounds and reactions with exceptional prop-
erties. We employ machine learning and informatics to mine
the resulting data-sets in order to develop an understanding
of the hidden structure–property relationships that govern the
behaviour of complex chemical systems. These insights are a
prerequisite for hyperscreening, rational design and inverse
engineering capabilities [18–21]. A key consideration is tomake
this cyberinfrastructure as comprehensive, integrated, black-
box and user-friendly as possible, so that it can readily be em-
ployed by interested researchers without the need for excessive
expert knowledge. With this approach, we aim to replicate the
transformative impact that the emergence of computational
chemistry program packages with similar traits have had on the
role of modelling and simulation in chemical research today.
In addition to delivering a production-level tool for the com-
munity, our software ecosystem also serves as a development
platform and testbed for innovation in the underlying meth-
ods, algorithms, protocols and workflows. The central question
this work tackles is how to transfer the success of data sci-
ence in other domains to problem settings in chemistry. Our
work emphasises the value of a general-purpose perspective
over focusing on specific solutions for individual application
problems that only a relatively small number of experts find
interesting and that only provide anecdotal evidence towards
our overarching research questions. The development of our

tools is nonetheless guided by concrete, real-life molecular de-
sign problems, which also allow us to assess the efficacy of our
overall approach.

3. Outline and rationale of our research approach

We have developed a basic template for data-driven in silico re-
search, which addresses the inherent challenges in the discovery
and design of new chemistry, in particular as part of integrated
joint ventures with experimentalists. It provides the foundation
and framework for our research program, and its rationale can
be summarised as following:

• Using computational modelling and simulations, we can
rapidly and efficiently assess the properties, behaviour, and
performance potential of candidate compounds, materi-
als, and/or chemical transformations for a given problem
setting [22–24].

• By combining modelling and simulation with
high-throughput screening techniques,we can characterise
candidates on a massive scale. These studies naturally lead
to big data scenarios [25–29].

• Using modern database technology, we can readily store
and access the resulting data sets, e.g. to identify candi-
dates with desired property combinations for on-demand
applications [30,31].

• In addition to the immediate information obtained for
these thousands or even millions of candidates, we can
mine the generated data in its entirety. Using machine
learning, we can gain insights into the mechanisms that
determine their characteristics and cast these findings into
predictive models [32–34].

• By identifying these design rules as well as high-value
moieties, building blocks, structural patterns ormore gen-
eral features, we can accomplish the de novo design of
next-generation candidates [35–37]. Using the predictive
models, we can conduct hyperscreenings, i.e. screenings
based on data-derived models that typically surpass the
scale of the original screenings (based on physics-derived
models) by several orders of magnitude.

• Experimentalist partners can pursue the top candidates
from the (hyper-)screening and/or de novo design. This
guidance allows the experimentalists to focus on highly
promising targets and avoid wasted efforts on unpromis-
ing ones [38]. Additional in-depth modelling and simula-
tions can contribute further insights to the experimental
findings, which allow for the advanced optimisation of
lead candidates.

• The experimental results can be included as training data
in the machine learning approaches. In addition, they can
be used to validate, benchmark, calibrate and potentially
improve the physics-basedmodelling and simulation pro-
tocols, which closes the design loop [39].

4. Cyberinfrastructure development

We have identified four components (detailed in Sections 4.1–
4.4) as critical to realising this approach and unlocking its full
potential. Our cyberinfrastructure work pursues the concerted
development of four corresponding program suites – ChemLG
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Figure 2. (Colour online) Schematic and connectivity of the software ecosystem
comprised of the ChemLG, ChemHTPS, ChemBDDB, and ChemML codes.

[40], ChemHTPS [41], ChemBDDB [42] and ChemML [43] –
that constitute the software ecosystem outlined in Figure 2 and
detailed in Section 4.5.

