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ABSTRACT

Machine learning is currently used to analyze and predict materials in fully automated applications
in the materials domain. However, human interpretation and involvement are limited due to the
opague nature of these algorithms. This study explores for the first time the use of semi-human and
semi-automated analysis techniques in materials data research. The analytics approach combines
machine learning techniques with data visualization and analysis so that the analysis of material
properties is dominated by human intelligence, with machine learning techniques as a
complementary method. This helps experts understand the associations between material
properties from a broader perspective, enabling them to generalize the concept of micro-properties
to macro-properties.
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1. INTRODUCTION

The field of materials has seen a further application of computer technology due to the development
of big data technology [1]. Recently, research combining machine learning and deep learning with
materials has yielded some promising results; the content primarily focuses on the prediction [3],
classification [4], and search of material performance [5]. Some scholars have also used the
classification model to investigate the relationship between the material's microstructure and
macroscopic features [6]. The following are some of the drawbacks of the machine learning
applications now available in the materials field:

(1) Inadequate interpretability of machine learning techniques: It might be challenging to understand
how a training model processes and produces outputs, even when it performs exceptionally well in
prediction or classification on the dataset.

(2) Model Training takes a lot of effort, and their effectiveness is limited to particular issues; they are
not sufficiently generalizable for useful study.

(3) The training process lacks the human input and intellectual guidance of subject experts, instead
relying on automated tweaking and trial-and-error.

These elements can be better complemented by visualization techniques, which is a crucial part of
artificial intelligence. Data visualization techniques can be used to analyze data distribution,
comparison, composition, and relationships [7, 8]. Chemical material data is challenging to examine
using conventional approaches due to its high dimensionality and large volume.
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2. RELATED WORK

Scholars have recently conducted high-dimensional data visualization research in the fields of
geographic environment [9], ecology [10], and mass spectrometry imaging analysis [11]. Currently,
the application of this technology to chemical materials is less studied. The majority of the research
uses interactive techniques in addition to the more generalized scatterplot, dimensionality reduction,
parallel coordinates, and other visualization techniques to accomplish step-by-step visual analysis;
nonetheless, there are certain drawbacks: single-view visualization, essentially depending on the
brush selection of local selection; inadequate scalability, making it challenging to raise or decrease
the data dimensions and real-time graphic; absence of multi-view integrated analysis; and so on. To
assist with the analysis of chemical material properties, it would be helpful that current techniques be
expanded upon and improved whenever feasible, in addition to being applied to chemical material
data. There are five primary groups into which high-dimensional data visualization techniques fall.

2.1. Axis-based Methods

Radar plots, parallel coordinate plots, and scatterplot matrices are the three primary types of axis-
based visualization techniques. These techniques map the coordinate axes onto the data dimensions
and are very intuitive. In essence, a scatterplot matrix is a collection of scatterplots. To compare the
relationship between variables, any pair of variables can be plotted on a scatterplot within a right-
angled coordinate system. However, there are n(N—1)/2 combinations of N dimensional data, and
as the number of dimensions increases [12], the complexity of the analysis increases correspondingly.

Depending on the number of data dimensions, parallel coordinate charts encode data properties with
a matching number of axes. A material's properties are represented by each coordinate axis, and all
of the attributes are recorded by the folded line created by joining the data points on each axis. This
allows material properties to be shown without any information being lost. Regarding materials with
N dimensions, there are n! possible arrangements for the axes [13], and visual analysis techniques
based on parallel coordinate graphs typically demand attention to this ordering. The choice of the
number and order of the dimensions to be given is an inevitable issue when employing parallel axes
since the information presented might be considerably different if the axes are in a different sequence.
A common limitation for users is that they can only analyze the axes from among their neighbors,
that is, the correlation between the three variables they represent through the three neighboring axes.
However, choosing the three variables at random necessitates an ordering of the axes, which is not
well studied at the moment.

Multiple radial axes are used at the same origin to encode multidimensional attributes in radar charts.
Each piece of data is plotted as a closed graph through the attribute points on the axes, allowing for
the visualization of multidimensional data. However, when the amount of data is large, multiple
graphs will cause serious occlusion and make it difficult to filter the data interactively [14].
Additionally, a graph with an excessive number of radial axes will be extremely cluttered and
challenging to use with chemical materials when the amount of data is small but the dimensionality
is high.

