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Abstract

Due to significant advancements in experimental and computational techniques,

materials data are abundant. To facilitate data-driven research, it calls for a system for

managing and sharing data and supporting a set of tools for effective data analysis and

modeling. Generally, a given material property M can be considered as a multivariate

data problem. The dimensions of M are the values of the property itself, the conditions

(pressure P , temperature T , and multi-component composition X) that control the

concerned property, and relevant metadata I (source, date). Here we present a com-

prehensive database considering both experimental and computational sources and an

innovative visual analytics system for melt viscosity (η), which can be represented by

M(η, P, T,X1, X2, . . . , I1, I2, . . . ). We implemented the parallel coordinates plot (PCP)

method by introducing new non-standard features, such as derived axes/sub-axes, dimen-

sion merging, binary scaling, and nested plots. Thus enhanced PCP offers many insights

of relevance to underlying physics, data modeling, and guiding future experiments/compu-

tations. The construction of viscosity models is a non-trivial process, and extant models

are often limited to a sub-parameter space, such as the ambient pressure conditions. To

develop a generalized model which applies to wider parameter space, we trained various

machine learning models, including neural network, Decision Tree, Random Forest, and

XGBoost. We evaluated model performance based on loss function, error distribution,

and model continuity. Our results show that neural network models outperformed the

physics-based models as well as all tree-based models. A small neural network with two

hidden layers, each containing 64 nodes, was found to be sufficient to model both the

ambient pressure and complete dataset. Despite a marginal decrease in RMSE, a larger

viii



neural network consisting of four hidden layers with 128 nodes in each layer could pro-

vide an even better fit for the complete dataset in terms of model continuity and error

distribution. Tree-based models could follow the training data, but the model results show

high variations with small changes in parameter space, making them less applicable for

continuous numerical data. Our data visualization and modeling approach is expected to

be useful to researchers who explore and model material data, for instance, the density

property can be incorporated as a new attribute in our system.
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Chapter 1. Introduction

Numerous experiments and simulations are producing substantial data on materials

properties of interest to many fields of science and engineering. Advanced techniques to

deal with massive amounts of material data have been gaining interest in recent years and

are employed for tasks ranging from general data exploration to trend analysis. Uncer-

tainty assessment and change detection also happen to be some areas of interest. Physical

properties data such as viscosity, density, elasticity, and conductivity are highly sought af-

ter for trend analysis as they played a crucial role in the chemical and thermal evolution of

the Earth [47, 11]. In this chapter1, we briefly introduce materials property data and our

workflow for visualization and modeling.

Researchers usually have to go through data collection, pre-processing, exploration,

and finally modeling phases to better understand a given physical property. Data collec-

tion in itself is non-trivial since they are usually spread out across numerous publications

each containing only a handful of data points. Dealing with a collection of datasets from

various sources also requires careful data pre-processing. Further, the multivariate na-

ture of these data introduces more challenges. They involve different variable types which

require their own respective representations. For instance, the value of a material prop-

erty under consideration itself may be a scalar, vector, or tensor quantity. The parameter

space in which the property is defined includes variables such as pressure, temperature,

and composition. Other information such as methodology (experiment or computation),

the publication (year, authors, source), model-predicted values, uncertainties, errors, etc.

1Some parts of this chapter can be found in D. Bhattarai., J. Zhang., and B. B. Karki. Parallel
coordinates-based visual analytics for materials property. In Proceedings of the 14th International Joint
Conference on Computer Vision, Imaging and Computer Graphics Theory and Applications - IVAPP,
pages 83–95. INSTICC, SciTePress, 2019. Copyright permission included in Appendix A.
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can be useful in the analysis. The actual data values along with metadata can be exam-

ined for completeness, trends, correlations, and modeling. An important class of materials

belongs to magma-forming silicate melts [36], and here we take the melt viscosity as a use

case for materials property.

Silicate melts are the most common components of Earth’s igneous processes. They

are usually found in the mantle but sometimes surface through volcanic eruptions. It is

likely that the Earth contained a global magma ocean in the past and the reason for such

an extreme situation may be related to the moon forming giant impacts. The Earth has

since gone through many geological changes but the information regarding this early pe-

riod can still be studied by investigating silicate melt properties such as viscosity, density,

conductivity, and others. In particular, viscosity is perhaps the most important property

governing all magmatic processes including melt transport, magma mixing, and volcanic

eruptions [1, 59, 73]. Therefore, viscosity data are highly sought after in a wide array of

fields. The abundant nature of silicate melts provides some ease in experimental data col-

lection; however, they are confined to a narrow temperature and pressure range. For more

extreme temperatures and pressures, the latest advancement in simulations has been suc-

cessfully producing more and more data points. These computational data cover ranges

that are not feasible for experimental measurement. Both experimental and calculated

data have been used to model viscosity, but relatively few attempts have been made which

cover large temperature and pressure ranges. Trend analysis has been performed on data

published over many years. But before data mining for trends, it is often beneficial to ex-

plore and understand the data.

2



1.1. Database

Performing analytics on a dataset starts with data collection and data pre-

processing. Materials data have been collected from several published sources. The

pre-processing step is then needed to clean and transform all data into a common format.

This step is crucial as different authors may publish data in different ways. For example,

authors may choose direct values (η) or different logarithmic bases (ln or log10) for viscos-

ity (Pa s) measurements. The temperature may be represented in Kelvin (K) or Celsius

(◦C) and pressure in Pascal (Pa) or giga-Pascal (GPa). Composition components such

as SiO2 may be given in molar fraction or weight percentage. This collection of cleaned

and transformed datasets can then be saved in a database for easy data accessibility,

scalability, and maintainability. Relational database systems (RDBMS) are often the most

suitable choice for data storage. Data are stored in tabular form with certain entities

representing relationships to other tabular forms. A complete query of a data selection

may require joining multiple tables. Non-relational databases are chosen for large data

systems where data redundancy is used in favor of scalability and schema-less flexibility.

1.2. Data Visualization

Visualization is a way of representing data graphically or pictorially in order to re-

veal hidden patterns and aid in decision-making. For example, Table 1.1 shows 50 viscos-

ity data points consisting of pure MgO-SiO2 binary at various temperatures and zero pres-

sure. Scrutinizing data tables for patterns can be quite difficult. With proper visualiza-

tion, a better representation of the data may emerge. In Figure 1.1, columns of the differ-

ent composition ratios of MgO-SiO2 have been given different colors. The x-axis represents

3



Table 1.1. Pure MgO-SiO2 binary at various temperatures and zero pressure. Blank spaces
denote the absence of data at specific conditions.

X MgO = 1 5/6 2/3 1/2 1/3 1/6 0
X SiO2 = 0 1/6 1/3 1/2 2/3 5/6 1
MgO Mg5SiO7 Mg2SiO4 MgSiO3 MgSi2O5 MgSi5O11 SiO2

pe pe1 fo en sil1 sil2 sil
Atoms 64 104 112 80 160 85 72

T (K) 10000/T

2000 5.000 0.0420 0.0950
2500 4.000 0.0055 0.0120 0.0240 0.12 0.6
2750 3.636 21
3000 3.333 0.0035 0.0035 0.0047 0.0065 0.0140 0.0570 5.5
3500 2.857 0.00178 0.0026 0.0032 0.0047 0.0052 0.0099 0.22
4000 2.500 0.00148 0.00140 0.0023 0.00230 0.00190 0.00260 0.01400
5000 2.000 0.00078 0.00081 0.00085 0.00086 0.00054 0.00085 0.00070
6000 1.667 0.00047 0.00038 0.00050 0.00054 0.00026 0.00022 0.00015
8000 1.250 0.00019 0.00020 0.00016 0.00018 0.00012 0.0001 0.00004

the inverse of temperature (K−1) and the y-axis represents viscosity (Pa s) in the logarith-

mic scale. The inverse relationship between viscosity and temperature in a temperature-

flipped y-axis graph shows a positive relationship for each composition. Furthermore, each

composition can be seen behaving differently. Similar to the insights discussed, a visual-

ization system should be helpful to present patterns not easily visible by merely looking at

the numbers. Visualization applications tend to operate with one or more datasets. They

may further provide detailed plots with interaction capabilities. There are many ways a

visualization application can be used to explore data therefore, significant planning is re-

quired ahead of implementation to assess user requirements completely. Therefore, a prac-

tical visualization application must fulfill at least the following three criteria [37]:

• Must be based on non-visual data source

• Must produce an image

• The result is readable and recognizable

These criteria were designed with focus on information visualization, but they

work equally well for scientific visualization. Information visualization graphically repre-

4



Figure 1.1. Plot for pure MgO-SiO2 binary at various temperatures and zero pressure.

sents abstract data with no inherent spatial structure, for instance, visualizing viscosity

changes with respect to temperature or displaying election results. In Figure 1.2 water

surface height is shown for the timeline when tropical storm Barry (2019) hit Lafayette,

Louisiana. Barry started in the Gulf of Mexico and, with an average speed of around

5 miles per hour, made landfall on Marsh Island and Intracoastal City, Louisiana. It

was a Category 1 hurricane that weakened to a tropical storm after landfall. Hurricane

Barry traveled North passing nearby Lafayette, Louisiana. Flooding is a major concern in

Louisiana and hence several pump stations have been set up to control water flow around

the state. Some of these pumps are set up in Lafayette, Louisiana with IoT technologies

that continuously monitor data such as temperature, pressure, pump station run time

status, and water surface level of the reservoir. The reservoir at this particular station

fills up gradually until a certain water level threshold is met, after which, a collection of

5



Figure 1.2. Water surface height recorded at a pump station in Lafayette, LA, during hur-
ricane Barry.

pumps is turned on to remove water from the reservoir. The pump-off process takes mere

minutes, while it generally takes a long time to fill up the reservoir, depending on rainfall.

Between July 8 and early July 13th, the station behaved normally. However, the reservoir

filled up very quickly between July 13th and July 15th (when tropical storm Barry was

close to Lafayette). Therefore, the water pumps were turned on more frequently during

this period to prevent flooding. We can see the pump-off activities as dips in the water

surface level in Figure 1.2. The dips before the storm are spaced apart by days, while it

is more concentrated during the storm. Pump stations equipped with IoT sensors provide

information and notification in near real-time, which helps to make better decisions to

prevent any damage by water.

Scientific visualization is concerned with graphically representing the true physi-

cal nature of the data. Visualization is often used to gain insights into material data with

direct 3D space and time-relevant microscopic properties such as atomic configurations

(crystal structures), charge distributions and bonding, and many microscopic phenomena

such as molecular diffusion, crack propagation, fluid dynamics, etc. Data generated using

6



first principle molecular dynamics for microscopic properties can be visualized as a time-

series trajectory [5]. This technique, paired with animation, can be used to understand the

global and local spatial-temporal details, which can then be used to study bonding, pair

correlation, coordination, structural units, clustering, structural stabilities, defects, diffu-

sion, and other dynamical processes [5]. We can perform aggregation of these microscopic

properties to understand higher-level phenomena containing macroscopic properties.

On the other hand, macroscopic properties such as density, elasticity, viscosity,

etc., tend to generate only a few data samples at a time of a single complete study. There-

fore, sophisticated visualization is not needed in all instances. However, since key macro-

scopic properties data have been piling up from years of work, we are interested in collect-

ing, visualizing, and modeling them. To explore the macroscopic materials data, we can

take the information visualization approach where the data’s inherent physical structure

is irrelevant. For instance, data on a scatterplot is shown in Figure 1.1. Parallel Coordi-

nates Plot (PCP) is one of the widely used multivariate data visualization techniques [26]

to get an overall view of data and to reveal the relationships, clusters, etc. Many recent

works have been focused on either expanding the feature set of plot components, reduc-

ing visual clutter, or novel approaches to make correlations more visible [22, 27]. However,

user-centric analyses based on PCP are still rare. Our study presents a user-specific en-

hancement of PCP for visual analytics on viscosity data. It is implemented as part of a

web-based framework for managing, exploring, and analyzing data. The user interface for

visualization is implemented in the client-side web browser. As part of an analytics frame-

work, our PCP visual system has several unique features compared to other stand-alone

tools:

7



• Our system connects and loads data directly from the database.

• Existing as well as model result data can be visualized using several tools.

• Finally, this web-based application enables users to conduct analysis from anywhere

without the need for installation.

We have used enhanced PCP [26] (Figure 3.3) for data exploration. PCP has

helped reveal the fundamental nature of the physical properties of silicate melts. Further,

we have also integrated model result comparison and the multi-dimensional representation

of the materials data in the plot. The model results can be visualized along with the

actual data points in the same plot.

1.3. Data Modeling

Our focus on the viscosity data has led us to some of the studies of viscosity mod-

els we plan to include in our platform. Many standard models exist for representing the

η − T relationships for specific as well as multi-component silicate melts (e.g., [34, 24, 18]).

These models are often fitted with the data for interpolation and extrapolation. The com-

plex behavior of materials property requires a large number of data spanning a wide range

of temperature, pressure, and composition ranges to get the most accurate generalized

model. Due to limited data availability, most models span a narrow temperature, pressure,

and composition regime. Evaluating existing models with a wider range of data provides

a better understanding of their predictability. Currently, models exist in some variation

of standard forms (or their combinations) by fine-tuning parameters such as composition

components, temperature, and pressure. Another approach to data modeling is using ma-
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chine learning. In this approach, models are constructed by iteratively evaluating models

outputs against different parameter values by going through each data while minimizing

errors with respect to the actual value. Models trained using this approach often overfit

and hence require techniques such as cross-validation to confirm model generalization.

Cross-validation splits data into many training and hold-out sets. A training set is used

during model construction, while a test set is used to assess the model’s validity on un-

seen data. Hence, an optimal model has high accuracy on both the train and test sets. We

have experimented with many such models, some of which have produced close results rel-

ative to state-of-the-art physical models.

1.4. Web-platform

We aim to provide a database and web visualization platform to facilitate data

analysis. Previous works on viscosity data collections were confined to either published

materials or simple databases with some model calculations [24, 18]. Data are mostly in

Excel or CSV format and are not centrally located. Experiments have been helpful in gen-

erating viscosity data; however, they are usually confined in low P − T regime [58, 68, 71].

Computational techniques have started to generate data over experimentally inaccessi-

ble conditions (e.g., [2, 34, 16]). A combination of experimental and computational data

appears to be a promising avenue to fully understand the viscous behavior of magmatic

melts. Exploring these data due to the multivariate nature can be realized with visualiza-

tion.
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1.5. Requirements

The primary goal of this study is to facilitate a cloud-based software framework for

geoscience research which involves data sharing, modeling, and visual analytics over the

entire geologically relevant parameter range. Data will be available via a web application

so researchers can access it anywhere. Further, we aim to provide a workflow for analyzing

silicate melt viscosity model results. In more detail, the following are the requirements:

• Public availability: All materials data and software tools will be publicly avail-

able for anyone to explore through a web interface. Users can access data and tools

using any modern web browser and the Internet. Since the application is on the

web, no download, installation, pre-processing, or configuration steps will be neces-

sary.

• Visualization tools for data exploration and model analysis: A large num-

ber of dimensions provide challenges to exploring data. Further, model analysis be-

comes non-trivial to perform along with the existing data. Therefore, visualization

tools for large multivariate data exploration will be provided to facilitate visual an-

alytics. These tools can be used for trend as well as relationship analysis between

different data dimensions. The same tools can be used to evaluate different model

results side-by-side.