4.1. Screening library generator

A prerequisite for the high-throughput exploration of chemical
space is access to suitable, large-scale screening libraries. We
have thus been developing ChemLG, a generator for compound
and material candidate libraries as well as reaction networks.
Thekey for a successful library generation approach is to balance
the ambition for a systematic and exhaustive enumeration of
the combinatorial search space, with the need for an efficient
and responsive scheme. The generation of combinatorially ex-
haustive libraries is relatively straightforward, but it rapidly be-
comes impractical for screening purposes due to its exponential
growth. For instance, the largest small-molecule library, GDB-
17, contains 166.4 billionmolecules,whichwere generatedusing
only up to 17 atoms (C, N, O, S and halogens) [44]. Most
currently available codes are thus limited to generating small,
drug-like molecules.

We find that instead of exploring a limited chemical domain
exhaustively, it is often more useful to bias the search in di-
rections where candidates are most promising and synthetically
viable. In our development ofChemLG, wehave thus augmented
the combinatorial schemes by a number of ‘smart’ modules
that make use of additional input. To address the concern that
virtual candidates may not be accessible or desirable (e.g. from
a synthetic perspective), we have introduced a constrained-
growth scheme that continually prunes the generation pro-

cess. It accepts user-defined constraints, e.g. to exclude certain
structural patterns, building block combinations or sequences;
to limit size or chemical makeup; or to enforce symmetries
or other rules (e.g. Lipinski’s rule). A more advanced version
will employ pattern matching and fingerprint similarity cutoffs
trained against libraries of known compounds. We can also
employ an on-the-fly prescreening through rapid candidate as-
sessment via data-derived prediction models (cf. Section 4.4).
Thesemodels can also serve as fitness functions inChemLG’s ge-
netic algorithm module, which allows us to optimise candidate
pools and the chemical structures they contain for specific target
applications. ChemLG’s ‘smart’ modules can thus facilitate self-
regulating growth of the candidate libraries and ultimately a
self-optimising traversal of chemical space. It offers options
for the various approaches mentioned above to provide the
most suitable solution for different problem settings. We have
successfully employed ChemLG to produce screening libraries
for a number of application projects as shown in Section 6.

4.2. Virtual high-throughput screening infrastructure

A prerequisite for conducting computational high-throughput
screening studies is a software infrastructure that can facilitate
the execution of thousands or even millions of modelling calcu-
lations. For this task, we have been developing the ChemHTPS
program suite. It designed to streamline and automatise the
setup of project environments and directory structures, the gen-
eration of job pools based on user-defined candidate libraries
(e.g. from ChemLG) and modelling protocols, their submis-
sion to available hardware in an orderly and load-balanced
fashion, job monitoring, error handling, as well as the parsing
and bookkeeping of returning results. These processes follow
generalised workflow templates that we have been developing
from abstraction in the course of different application projects.
Key concerns in the development of ChemHTPS have been
flexibility, reusability and standardisation, as well as the need
to accommodate a variety of research fields, modelling and sim-
ulation engines, as well as hardware environments. ChemHTPS
provides the necessary interfaces to ChemLG, local queuing
systems, compute engines, project databases, and primary data
archives. It currently supports the ORCA [45], Q-Chem [46]
andGROMACS [47]modelling packages, and bindings to other
quantum chemistry, molecular dynamics and solid state physics
codes are planned for the future. Given the required user input
for the candidate library and modelling protocols, we can now
set up and launch a high-throughput in silico screening project
like the Clean Energy Project [22,26,27,48–50] from scratch in
a few minutes, which is a dramatic reduction from its original
lead time of several months. We have been using ChemHTPS in
a number of studies as detailed in Section 6.

