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Abstract: Emerging modern data analytics attracts much attention in materials research and shows
great potential for enabling data-driven design. While data populated from the high-throughput
CALPHAD approach enables researchers to better understand underlying mechanisms and to
facilitate novel hypotheses generation, but the increasing volume of data makes the analysis
extremely challenging. Herein, we introduce an easy-to-use, versatile, and open-source data
analytics frontend, ASCENDS (Advanced data SCiENce toolkit for Non-Data Scientists),
designed with the intent of accelerating materials research and development. The toolkit is also of
value beyond materials science as it can analyze the correlation between input features and target
values, train machine learning models, and make predictions from the trained surrogate models of
any scientific dataset. Various algorithms implemented in ASCENDS allow users performing
quantified correlation analyses and supervised machine learning to explore any datasets of interest
without extensive computing and data science background. The detailed usage of ASCENDS is
introduced with an example of experimental alloy data.
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1. Introduction

High-throughput thermodynamic calculation based on the CALPHAD (CALculation of PHAse
Diagram) has recently demonstrated its great importance in accelerating the research and
development of advanced materials [1-4]. Its impact can be further extended into the design of
new materials within the context of modern data analytics, which is an emerging area in materials
science and engineering. In contrast to the conventional trial-and-error basis experimental
approaches and physics-based bottom-up simulation approaches for material design, data analytics
can considerably reduce cost, risks, and time, and thus significantly accelerate the pace of
identifying superior new materials [5, 6]. The analysis of databases by supervised machine learning,
which ideally combines trustworthy data generated by high-throughput CALPHAD from high-
fidelity models together with high-quality experimental data, or data from other sources, enables
the materials scientists to better understand materials in the view of thermodynamic properties and
generate novel material hypotheses [5]. However, the increasing volume of modern materials
databases makes their analyses increasingly challenging for materials scientists. Although several
machine learning tools are publicly accessible [7], most of them require a certain level of
programming skills and are often intimidating to users who have little background in computing

and data science.

Herein, we present an easy-to-use, versatile, and open-source data analytics frontend, ASCENDS
(Advanced data SCiENce toolkit for Non-Data Scientists) [8], to assist the research and
development of advanced materials. ASCENDS is a general-purpose data analytics tool for any
person who wants to perform correlation analysis and machine learning with any dataset of

adequate quality for data analytics. ASCENDS focuses on two data analytical techniques, i.e.,
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correlation analysis and (supervised) machine learning. Correlation analysis allows a researcher to
quantify the strength of the relationship between input (features) and output (target properties),
which is useful for evaluating the influence of certain features on the properties of materials and
facilities the understanding of the underlying mechanism. Machine learning focuses on two
different (supervised) machine learning tasks - classification and regression. ASCENDS is
designed based on the following principles: (a) supervised machine learning
(classification/regression), (b) correlation analysis, (c) no programming skills and user-friendly,
and (d) publicly available via GitHub [8] frontend of open-source projects, and (e) a high-

throughput correlation analysis and machine learning.

A flowchart describing the usage of the ASCENDS is presented in Fig. 1. Firstly, users should
prepare a dataset with adequate quality based on their knowledge of a particular system. Then with
ASCENDS, correlation analysis between the input features and the target can be performed to rank
the features and identify/select key features that should be included in the training of machine
learning models. Next, machine learning training is carried out to obtain accurate surrogate
models. These models then are applied to predict the property of candidate materials and identify
promising new materials with improved property. Last, experiments are expected to validate the

identified promising new materials.

[Figure 1 about here]

ASCENDS provides two user interfaces: a web-based graphical user interface (GUI) and a
command-line interface (CLI). With the GUI, the user can intuitively perform various correlation

analysis and machine learning tasks without any programming skills. The ASCENDS CLI is much
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faster and more efficient than GUI and provides more functionality and greater flexibility of use,
for instance, classification tasks and tuning of hyperparameters of machine learning models. More
importantly, CLI can easily be used in batch files or scripts; thus, the user can automate tasks, i.e.,
performing tasks in a high-throughput manner. This article presents a concise user guide to make

this powerful and user-friendly toolkit available to the broad materials community and beyond.

2. Theoretical background

ASCENDS is developed in Python wrapped around various open-source machine learning projects

such as scikit-learn (https://scikit-learn.org/), TensorFlow (https://www.tensorflow.org/), and

Keras (https://keras.io/). ASCENDS uses the open-source libraries TensorFlow and Keras as its

underlying code for neural network models, and uses another open-source software library Scikit-
learn for the rest of the machine learning models. All of these libraries are powerful tools, but they
require users to have programming knowledge, because they are developed as software libraries,
not a standalone system with an interface. ASCENDS GUI was developed using the combination

of Tornado (https://www.tornadoweb.org), jQuery (http:/https://jquery.com), and Bootstrap

(https://getbootstrap.com). ASCENDS is an open-source project [8], licensed under MIT license.

Identifying the meaningful descriptors plays a vital role in training a machine learning model
correctly and making a trustworthy prediction [5], thus, in addition to the machine learning
module, a correlation analysis module is implemented in ASCENDS, so that the user can analyze
the correlation between the input variables and the machine learning target. It also allows

researchers to study the influence of different combinations of variables on the accuracy of
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machine learning. A brief introduction of correlation analysis and machine learning technique, as

well as the algorithms, are provided below.