2.2. Symbol-based Methods

Symbol-based techniques mostly employ symbols, such as those found on speed limit signs for
vehicles, to encode information. When working on a specific subject, visualization experts can use
graphical qualities like shape, color, size, opacity, position, and so on to encode high-dimensional
information. They can also combine numerous small design symbols into a single symbol to represent
different aspects of a material's attributes [15]. Because there are only so many coding channels
available, the primary focus of this coding strategy is on how to present multidimensional data in a
way that domain experts can easily understand. As a result, the properties that matter most to domain
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experts should be encoded into the symbols. The challenge of coding is to better represent the data to
be studied and to incorporate domain experts' knowledge to enhance interpretability since the symbols
for visualization must be created by the researchers themselves based on the requirements of the data
to be analyzed.

2.3. Pixel-based Methods

By encoding the information of all dimensions through dense pixel points—where one pixel
represents one dimension—and offering a different main view or subview for each dimension [16],
pixel-based visualization techniques are presented as a way to present all the data with extremely high
dimensionality. While it is feasible to display the data compactly on the screen, the small size of the
data points makes exploration based on visual interaction challenging. This presentation, similar to
data stored in a database, makes it difficult to analyze the correlations between multiple dimensions
from the view.

2.4. Hierarchy-based Methods

While a large number of dimensions makes it difficult to navigate the data space and causes problems
with scalability for visual mapping, a hierarchical organization of dimensions can directly reveal
dimensional relationships, reduce dataset complexity, and have an easy-to-expand hierarchical
structure. Data dimensions can be interactively evaluated for intra- and inter-data comparisons using
tree or other topologies [17], allowing for hierarchical representation. The organization of the
hierarchy of dimensions is difficult, the representation takes up a lot of plotting area, and data
mapping is time-consuming.

2.5. Animation-based Methods

Animating correlated views in a multi-view analysis is one of the high-dimensional data visualization
techniques that make use of animation transformations to improve the perception of point and
structure correspondences between multiple correlated graphs. The associated views are updated in a
coordinated fashion when a portion of the correlated graph is manipulated [18]. An appropriate
animation design must incorporate the knowledge of both visualization professionals and subject
experts, just like the symbol-based approach does.

Visualization and visual analysis technology in the field of chemical materials has been studied
initially, mainly focusing on (1) Using visualization and dimensional reduction techniques to analyze
the similarities between chemical compounds [19]. (2) Realizing digital factories that mimic actual
manufacturing processes and direct production by utilizing 1oT and Al technology [20]. (3) Use in
conjunction with high-throughput computing to visually represent the outcomes of material
classification or machine learning predictions to support user interpretation [21]. The visualization of
the microscopic features of materials and their macroscopic application properties remains mostly
unexplored research area.

3. METHOD

Data on chemical materials commonly involves both numerical and category properties. For instance,
the fluoroelastomer's mechanical characteristics and crystalline form. This research uses two widely
used data dimensionality reduction algorithms for visualization to give a general overview of the
material's features. The data distribution is shown as a scatterplot in two dimensions. For the
investigation presented in this work, the dimensionality reduction method based on nonlinear
manifolds is more appropriate due to the intricacy of the internal relationship of chemical material
data. Both the t-SNE and UMAP techniques will be used in the data dimensionality reduction process.
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Years of study have shown that the t-SNE approach generally provides better visualization;
nevertheless, because of its square-level time complexity and memory space occupation, it is not
suitable for situations involving very large data sizes and high dimensionality. Although UMAP may
not preserve the local structure as well as t-SNE, it can handle data with up to 10,000 dimensions
because of its almost linear level of time and space complexity.