4.3. Database infrastructure

The use of modern database technology is of particular impor-
tance in the context of data-intensive research. Despite their
great utility and despite being essential for projects that ac-
cumulate large data-sets, databases are still rarely featured in
chemical research. We have been developing the ChemBDDB
code to simplify and streamline the use of databases and thus



Figure 3. Structure–property relationship mapping via machine learning: The
structures of the n compounds of a given data-set are represented in an m-
dimensional descriptor space, resulting in an n×m-dimensional descriptor matrix
D. This descriptor matrix is to be connected to the known properties of the given
compounds, which are written as the property vector P of length n. We are
seeking the complex mapping function f that encapsulates the structure–property
relationship P = f (D) by means of machine learning.

make them more accessible to non-expert users in the chem-
istry community. ChemBDDB provides an automated database
setup, a data model template that can readily be customised and
the necessary tools to access and manipulate the database. As in
ChemHTPS, we have been developing the corresponding work-
flows by abstracting our experience from real-life application
projects with flexibility and reusability in mind.

4.4. Data analysis, mining andmodelling infrastructure

We have been developing the ChemML program suite to estab-
lish data analysis, mining and modelling capabilities that allow
us to apply state-of-the-art machine learning and informatics
methodology to chemical and materials data-sets. ChemML’s
principal tasks are the creation of predictive regression models
and chemical pattern recognition/classification [51]. The for-
mer can be thought of as complexmappings between input data
(i.e. features of chemical systems) and output observations (i.e.
properties) as shown in Figure 3.

The resulting mapping functions (i.e. data-derived predic-
tion models) are usually much easier to evaluate than physical
models (e.g. the Schrödinger equation), so using them allows
us to dramatically accelerate the characterisation of chemical
systems and it thus enables the hyperscreening of chemical
space. A typical ChemML workflow encompasses a number
of distinct steps that can be categorised in six main tasks: (1)
input/output, (2) preprocessing, (3) learning, (4) validation, (5)
evaluation and (6) visualisation (summarised in Figure 4).

ChemML provides facilities for all these tasks via classes of
methods. These are either accessed from advanced third-party
libraries and stand-alone programs (e.g. scikit-learn [52], Ten-
sorflow [53], Keras [54], Dragon [55], openBabel [56], RDKit
[57]), if these represent the state of the art for certain tasks,
or from ChemML Library where we compile our new/original
contributions as well as existing methods that are not otherwise
accessible. The feature representation and themachine learning
approach are two particularly important aspects in the genera-
tion of data-derived models, and they determine a model’s pre-
dictive performance. ChemML can readily call many standard
machine learning (as well as preprocessing and visualisation)
methods. Examples of available algorithms includemultivariate
regression [58], support vector machines [59], artificial neural
networks [16,60] and deep learning [61]. To support chemistry
applications, ChemML interfaces the core learning algorithms

Figure 4. Prototypical workflow for the creation of a data-derived predictionmodel
in ChemML: A given data-set is split up into a training and a test set. The data in
the training set is expressed in a feature space and subject to feature selection
and potentially feature transformation. Once a suitable representation is found, we
can generate the desired prediction model as shown in Figure 3. We evaluate the
predictive performance of themodel by applying it to the independent test set and
assess the resulting prediction error. (The assessment process, e.g. via k-fold cross-
validation, is typically more involved than shown in this simplified schematic.) If
the error is acceptable, we can use this model to make predictions for compounds
outside the given data-set.

with domain-specific tools, such as the feature space of molecu-
lar descriptors [62,63], topological fingerprints [64,65] or more
recent developments such as the Coulombmatrix [32] and bag-
of-bonds [66] descriptors. These feature spaces are the abstract
‘basis set’ in terms of which a machine learningmodel for a par-
ticular structure–property relationship is numerically expressed
[67], and ChemML provides a comprehensive collection of ex-
isting schemes. While our current work focuses on supervised
learning, we plan to broaden our scope to unsupervised and
reinforcement learning in the future.