• Train and compare various machine learning models: Some machine

learning models that work well on regression tasks are trained and evaluated on

various data subsets. These models are trained to lower the overall root mean
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square (RMSE). Further, derivative properties such as glass transition temperature

are also calculated and compared against published results. These models are

also tested for other properties such as parameter space continuity, including the

anomalous behavior of certain silicate melts viscosity with P .

Users can access https://lsuviz.github.io/pages/viscosity to explore and download

the collected data using tools such as tables, PCP, scatter plots, and histograms. Users

can also download a subset of the data using axis brushes on different dimensions and

data table filters. Data display customization by adjusting dimension visibility and select-

ing different colormaps is also available.

1.6. Dissertation Layout

The next chapter takes a closer look at the materials data. After that, we will give

more details regarding the enhanced PCP. Then we will explain various physics-based

models and an approach to using machine learning models. We also include specific im-

plementation and architectural details of the software framework. Finally, the visual an-

alytics, training details, and model results will be discussed in the analysis section which

will be followed by conclusions and future work.

11



Chapter 2. Database

In this chapter1, we discuss materials property data and how they can be stored

using approaches of various databases. Thereafter we discuss silicate melt viscosity data

and their sources.

2.1. Materials Property Data

A given material property, such as melt viscosity considered in this study, can be

viewed as a multivariate entity M such that:

M →M(η, P, T,X1, X2, · · · , I1, I2, · · · )

In this multidimensional representation, the value of the property itself is consid-

ered one of the variables (attributes). It is a scalar quantity for the melt viscosity (η). But

the property can be a multi-valued quantity, for instance, diffusion coefficients (defined on

a per-atom basis) or elastic stiffness tensor. The parameter space in which a property is

defined or determined involves factors such as pressure P , temperature T , and composi-

tion X. The compositional factor is multi-component in nature (X1, X2, · · ·), represent-

ing molar fractions of over ten oxides in the case of molten silicates. Additional informa-

tion on data such as methodology, publication details, research group, and comments may

also provide valuable insight during analysis. The metadata information can be included

as additional attributes (I1, I2, · · ·). Researchers are also interested in building models

using property values with respect to the parameter space and also to assess uncertain-

ties/errors. We can use one or more derived variables to compare predicted results with

actual data. Thus, compiled full information is visually mapped for meaningful analysis

1Some parts of this chapter can be found in D. Bhattarai., J. Zhang., and B. B. Karki. Parallel
coordinates-based visual analytics for materials property. In Proceedings of the 14th International Joint
Conference on Computer Vision, Imaging and Computer Graphics Theory and Applications - IVAPP,
pages 83–95. INSTICC, SciTePress, 2019. Copyright permission included in Appendix A.
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Figure 2.1. Database schema showing central tables used in data storage [6].

and modeling of material property (e.g., melt viscosity) in the question. Any other such

properties can be represented in the same format by simply adding their data values as

additional attributes to M .

Viscosity data are collected from various published sources. Data formats across

datasets are usually different and must be transformed into a common format before stor-

age and analysis. At the heart of it, our dataset is a list of viscosity values collected over

different pressure, temperature, and composition ranges. Previous works on the viscos-

ity databases have focused on only essential components for analysis and model building.

Here we also include metadata and other relevant information (for example, model values

and comments) along with actual viscosity values. Similarly, rather than storing data in a

general text file format, we can organize a table structure for efficient data storage and re-
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trieval (Figure 2.1). Here, data values are stored as real numbers in respective standard

units whereas each composition component mass can be stored as a weight percentage

or molar fraction. Therefore, summing up all components for a single data point always

yields a 100% (1 for molar fraction). Detailed information for each data point can be ex-

tracted by joining appropriate tables.

In another approach, data can be stored in a document structure where each data

point has complete information about itself (Figure 2.2). Unlike relational databases, here,

data is stored in a schema-less structure, often in JSON (Javascript Object Notation) for-

mat. JSON has a flexible structure that allows each data point to store and append rich

metadata. Further, JSON allows sparse data structure. For instance, some data points

might not be eligible to be in the model and hence will not contain model results, how-

ever, other data points can contain fields to store model values. Each document represents

a single data point and contains its complete information which enables high-traffic sys-

tems to store duplicate data in multiple nodes for better scalability. This is useful in big

data and distributed computing scenarios where faster reads and writes are priorities over

storage space. This loose data structure can then be queried and transformed into a rigid

structure in the application layer. This way we can store all possible metadata with granu-

lar control over each data point.

Using any of these approaches, the end goal is to give users the ability to query

data not only based on the actual data variables (η, P, T,X), but also by metadata. Fur-

ther filtering and transformation are also possible on the application side. A public-facing

software, such as a web application, will also be able to access and share all collected data.

Researchers will be able to download all or a filtered set of data. This provides easy data
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Figure 2.2. Simplified data structure (top-left) showing document structure in a non-
relational database. Expanding each object reveals data further structured either inside
other raw objects or within arrays (right and bottom).
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accessibility for all interested material scientists.

2.2. Data Compilation

The proposed viscosity web application aims to collect all new and old viscosity

data from various published sources. These viscosity data fall under three categories:

1. Experimental η − T data at zero-pressure: This category includes viscosity-

temperature experimental data for various compositions ([24, 18] and several others

therein). These data were used to develop predictive models at a low-temperature

range (< 1800 K). The composition range spans all terrestrial volcanic rocks.

2. Data at elevated pressure: The second category includes experimental data at

a moderate pressure [54, 43]. Recent development has yielded 60 data points at

up to 7 GPa for as many as 12 melt compositions [71, 13]. More measured data

can be found in the literature for many silicate liquids including diopside [57, 54],

albite [38, 48, 25, 62], Jadeite [39, 62, 64], dacite [65], andesite [42], peridotite [43],

diopside-jadeite system [4, 63]. Unlike the zero-pressure data of the first category,

these data points are relatively fewer, in the order of hundreds.

3. Calculated melt viscosity results: This category of viscosity data has recently

shown a lot of progress and is on the rise to generate data over large parameter

space. Specifically, first-principles simulations allow us to explore a much wider

temperature and pressure range for silicate melts viscosity study relative to experi-

mental data [33, 29, 31]. The MgO-SiO2 binary melt composition temperature was
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explored in high temperature (2000 - 6000 K) and pressure range (0 to 140 GPa).

Other melt composition such as MgO, CaO, MgSiO3,Mg2SiO4, CaSiO3, SiO2, diop-

side and anorthite, including a couple of hydrous liquids [33, 32, 15, 30, 69, 16, 31]

results in over 500 data points. For completeness, we will also include data points

from classical molecular dynamics simulations (e.g., [40, 50, 60, 2, 44]. More vis-

cosity data points are expected during the time of this research. In this category,

although data points are simulated, it has been shown that they agree well with

experimental data. Since these data points are highly accurate, cover a large pa-

rameter space, and are available in large numbers and growing, they may be helpful

in building better viscosity models.

Here, we have compiled melt viscosity data from both experimental and computa-

tional sources. Our database incorporates measured viscosity-temperature data at ambient

pressure for melts of several compositions [24]. Next, calculated viscosity results have also

been collected from sources using first-principles molecular dynamics simulation. There is

much more viscosity data generated by other computational methods yet to be gathered.

We anticipate eventually having several thousand records in the melt viscosity database.
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Chapter 3. Enhanced Parallel Coordinates Plot (PCP)

To visually analyze the silicate melt viscosity data, we choose to adopt Parallel

Coordinates Plot as this technique can address various visualization challenges related

to large multivariate datasets. In essence, PCP maps all data items with respect to all

variables/dimensions on a single display. The data polylines go across the display space

sequentially through each dimensional axis.

Directly plotting the data on a standard PCP results in visual clutter because the

data has a large number of dimensions and due to the complex relationship of viscosity

with respect to its parameters. Problems such as the occlusion of polylines by others make

it difficult to visualize the data fully. Therefore, we consider various standard and non-

standard PCP features, falling broadly into two categories. First, the interaction with the

data variables/dimensions is explored in detail with the derived axes, axis merging, and

bi-scaling. Axis can also provide space to display additional information and overlays such

as categorical bubbles or histograms. Second, we explore ways to interact with the data

itself through polylines. One or more polylines can be selected from the entire data with

appropriate color mapping and alpha blending. In this chapter1, we discuss standard and

some enhanced PCP features.

3.1. Standard PCP Features

A standard PCP contains data polylines going through a consecutive list of paral-

lel vertical axes for a data record as shown in Figure 3.1. These lines intersect each axis

at the corresponding scaled dimensional values. The axes thus divide a 2D drawing sur-

1Some parts of this chapter can be found in D. Bhattarai., J. Zhang., and B. B. Karki. Parallel
coordinates-based visual analytics for materials property. In Proceedings of the 14th International Joint
Conference on Computer Vision, Imaging and Computer Graphics Theory and Applications - IVAPP,
pages 83–95. INSTICC, SciTePress, 2019. Copyright permission included in Appendix A.
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Figure 3.1. Basic Parallel Coordinates Plot with three dimensions d1, d2, and d3 with a
single data point going across all axes.

face with respect to a k-dimensional data space onto k-1 sub-surfaces. Axes scaling is done

with respect to maximum and minimum data values per dimension. Axes act as the main

container for visual elements such as labels, markers, and overlays. These visual cues al-

low users to observe data space and read specific values. A linear (uniform) scale is used

for most numerical data values. Categorical values are represented by transforming each

category value to a point or bubble at the mapped axis location.

Plotting a large multi-dimensional dataset on a standard PCP may occlude some

data. Data selection techniques such as axis-aligned brushing, probing, and pinching are

used to filter the data. Brushing is useful along a single axis as well as when combined

with brushes from multiple axes. Logical relations between dimensions such as and or or

are used to construct higher-order brushes [67]. Similarly, pinching can be used to make

data selections from the k-1 data sub-surfaces themselves. Polylines may also be given a

discrete color map to differentiate between categories or a continuous color map to repre-

sent numerical values. In Figure 3.3, a discrete color map is used to differentiate between
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Figure 3.2. Common patterns in Cartesian coordinates (top) and their dual representation
in parallel coordinates (bottom) (Heinrich et al. [22]).

experimental (red) and calculated (blue) data points.

Relationships between any two axes may emerge in the form of positive or negative

correlation in any of the sub-surfaces between axes (i.e., between adjacent axes). Figure

3.2 compares common patterns when graphically plotted in PCP and cartesian space. The

first two functions show highly positive and highly negative correlations. Negative corre-

lation manifests itself with data lines crossing each other (perfectly negative correlation

forms one point of intersection for all lines between the axes) while positive correlation

forms parallel data lines going across the axes. Generalizing the above pattern, we can say

that the lines will tend to cross each other between negatively correlated dimensions and

the lines between positively correlated dimensions will tend to be parallel to each other.

Other complex functions are also plotted for reference. For instance, we can observe the

repeating patterns of a sin wave in the PCP space. We can observe these and many more
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patterns by directly mapping the function parameter and values in the PCP space. Com-

plex relations in a real physical system may contain a mixture of such patterns. In such

cases, interactive plots may help in understanding the data. Different axis layouts may

also help reveal previously hidden patterns. Axis reordering and flipping techniques are

used to overcome the correlation identification problem. PCP systems usually also contain

an augmented data table and scatter plot. We have added these features with additional

interactivity between the plot and table.

3.2. Non-standard PCP Features

On initial load, our PCP system orders the axes by placing the most significant

dimensions around the material property value dimension, which is viscosity in this study.

It places pressure and temperature axes on the left side of the viscosity axis and places

the composition axes (silica component followed by other components) on the right.

The metadata axes are placed further away. Other axes orderings can be explored with

drag-and-drop user interaction. Proper axis scaling is crucial for the true representation of

data. While each categorical value is uniformly spread on its axis, the numerical values are

dealt with differently.

In the standard PCP, the lowest domain values are mapped to the bottom while

the highest ones are mapped to the top of the axis. This is true for all of our dimensions

except the components. All components, regardless of their domain extents, are plotted

from 0 to 100 (weight percentage) to show their proportions for a given data point effec-

tively. Both linear and non-linear (e.g., logarithmic) scaling have been used for data rep-

resentation. Since viscosity spans a large range, data patterns become difficult to observe
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Figure 3.3. Parallel coordinates plot of 17-dimensional melt viscosity data. Experimen-
tal and calculated data are highlighted in red and blue colors, respectively. The plot
shows numerical axes (viscosity, pressure, temperature, and others) and categorical axis
(method). Linear and logarithmic scales are used, and the value range 0 to 100 (weight
percentage) is used for all component axes. The triangle button inverts the axis, the cross
button removes the selected dimension from the plot, and the square button performs bi-
nary axis scaling. The control panel at the bottom contains additional exploration tools
such as Zoom,

∣∣∣∣ Axis (derived axis), Data Probe, and others [6].
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as the data size over the full range increases. A logarithmic scale is used for viscosity (Fig-

ure 3.3). Axes are usually laid out uniformly across the display space with axis spacing

δx = XD/(k − 1), where XD represents the display width. This spacing layout provides

equal significance to all dimensions. In the context of viscosity data, the users might be

interested in exploring the relationships between the parameter space and viscosity values

much more than the relationships between composition components. Therefore, to provide

a larger space for interesting dimensions while also keeping the context of the overall data,

our system uses the variable axial spacing technique (Figure 3.3) to separate the PCP into

data and component regions. The data region can occupy one-half of the display space

and contains the most important axes such as viscosity, temperature, pressure, method,

and year. The component region is given the rest of the space with some padding. This

region packs many (about a dozen) component axes.

3.2.1. Derived Axes/Sub-axes

Different data regimes for a dimension can be explored in large screen estate by

augmenting a derived axis/sub-axis next to a primary axis. We can display the viscosity

values using a linear scale on the derived axis alongside the logarithmic primary viscos-

ity axis. Another scenario is that the user may want to focus on a sub-range of a variable.

For example, the derived sub-axis maps filtered domain values (say, 1200 K < T < 1600

K) to range 0 ≤ r ≤ y′ using the same scale type as that of its primary axis (Figure

3.4). The data lines not falling in the chosen interval simply ignore the derived axis/sub-

axis and continue along their paths to the next primary axis. This provides the context of

overall data and details at a specific range. The minimum length of the derived sub-axis
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Figure 3.4. Derived temperature secondary axis showing a subset of temperature range
between 1200 and 1600 K. Green represents viscosity values less than 104 Pa s and blue
represents the rest [6].

is kept at half the length of its primary axis. However, if the chosen axes pair points con-

tain more than 50% of the total data, the length is then made proportional to the number

of points falling in the chosen dimensional domain range. Hence the length of the derived

axis y′:

y′ =


n′(YD − p) if n′ > 0.5

0.5(YD − p) otherwise

(3.1)

where n′ is the ratio of the number of filtered data points to the total number of

data points, YD is the vertical extent of the display, and p refers to the vertical padding

value to accommodate dimension label and other controls on top of the axis. The hori-

zontal position of all the axes is re-calculated taking the new axis into account. The de-

rived axis is constructed such that a line through the middle point of both the primary
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and the derived axis is orthogonal to both axes. This means translating the derived axis

by 0.5(YD − p − y′) in the vertical direction. Its position and height can be adjusted inter-

actively. More derived axes are considered in the following sections.

