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a b s t r a c t

We apply an artificial neural network to model and verify material properties. The neural network
algorithm has a unique capability to handle incomplete data sets in both training and predicting, so it
can regard properties as inputs allowing it to exploit both composition-property and property-
property correlations to enhance the quality of predictions, and can also handle a graphical data as a
single entity. The framework is tested with different validation schemes, and then applied to materials
case studies of alloys and polymers. The algorithm found twenty errors in a commercial materials
database that were confirmed against primary data sources.

� 2018 Elsevier B.V. All rights reserved.

1. Introduction

Through the stone, bronze, and iron ages the discovery of new
materials has chronicled human history. The coming of each age
was sparked by the chance discovery of a new material. However,
materials discovery is not the only challenge: selecting the correct
material for a purpose is also crucial [1]. Materials databases curate
and make available properties of a vast range of materials [2–6].
However, not all properties are known for all materials, and fur-
thermore, not all sources of data are consistent or correct, intro-
ducing errors into the data set. To overcome these shortcomings
we use an artificial neural network (ANN) to uncover and correct
errors in the commercially available database MaterialUniverse
[5] and Prospector Plastics [6].

Many approaches have been developed to understand and pre-
dict materials properties, including direct experimental measure-
ment [7], heuristic models, and first principles quantum
mechanical simulations [8]. We have developed an ANN algorithm
that can be trained frommaterials data to rapidly and robustly pre-
dict the properties of unseen materials [9]. Our approach has a
unique ability to handle the data sets that typically have incom-
plete data for input variables. Such incomplete entries would usu-
ally be discarded, but the approach presented will exploit it to gain
deeper insights into material correlations. Furthermore, the tool
can exploit the correlations between different materials properties

to enhance the quality of predictions. The tool has previously been
used to propose new optimal alloys [9–14], but here we use it to
impute missing entries in a materials database and search for erro-
neous entries.

Often, material properties cannot be represented by a single
number, as they are dependent on other test parameters such as
temperature. They can be considered as a graphical property, for
example yield stress versus temperature curves for different alloys
[15]. In order to handle this type of data more efficiently, we treat
the data for these graphs as vector quantities, and provide the ANN
with information of that curve as a whole when operating on other
quantities during the training process. This requires less data to be
stored than the typical approach to regard each point of the graph
as a new material, and allows a generalized fitting procedure that
is on the same footing as the rest of the model.

Our proposed framework is first tested and validated using gen-
erated exemplar data, and afterwards applied to real-world exam-
ples from the MaterialUniverse and Prospector Plastics databases.
The ANN is trained on both the alloys and polymers data sets,
and then used to make predictions to identify incorrect experimen-
tal measurements, which we correct using primary source data. For
materials with missing data entries, for which the database pro-
vides estimates from modeling functions, we also provide predic-
tions, and observe that our ANN results offer an improvement
over the established modeling functions, while also being more
robust and requiring less manual configuration.

In Section 2 of this paper, we cover in detail the novel framework
that is used to develop the ANN. We compare our methodology to
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other approaches, and develop the algorithms for computing the
outputs from the inputs, iteratively replacing missing entries, pro-
moting graphing quantities to become vectors, and the training
procedure. Section 3 focuses on validating the performance of the
ANN. The behavior as a function of the number of hidden nodes is
investigated, and a method of choosing the optimal number of hid-
den nodes is presented. The capability of the network to identify
erroneous data points is explained, and a method to determine
the number of erroneous points in a data set is presented. The per-
formance of the ANN for training and running on incomplete data is
validated, and tests with graphing data are performed. Section 4
applies the ANN to real-world examples, where we train the ANN
on MaterialUniverse [5] alloy and Prospector Plastics [6] polymer
databases, use the ANN’s predictions to identify erroneous data,
and extrapolate from experimental data to impute missing entries.

2. Framework

Our knowledge of experimental properties of materials starts
from a database, a list of entries (from now on referred to as the
‘data set’), where each entry corresponds to a certain material.
Here, we take a property to be either a defining property (such
as the chemical formula, the composition of an alloy, or heat treat-
ment), or a physical property (such as density, thermal conductiv-
ity, or yield strength) [1]. The following approach treats all of these
properties on an equal footing.

To predict the properties of unseen materials a wide range of
machine learning techniques can be applied to such databases
[16]. Machine learning predicts based purely on the correlations
between different properties of the training data, which imbues
the understanding of the physical phenomena involved. We first
define the ANN algorithm in Section 2.1, and explain its implemen-
tation to incomplete data in Section 2.2. Our extension to the ANN
to account for graphing data is described in Section 2.3. The train-
ing process is laid out in Section 2.4. Finally, we critically compare
our ANN approach to other algorithms in Section 2.5.

2.1. Artificial neural network

We now define the framework that is used to capture the func-
tional relation between all materials properties, and predict these
relations for materials for which no information is available in
the data set. The approach builds on the formalism used to design
new nickel-base superalloys [9]. We intend to find a function f that
satisfies the fixed-point equation fðxÞ � x as closely as possible for
all elements x from the data set. There a total of N entries in the
data-set. Each entry x ¼ ðx1; . . . ; xIÞ is a vector of size I, and holds
information about I distinct properties. The trivial solution to the
fixed-point equation is the identity operator, so that fðxÞ ¼ x. How-
ever, this solution does not allow us to use the function f to impute
data, and so we seek a solution to the fixed-point equation that by
construction is orthogonal to the identity operator. This will allow
the function to predict a given component of x from some or all
other components.

We choose a linear superposition of hyperbolic tangents to
model the function f,

f : ðx1; . . . ; xi; . . . ; xIÞ # ðy1; . . . ; yj; . . . ; yIÞ ð1Þ

with yj ¼
XH
h¼1

Chjghj þ Dj;

and ghj ¼ tanh
XI

i¼1

Aihjxi þ Bhj

 !
:

This is an ANN with one layer of hidden nodes, and is illustrated
in Fig. 1. Each hidden node ghj with 1 6 h 6 H and 1 6 j 6 I per-

forms a tanh operation on a superposition of input properties xi
with parameters Aihj and Bhj for 1 6 i 6 I. Each property is then pre-
dicted as a superposition of all the hidden nodes with parameters
Chj and Dj. This is performed individually for each predicted prop-
erty yj for 1 6 j 6 I. There are exactly as many given properties as
predicted properties, since all types of properties (defining and
physical) are treated equally by the ANN. Provided a set of param-
eters Aihj, Bhj;Chj, and Dj, the predicted properties can be computed

Fig. 1. Artificial Neural Network (ANN) to interpolate data sets of materials
properties. The graphs show how the outputs for y1 (top) and y2 (bottom) are
computed from all the inputs xi . I � 2 similar graphs can be drawn for all other yj to
compute all the predicted properties. Linear combinations (gray lines on the left) of
the given properties (red) are taken by the hidden nodes (blue), a non-linear tanh
operation is applied, and a linear combination (gray lines on the right) of those is
returned as the predicted property (green). (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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