4.5. Software ecosystem

The four program packages discussed in the previous sections
(ChemLG, ChemHTPS, ChemBDDBand ChemML) are loosely
connected, i.e. they can either be employed as a comprehensive
unit (see Figure 2), or in combinationwithdrop-in replacements
(e.g. with a different library generator or a custom database
engine), or as standalone applications. The development work
on our software ecosystem includes conceptual work, the design
and assessment of protocols and workflows, the formulation of
guidelines and best practices and the implementation of both
glue code and newmethods (cf. Section 5). The key cyberinfras-
tructure challenges include the robust abstraction of workflows
for general-purpose applications, scaling issues (e.g. associated
with expensive data generation and the combinatorial nature
of chemical space), code sustainability, as well as platform and
distribution issues. While we emphasise black-box automation
to reach non-expert users, we allow full customisation of all
settings (in particular in ChemML). We continually extend and
refine the features and capabilities of all four codes. These im-
provements are driven by feedback from application projects
both inside and outside our group (cf. Section 6). This input
from different real-world application problems is a key to mak-
ing this cyberinfrastructure as resourceful as possible. All codes
will be open and freely shared with the community under 3-
clause BSD licence.

There are a number of exciting, high-profile software devel-
opment efforts along similar lines by others in the field (e.g. [28,
68]). However, despite great popular demand, there is currently
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no cyberinfrastructure for data-driven in silico research that
is accessible to the community, applicable to a wide range of
chemical problems, and that offers a level of comprehensive-
ness, automation and integration comparable to that of modern
computational chemistry program packages. Our contribution
pursues this niche, which stands out in its scope and prospective
utility.

5. Methodological advances

Adapting data science techniques from other application
domains for the study of chemical systems requires a substan-
tial rethinking and redevelopment of the existing methodol-
ogy [69–72]. There are still considerable challenges that need
to be overcome to make data-driven research in chemistry a
success. Our software ecosystem is designed as a development
platform and testbed that allows us to systematically, rapidly
and efficiently assess the utility and performance of existing
techniques as well as new ones that we are introducing in the
course of our work. Its modular structure makes it easy to
implement new techniques for any component of the workflow,
and this flexibility and versatility allows our cyberinfrastructure
to streamline a traditionally arduous standalone process: instead
of writing full prototype implementations to test each new idea,
we only have to write the specific correspondingmodules. Once
added to the software ecosystem (e.g. via ChemML Library), we
immediately have access to the comprehensive suite of tools it
provides, including the facilities for the automated testing of
these new methods against many existing ones with essentially
no overhead in human time. During the benchmarking of, e.g. a
newmachine learning technique,ChemML generates prediction
models for a collection of data-sets using the new approach,
performs k-fold cross-validation and systematically compares
its prediction errors against those from established ones. For
the assessment of the prediction errors (i.e. with respect to
the known results for the test set), ChemML provides a full
suite of statistical metrics. New techniques that are competitive
compared to existing ones or that offer other benefits (e.g.
interpretability, efficiency) become part of the release branch of
ChemMLLibrary and are thus directly accessible to users as part
of the larger package. The step from prototype to production
implementation is therefore limited to individual modules.

Our ongoing development efforts include the creation of
new methods that allow us to (a) tailor the design of screening
libraries and efficiently survey the practically infinite chemi-
cal space; (b) target the training data generation process to
maximise its information yield and minimise its computational
cost; (c) streamline the use of databases and advance issues on
ontologies and semantics that support knowledge creation; (d)
formulate and set up chemical problems for optimised knowl-
edge extraction and incorporate the underlying physics into the
creation of suitable feature spaces; (e) pick the ‘right’ machine
learning approach and hyperparameters for a given problem
setting; (f) identify the sweet spot between over- and under-
parameterising models (i.e. models with too much vs. too little
flexibility); (g) assess the soundness, range of validity and pre-
dictive performance of data-derived models beyond the empir-
ical cross-validation of test sets; (h) go from prediction models
to inverse engineering and rational design and (i) extract chem-

Figure 5. (Colour online) Representation of the refractive index value domains in
the polarisability α vs. number density N parameter space with the results from our
validation study.