3.2.2. Dimension Merging

Oftentimes, domain experts are interested in looking at various binary joins or

ternary systems. For instance, MgO-SiO2 join is considered to be the most important bi-

nary. The components CaO, FeO, and MnO can be treated on the same footing as MgO

because these oxides play the role of structure modifiers and are highly mobile. They can

be combined together and viewed as one compositional variable. On the other hand, SiO2,

Al2O3, and TiO2 components together form a silicate polyhedral network and are mostly

immobile. These oxides can be treated collectively as one compositional variable. In PCP,

any two components can be merged together.

Merging components results in the insertion of a new derived axis which acts as an

independent dimension itself. The data polylines are re-rendered by incorporating the new

axis. Since the composition component is stored as a percentage, any two components can

be directly summed together. Further, since a merged axis behaves as any other primary

axes, it can itself be merged with other components. No component can be added twice so

that the total mass of the composition for each data row is always at 100%.

3.2.3. Binary Scaling

Binary scaling contains two different scales on an axis divided at a user-chosen do-

main cut-off value. Let n1 be the number of data points whose values are equal to or less

than the cutoff and n2 be the rest of the data points. The sub-lengths are assigned for the
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Figure 3.5. Binary scaling applied to the temperature axis with a cutoff point at 1600 K.
Axis is scaled proportionately with respect to the number of data lines falling under and
over the specified cut-off point [6].

two scales along the complete axis as follows:

l1 =
TD − p
n2

n1
+ 1

(3.2)

l2 = YD − p− l1 (3.3)

We can now create two scales of dimension-specific scale type with different do-

mains and ranges: 0 ≤ r1 ≤ l1 and l1 < r2 ≤ (YD − p). This scheme can be further

extended by implementing more than two scales on the same axis. Figure 3.5 shows a bi-

scaled temperature axis such that the lower range of 500 to 1600 K is stretched while the

upper part is compressed.
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Figure 3.6. Experimental data selection by clicking categorical bubble (lower) shown in
red while the calculated data are shown in the background (gray polylines) [6].

3.2.4. Categorical Bubbles

In PCP, it is desirable to treat numerical and categorical axes differently. Categor-

ical variables consist of distinct categories which are difficult to map onto an axis directly.

Therefore, a transformation to a metric scale must be done such that each category gets

uniform space in the axis. One such data transformation can be done by overlaying circles

or bubbles of varying radius on axes as category markers [66]. The radius of each bubble

can be utilized to show different data properties. For instance, we can map the radius (r)

with the frequency (f) of the data points falling under a category:

r =

√
f

fmax

δx

2
(3.4)

Here, fmax is the number of data rows for the category with maximum frequency.

We utilize categorical bubbles to differentiate between experimental and calculated data
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points. Bubbles can also be used for user interactions such as to hide and show data based

on mouse clicks (Figure 3.6). Categorical bubbles can be further split into smaller bub-

bles with respect to data values from another axis (Figure 4.2). For instance, the exper-

imental category can be split with respect to different viscosity regimes. The split bub-

bles are stacked on top of each other such that the sum of their radii equals the radius of

the merged bubble. The radius of each split bubble is proportional to the frequency of the

data row falling under both the original and split categories.

3.2.5. Nested PCP

A recent study has shown that using nested PCP to visualize model parameter cor-

relation between different datasets is more useful than superimposed or juxtaposed PCP

representations [70]. As we show, this technique can be further extended to analyze two or

more subsets (groups) of the data corresponding to different intervals on selected numeri-

cal axis (for instance, low-pressure versus high-pressure regime) or different categorical val-

ues (for instance, experimental versus computational). Nested PCP resides symmetrically

about the midline between two adjacent axes under consideration [70, 35]. The vertical

space between two primary axes is divided into Y
ns

uniform regions where ns is the num-

ber of nested categories and Y = YD − p. The categories are sorted by the mean location

of each polyline on either one or both of the primary axes. Each nested axes is then con-

structed symmetrically from the middle of its category region where the endpoints of the

jth nested axis (j = 1, 2, 3, · · ·ns counting from the bottom) are first constructed using

(j − 0.5) Y
ns
± δd, where δd can vary between 0.2Y

ns
to 0.4Y

ns
. A translation is then applied

between 0 to ±0.1Y
ns

depending on the location of the maximum pixel value of the polylines
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on the selected primary axis. The horizontal spacing of the ith nested axis, hi is given by

(i − 0.5)δx ± δh where i = 1, 2, · · ·k − 1 and δh can vary between 0.1δx and 0.4δx. This

spacing scheme allows no overlap between the axes horizontally or vertically. A single line

previously going between two primary axes is now replaced with two curves and a line. We

use a cubic Bezier curve with control points’ x location at (i − 1)δx ± αδnx from primary

axes where δnx is the distance between the primary and nearest nested axis. Similarly,

(i− 0.5)δx± δh±αδnx from nested axes where α can vary between 0.1 to 0.3 (Figure 3.7).

The y values of these control points are the same as the y values of the data line in pri-

mary and nested axes, respectively. The curves join the primary axis with the nested axis

and a straight line is drawn between the two nested axes for each data point. The nested

axes display the full data extent range based on their subset’s minimum and maximum

domain extent (that is, a local scale is applied).

We use the nested PCP to compare the actual data and model-predicted values

using the primary η axis, and the derived ηmodel axis (Figure 4.2). We consider two sce-

narios of the zero pressure P − T − X model [34]. In one case, we apply the model to

the pure MgO-SiO2 binary system, where X represents the molar fraction of silica. In the

other case, we apply the model to the multi-component system by taking X as the sum of

SiO2, Al2O3, and TiO2 fractions. There are two nested plots. For model result compari-

son, using the same domain range for both axes in each nested plot category is desirable.

Similarly, we use the nested plot to show the anomalous behavior of silicate-rich composi-

tion at 3000 K at two different pressure ranges (Figure 6.2). Here we use the local domain

extent for two nested plots corresponding to viscosity and pressure.
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Figure 3.7. Nested PCP along with four control points for Bezier curves between nested
and primary axes. The polylines connecting between the primary and nested axes are re-
placed by two curves [6].
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Chapter 4. Viscosity Models

Our focus on the viscosity data has led us to some of the studies of viscosity mod-

els we plan to include in our platform. In this chapter1, we will describe some viscosity

models before discussing the modeling workflow details. Many models exist for represent-

ing the viscosity-temperature relationships for specific compositions and multi-component

silicate melts (e.g., [46]). The earliest model adopted is the Arrhenius law:

ln η = A+
EA

RT
(4.1)

where parameter A refers to the log of a notional value of viscosity at infinite tempera-

ture, EA is the activation energy for viscous relaxation, R is the gas constant, and T is

the temperature. This model was calibrated using the experimental data [8, 58]. For the

first-principles results of seven liquids along the MgO-SiO2 join, Karki et al. [34] derived a

global Arrhenian model:

ln η(T,X) = (A0 + A1X
4) +

EA0 + EA1X
4

RT
(4.2)

where it is interesting to note that the pre-exponential factor and activation energy de-

pend on composition as the 4th power of the molar SiO2 content (X). Therefore, implying

a strong non-linear dependence of the configurational entropy on composition. In other

words, the degree of polymerization controls the melt viscosity. This model works for a

greater range of temperature (2000 to 8000 K) and composition (the entire possible range

1Some parts of this chapter can be found in D. Bhattarai., J. Zhang., and B. B. Karki. Parallel
coordinates-based visual analytics for materials property. In Proceedings of the 14th International Joint
Conference on Computer Vision, Imaging and Computer Graphics Theory and Applications - IVAPP,
pages 83–95. INSTICC, SciTePress, 2019. Copyright permission included in Appendix A.
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of NBO/T) compared to the previous models.

The original and modified Arrhenian models do not work for some silicate liquids

that demonstrate non-Arrhenian behavior. This calls for the generalization of Equation

4.1 (e.g., [49, 23, 17, 72]). A commonly used equation is called the Vogel-Fulcher-Tamman

(VFT) equation:

ln η = A+
B

T − T0

(4.3)

where A, B, and T0 are the adjustable parameters representing the pre-exponential factor,

the pseudo-activation energy, and the VFT temperature of viscosity divergence, respec-

tively. In one of the current multi-component viscosity models developed by Giordano,

Russell, and Dingwell [18], A is assumed to be a constant, independent of composition so

that B and T0 capture all compositional effects. Their model consists of 18 coefficients to

include the viscosity of fragile, strong liquids and incorporate the effects of volatile com-

pounds.

Two other forms of a three-parameter viscosity model include the equation based

on an atomic hopping approach [3]:

ln η = A+

(
B

T

)α

(4.4)

where, A, B, and α are the adjustable parameters. Recently, a new viscosity equation

which is based on the temperature dependence of configurational entropy as required by

the Adam-Gibbs relation is as follows:
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ln η = A+

(
B

T

)
exp

(
C

T

)
(4.5)

where, A, B, and C are the adjustable parameters dependent on composition. These pa-

rameters in models can be related to two other physically meaningful quantities: the glass

transition temperature and the fragility [18, 46]. Besides the above standard models, a

four-parameter empirical relation was proposed by Hui and Zhang [24]:

ln η = A+
B

T
+ exp

(
C +

D

T

)
(4.6)

Here the fit parameters are expressed as linear functions of many oxide components and

exponential dependence on H2O component.

Although there remains some disagreement on which non-Arrhenian functions pro-

vide the best description of melts’ behavior, the effects of temperatures are arguably the

most studied on viscosity. Besides temperature, some success has been met in quantifying

the effects of composition on viscosity (e.g.,[24, 18]). Additionally, the pressure effects

have been examined qualitatively (e.g., [38, 57, 60, 30, 69]). These studies observed that

the silicate melt viscosity increases with pressure in a depolymerized melt but decreases

with pressure in a polymerized melt such as albite or jadeite melt in the low-pressure

regime. Only a handful of quantitative studies on the effects of temperature, pressure, and

compositions together on viscosity have been studied.

Model building starts with the functional form of the model (e.g., the variations of

the VFT equation for viscosity). The parameters of the functional form are determined

by fitting the model to the data. The fit results are then analyzed properly to ensure a
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Figure 4.1. Filter buttons are placed above the table for easy data selection. An advanced
filtering window is shown for the Temperature column where data selection can be made
with complex logical and range operators such as Is Not Empty and Is Between.

proper fit of the data is established. New ideas may emerge from these analyses to make

the model reflect the data better or use a different functional form, implying a different

model. Therefore, model building is a process of exploration where researchers try to

build, modify, and analyze models iteratively. Our software platform allows researchers

to engage in this iterative process with minimal effort and consistent focus on the model

rather than the low-level details of building one.

Model results can be plotted against currently available data. We have included

two different models in our system - binary MgO-SiO2 [34] developed using calculated

data and zero-pressure multi-component composition [24] developed using experimen-

tal data. Both models require separate treatment of data as model input. For instance,

a common zero-pressure data filter must be applied before calculating model results. For

the binary model, we treat composition components in molar fraction; for the experimen-
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Figure 4.2. Model results plotted with discrete colormap to highlight three apparent clus-
ters in the viscosity axis at zero pressure. The color also follows a positively correlated
pattern in the model result axis. The lower nested axis shows a pure MgO-SiO2 system,
and the upper contains the rest of the compositions. The calculated categorical bubble is
split into two, while the lower experimental bubble is split into three bubbles [6].

tal data model, they are used in weight percentage. More complex filters may need to

be applied for proper data selection. Therefore, for ease of use to researchers, we pro-

vide several default filters in the system - the 2013 binary calculated data filter, the 2007

multi-component experimental Hui-Zhang data filter, and the pure MgO-SiO2 binary fil-

ter. These filters can be applied by clicking the filter buttons found above the data table

(Figure 4.1). Clicking filter buttons apply filters to all data in the database and subse-

quently also displays filtered data in the PCP.

4.1. Multi-component Experimental Data at Zero-pressure

An existing data filter is applied to select experimental data collection at zero pres-

sure before proceeding with model result calculation. This filter selects only data used

while optimizing the model given by Equation 4.7. The data selection contains all-natural
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silicate melts collected via experimental methods. The compositions include anhydrous

peridotite to rhyolite, anhydrous peralkaline to peraluminous melts, hydrous basalt to rhy-

olite, and hydrous peralkaline to peraluminous melts [24]. The viscosity range of such data

selection is between 0.1 to 1015 Pa s while the temperature is between 573 to 1978 K. The

pressure of the selected data ranges between 1 and 5 kbar, which are shown to be negligi-

ble [53, 72] and can all be treated as ambient pressure.

The model presented here is non-trivial as it involves pre-calculating certain entities

like the value of Z, which depends on water. Water in hydrous oxides plays a significant

role, and the effect on viscosity is non-linear. The form of Z addresses this non-linearity

and uses other linear terms for water in mole fraction. During fitting viscosity data, the

trial-and-error process constructed this water content raised to a power relation (where

e1 = 185.797).
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log η =
[
− 6.83XSiO2 − 170.79XTiO2 − 14.71XA2O3cx − 18.01XMgO − 19.76XCaO

+ 34.31X(Na,K)2Oex − 140.38Z + 159.26XH2O − 8.43X(Na,K)AlO2

]
+

[
18.14XSiO2 + 248.93XTiO2 + 32.61XAl2O3ex + 25.96XMgO + 22.64XCaO

– 68.29X(Na,K)2Oex + 38.84Z − 48.55XH2O + 16.12X(Na,K)AlO2

]
1000/T

+ exp
{[

21.73XAl2O3ex − 61.98X(Fe,Mn)O − 105.53XMgO − 69.92XCaO

– 85.67X(Na,K)2Oex + 332.01Z − 432.22XH2O − 3.16X(Na,K)AlO2

]
+

[
2.16XSiO2

– 143.05XTiO2 − 22.10XAl2O3cx + 38.56X(Fe,Mn)O + 110.83XMgO

+ 67.12XCaO + 58.01X(NaaK)2Oex + 384.77XP2O5

– 404.97Z + 513.75 XH2O

]
1000/T

}
(4.7)

Z=(XH2O)

1

(1+ e1
T ) ;

(Fe, Mn)O = XFeO +XMnO;

t = Al2O3 − (Na2O+K2O);

Al2O3ex = 0; (Na,K)2Oex = 0;

if t is negative then

Al2O3ex = t;

(Na, K)2Oex = 2 ∗ (Na2O+K2O);

else

Al2O3ex = (−1) ∗ t;

(Na, K)2Oex = 2 ∗ Al2O3;

end

Algorithm 1: Calculation of excess oxides and Z for Hui Zhang equation.
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Oxides are treated linearly. However, data processing is needed before using them

in the model (for example, calculating values for excess Al, Na, and K oxides). These cal-

culated values are plugged into the model (Equation 4.7). The model is constructed using

a combination of different standard models (Equation 4.6). The model assumes parame-

ters A, B, C, and D as linear functions of oxide mole fractions. This assumption allows

assigning different oxides weights, individually contributing their effects on viscosity. Since

this model attempts to predict viscosity for naturally occurring melts, it also assumes both

Ferric and Ferrous oxides to be the same oxide component. Even though the oxidation

state of iron plays a significant role in melt viscosity, especially in the lower temperature

regime [14, 42], often due to insufficient information in the dataset, all iron oxides are

hence treated as FeO. FeO is combined with MnO to form (Fe, Mn)O. Melts containing Al

oxides are also treated with particular specificity. Studies [55, 9] have shown that viscos-

ity is higher in saturated Al melts compared to under-, or over-saturated Al melts. Since

Al2O3 often combines with alkalis, forming (Na, K)AlO2. After the combination, we are

left with either excess alkali or aluminum oxide. The algorithm to calculate these excess

oxides along with Z and (Fe, Mn)O are shown in Algorithm 1.