3.1. The t-sne Dimensionality Reduction Algorithm

t-SNE (t-distributed Stochastic Neighbor Embedding) is a statistical method used for visualizing
high-dimensional data by mapping each data point to a location in a two- or three-dimensional map.
Unlike linear methods such as PCA (Principal Component Analysis), t-SNE can handle data that
cannot be separated by straight lines. It projects high-dimensional data into a low-dimensional space
(usually 2D or 3D) while preserving the structure of the data. t-SNE has been used in various domains,
including genomics, natural language processing, music analysis, and biomedical signal processing.
Denote by X < RV*? the original data set, and Y  RN*? the dataset mapped from the original data
to the two-dimensional space. For each observation value i€[N], use X and Y; to denote the
corresponding data in X and Y, i.e., the original data of a single entry and its mapping in two-
dimensional space, respectively. The distance function Distance, ; is used to represent the distance

metric of R" between the data values X; and X;. The definition of the distance metric varies by
algorithm. The t-SNE algorithm defines the conditional probability for two data points i and ] as:
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Where o; is found by dichotomizing the following equation:
Perplexity = Z_Zj pjilog; Py o

The user-defined parameter Perplexity monotonically increases with o; , i.e., the larger the
Perplexity , the more uniform the probability distribution. Define the symmetric probability as:
_ Pui Py
! 2n
This probability does not depend on the decision variable Y but is derived from X . Then define the
probability:
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This probability is a function of the decision variable Y . Define the loss function as:
Py
22, Pilog (5)

In the dimensionality reduction computation, Y is first initialized with a stochastic initialization of
the initial state using a multivariate normal distribution N(0,107*1), where | denotes a two-

dimensional unit matrix. Then several iterations of computation are performed, applying momentum
gradient descent, with the momentum term set to 0.5 for the first 250 iterations and 0.8 for the
subsequent 750 iterations, with the learning rate initially set to 100 and adaptive updating.
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Overall, for each data, i, t-SNE defines a relative distance metric P;; and tries to find a low

embedding where the relative distance ;; in the low-dimensional space matches the high-

dimensional distance, whereby the preservation of high-dimensional local structure to the low-
dimensional local structure is realized. However, the global true structure is often not realistically
represented because the loss function has less of an impact on the high-dimensionally farther away
and low-dimensionally nearer data. This means that in the two-dimensional plane, clusters with small
overall differences may be farther away than those with larger differences.

3.2. The UMAP Dimensionality Reduction Algorithm

UMAP, which stands for Uniform Manifold Approximation and Projection, is a dimensionality
reduction technique that is particularly effective for visualizing high-dimensional data. Unlike other
popular methods like t-SNE, UMAP maintains much of the global data structure, making it useful not
only for visualization but also for general non-linear dimension reduction. The algorithm operates
under three main assumptions:

(1) The data is uniformly distributed on a Riemannian manifold.
(2) The Riemannian metric is locally constant, or can be approximated as such.
(3) The manifold is locally connected.

From these assumptions, UMAP constructs a high-dimensional graph to represent the data and then
optimizes a low-dimensional graph to be as structurally similar as possible. This process involves a
concept known as a “fuzzy simplicial complex” to model the manifold with a fuzzy topological
structure. The goal is to find a low-dimensional projection of the data that preserves this topological
structure as closely as possible. The algorithm is derived geometrically and the steps for the
construction of the graph are as follows:

For each data value, find the k closest neighboring points for a given distance metric such as
Euclidean distance, and compute the minimum positive distance o; from the current data point to
the neighbor i. Establish the equation:

—max{0, Distance,; — o}

log, (k) ="' exp( ) (6)

A scale parameter o; is computed for each data point i. o; is used to normalize the distance
between each data value and its neighboring points, which is used to maintain a relatively high-
dimensional proximity. Define the weight function as:

- 0, Distance, . — p.
WX, X ) =exp( max(0, Distance, ; pl))

_ (7)
Accordingly, a weighted graph G is defined, whose vertices are data values, and for each of its
edges (i, j) denotes that X; is the nearest neighbor of X;, and vice versa. For a particular edge

(1, J), its symmetric weight is denoted as:
Wi =wW(X;, X))+ WX, X)) = WX, X ;) -w(X, X;) (8)

Optimize the graph layout after constructing the high-dimensional spatial graph sequentially: first,
initialize Y using the spectral embedding, iterate over the edges in graph G, and apply gradient
descent on each edge (i, J) of datapoint i: Apply an attraction to data point I in the low-dimensional
space:
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So that it is close to the data point J. The hyperparameters @ and b are obtained by fitting the

function:
-1
(1+ a(”yi -y, Hz)bj (10)