Figure 6. (Colour online) Hypergeometric distribution analysis highlighting the
prevalence of certain building blocks in our top candidates compared to the overall
screening library.

ical knowledge (i.e. causalities) from the statistical correlations
underlying these prediction models.

In addition, we pursue automated machine-learning-
approach optimisation and meta machine learning to establish
guidelines, black-box features and defaults that provide added
value to our cyberinfrastructure. The idea is to automatically
generate fully optimised machine learning models and subse-
quently (machine) learn, whichmachine learning approach per-
formsbest for different classes of chemical problems and types of
data-sets. (Themachine learning approach refers to themachine
learning method, feature representation and hyperparameters.
The class of problems typically refers to different classes of
compounds/reactions and target properties. The type of data-
set refers to the nature of the given data and addresses the ‘4 Vs
of big data’, i.e. its volume, veracity, variety and velocity.) The
problem we aim to solve is that the use of machine learning is
so new in the chemical context and to the chemical community
that decisions about the approaches to be employed are often
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Figure 7. (Colour online) Project database for our high-refractive index polymer work.

made ad hoc and without deeper consideration, guidance or
insights. The automated optimisation implemented inChemML
offers both a brute-force grid search and a more advanced ge-
netic algorithm to identify the best machine learning approach
(within a given search space) for specific problems at hand
that yield the models with the smallest prediction errors. In
the meta machine learning work, we compile the findings of
these optimisations together with descriptors characterising the
corresponding data-sets and chemical problems, andmine these
data to systematically derive insights and technical guidelines
as mentioned before. We are incorporating the latter into our
cyberinfrastructure to enforce best practices and prevent mis-
use/pitfalls (e.g. overfitting and flawed validation). These out-
comeswill advance the utility and reliability ofmachine learning
in chemistry and boost our knowledge and understanding of
its performance and inner workings. These insights also help
us focus the machine-learning-approach optimisation and save
computing time.

Examples of our work include the development and im-
plementation of a new trend-based feature selection (TBFS)
method in molecular descriptor space [73]. For proof-of-
principle, we performed a study on a density functional the-
ory data-set of 1.8 million compounds from the Clean Energy
Project [22,26,27,48–50], which took about 5000 CPU years
to generate. Our TBFS, in combination with a simple ridge
regression model, reproduced the principal energy levels of
this data-set in just 15 minutes with a mean absolute error
of 0.07 eV (1.3%). In other work, we used pattern matching

to study the inheritance of certain building block properties in
copolymers [73,74] and derived a projection model between
different quantum chemical approximations that allows us to
obtain high-level results from cheap, low-level calculations for
an array of properties [73]. We also generated a random forest
classification to predict the exceptions for which the projection
fails [73,75].

6. Application projects

Our cyberinfrastructure is designed to enable the study of sci-
ence driver applications and in particular provide a framework
for collaborative research efforts that combine experimental,
computational and data mining thrusts.

Several ongoing projects are already using it, including
searches for new high-refractive index polymers for optical
applications, deep eutectic solvents for supercapacitors and bat-
tery electrolytes, molecular hydrolysis catalysts for solar water
splitting and fuel cells, doped and defect nanographene anode
materials for lithium ion batteries, polyvinyl-based biodegrad-
able polymers for biomedical plastics, liquid organic hydrogen
carriers for the hydrogen economy and organic semiconductors
for photovoltaics and other applications [22,26,27,48,50,73–77].