This model was trained using all available data which successfully reproduces nat-

ural silicate melts experimental data. Model predictions were also very close to the actual

viscosity values when tested with data from the outside training set. This test data in-

cluded hydrous and anhydrous compositions to test the wide compositional range properly.

All oxides are given in mole fraction, and temperature is given in K. This 37-parameter

model performs quite well with the data it was trained on with a 2σ deviation of 0.61

log10 η Pa s in the dataset T −X range. A scatter plot of the predicted viscosity falls near
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the actual values, and there are no significant outliers. The model behaves systematically

and monotonically across the P − T − X domain range. Further investigation of model

results by composition presents minor uncertainty changes but has no systematic misfit or

huge data scatter across the whole compositional range.

Although the model shows interesting predictability, it does come with certain con-

straints. As mentioned earlier, all oxides are taken in mole fraction, therefore, if compo-

sition component measurement is done in weight percentage (wt%), it would have to be

converted into mole fraction first. Likewise, the temperature is in K. The model should

not be extrapolated to binary systems, nor viscosities above 1015 Pa s, nor to a tempera-

ture below 573 K, nor to H2O content above 5 wt% for melts other than rhyolite (for rhy-

olite, the highest H2O content in the viscosity database is 12.3 wt% [24]). Another draw-

back of the model is a large number of parameters. Also, the model result uncertainty is

still larger than the experimental data uncertainty, generally, 0.1 log10 η units or less. Be-

sides the drawbacks, the model still reproduces viscosities with significant accuracy com-

pared to its previous attempts. This model also considers the non-linear water dependence

and the combined effects of ferric/ferrous and aluminum/alkaline oxides.

4.2. MgO-SiO2 Binary at Zero-pressure

Going higher in P − T regimes poses challenges in experimental data collection,

leaving a large region of parametric conditions yet to be explored. Very few data points

exist for these regions. Therefore, not many modeling efforts are made. However, melts

at such a higher P − T range may have been very widespread during the early forma-

tion stages of the Earth. It is also hypothesized that a giant impact might have caused the
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whole mantle to melt and form a magma ocean across the whole planet with temperatures

exceeding 10,000 K. Therefore, studying mantle melts is important to understand melt

generation and dispersal [61]. Recent developments in first principles molecular dynamics

simulations (FPMD) have shown promising results in modeling viscosity even at higher

temperature and pressure regimes. Most relevant models, like the one shown in the pre-

vious section, consists of a narrow temperature range (less than 2000 K) that can only be

used to explain shallow magma migration and volcanic eruption. Besides the P − T range,

since the data are generated from simulation, much fine-grain control over composition is

also possible. For instance, in [34], MgO-SiO2 binary composition is taken with varying

mole fractions of each component. Since selected compositions are pure binary, it is mod-

eled by a single term X representing the mole fraction of the silica component present in a

chosen composition.

First, data selection is made using the 2013 binary calculated data filter. After

filtering, we are left with only 50 rows of data (Figure 4.3) that were used to train the

model. We can observe that the temperature ranges from 2000 - 8000 K, which is outside

the experimentally collected data range of natural silicate melts. Other data with higher

pressure are also included in the database but have not been included in this model evalu-

ation since this model is valid only on zero pressure. We can also see the presence of some

pure silica and some pure MgO in their respective axes. The compositional data varies

uniformly in terms of mole fraction. This model gives out viscosity result values in natural

base logarithm (ln η), whereas the previous model works with base ten logarithm (log10).

We have used some new data to test further the model behavior outside the model

optimized P − T − X range. This selection includes data with zero pressure but with
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Figure 4.3. MgO-SiO2 binary composition at zero-pressure calculated data filter applied to
all data.

wide temperature and compositional range. We augment zero-pressure experimental data

to test alongside calculated data at higher temperatures and pressure regimes. The non-

binary composition may include many components, some containing water. Using results

from Equation 4.2 (along with optimized parameter values), we make two types of model

assessments and display the results using the nested plots for the η and ηmodel axes (Fig-

ure 4.2). The model works well for the MgO-SiO2 binary at zero pressure, as shown by

nearly parallel horizontal data lines between the two axes. To evaluate the model for the

whole dataset, we take X as the sum of the molar fractions SiO2, Al2O3, and TiO2. Many

data lines follow the horizontal trend, and the model data points show the cluster pat-

terns found on the viscosity axis. These signify the dominant role of silica in controlling

melt viscosity. However, on further exploration, several exceptions (e.g., polylines skew-

ness, line crossing) are associated with other compositional factors. This means that the

binary model is insufficient, and a general multi-component viscosity model is needed.

41



4.3. Model Comparison

Model results can be compared directly using actual values in the data table. A

simple approach to understanding the difference between actual viscosity values and model

results is to compare model root mean square error (RMSE). RMSE is one of the error

measurement techniques, along with others such as mean square error and mean absolute

error. In general, model results are first calculated and transformed into a common loga-

rithmic base (or directly representing η) which is then subtracted from the actual viscosi-

ties. The square of difference for each data row is then averaged, and finally, the square

root is taken to bring the mean squared error in the same scale as the actual value units.

This value represents the error or distance between the actual viscosity and the model-

generated one. Squaring the values eliminates the effects of positive or negative skewness

of the predicted data. Generally, lower RMSE values represent fewer model result errors,

but very low RMSE values may negatively impact the model by overfitting, which loses

model generalizability for unseen data. Therefore, a balance between low RMSE such that

the model generalizes well over the parametric region is sought after during model evalua-

tion. However, RMSE is just an aggregate measure of model performance and hides much

information about data and model behavior. For instance, to compare predicted values

across different models per composition, researchers must select data relevant to the model

and compositional constraints and can only calculate error measures.

The visual process can also aid during model evaluation. For example, plotting

model results (in the y-axis) against actual viscosity values (in the x-axis) will show over-

all data scatter. If the predicted and actual values are close, the data will be scattered
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around the y = x line. Plotting both model results while coloring the data points by

model results may help display the model’s overall behavior. However, not all data points

have the model results for all parametric conditions. For instance, the data trained on

the binary model only takes the MgO-SiO2 binary composition, while the experimental

model can take any multi-component composition. This difference is more apparent while

plotting data in PCP. Data lines falling outside model constraints are discontinuous at

the model result dimension. Since losing continuity in PCP further complicates visual

data understanding, we will add a dotted line with a light color to indicate discontinu-

ous regions between dimensions due to lack of value. These dotted lines will be present

by default, but their visibility can be toggled with the user interface. This way, we pro-

vide continuity in the data line for any data point, including those with missing model

result values. It is also desirable to match the axis scale and corresponding tick marks and

values while comparing two model results side-by-side. The default axis scale will match

the larger domain range of the model results or actual viscosity values and uses it for all

viscosity-related primary axes. Users can always use the zoom tool to change the resolu-

tion of the axis if they desire. It is also beneficial to place model results alongside actual

viscosity values for the selected data points by dragging an axis to a new location. For a

well-approximating model, data lines between the model result and actual viscosity dimen-

sions should be parallel.

Further investigations on the sub-regions can be done by adding NPCP, secondary

axes, and other non-standard features. Users can generate multiple scatter plots between

any two dimensions at any point. These scatter plots will have the option to color by

model results which can help evaluate model performance in different regions. Outliers can
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be detected using scatter plots or by augmenting a new dimension in PCP, which holds

the difference between the model result and the actual viscosity value for each selected

data point. Brushing along the extremes (both top and bottom) can help reveal outlier

model results. Users can construct histograms on the axis itself to view data distribution

on this axis. Therefore, using the above workflow, PCP may help explore data models

which would have been tedious to work with just data-table. Interactions such as brush-

ing, dragging, zooming, and construction of scatter plots will also help users deep-dive into

their data regions of choice.

For viscosity modeling, even a small number of model forms and constraints yields

a large hypothesis space making it quite difficult to find an optimal model. Considering

the large parameter space and its complex dependence on the materials’ properties, it is

necessary to find the best possible model to understand its behavior over all natural condi-

tions. Manual search for model form and parameter values hence is infeasible. Therefore,

automated model building is sought after for huge hypothesis space problems like these.

However, even with ample computational resources, it might just take too long to finish

searching. Therefore, we plan to automate an optimal model search process using machine

learning.

4.4. Linear and Nonlinear Fitting

Fitting refers to finding parameters for a model such that the function results are

very close to the corresponding data values. Here we will consider a comprehensive set of

viscosity models under various pressure, temperature, and composition conditions. The

most popular fitting method is to minimize the difference between the values predicted
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by the model from the actual values in log space:
∑

i

((
ln ηi, f(Ci, θ)

)
/σi

)2

, where ηi is

the measured and f is the calculated viscosity with respect to Ci which is the vector of

all conditions, θ is the parameter vector, and σi is an error on the measured ln ηi. If the

model function f happens to be linear, we can treat this minimization problem as a stan-

dard linear least-square problem. However, model functions are usually not linear, and no

analytic solution exists for non-linear minimization problems. Instead, numerical meth-

ods are used to solve them. A numerical method is an iterative approach to finding the

solution to a minimization problem. The basic algorithm improves the parameters at each

iteration to reduce the sum of the squared errors. One popular approach to solving non-

linear minimization problems is the Gaussian-Newton method using improved algorithms

such as the Levenberg-Marquardt algorithm [41, 45]. Several well-known packages already

exist to solve these fitting problems; hence we will utilize existing optimization software to

implement generic weighted least square to address the following specific issues:

Model and Parameter Space Constraints. Some parameters may require con-

straints to work properly within the model. One can specify a range of values for these

parameters while constructing a model. For example, a term in some models may be a

parameter serving as an exponent. Depending on the term’s physical meaning, it may be

required that the exponent be positive and have an upper bound. The numerical solution

for our non-linear models should be able to satisfy this constraint. Therefore, we will in-

clude constraint fitting in our framework. This often leads to quadratic programming for

the linear models, which can be solved using standard numeric methods. For non-linear

models, Gaussian-Newton and the Levenberg-Marquardt algorithms can be used to find
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solutions in the regions where the values satisfy all restrictions.

Local Minimum and Multiple Starting. Unlike linear models, non-linear mod-

els fitting may come across multiple local minimums. It is required to start numerical

searches from multiple locations to improve the chances of finding the global minimum.

Modeling Different Parametric Regions. In some cases, multiple models may

be needed to explain the viscosity across a wide range of parameters. For instance, models

in low-pressure and high-pressure regions can be different. Different models can be built

with the data falling in different pressure and temperature regions. While using multi-

ple models, any two neighboring models should agree at the boundary. This task is non-

trivial. Therefore, a single function mapping from the parametric space to viscosity is

highly desirable.

4.4.1. Fitting Analysis and Model Selection

An essential step after the fitting process is to analyze and validate the results. If

the model is perfect, all the points in the fitting results fall precisely on the data forming

a y = x line. Comparing fitting results to true values is one of the most common ways to

analyze fitting results. Ability to analyze model continuity and derivative properties, such

as glass transition temperature, give the model its usefulness.

To decide on the best from a collection of different regression models, the first met-

ric to look out for is the root mean squared error, where lower values signify lower mis-

takes the model makes during prediction. However, in practice, this process may not pick

the best model. Model building is a trade-off between the model’s error measure and other

properties. Among these properties, the following are commonly considered:
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Simplicity (use fewer terms). Suppose x is a vector of the component fractions.

A model may involve a polynomial x with n terms (the terms may include powers of each

component and the cross products of two or more components). Among multiple potential

polynomials, we may favor one with fewer terms (small n), even if with fewer terms, the

sum of squared errors of the best-fit model becomes larger. This is to prevent overfitting.

In principle, if the improvement in the sum of squared error by adding more terms is not

significant, one may want to stop and choose a simpler model (fewer terms). A comparison

among different model variants using cross-validation is needed to make this decision.

Smoothness (no oscillation). In many cases, the viscosity value is monotonic

within a range of temperature, pressure, and composition. The viscosity value may in-

crease or decrease in the range, but we don’t expect it to oscillate (going up and down

with maxima and minima). One may need to examine the fitted model to ensure it is the

case. Our application will provide software components for performing such examinations

through visualization.

Some previous efforts in online viscosity model building applications exist, such as

the web viscosity calculator [20] and applications developed by Karki et al.[28]. The web

viscosity calculator implements the viscosity model of Giordano et al. [18]. However, these

applications are limited to a narrow P − T −X range.

4.5. Regression Using Machine Learning

Machine learning is a data analysis method where computer models are improved

with experience by iteratively going through each data point while minimizing errors com-

puted against the expected value. Many successful applications such as recommendation

47



engines, outlier detection, self-driving vehicles, and countless others have shown their use-

fulness in today’s world of high-performance computing. Machine learning is an amalga-

mation of fields like statistics, artificial intelligence, information theory, physical systems,

etc. Due to advances in computation power and underlying theories of such automated

systems, it has gained much popularity amongst researchers and practitioners.

4.5.1. Decision Trees

A decision tree (DT) is a supervised machine learning algorithm used in both

classification and regression settings. The construction of DTs is done by splitting training

data with respect to dimension at each tree node. Each node represents a test on the

training data features, and its branches denote the output of the test. For instance, if we

take temperature as a test feature, the decision tree might split all data into two parts:

T ≤ 4000 K and T > 4000 K. Each data split is further split until no further splits add

value to the prediction accuracy. Each split makes the subset of the data homogeneous.

After construction is completed, each leaf node will hold a single or collection of data

points which are then used to either output a data class (in classification) or singular

continuous value (in regression).

DTs for classification use information gain and entropy to split nodes. The target

class is predicted by following a new data point through the tree until the leaf node. The

class at the leaf node is output as the class prediction for the new data point. In the re-

gression setting, DTs are generally constructed by reducing the mean square error of the

predicted and actual target values. To predict the output of a new data point, we again

follow the tree from the root to the leaf node. In contrast to the classification setting, the
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aggregate of the target variable for all training data points is returned as the output pre-

diction for regression.

Since the data are split recursively on the features at each level, the overall tree

is easy to interpret. One can follow the splits through the depth of a trained DT to find

out how a certain prediction was made. DTs can handle high-dimensional training fea-

tures that may contain either numerical or categorical features. Further, DTs can be con-

structed with minimum pre-processing and without requiring domain knowledge of the

data. A trained DT can also be used to analyze the feature importance of the data used

during training.

DTs can be expensive to train for large data with many features since the algo-

rithm needs to perform a top-down greedy search through all the possible data sub-spaces

for each node. A fully grown DT also needs large memory to store. Overfitting is also

an issue with large un-pruned DTs. Early-terminating the tree-growing process after it

reaches a certain height may reduce overfitting of the model to training data. Addition-

ally, the cardinality of data points in the leaf node can also be constrained to specific val-

ues to decrease the model complexity. Careful selection of these two parameters yields

DTs that effectively learn from the training set while also being generalizable to unseen

data.

Due to the inherent space-splitting nature of DTs, the model outputs are not

smooth over its features. Since the target value output in regression DTs is the aggregate

of target values of the data points in the leaf node, the output with respect to features

may contain plateaus with large jumps between them. Therefore, this learning model

cannot precisely assess the target variable value. This model can be used for exploratory
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data analysis and pinpoint feature importances. Further, DTs can also serve as a baseline

for comparison with other machine learning model results.