Fitting the (10) function to a non-normalized weight function to compute the values of @ and b:
exp(— max{O, Distance, ; — p, }) (11)

The calculation above yields a smooth approximation. The hyperparameter & denotes the learning
rate. Then a repulsion force is added to data point i to push it away from data point k, which is a
non-adjacent vertex chosen by random sampling, i.e., from an edge (i,k) that is not in G. The
repulsion force is denoted:

b
CRTE s (A

Where ¢ takes the value of a very small constant. First, the algorithm builds a weighted graph of
nearest neighbors, in which the weights stand for probability distributions. This can be thought of as
a stochastic gradient descent on individual data during the optimization phase. Because there is no
randomness aspect in its initialization process, it is more stable than t-SNE.

F.=Y ta:

bj(1—v_vi,k)(yi—yk) 12)

4. VISUALIZATION

The visual analysis system serves researchers in the field of chemical materials by plotting the
material data into a three-part view, namely, low-dimensional mapping, parallel coordinate plot, and
scatter plot matrix, and realizing the interactive functions as an operation panel and binding to
graphical elements, respectively. Since the low-dimensional mapping plot deals with data from the
entire dataset, it is used as the first view, and two-dimensionality reduction visualization algorithms,
t-SNE, and UMAP, are provided as options. Analysts can clearly observe the trends of the data
clusters on this view and can box in some of the data points to be used as input data for parallel
coordinate plots and scatter plot matrices.

The visualization results of 2D mapping of chemical material properties using UMAP are shown in
Figure 1. Each vertex represents a material that is color coded according to a certain class of material
properties. The distance between vertices on the graph represents the similarity of various materials,
and this dimensionality reduction approach can show more global information in two dimensions. A
global overview of material properties is provided by the view, which uses visual channels including
axes, distances, and colors. This view allows the user to perform an initial screening of the material
and select data of interest for further visual analysis and research.
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Figure 1. UMAP two-dimensional mapping graph

Following the selection of the data to be studied, the data is processed and sorted by the back-end
server. The data is then assigned axes in triads with contribution and variable relevance as the basis
for sorting in the parallel coordinate chart, and different data is coded with different colored folds.
This prevents occlusion during detailed study because the analyst can selectively select the data of
interest, reducing the visibility of the remaining data to highlight the current data. The scatterplot can
be plotted in a Cartesian coordinate system, allowing the analyst to gradually explore the high-
dimensional material data through the interaction of multiple views. Figure 2 illustrates the
coordination of the two views. Two axes can also be selected as the two dimensions of the scatterplot
matrix in order to specifically study the relationship between two variables.
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Figure 2. Schematic of the coordination of parallel coordinates with the scatter plot matrix

To provide more flexibility for researchers when evaluating data on chemical materials. An analysis
of correlations between several variables can be done by the user arbitrarily combining tuples of three
coordinates in a parallel coordinate plot, which can be manually ordered by the user via the
visualization system. To create a scatter plot, the user can also choose any two variables to use as the
x and y axes. The study of the correlation between two variables is facilitated by the scatterplot matrix.

5. SUMMARY

Currently, machine learning is used in fully automated applications of Al in the materials domain to
analyze and forecast materials. However, because these algorithms are opaque, human interpretation
and involvement is limited. This is the first investigation of semi-artificial and semi-automated
analysis technology in material data research. The analysis method that combines machine learning
technology with data visualization and analysis makes the analysis of material properties dominated
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by human intelligence and machine learning technology as an auxiliary method. It can help specialists
understand the connection between the material's attributes from a wider perspective, allowing them
to extrapolate the idea of micro-properties to macro-performance.

This study examines the state of high-dimensional data visualization techniques currently in use in
the analysis of chemical materials. Two nonlinear dimensionality reduction-based algorithms are used
to map the high dimensional material data to a 2D screen, giving rise to a global view. Next, machine
learning techniques and visual interaction are used to design a multi-view coordinated visual analysis
system for chemical materials. With the use of artificial intelligence and visualization technologies,
the system gives the conventional chemical industry the ability to effectively encode high-
dimensional properties of chemical materials into visual channels, giving subject matter experts a
useful tool for analysis.
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