For this review, we will outline our work on high-refractive
index polymers as a prototypical example of an application
study [73,76]. High-refractive index polymers have attracted
interest due to their potential application in optic and optoelec-
tronic devices [78] (e.g. image sensors [79,80], displays [81] and
light sources [82], in which they can be introduced in situ as
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microlenses [83], waveguides [84], microresonators [85], inter-
ferometers [86], anti-reflective coatings [87], optical adhesives
[88] and substrates [89]). Most of these applications require a
refractive index of 1.7, 1.8, or larger [90], while typical carbon-
based polymers only exhibit values in the range of 1.3–1.5 [91].
As the properties of organic polymers can be tailored by control-
ling their molecular structure [91], they are a prime example for
a rational design target.We have employedChemLG to produce
suitable screening libraries, e.g. for polyimide-based polymers
(270,000 compounds). The refractive index value of organic
polymers can be calculated via the Lorentz–Lorenz equation,
which is parametrised by the polarisability and number density
values of a given candidate compound at the polymer limit.
We have used ChemHTPS to compute the polarisabilities of
all candidates (as well as 100,000 small organic molecules as
model systems) at the density functional theory level. For the
model systems, we also computed the number densities via
molecular dynamics simulations. Using ChemML, we created
a deep neural network model of these number density values.
With a training set of only 20,000 data points, we achieved
an excellent agreement between physics-based simulation and
data-derived prediction model with an R2 of 0.98. We can thus
use the deep neural network model as a surrogate for the much
more demanding molecular dynamics calculations in order to
rapidly compute the number densities needed for the refractive
index predictions without significant loss of accuracy. In an al-
ternative route to the number densities, we generated a support
vector regression model for the packing factor of amorphous
polymers [76]. The validation of its prediction for 112 polymers
with experimentally known number densities showed a good
agreement with an R2 of 0.87. Our current working model
for the refractive index reproduces the available experimental
results with an R2 of 0.94, and it is thus clearly predictive.
Our validation study yielded a mean absolute deviation of 0.010
(0.9%), a rootmean square deviation of 0.018 (0.1%) and amaxi-
mumdeviation of 0.045 or 3.0%with respect to the experimental
data [76]. Figure 5 shows its results in the polarisability–number
density parameter space.

Using this model, we screened the candidate library dis-
cussed earlier as well as a secondary library with 1.5 million
compounds. We found multiple candidates with refractive in-
dex values higher than the target of 1.8, which we shared with
our experimentalist collaborators for further investigation [73].
We subsequently performed a pattern analysis that identified
several moieties and moiety combinations that are significantly
over-expressed in our top candidates (see Figure 6), and which
we thus chose as promising starting points for ongoing design
studies [73].

Weoptimised ourmachine learning approach and identified,
e.g. the most suitable descriptor space for the different target
properties. We are also using this application case to develop
capabilities for automated hyperparameter and model optimi-
sation. In other ongoing work, we are investigating the utility of
purely data-derived prediction models for the refractive index
values (and other properties) and contrast them to the hybrid
model discussed above, which is built within the framework of
the Lorentz–Lorenz equation. Both the in silico data as well as
experimental data found in the literature are stored in a project
database created by ChemBDDB (see Figure 7).

7. Conclusions

Our research program recognises the great opportunities that
are arising with the shift towards a data-driven in silico research
paradigm in chemistry,materials science and the corresponding
engineering disciplines. It focuses on delivering and deploying
a cyberinfrastructure that is filling a distinct infrastructure gap
and on building foundations that make data-driven research
a viable and widely accessible proposition for the chemistry
community. The template for our efforts is the rise of compu-
tational chemistry program packages over the past decades and
the tremendous impact it has had on the role of modelling and
simulation in contemporary chemical research. Following this
example, our research program aims to advance our capacity
to tackle complex discovery and design challenges, facilitate an
increased rate and quality of innovation, improve our under-
standing of the associated molecular and condensedmatter sys-
tems and democratise the tools that make these developments
possible. We have shown in real-life application projects that
this approach indeed offers a path to overcoming some of the
prevalent limitations of traditional trial-and-error approaches.

The long-term objective of our work and related efforts by
others is to help pioneer a fundamental transformation of the
discovery process in chemistry, to make data science an integral
part of the chemical enterprise, to shape the transition towards
a data-driven discovery and rational design paradigm and to
spearhead a broad move by the community along those lines.
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