4.5.2. Random Forest

Random forest (RF) is an ensemble technique that uses several DTs to predict the

output class or single value. It is a supervised machine learning algorithm where many

trees are constructed, and the prediction is made by averaging the output of each tree for

a given data point. Due to the simplicity of DTs, RFs are similarly easy to construct and

interpret. Just like DTs, RFs can be used for both classification and regression.

RF is a powerful machine learning technique that can be used for various regres-

sion tasks. The algorithm can handle a large number of features and can also deal with

non-linear relationships between features and targets. RFs can be especially helpful for

small datasets since large data (and features) requires large DTs to model the data space.

Model accuracy can be improved by tuning the hyperparameters, such as the number of

trees in the forest, the number of features to use when bootstrapping, and the depth of

each tree.

RF is relatively easy to construct and interpret and can provide good accuracy

without extensive hyperparameter tuning. It can also handle missing data and is resistant

to overfitting. Since we can look at the output predicted by each tree in the forest, they

can be inspected, and the importance of each feature can be determined. Similar to DTs,

this algorithm is a helpful tool for data exploration and understanding the relationships

between features and targets.
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4.5.3. XGBoost

XGBoost (XG) [12] implements gradient-boosted DTs designed to be highly effi-

cient, scalable, and portable. Gradient Boosted Trees (GBT) are a type of ensemble ma-

chine learning algorithm that is used in both regression and classification problems. The

algorithm is used sequentially, where each subsequent tree is trained on the residuals (er-

rors) of the previous trees. The algorithm stops when the residuals are relatively small, or

a pre-determined number of trees have been generated. GBTs can be used with different

loss functions, like DTs and RFs, and they are also easy to interpret.

XG is an easy-to-use API that can handle large datasets with low training time.

It is widely used in competitive data science, where it is shown to outperform many ma-

chine learning algorithms on various tasks, including regression. Since it is also a tree-

based algorithm, the predictions contain plateaus with jumps like RFs or DTs on regres-

sion. RF and XG are ensemble techniques. However, RF is bagging, where independent

tree outputs are averaged together, whereas XG is a boosting technique where trees are

constructed sequentially. The first few trees during the training of XGBoost contain small

DTs, which are refined further using subsequent trees. Therefore, XG predicts the target

better than RFs since the algorithm constructs trees based on the residuals. Like other

tree-based approaches, overfitting is an issue with XG, especially since it can create com-

plex decision boundaries and relationships.

4.5.4. Artificial Neural Networks

Artificial neural networks are computational models inspired by the brain that ap-

proximate complex non-linearly separable functions. They are composed of a large number
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of interconnected processing nodes that can be configured to perform specific tasks. Due

to their flexibility, neural networks can be used in classification, regression, clustering, and

data generation settings. The neural network is an algorithm under the subset of machine

learning where the model is first trained on training data and evaluated on test (unseen)

data.

A simple neural network (or multi-layer perceptron) contains groups of perceptrons

arranged in one or more layers. Perceptrons are the unit of computation that accepts in-

put data from either the input layer or other perceptrons from previous layers. Each input

of the perceptron is multiplied by its weight. The sum of all incoming input values multi-

plied by their respective weights is then passed through an activation function. Activation

function such as sigmoid or ReLU is the final output of the perceptron. Each perceptron’s

output for a layer is fed as an input to the next layer. The final layer perceptron typically

does not contain any activation function for single output regression tasks. Therefore, the

output of the final layer is directly taken as the target value given a particular input to

the neural network.

The architecture of a simple neural network refers to the number of layers and the

number of perceptrons in each layer. For instance, a 3-layer neural network can model

XOR boolean expression. The input layer contains two nodes for each boolean variable.

The hidden layer contains two nodes, and finally, the output layer contains one node, the

network’s output. This architecture can sufficiently produce the correct output for simple

problems. However, modeling more complicated data and relationships requires larger or

different architecture. Larger neural networks can have multiple hidden layers with more

nodes in each layer. Convolutional neural networks and transformers have been shown

52



Figure 4.4. A simple neural network with three layers - input, hidden, and output. Each
input, hidden, and output layers contain three, four, and two nodes, respectively. Each
node from the previous layer is connected to every node in the next layer through weights.

to work more effectively to work with more complex data such as images and texts. Re-

gardless of the architecture, the weights and biases are initialized and iteratively updated

during the training process.

Typically the weights and biases of a neural network are initialized randomly

within a certain range of values. Other initialization techniques include Xavier [19] and

normalized Xavier. Training of a neural network is referred to as iteratively adjusting

each weight and bias in the network such that the final output is close to the desired

target value for a given input. A loss function such as RMSE (in regression) calculates the

distance between model output and target value. Choosing the correct loss function that

accurately represents the distance between actual and predicted values is crucial since this

loss is used to adjust weights and biases of the neural network using the backpropagation

algorithm. This algorithm calculates the derivative of the loss function for a given input
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and the current weights and biases of the network. The learning rate hyper-parameter

controls the magnitude of updates made to the weights and biases. A high learning rate

may shorten training time, but it could also miss the minima where loss is the lowest. In

contrast, training a network with a low learning rate might take a long time to complete,

and with enough time, it will at least settle on local minima. The learning rate is usually

kept constant throughout training, but sometimes schedulers are used to change it in

complex ways as training progresses. As the network goes through each training data

multiple times, the weights are updated iteratively until the changes to weights and biases

with respect to the loss become minuscule or zero. At this point, the network is trained

and can be used to assess its performance on unseen (test) data.

According to the universal approximation theorem, neural networks can approxi-

mate any continuous function to any desired accuracy, provided that the number of neu-

rons in the hidden layer is sufficiently large. This theorem also holds for an arbitrarily

large depth with a relatively small number of neurons in each layer. Therefore, neural net-

works are prone to overfitting the training data. During training, if the test error increases

while the training error keeps decreasing, we can conclude that the model is more sensitive

toward training data. Generally, we want the model to be robust for both seen and unseen

data. To get this balance, we can stop training at the lowest test error or employ regular-

ization, dropout, or weight decay during training. These methods help neural networks

generalize while learning an adequate amount from the training data such that the model

works for unseen data.
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Chapter 5. Implementation Details

The overarching goal of this work is to develop a web-based data analysis appli-

cation for materials physical properties of materials by using silicate melt viscosity as an

example. Users from the geoscience field and, in general, diverse materials science commu-

nities may be interested in exploring these data. This work also describes a non-standard

PCP implementation as a part of a web-based data analysis platform. As such, the web

application was developed using a client-server model. This application can be accessed

using any standard web browser. In this chapter1, we describe different approaches and

tools used to implement the three components of the system - database, web application,

and modeling.

5.1. Database

The central component of our data-sharing platform is the database. The design of

the database is done in such a way as to facilitate adding datapoints and providing fine-

level search and selection of the data points. To provide this feature, we explain our data

storage in tabular form using a relational database model.

The central table in our database is the DataPoint table. DataPoint contains in-

formation on each data point such as temperature, pressure, viscosity, meta-data, com-

position, and uncertainties. Since we are using a tabular representation of data, we can

minimize data redundancy. For instance, the data provided by [24] consisted of a CSV

file with a column of id, composition name, 11 columns of different components weight

for each composition, temperature, calculated and measured viscosity, and reference. Al-

1Some parts of this chapter can be found in D. Bhattarai., J. Zhang., and B. B. Karki. Parallel
coordinates-based visual analytics for materials property. In Proceedings of the 14th International Joint
Conference on Computer Vision, Imaging and Computer Graphics Theory and Applications - IVAPP,
pages 83–95. INSTICC, SciTePress, 2019. Copyright permission included in Appendix A.
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Figure 5.1. Database schema showing the central data tables [6].
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though all data rows were unique, several pieces of data within them were repeated. One

example would be for each composition there would be multiple measurements of temper-

ature and viscosity. The columns corresponding to the weights of each component for a

composition would repeat for different P − T measurements. This is redundant and should

be removed as much as possible. Removing redundancy keeps our database clean and im-

proves data integrity. Therefore, we use a foreign key to Composition table in DataPoint ’s

Composition field. This way we remove the need to store repeated information in Data-

Point table which would have made it unnecessarily large as the number of data points

grows over time. In Figure 5.1 we can see the relation between DataPoint and Compo-

sition tables. Then, DataComponent table contains a value for each specific component

along with uncertainties, and a foreign key to Components table which contains the name

and ID of each component in a composition. Since DataComponent also contains a foreign

key to Composition, each data point can be uniquely joined together when querying for

specific data points. Similar to the relation with Composition, DataPoint only stores the

value of the foreign key to the Meta table. Meta is related to other tables such as Contrib-

utor, Source, and Method which stores the contributor information, the source of publica-

tion, and the method of data collection. Any user information in the system can be saved

in User table. This table contains only primary user information. Other user credentials

such as password and login information are stored in another set of tables. On top of these

tables, many junction tables like DataComponent, MetaSource, and others have also been

designed to correctly map foreign key relationships.

Detailed information for each data point can be collected by joining together tables

that are related to the data point of interest. Using this database model, we can also en-
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able efficient fine-grain selection. For example, among viscosity data, one can search and

obtain viscosity measures for a certain range of temperature and pressure, that are from

simulations and are contributed by a certain research group.

Our database aims to compile all viscosity results available from various sources.

These data will come from multiple research groups that are of both experimental and

computational nature. As an example, a researcher may compare the viscosity of the same

melt from different sources as well as methods of data collection. The modeling assessment

will examine the data’s consistency and smoothness by plotting viscosity as a function of

pressure, temperature, and composition. When any inconsistencies are found, they are

noted in the Comments and respective uncertainty fields in each database table. Note that

this step does not change the value of the original data, but rather gives an opportunity to

save uncertainties when the data is being used. Such decisions to include uncertainties in

the data will be based on various considerations. An example could be if a group of data

only reported melt composition as anorthite without reporting the actual analyses of the

composition, a larger error would be assigned for the oxide concentrations or for viscos-

ity. These assessments would help maintain consistency in the database and improve the

chance of obtaining the best viscosity model.

This database model has an efficient structure to manage data. However, it is not

intuitive for the end users. Therefore, an easy interface must be provided. Today, the most

popular interface to interact with remote data is the web on the Internet. We have built

a web application to facilitate researchers with an intuitive interface to search, select, and

analyze data along with the ability to compare and share different models. Below we dis-

cuss in detail regarding the components of the web application currently in use today.
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Figure 5.2. PCP showing two melt properties: viscosity (η) and density (ρ) [6].

Other material properties can be incorporated as new attributes and corresponding

new axes in the plot as long as they are defined in the same parameter (P − T −X) space.

For instance, to visualize the melt density ρ, the density value and uncertainty entries are

made in the “DataPoint” table (Figure 5.3). The density data at zero pressure are esti-

mated using the density model for multi-component melt systems. The density (ρ) axis

appears in the PCP (Figure 5.2). The data for the computational category spreads more

than those for the experimental category. Density takes smaller values at higher tempera-

tures. The data lines between the density and viscosity axes show a positive correlation –

the higher density, the higher viscosity.

5.2. Web Application

Once deployed to a public server, the web application can be accessed via any web

browser. Our system has been developed using Angular, a popular web application frame-
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work. The decision to utilize this framework was because of its stability which is backed

by large open-source contributions. A simple API on the back end provides data and fil-

tering access. We used D3 [7] for plotting on the front end. All these components will help

us create the web application with the following functions:

Web Access to the Database. The primary purpose of the web application is to

provide users convenient access to the data residing on the database. This application will

allow users to explore and download data. Users will also have the capability to browse

data with multiple fine-grain selection criteria.

Model Analysis, Visualization, and Comparison. After constructing single

or several models, our application will also provide tools for calculation and plotting the

model results. For the use case of viscosity, we will make several existing models available

in the system. By using our application, researchers can easily:

• Calculate viscosity values following single or multiple models. This is particularly

helpful for users interested in calculating viscosity for a specific temperature, pres-

sure, and composition with multiple models. Similar work in the form of a web

calculator [20] based on the multi-component viscosity model has been one of the

primary works on the online platform.

• Perform visualization of the entire parametric space the model was optimized on.

The current implementation contains Parallel Coordinates with interactive chart

actions.

• Download and share model results.
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Figure 5.3. DataPoint table with added material property Density [6].

In order to implement these requirements as a cloud framework, we opted to choose

a client-server model which consists of two remotely connected parts of the application -

client and server side. The server side is what resides on the remote server and is respon-

sible for facilitating data and responding to queries from clients. Client-side on the other

hand runs on the user’s computer and focuses on simple calculations and displaying data

returned in response to queries from the server.

5.3. Modeling

We used Python and several packages to model our data in this study. These pack-

ages include PyTorch [52], sci-kit-learn [10], and NumPy [21]. Specifically, we trained tree-

based models on the CPU using sci-kit-learn. On the other hand, we used PyTorch to run

training and inference on the GPU for neural networks. To handle data storage, load, and

transformations, we used sci-kit-learn and NumPy libraries. Finally, our web application

uses Python to retrieve trained model predictions and sends them back to the requesting

client on the server side.
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Chapter 6. Results and Analysis

In this chapter1, we describe analysis and modeling results using various datasets.

6.1. Visual Analytics

This section presents the details of our visual data analysis of the silicate melt vis-

cosity database. Viewing the viscosity axis using a logarithmic scale, we realize that the

viscosity values span the large range of orders of magnitudes: 10−4 to 1015. We also no-

tice that viscosity shows a bi-modal or tri-modal distribution (Figure 3.3). The outliers in

the high viscosity region are from experimental sources and cover a narrow temperature

range < 1000 K and zero pressure. On the other hand, outliers in the low-viscosity region

are mainly from computational sources at high temperatures (4000 - 6000 K) in the low-

pressure regime (0 - 20 GPa).

The polylines across all axes are colored red or blue to represent the methodology

categories (experimental or computational). On the Method axis, we see that the red cir-

cle is much larger than the blue circle Figure 3.3 (and Figure 3.6), which means that the

majority of data are the measured values. Looking closely, we can also find that almost

all experimental data are at ambient pressure (0 GPa) and low temperatures (< 2000 K).

In Figure 3.6, two groups can be seen in the viscosity axis for the experimental data. One

group is characterized by super-high viscosity and low temperature, and the other is char-

acterized by high viscosity and sub-low temperature.

The experimental data in our database come from publications as old as 1965. The

metadata axis Year shows a steady increase in the experimental data since the 1990s (Fig-

1Some parts of this chapter can be found in D. Bhattarai., J. Zhang., and B. B. Karki. Parallel
coordinates-based visual analytics for materials property. In Proceedings of the 14th International Joint
Conference on Computer Vision, Imaging and Computer Graphics Theory and Applications - IVAPP,
pages 83–95. INSTICC, SciTePress, 2019. Copyright permission included in Appendix A.
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ure 3.3). The computational data, on the other hand, are relatively new and are avail-

able only from 2010 onwards. The calculated data cover a much wider range of temper-

ature (2000 - 6000 K) and pressure (0 to over 150 GPa), but the majority are in the low-

pressure regime. Even though we have not included all experimental data available from

recent years, it seems that the broad ranges of temperature and pressure data for silicate

melts were previously unattainable from just experimental sources.

The composition of magma includes several oxides along with volatiles H2O and

CO2. The computational results offer a full range of MgO, SiO2, and Al2O3 contents (0 to

100 wt% or mol% for each). Experimentally studied compositions fall in the silica range

of 40 to 80 wt%. Pure silica or silica-rich melts tend to be highly viscous, as suggested by

calculated data in the low pressure-low temperature regime. The SiO2 as network former

makes the melt highly polymerized and highly viscous. However, MgO as a structure mod-

ifier lowers the melt viscosity. Small amounts of volatiles can cause significant changes in

melt viscosity. These dependencies can be observed by brushing along the merged dimen-

sion axis with controlled temperature and pressure ranges. The PCP method is considered

to be highly effective in visually judging correlations between dimensions that are mapped

to the adjacent axes. A negative correlation between the viscosity and temperature has

manifested as data lines crossing each other. This can be further enhanced by constrain-

ing pressure and composition. Selecting the computational category at zero pressure (blue

data lines), we find that the silica and MgO end members show the strongest and weak-

est negative correlation, respectively. Upon selecting experimental data by clicking the red

circle in Figure 3.6, we can see that the viscosity varies more than six orders of magnitude

for a relatively small temperature change, showing a negative correlation with each other.
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Figure 6.1. Two pressure regimes 60-80 GPa (blue) and above 120 GPa (red) are high-
lighted. Even with a wide high-pressure regime, the viscosity remains almost in the same
region as relatively low pressure [6].
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The viscosity-inverse temperature relationship appears to hold at all pressures and

compositions. PCP has successfully captured this fundamental nature. Viscosity depends

on the pressure component in a complicated way, however. Brushing the pressure axis in

the range of 60 – 80 GPa, we can see that several calculations were performed at 3000,

4000, and 6000 K (Figure 6.1). However, the viscosity value does not change as much

when translating the brush towards higher pressure regime of 120 – 180 GPa. Here we

can see several data points at 4000 and 6000 K. The viscosity value is still found to be in

the same lower region. These steps hint that the viscosity of silicate melts changes much

more at low temperatures and pressures but not so much in the high P − T regime. In-

terestingly, silica-rich melts display an anomalous behavior at 3000 K in that the viscosity

first decreases and then increases as pressure increases. This can be observed in the two

nested plots for the viscosity and pressure axes corresponding to low and high-pressure

regimes (Figure 6.2). The data lines cross each other at low pressures (negative correla-

tion), whereas they run parallel at high pressures (positive correlation).

6.2. Modeling

The viscosity of silicate melts is a complex function with respect to P − T − X.

The data landscape requires careful thought while modeling. For instance, a simple linear

regression model performs poorly over the whole region since it cannot accurately model

the nuances of different data regimes. Generally, if no analytical solution exists, physical

systems are expressed in equations with coefficients optimized from data for accurate pre-

dictions. Building these sets of equations is a complex task, often involving data selection,

pre-processing, and choosing a model form. Data pre-processing such as combining oxides
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Figure 6.2. Data selection of silica-rich compounds at 3000 K showing anomalous be-
havior at low pressures below 15 GPa (lower nested plot) and normal behavior at higher
pressures (upper nested plot). Blue and red represent pure and hydrous silica liquids, re-
spectively [6].
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into a new property, assigning exponential value for water content to amplify its effects,

and others are usually performed to guide model accuracy better. These methods success-

fully model specific data regimes, but none are generalized over all possible parametric

space. The main reasons for this are the lack of enough data throughout the region and

the complex relationship of viscosity with respect to its parameters.

Model overfitting is also another concern. An overfitted model memorizes data

space, producing accurate results for the training dataset but failing on unseen data.

These models are not useful since they do not generalize well for data not used during op-

timization. Therefore, an ideal model should be able to generalize and not memorize over

data space that it was trained on, is continuous, requires as few parameters as possible,

and would be explainable. Physical models are generally continuous over specific regimes

and have required only a few meaningful parameters. These models have worked quite well

for different data regimes but do not generalize well for the whole data region. Designing

such models require careful search over large hypothesis space, which might not always

be feasible. Further, using multiple models may lose continuity at the joins on model

boundaries.

Apart from describing the physical system manually, we can also use machine

learning techniques to model data. The system is not explicitly defined or constrained

through equations. Therefore, these models can explore larger hypothesis space. Since

we have limited data, model optimization does not take a long time (less than 1 minute

per model). But limited data also makes it difficult for the model to generalize over the

intended data space. We understand this trade-off and perform experiments with models

such as - tree-based, tree-based ensembles, and neural networks. Below we present an
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analysis of models trained on subsets with data compared against baselines from previous

works.

Train-test Partition. Machine learning algorithms require extensive testing to

prevent both overfitting and underfitting. In the work of Hui et al. [24] (HZ), all avail-

able data points were used to optimize their model form coefficient. This model form was

chosen according to the physical properties of silicate melts. The optimized model was

tested against another set of relatively fewer data points not present during optimization.

In the case of machine learning models, we have to partition all available data into train

and test sets (we used 80-20% split) to properly assess model performance. We use a rel-

atively large train set because machine learning models are not constrained by physical

properties. Partitioning can be done where a certain percentage of data randomly goes to

the training set and the rest to the testing set. A better partition strategy would be to

partition data randomly per composition. This way, all compositions are represented in

both the train and test sets.

Data Transformation. Since all the features and target variables are numeri-

cal quantities, only a few data transformation steps are required. We might notice that

the components of each composition are already scaled from 0-1 (in mole fraction). On

the other hand, the temperature values are orders of magnitude larger than the compo-

nent values. Therefore, all train and test data features are scaled by standard scaler fit on

the training set. Our target variable is the log10 viscosity values. Taking log compresses a

large range of real viscosity values. This is already favorable for the learning models since

the values they have to predict span a relatively smaller range since the exponential re-

lationship of viscosity with respect to its parameters is reduced to a linear relationship.
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Therefore, no transformation is performed on the viscosity values.

Learning Models. For this study, we use tree-based regression models such as

Decision Tree Regressor (DT), Random Forest (RF), and XGBoost (XG). We also include

a neural network model with two hidden layers and each layer containing 64 nodes with a

ReLU activation function. The first layer takes all input features (n = 12). The last layer

contains a single node with no activation function. This node predicts viscosity values in

the log10 scale. We double the nodes and the number of hidden neural network layers for

the complete dataset.

Hyper-parameter Search. Grid search with five-fold cross-validation was used

to find optimal hyper-parameters for all tree-based models. The search spanned multi-

ple depths (DT, RF, XG), learning rate (XG), as well as the number of estimators (XG).

The best-found model was then trained with all training data. For the neural network,

we fix the architecture and optimize its weights using train data. We train the neural net-

work for at least 5000 epochs for each experiment using a constant learning rate of 0.00001

and AdamW optimizer with 1e-5 weight decay. Batch size 256 was a good point between

model performance and training time. For the complete dataset, we use a larger neural

network with batch size, learning rate, and weight decay of 1024, 0.0004, and 0.02, respec-

tively. We follow [24] and use root means square error (RMSE) as our loss function. Below

we also include a study on how changing the network architecture impacts overall model

performance.
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6.2.1. Cross-validation Study

Randomly partitioning data into different test and train sets to train various mod-

els is one of the first steps in judging model performance. However, this yields another

problem of having either optimistic or pessimistic results depending on the partition. For

instance, we might get optimum results with test data having only a subset of the dis-

tribution that the model was trained on. Perhaps the test partition did not contain data

with complex behaviors. On the other hand, the training set might not have enough data

to be adequately trained, which may result in less generalizability. This poses challenges in

partitioning the data so that we can train models effectively and test the trained model.

One such way to examine this variability is using cross-validation, which is often

used in machine learning and statistics. With cross-validation, we partition the data into

multiple partitions of various sizes and test model result variance with each partition. One

thing to note here is that cross-validation aims not to find the best model but to under-

stand how well a model performs with unseen data. This method is computationally in-

tensive as it requires training several hundred models. But in the end, it allows us to see

how different partitions affect the model’s performance. After we perform cross-validation,

we can have at least an understanding of the model performance on unseen data. This

step is crucial, especially when we do not have a large data to train on. Further, this al-

lows us to observe model performance with different train and test distributions. Ideally,

the train and test data distribution should be similar to end up on well-generalized mod-

els, but picking and judging that a particular partition is generalizable even for unseen

data is a difficult task.
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Cross-validation comes in different flavors. For instance, k-fold cross-validations

where whole available data is partitioned into k-folds, trained on (k − 1) folds, and eval-

uated on the remaining kth fold. For instance, if we pick k = 5, a model is trained on

a total of 1st, 2nd, 3rd, and 4th partitions and evaluated on the 5th partition. Partition

1 through 4 becomes our training data, and the 5th partition becomes our testing data.

However, what if the 3rd partition (or any other partition for that matter) was more repre-

sentative of test data? Therefore, we re-initialize the model, train it with the 1st, 2nd, 4th,

and 5th partitions, and test it against the 3rd partition. Therefore, for each value of k, we

partition the data into k − 1 for training and 1 for testing. We repeat this k times and re-

port the mean, minimum, and maximum errors for each value of k. But this poses another

question, what would be a good value of k? Generally, in practice, k is chosen to be 3, 5,

or 10. However, we cannot rely on an arbitrary value of k; therefore, in this work, we have

looked at k from 2 to 29 and observed the variance in the results with each k.

Furthermore, we also need to be sure which learning model might produce the

smallest variance amongst all the folds for each k. Therefore, for each fold, we train four

different models. Specifically, we trained Linear Regression, Decision Tree Regressor,

XGBoost, and neural network. Next, we perform a grid search for each model for each fold

of k to get the best-configured model for the specified training set. Finally, we kept the

neural network with two hidden layers containing 64 nodes in each layer and optimized

using AdamW optimizer with 1e-4 learning rate and 1e-5 weight decay, each trained for

5000 epochs.

Our approach to finding a good model requires good generalizability on each fold of

the data partition. We iteratively go through different values of k, and for its every fold,
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we reset the model and train them.

procedure EvaluateModels(train, test)
allResults← dict()
k ← 2
regressors← [Linear,DT,XG,RF,NeuralNetwork]
while k < 30 do
folds← Perform k partitions
for train, test in folds do

for regressor in regressors do
Initialize regressor
Search optimum parameters with subset of train
Train regressor with tuned hyper-parameters using full train
Record test, train RMSE in allResults

Initialize neural network
Train network on train
Record test, train RMSE in allResults

k ← k + 1
return allResults

end procedure
Algorithm 2: Nested cross-validation to record train and test errors per-fold per-k.

Algorithm 2 shows a general procedure to record train and test errors for different

partitions defined by k. For each value of k, there will be k different folds of data. To find

their optimal parameters, we independently optimize three regressors - LinearRegressor,

DecisionTreeRegressor, and XGBoost. The search for optimal parameters is also carried

out using the best of 5 folds of inner cross-validation trials. Note that these inner cross-

validation folds for model optimizations are performed using only the train data. There-

fore, the optimization process is unaware of the test data defined by the fold in the outer

cross-validation. Once we get the optimal model, we retrain it with complete training data

of the current fold. Then we evaluate both test and train RMSE and record it in a dictio-

nary variable. At the end of this procedure, we get RMSE for all four optimal regressors

per fold per k.
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After evaluating 28 different values of k, each k representing the number of parti-

tions, we can now observe how the models perform on test data for each fold. The goal of

the analysis now is to see with various partitions how much the models are generalizing.

Below, Figure 6.3, 6.4, 6.5, and 6.6 are from the same graph except we sequentially turn

off bad-performing models. For each value of k, we take the RMSE of each of its folds and

report its mean (dots) and minimum and maximum deviations from the mean (error bars).

This helps us to evaluate how much the model results fluctuate between the different folds

of data.

In Figure 6.3, we can immediately notice that LinearRegressor performs badly with

mean RMSE around 3 log10 Pa s. This is particularly bad because the actual viscosity

value variation is quite large. Further, the variation is also generally increasing with k.

On closer inspection, this model is significantly overestimating predictions. Therefore, this

model is not practical for any predictability scenario.

In Figure 6.4, we display the results of models excluding LinearRegressors. These

candidate models contain means at a modest place, but errors in test results are pretty

different. We notice that, in particular, DecisionTreeRegressor has higher mean errors

than the remaining models. The min and max errors are also quite large, with the model

consistently underestimating at lower k. The mean error is between 0.4 and 0.6, which is

relatively lower than LinearRegressors. The fluctuation in min and max errors does not

provide confidence in having a good predictive capability.

This experiment’s two remaining model candidates are XGBoost and ViscosityNet

(neural network), as shown in Figure 6.5. While XGBoost’s performance is significantly

better than LinearRegressor or DecisionTreeRegressor, the mean error is still higher than
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Figure 6.3. Test error mean (dots), minimum, and maximum (error bars) for each k is
shown for four different regression models (less value represents better performance). The
x-axis represents k-folds, and the y-axis represents errors in RMSE (log10). We observe
that the linear model performs poorly, with errors in magnitude almost three times higher
than other regressors.

Figure 6.4. Test error plots without the LinearRegressor model give a much better view
of competent models. Even amongst these models, the variance in test error for Decision-
TreeRegressor is much higher than others.
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Figure 6.5. We only show errors and deviations of XGBRegressor and ViscosityNet (neural
network). Neural network models achieve an overall lower test mean error for all folds.

the ones given by the neural network.

Overall, we observe that neural networks perform better than any models we com-

pared against by judging the mean in test error and min and maximum deviations. For

example, in Figure 6.6, we can see that the mean is around 0.2 log10 units for almost all

folds (except for k < 7). We observe that at k = 28, the points contain the highest error.

But apart from that, we can observe that the error deviations are mostly symmetric for al-

most all values of k > 6. This consistency and relatively fewer deviations of min and max

error from mean per k suggest that it can generalize the data more than other models.

This also suggests that the neural network can learn non-monotonic patterns well within

the large parameter space of silicate melts.

It is also essential to ensure that the model is not just memorizing the training

data (overfitting) but is generalizing the complex nature of melts. For example, neural

networks are prone to overfitting partly due to the large parameter size. Other problems,
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Figure 6.6. Neural network mean test error amongst all folds is generally around 0.2
(log10). Even with such diverse train and test data folds, the neural network can get a
consistently lower mean for test data.

such as being locked into a local error minima during optimization, prevent it from being

properly trained.

During the training process of neural networks, we update their weight and bias pa-

rameters by the overall loss. We perform backward propagation of errors for each batch to

update the weights and biases. We iterate this process multiple times (commonly known

as epochs) by letting our dataset through the same networks while gradually adjusting

the values of weights. For example, we ran the same data multiple times (in this experi-

ment, we chose 5000 epochs). Suppose the optimization process is not stuck at a local er-

ror minima region. In that case, the training error is expected to continue decreasing until

it hits the global minima (if it ever can). Otherwise, we stop the training when an accept-

able testing error is achieved. Finally, we expect training and testing errors to decrease or

hover around some values on each epoch. This can also be another criterion to stop train-

ing because neither test nor train error will improve with more iterations.
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(a) (b)

Figure 6.7. Test loss graph with cross-validation at k = 28 (left) and k = 10 (right).

In the case of neural network overfitting, the training error continues to decrease or

plateau while the testing error suddenly increases. Generally, in this case, the training is

stopped at the point of the lowest test error, even if the training error continues decreasing

with more epochs. With overfitting, the model tries to memorize the training data reduc-

ing generalizability for unseen or test data. This behavior is akin to fitting a polynomial

with a high degree for some scattered data points. For example, a higher-degree polyno-

mial might be able to fit the data with low residuals. Still, it may not be necessary to go

to such an extreme when a lower-degree polynomial can generalize well for unseen points

during fitting. Therefore it is crucial to test our neural network and avoid overfitting.

For this reason, we perform tests where we plot (Figure 6.7) test errors from each

fold per epoch during the training process. We do not observe any significant trend of

overfitting. With each epoch, the test error continues to go down along with the training

error.
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6.2.2. HuiZhang (HZ) Dataset At Zero Pressure

The HZ dataset contains multi-component melt viscosity at varying temperatures

and ambient pressure. These data points were published by various other researchers and

were collected into a single data table [24]. The composition components in the original

dataset are expressed in weight percentage, the temperature in K, and viscosity in log10

Pa s. Since all data points are at zero pressure, we do not include the pressure parameter

during modeling. We reproduced the model by calculating viscosity values using the pro-

posed equation and optimized coefficient from Hui et al. [24]. This equation takes multi-

component composition in mole fraction and corresponding temperature as input produc-

ing viscosity value as output. We consider their published model and optimized coefficient

as a baseline for comparing and selecting our models.

All learning models were trained using 1096 data points and analyzed for their per-

formances on 355 test data points. We could observe that the neural network model yields

the lowest test RMSE (Table 6.1). It is important to look at the train and test RMSE val-

ues to understand the model’s predictive performance. In our case, the RMSE of XG on

train data is quite low. However, for test data, it is slightly less performant when com-

pared to the neural network. This means that the XG model is sensitive to training data

(low train error) and cannot generalize well for unseen data (high test error). Contrasting

this with our neural network model, we observed that both train and test loss go down as

the number of epochs increases while training. This consequently means that the neural

network model is learning training data distribution well while also being able to general-

ize for unseen data.
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(c) (d)

(e)

Figure 6.8. Model prediction scatter plots and error distributions produced by different
models on HZ test data. Blue and white circles in scatter plots represent hydrous and an-
hydrous compositions, respectively.
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Table 6.1. Train and test errors in RMSE produced by different models for the HZ
dataset. The table also shows model prediction RMSE for the train-test data split us-
ing the equation and coefficients from the literature.

Model Train Test

Decision Tree 0.01 0.70
Random Forest 0.15 0.59

XGBoost 0.02 0.45
Neural Network 0.11 0.22

HuiZhang 0.28 0.36

To take a closer look at all the data lines along with model predictions, we plot

measured vs. predicted values for the neural network as a scatter graph (Figure 6.8). The

figures show y = x perfect prediction solid line and ±1 log10 units through dotted lines.

We can see that most of the points fall close to the solid y = x line for all models. HZ and

neural network test model predictions stay within a log unit of actual values, whereas the

points are more scattered for tree-based models. The error histogram on the same figure

shows how an error is distributed across the viscosity range. Here, most data points lie in

the 0 error region, a signified peak in the middle. However small, some data points also

lie on the extremes of the error distribution. Compared to the HZ error distribution, the

neural network’s error distribution is narrower and contains fewer points at the extremes.

Similarly, compared with other tree-based models, the differences between extremes

are much larger, with several points falling outside one log unit dotted lines. The worst

case is for DT, where the model predictions are quite far from the actual value. An out-

lier test point is present in the scatter graph for DT. This datapoint contains composition

with SiO2, Al2O3, Na2O, K2O, and a small amount of water at 1571.15 K. This type of

extreme outlier is not seen in other models’ predictions.

For the neural network model, the data points that lie on the extremes of the er-
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Figure 6.9. Heat map comparing prediction error by HZ and neural network sorted by HZ
prediction error on the test dataset. Each data point is represented on the x-axis, and the
y-axis shows errors produced by the models.

ror distribution plot (Figure 6.8) signify most underfit and overfit model predictions. The

smallest and largest differences between neural network predictions and actual test points

are −0.83 and 0.67 log10 Pa s, respectively. While the HZ model’s smallest and largest er-

rors (-0.99 and 1.07 log10 Pa s) extend beyond the neural network’s differences. Since these

errors are expressed in log10, it is important to note that an error of 1 log10 Pa s means

that the actual viscosity values differ by order of magnitude. Data points with much larger

errors exist on both positive and negative sides for HZ compared to the neural network.

A test data point consisting of SiO2, Al2O3, Na2O, K2O, and water at 524.95 K with the

largest error (0.67 log10 Pa s) produced by the neural network was also found to have pro-

duced a high error (0.98 log10 Pa s) by the HZ model.

A heat map is used to compare predictive errors of HZ and neural network (Figure

6.9). Data in the heat map are first sorted by error produced by the HZ model and plot-

ted alongside neural network error. Each vertical band in the plot represents a single data

point, making it easier to compare model performance. We can pinpoint the data which

produced the largest error on the right side (at data point 350 mark), indicated by red for
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Table 6.2. Train and test errors in RMSE for different models for all available zero pres-
sure data with temperature less than or equal to 4000 K. Numbers inside the parenthesis
are RMSE after removing data points with large errors for HZ.

Model Train Test

Decision Tree 0.01 0.66
Random Forest 0.16 0.60

XGBoost 0.03 0.43
Neural Network 0.11 0.25

HuiZhang 144622.68(0.98) 565810.24(1.12)

both models. Both models have positive errors. Left of this data point, we can observe a

flip in error compared to these two models. HZ produces a strong positive error, while the

neural network model produces a strong negative error. Similarly, at around data point

50, we also have some points that produce inverse errors. All of these data fall below 1000

K. This temperature region of these data points lies near the crystallization interval in-

herent to the experimental procedures [56]. Since uniform data sampling is not possible

in this interval region, a gap in the data can be noted in both the train and test datasets.

The consistently low performance of all predictive models can be attributed to the lack of

data on this composition (or near it) in the specific temperature region.

6.2.3. New Zero Pressure Data Along With HZ

In recent years, new data have been collected using both calculated and experimen-

tal methods. These data points were not included in the HZ dataset. Among these new

data points, some calculated experiments are performed at very high temperatures (T >

4000 K). These kinds of temperatures are rare to exist in an ambient pressure environ-

ment. Therefore, they have been filtered out. The remaining new data points were added

to the HZ train and test datasets, totaling 1153 and 374, respectively. The modeling re-

sults are shown in Table 6.2.
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For all machine learning models, the RMSE values follow a general trend where

train errors are lower than test errors. The sensitivity of XG towards training data can

again be observed here. The neural network model seems to have trained properly and

produces the lowest test error among all models. The HZ model performs poorly, espe-

cially because it was not trained on the expanded data used in this experiment. This par-

ticularly high RMSE for HZ comes from a few data points of pure aluminum oxide at

upper-temperature regimes (T > 2000 K). These data points were collected from exper-

imental source [68]. The HZ model was not optimized for these data points, producing

large errors for some of these data. After removing these data points, the model seems

to have reasonable RMSE. However, the test RMSE is more than an order of magnitude,

which makes it inferior to all other models.

The scatter plot in Figure 6.10(a) compares differences between predicted and mea-

sured values after removing two outlier data points produced the largest errors for the

HZ model. Since the HZ model was originally trained using a subset of data used here,

it works on most data points. However, some data points have more than two orders of

magnitude difference between the predicted and actual value in log10. These high errors

came from calculated data points in the upper-temperature regimes (2500 K ≤ T ≤ 4000

K).

As seen in Figure 6.10(a), there are some data points where the neural network is

quite off. However, the errors on either extreme on the positive or negative sides do not

cross more than an order of magnitude. On the negative side, the difference is slightly

higher with some quite off-model values. The data points with errors below -0.5 mostly

came from lower temperature regimes (625 K ≤ T < 1580 K). These are mostly exper-

83



(a) (b)

(c) (d)

Figure 6.10. Test data model prediction scatter plots and error distributions for each
model trained on zero pressure test data with T ≤ 4000K. Blue and white circles in scat-
ter plots represent hydrous and anhydrous compositions, respectively.
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Table 6.3. Train-test RMSE for re-optimized HZ model. The coefficients were found using
least squares while keeping the equation form the same as published. In cases where full
datasets are optimized, the test RMSE and train RMSE columns show RMSE for only the
test-split and train-split, respectively. The overall train RMSE column shows different val-
ues than the train RMSE column for full datasets because the training concatenates train
and test splits before optimizing. In contrast, the train/test RMSE column shows errors
for only the train and test splits.

Dataset All Train RMSE Train RMSE Test RMSE

HZ (train-only) 0.28 0.28 0.40
HZ (full) 0.30 0.28 0.36

P = 0, T ≤ 4000 (train-only) 0.35 0.35 0.44
P = 0, T ≤ 4000 (full) 0.36 0.35 0.39

imentally measured high silica content (0.5 mole fraction) hydrous and anhydrous melts.

Similarly, data points with errors above 0.4 are coming from low-temperature regimes (600

K < T < 1475 K).

log η =
[
− 6.65XSiO2 − 262.44XTiO2 − 7.04XA2O3cx − 3.006XMgO − 17.70XCaO

+ 32.66X(Na,K)2Oex − 139.82Z + 159.47XH2O − 7.52X(Na,K)AlO2

]
+

[
17.64XSiO2 + 396.95XTiO2 + 15.59XAl2O3ex + 0.27XMgO + 23.50XCaO

– 69.52X(Na,K)2Oex + 47.02Z − 59.42XH2O + 14.82X(Na,K)AlO2

]
1000/T

+ exp
{[
− 8.75XAl2O3ex − 48.99X(Fe,Mn)O − 56.50XMgO − 45.61XCaO

– 62.93X(Na,K)2Oex + 81.59Z − 121.88XH2O − 3.57X(Na,K)AlO2

]
+

[
2.34XSiO2

– 111.90XTiO2 + 13.74XAl2O3cx + 30.13X(Fe,Mn)O + 63.13XMgO

+ 41.41XCaO + 40.86X(NaaK)2Oex + 403.79XP2O5

– 149.29Z + 200.66 XH2O

]
1000/T

}
(6.1)

Re-optimizing the HZ model using data from the train set would be a better
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(a) (b)

(c) (d)

Figure 6.11. HZ model predictions for ambient pressure data with T ≤ 4000 K with theta
obtained by (a) optimizing using train set from HZ dataset (b) from all HZ (c) optimiz-
ing using train set of all zero pressure data with T ≤ 4000 K (d) optimizing using all
zero pressure data with T ≤ 4000 K. Since the original theta was obtained by optimizing
mostly low-temperature (high-viscosity) data points, the model gives bad results (first
row) in the high-temperature (low-viscosity) regime. Blue and white circles in scatter plots
represent hydrous and anhydrous compositions, respectively.
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(a) (b)

Figure 6.12. MgO-SiO2 binary melts at different temperatures. Lines represent (a) neural
network predictions and (b) reoptimized HZ using both train and test data. Circle (test)
and cross (test) markers represent actual data points in the zero pressure and T ≤ 4000
K regime. The temperature axis is inverted; a low axis value means high temperature and
vice versa. Colors show different compositions - magenta (SiO2), brown (MgSi5O11), pur-
ple (MgSi2O5), red (MgSiO3), green (Mg2SiO4), orange (Mg5SiO7), and blue (MgO).

comparison since the original model was optimized on a subset of data used here. To re-

optimize HZ, we keep the original HZ equation form as is while using different data sets to

get new equation coefficients. We follow the HZ method of optimizing equation coefficients

using least squares for all of our tests. We got coefficients close to the published values

with all HZ data. Then only the HZ train subset was used to find new coefficients. Since

this subset contains fewer data than originally used by the authors, the predictive perfor-

mance decreased slightly. As expected, these new model coefficients performed poorly for

high-temperature data due to a lack of data during optimization. We then use the training

set used to train machine learning models in this section to get a new set of equation

coefficients. This training set contains high-temperature (low-viscosity) data therefore, it

performs better than the original HZ model coefficients.
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Table 6.4. Actual data for the MgO-SiO2 binary system present in either training or test-
ing dataset. MgO and SiO2 components in weight percent (mole fraction in parenthesis),
all other components have zero as value.

Composition Name SiO2 MgO Temperature range (K) Data points

Pure MgO Periclase 0 (0) 100 (1) 3000-4000 5
Mg5SiO7 Pe1 22.97 (0.16) 77.03 (0.83) 2500-4000 4
Mg2SiO4 Fosterite 42.71 (0.33) 57.29 (0.66) 2000-4000 16
MgSiO3 Enstatite 59.85 (0.49) 40.15 (0.50) 1987-4000 21
MgSi2O5 Sil1 74.88 (0.66) 25.12 (0.33) 2500-4000 4
MgSi5O11 Sil2 88.17 (0.83) 11.83 (0.16) 2500-4000 4
Pure SiO2 Silica 100 (1) 0 (0) 1523-4000 21

Further, the predictive performance increased as we added the training and test-

ing sets during optimization. The temperature continuity of the neural network and XG

model is shown in Figure 6.12 for compositions along the MgO-SiO2 binary. Equation 6.1

shows the updated coefficients optimized using all zero-pressure data with T ≤ 4000 K.

Table 6.5 shows the derivative property glass transition temperature (Tg) calculated from

various machine learning and HZ models.

6.2.4. Complete Dataset

In this section, we fit different models with all available data. This dataset con-

tains all previously used parameters, with addition to CO2 and P . All of our previously

trained models contained data for ambient pressure. We now broaden our parameter space

to include all data, including P > 0 GPa. Total data (2039) was then split into the train

(1554) and test (485) sets.

This experiment used a bigger neural network architecture to incorporate the

additional dimensions and data. Neural networks from previous experiments contained

two hidden layers containing 64 nodes each. Here, they were doubled in size to four hidden

layers containing 128 nodes in each layer. Further, we also updated the learning rate

88



Table 6.5. Actual and model predicted glass transition temperatures of four different com-
positions. Actual T a

g refers to values obtained from Giordano et al. [18].

Components (wt%) Rhyolite1 Rhyolite2 Basanite Rhyolite3

SiO2 76.38 76.38 41.17 76.29
TiO2 0.06 0.06 2.74 0.14
Al2O3 11.59 11.59 12.10 12.04
FeO 1.03 1.03 10.10 1.37
MnO 0.05 0.05 0.18 0.08
MgO 0.36 0.36 11.24 0.04
CaO 3.25 3.25 15.66 0.30
Na2O 2.44 2.44 2.76 3.39
K2O 4.66 4.66 3.04 4.89
P2O5 0 0 1.02 0.01
H2O 0 3 0 2

Actual T a
g (K) 1037 739 938 770

Neural Network Tg (K) 1026 722 886 723
HZ Tg (K) 1047 698 935 741

HZ re-optimized Tg (K) 1056 694 934 741
XG Tg (K) 1036 658 905 741
RF Tg (K) 937 726 400 749
DT Tg (K) 912 730 949 755

(0.0004), weight decay (0.02), batch size (1024), and the number of epochs (50,000). Table

6.6 shows the average errors.

In this experiment, the test accuracy of the neural network model was once again

lower than others. The addition of the pressure component did not affect the accuracy

of the neural network model when compared to the experiments with ambient pressure

data. The maximum difference between neural network predicted and actual values were

within ±1 log10 orders of magnitude for both the train and test sets, while all other models

produced even worse results. While XG errors were within ±1.7 log10, both RF and DT

exceeded ±2 log10. Since most experimental data have the uncertainty of under a log10,

any model that results in higher uncertainty produces unacceptable results. The neural

network model is well within this range and is a candidate to explore further.

Neural networks are prone to overfitting. We examine if our trained network is
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Table 6.6. Train and test errors in RMSE for different models trained using complete data
including high-pressure data points.

Model Train Test

Decision Tree 0.01 0.44
Random Forest 0.15 0.36

XGBoost 0.04 0.29
Neural Network 0.06 0.17

Figure 6.13. Neural network training progress for the complete dataset. Training and test-
ing losses are shown for training epochs 1,000-50,000 in the inset.
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(a) (b)

(c) (d)

Figure 6.14. Scatter plot of measured vs. model predicted values on test data split from
all available data. The center diagonal line represents y = x while dotted lines on either
side represent ±1 log10 η. Colored circles represent hydrous compositions, and white-filled
circles represent the rest of the data. Models are (a) neural network, (b) XG, (c) RF, and
(d) DT. Error distributions for each model are shown as an inset within the scatter plot.
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overfitting by looking at the training and test loss during the training progress. Figure

6.13 shows the training progress of the neural network from 600 - 50,000 epochs. The or-

ange and blue lines show training and test accuracy at each epoch. Since neural networks

are initialized randomly, the initial losses are high. These loss values are of little interest

because they tend to decrease rapidly as the training progresses. We can observe in the

figure that both the training and testing errors are decreasing, albeit slowly, with each

epoch. Therefore, no sign of overfitting can be observed. However, both loss curves go up

and down within a small range, but these fluctuations do not vary significantly. These can

be generally tamed by adding stricter regularization (dropout, regularization on loss func-

tion, and others) on top of the weight decay.

The neural network predicted viscosity is close to the actual values. Most of the

points on the scatter plot (Figure 6.14a) fall on the y = x line and are far less spread

out, decreasing the overall RMSE. The dotted lines in the figure show ±1 log10 boundaries.

All test datapoints fall within these boundaries. The error histogram (Figure 6.14a, in-

set) shows that most predictions fall in the zero error region with no outliers. The bound-

ary points fall in the outliers of natural P − T − X conditions. For example, predictions

for MgO-SiO2 (0.3 and 0.6 mole fraction) binary compositions at 159, 67, and 0 GPa and

4000 and 3000 K produced the highest errors from the test set for all models. These cal-

culated points do not contain oxides other than the pure binary. Only a handful of data

are available for the binary compositions at these specific pressure and temperature points.

The neural network produced prediction errors centered around zero for all other points in

the test set, signifying a well-trained model.

Tree-based models’ actual vs. predicted plots were spread out, with some points
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(a) (b)

Figure 6.15. Model continuity with T shown in scatter plot using (a) neural network and
(b) XG trained on all available data. Circles and crosses represent train and test data,
respectively. Colors show different compositions - magenta (SiO2), brown (MgSi5O11), pur-
ple (MgSi2O5), red (MgSiO3), green (Mg2SiO4), orange (Mg5SiO7), and blue (MgO). The
T axis is inverted, showing the axis line going from high-T to low-T regimes.

falling outside the dotted line boundaries. Some of these datapoints also produced high

errors when evaluating with the neural network. Error histograms of these models were

also centered around zero but were not as narrow as the neural network. Some outliers

beyond the ±1 log10 are visible on either side of 0 on the histogram. Among the tree-based

models, XG had the least RMSE and relatively closer predictions.

The continuity of trained models can be examined by generating points along its

parameters and evaluating the predictions. Ideally, these predictions are smooth and con-

tain fewer jumps. Some jumps are expected because they can be explained by data or

model properties. The modeling goal is also to minimize expected and unexpected sudden

changes for smoother predictions.

The T dependence for a few compositions along the MgO-SiO2 binary is shown in

Figure 6.15. The temperature axis has been inverted on both sub-figures such that the x-
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axis goes from high to low temperature. Therefore, the inverse η − T relationship is now

seen as a positive relationship. Circles represent data used to train the respective mod-

els, while crosses represent testing data unseen during the training phase. Lines following

these data points are model predictions.

The amount of silica (network former) positively affects the viscosity, while adding

MgO (network modifier) has a negative relation. Therefore, silica-rich melts at similar

temperatures have a viscosity higher than silica poor at similar temperatures. A compar-

ison between the model-predicted values in Figure 6.15 shows that they are close to the

existing data points. Further, these lines also show the inherent nature of each model. For

instance, the prediction lines of XG are discontinuous with many sudden changes, which is

in contrast to the relatively smoother neural network predictions. Tree-based models learn

by dividing the training data space with rigid boundaries, while the neural network learns

by optimizing its weights for minimum prediction error. For the regions within training

data, neural network lines are less prone to sudden changes. The extrapolated regions,

however, contain more spikes and valleys.

6.2.4.1. Glass Transition Temperature

The temperature at which silicate melts go through a phase change from liquid to

glass or vice versa is known as the glass transition temperature (Tg). In normal condi-

tions, silica glass forms a fully polymerized network structure. The random distribution of

chemically ordered rings, where silicon atoms are linked by bridging oxygen, influences the

structure of tetrahedral SiO4. The structure of liquid silica, on the other hand, is different.

The liquid is homogeneous in a large space-time. However, local ordering in liquids can in-
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duce changes within the duration of their formation [51]. From the atomic point of view,

these phase changes are not well understood, yet reliable prediction is essential in various

geophysical processes. As a rule of thumb, the glass transition temperature is taken as the

temperature of compositions when the viscosity value reaches 1012 Pa s.

Adding water is generally linked with an inverse relationship with Tg. We can

study this relationship by using trained models. For example, to predict Tg as a function

of water, we first linearly generate 10,000 temperature points between 400 - 1500 K. The

generated temperature points are appended for each composition, totaling 10,000 input

data points for the model. Since our trained neural network required data pre-processing,

we transformed the data before predicting viscosity values corresponding to each data

point using pre-trained models. Using the model-generated viscosity points, we pick the

temperature as Tg that yields a viscosity close to 1012 Pa s.

We set P to zero for all input data points to the model to examine the glass tran-

sition temperature of specific compositions. The procedure from the previous section is

repeated, and the results are shown in Table 6.7. Four compositions and their Tg from

Giordano et al. [18] are compared to model-generated glass transition values. The highest

absolute difference between predicted and actual Tg was within 100 K for neural network

and XG, while RF and DT produced much larger errors.

For natural melts and pure SiO2, the glass transition temperature decreases rapidly

for a few percentages of water addition. In Figure 6.16, this behavior can be observed

from both the neural network and XG predictions. Three compositions - pure SiO2,

Basanite, and Rhyolite1 were used to study the effect of increasing water content on Tg

as predicted by different models. Each increment of the water content is subtracted from

95



Table 6.7. Actual and model predicted glass transition temperatures of four different com-
positions. The models were trained using the complete dataset. Actual T a

g refers to values
obtained from Giordano et al. [18].

Components (wt%) Rhyolite1 Rhyolite2 Basanite Rhyolite3

SiO2 76.38 76.38 41.17 76.29
TiO2 0.06 0.06 2.74 0.14
Al2O3 11.59 11.59 12.10 12.04
FeO 1.03 1.03 10.10 1.37
MnO 0.05 0.05 0.18 0.08
MgO 0.36 0.36 11.24 0.04
CaO 3.25 3.25 15.66 0.30
Na2O 2.44 2.44 2.76 3.39
K2O 4.66 4.66 3.04 4.89
P2O5 0 0 1.02 0.01
H2O 0 3 0 2

Actual T a
g (K) 1037 739 938 770

Neural Network Tg (K) 1038 821 946 787
XG Tg (K) 1033 645 909 728
RF Tg (K) 953 736 400 766
DT Tg (K) 1047 400 1129 744

(a) (b)

Figure 6.16. The Tg of a melt decreases with the addition of water content. Changes are
rapid when adding the first few wt% of water. Models are (a) neural network and (b) XG.
Colors represent compositions Rhyolite1 (black), Basanite (magenta), and pure SiO2 (red).
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the silica component of the composition. The model results agree with the general trend of

decreasing viscosity with more water content.

6.2.4.2. Anomalous Behavior

Unlike the widely agreed inverse relationship of T − η, the P effect has a more com-

plex behavior. For depolymerized melts such as CaMgSi2O6 [54] and peridotite [43], the

viscosity increases with increasing pressure up to many gigapascals. An anomalous behav-

ior is observed for polymerized melts like silica [32] and enstatite [33, 44] where the vis-

cosity first decreases with compression up to a minimum and increases further after. Due

to the difficulties in operating with elevated temperature and pressure regimes, only a few

data points have been available. Recently with deep learning techniques, more data have

been added to existing experimental and calculated data.

We generated 1000 datapoints each for wt% pure silica (100) and MgSiO3(SiO2

59.85 and MgO 40.15) to evaluate their predicted η over P by neural network and XG.

The iso-therm curves for two melts shown in Figure 6.17 follow closely with existing

datasets. For both melts, viscosity first decreases and then increases with the addition

of pressure. Both neural network and XG models were able to replicate this behavior.

Within the training data distribution (or interpolation region), a few test points (crosses)

were not used during training. Qualitatively, the neural network predictions were closer to

actual data points at even extreme conditions, for example, the high-P point at 4000 K for

silica when compared with XG. The interpolation region of neural network was smoother

than that of XG’s. However, both models did succeed in capturing the general trend of

data. Adding more data would help train both models to replicate this complex data
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(a) (b)

(c) (d)

Figure 6.17. Anomalous and normal behavior of pure silica (first row) and MgSiO3 (sec-
ond row) respectively, at temperatures 3000 K (black), 3500 K (gray), 4000 K (magenta),
5000 K (brown), and 6000 K (red) with viscosity values generated by trained neural net-
work (first column) and XG (second column) models. Actual data points from both train
(open circles) and test (crosses) sets are overlayed on top of model predictions (solid and
dashed lines). The dashed lines represent model extrapolation regions.

98



regime better.

6.2.5. Model Limitations

We have presented machine learning models that could follow the general trend of

the melt viscosity data even at elevated P − T − X conditions. Modeling this complex

multivariate data poses several challenges due to the need to explore a large hypothesis

space. Further, contrasting P − η behaviors for different melts and temperature is difficult

to model using single or many parametric equations.

Lack Of Data. At high P − T conditions it becomes difficult to conduct experi-

ments. FPMD simulations and other techniques have helped create new data that gener-

ally agree with the existing experimental results. Even at ambient pressure, there are few

noticeable gaps, such as the crystallization interval. This interval is an experimental arti-

fact and is recorded in several experiments. In addition, new techniques and technology in

designing experiments are helping to fill this gap. In any case, adding new data that cov-

ers even more diverse and elevated P − T −X conditions would help train better models.

Tree-based Models. The tree-based models perform well on medium and small-

size data. Further, incorporating gradient boosting techniques while building trees can

have a noticeable impact on model predictive performance. Tree-based models perform

better on classification than regression tasks because tree construction algorithms divide

data space with hard boundaries. Regression with these models requires grouping and ag-

gregating the target value of data points in the leaf node. Aggregating data points, such

as taking an average, typically results in information loss. Therefore these models often

perform poorly on sparse and unstructured data.
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Figure 6.18. Feature importance by the number of times a feature was used to split data
across all trees in XG trained with the complete dataset. T , SiO2, and P play an impor-
tant role in building a model to predict the viscosity of a composition.
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Table 6.8. Parameter counts of different neural network architectures.

Architecture Parameter Count

64x2 9345
128x4 68097

Tree depth and the number of trees (for ensemble models like RF and XG) pro-

vide flexibility in optimizing data. Careful tuning is required for both parameters, as

small changes to them could result in large prediction deviations. Mainly, trees with

large depths are prone to overfitting and require pruning. The hard boundaries setup by

tree-constructing algorithms results in step-like discontinuous predictions with parameters

that do not allow for reliable prediction even in the interpolation region. However, the

same algorithm establishes a machine learning model baseline. It also enables feature

importance comparison as shown in Figure 6.18 for the complete dataset with XG.

Neural Networks. Neural networks are a powerful tool for modeling complex

data. Although they can take in any numerical values, our experiments found them to

train well for normalized input data. For the tree-based models, input normalization made

a minimal impact on model performance. Additionally, the random initialization of neu-

ral networks makes it challenging to maintain reproducibility across training sessions, even

with the same architecture, training, and testing data. Therefore, using a single fixed seed

for all random operations helps maintain a stable basis across experiments.

A significant disadvantage of neural network models is that they require many

learning parameters. For example, a neural network with two hidden layers, each contain-

ing 64x2 nodes, contains a total of 9345 parameters. Similarly, when we double the size

of the network to 4 hidden layers containing 128 nodes in each layer, the parameter count

goes to 68097 (∼7 times the smaller network). On the other hand, physics-based models
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with known equation forms use a relatively small number of learnable coefficients to get

the best fit for data. While a small number of parameters is desirable, it is challenging to

implement in practice since it is difficult to construct a single equation that works in the

vast parameter space while requiring only a handful of trainable parameters. Techniques

such as knowledge distillation can help decrease the size of the trained neural network

while keeping the same model performance.

In our experiments, we observed several small fluctuations in training and test-

ing loss throughout the training of neural networks. These loss fluctuations become more

prominent with the size of the network. Different values for weight decay and augmenting

the loss function with additional regularization terms could help make these loss curves

smoother. Additionally, with more extensive datasets, a network could model complex re-

gions better.
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Chapter 7. Conclusions and Future Works

Materials data collected using advanced experimental and calculated techniques

have been gaining interest in recent years. Even for specific materials, such as silicate

melts, geo-scientists have collected a significant amount of data for analysis. Silicate melt

property such as viscosity is crucial to understanding Earth’s geo-history. In this study,

silicate melt viscosity data are collected and used for visualization and modeling. In addi-

tion, a web application is developed, which contains a database, visualization, and model-

ing modules. Users can filter, explore, and download the filtered data in a standard format

such as csv. User interaction involves axes brushing, reordering, merging, scaling, and flip-

ping in scatter and Parallel Coordinates Plots.

The viscosity of silicate melts exhibits complex variations in response to changes

in pressure, temperature, and composition (P − T − X), making it a challenging as-

pect to model. Four machine learning models, Decision Trees, Random Forests, XGBoost,

and neural networks, along with physical models, were evaluated for silicate melts viscos-

ity data. Neural networks outperformed all models and could calculate complex deriva-

tive properties such as glass transition temperature and anomalous behavior. The trained

model captures a wide range of P − T − X conditions. Further, model-generated points

were continuous over parameters within the training data region. Tree-based models, par-

ticularly XGBoost, were close to the neural network’s predictions. However, these models’

inherent nature of splitting the data space with decision boundaries makes the predictions

step-like with possible significant changes. A particular challenge lies in modeling the P

dependence on η where polymerized and depolymerized melts show opposite behaviors in

the first few GPa. The neural network’s generated points lie close to the actual points and
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follow the anomalous behavior of silicate melts. Pre-trained models are available to ex-

plore and download in the web application.

Machine learning systems require a considerable amount of data for proper train-

ing. Therefore, more work on collecting new data would help improve model performance.

Further exploring different data pre-processing techniques for each model may gain some

improvements. Besides that, in the case of neural networks, a better loss function corre-

sponding to the physical nature of melts would help steer the training progress in the cor-

rect direction. Additionally, generating synthetic points from a trained neural network,

like an auto-encoder, to further use those points as training samples to train a bigger re-

gression network than used in this study is a future avenue to explore. Finally, as we add

even more data, transfer learning from other pre-trained large regression networks could

also be helpful. Similar to the study presented here, we can use a similar workflow in visu-

alizing and modeling other material properties.
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