2.1. Correlation analysis

Correlation analysis is a statistical evaluation approach to quantify the strength of the relationship
between two or more variables. Algorithms implemented in ASCENDS for correlation analysis
are maximal information coefficient (MIC) [9], Pearson's correlation coefficient (PCC) [10],
maximum asymmetry score (MAS) [11], maximum edge value (MEV) [11], minimum cell number
(MCN) [12], generalized mean information coefficient (GMIC) [13] and total information
coefficient (TIC) [14]. A brief introduction to these algorithms is presented below. For details, the

readers are invited to refer to the corresponding literature.

MIC is a measure of the strength of the linear or non-linear relationship between two variables. It
lies between 0 and 1. The closer the coefficient to 1, the stronger the correlation between the two

variables.

PCC is a measure of the linear relationship between two variables. It has a value between 1 and
—1, where 1 indicates a total positive linear correlation, —1 indicates a total negative linear
correlation, and 0 indicates no linear correlation. Therefore, the closer the coefficient to 1 or —1,

the stronger the correlation between two variables.

MAS is a measure of the deviation from monotonicity and is useful for detecting periodic

relationships with unknown frequencies that change over time.
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MEYV measures the closeness to a function and the degree to which the dataset appears to be
sampled from a continuous function. MEV ranges from 0 to 1. A large MEV indicates a well-

behaved function.

MCN counts the number of cells required to reach the MIC score. Monotone and well-defined
functions require fewer cells, while poorly defined and non-monotone functions require a large

number of cells to reach MIC.

GMIC is a generalized or modified MIC, which incorporates a tuning parameter that can be used

to modify the complexity of the association favored by the measure in a controlled way.

TIC is designed as a test statistic for testing a null hypothesis of independence.

2.2. Machine Learning

The current version of ASCENDS mainly focuses on two different (supervised) machine learning

tasks — classification and regression.

e C(lassification is the process of predicting the class of input data. The output value from a
classification task is a discrete set or a category. It is discontinuous. Using the mapping
function in ASCENDS, the user can predict a category from input variables. For example,
ASCENDS can train a model to predict whether an email is a spam or not-spam.

e Regression is the process of searching for a function that is able to generate continuous output
values from input data. For instance, ASCENDS can train a model to predict the price of a

house based on location, square footage, number of bedrooms, and so on.
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In ASCENDS, seven machine learning models (algorithms) for regression tasks are implemented.
They are linear regression (LR) [15], Bayesian ridge regression (BR) [16, 17], kernel ridge
regression (KR) [18, 19], k-nearest neighbor regression (NN) [20], random forest regression (RF)
[21], support vector machines (SVM) regression [22] and neural network (NET) [23]. A brief
introduction to these models is presented below. For details, please refer to the corresponding

literature.

LR uses a linear predictor function to model the relationships between input and output data. By
the linear approximation, unknown parameters in the LR model are fitted to minimize the residual

sum of squares between input data and predicted values (output data).

BR is another linear regression model. In BR, linear regression is formulated using probability
distributions. It estimates optimal parameter values for a probabilistic model, assuming the output
variable is drawn from a probability distribution, but not a single value. BR does not aim to find a
single best value for the model parameters but to identify the posterior distribution for the model

parameters, which is beneficial to overcome the overfitting.

KR is a non-parametric form of ridge regression. It combines ridge regression with the kernel
trick. By using the kernel method, it simplifies the computation of inner products in a high-
dimensional space and learns a linear model in the implicit feature space induced by the respective
kernel and data. For the non-linear kernels, it corresponds to a non-linear function in the original

space.

k-NN assumes that similar things are close to each other. It simply outputs the average value of
data points in k nearest neighbors. The function is approximated only locally and thus uses only a

portion of the relevant datasets.

Submitted to CALPHAD 8



10

11

12

13

14

15

16

17

18

19

20

21

RF operates by constructing multiple decision trees during training and outputs the mean
prediction of the individual trees [21]. It is among the most effective machine learning models. RF

overcomes the overfitting of the decision tree to the training dataset [24].

SVM is a supervised learning model that can be used for both classification and regression analysis.
For a classification problem, SVM constructs a hyperplane or set of hyperplanes in a high- or
infinite-dimensional space that distinctly classifies the data points. To handle a regression problem,
SVM is generalized by introducing a e-insensitive region (e-tube) around the function. This tube
reformulates the regression problem to find a function that has at most € deviation from the
obtained targets for all the training data while balancing model complexity and prediction error

[22].

NET mimics the biological animal brain. It consists of several simple and highly interconnected
processing elements (neurons) that work in parallel to complete a specific task. In NET, the neuron
uses activation functions to calculate the output value and transfers this value to the next neuron

as an input for further calculation.

3. Application Examples

ASCENDS has been successfully applied to predict the creep resistance of alumina-forming
austenitic (AFA) stainless-steel alloys [5] and the melt-pool geometries in single-track metal
additive manufacturing [25]. Both publications detail the analysis of the results from correlation
analysis and machine learning by ASCENDS. This section will only focus on the detailed usage

of ASCENDS, and the prediction of the creep resistance of AFA alloys using the

Submitted to CALPHAD 9



10

11

12

13

14

15

16

17

18

19

20

“comp_only dataset” in the appendix of Ref. [5] is adopted as the example. It should be

emphasized that the usage of ASCENDS with this dataset is well applicable to other datasets.

A comma-separated values (CSV) file is required as the input file for the ASCENDS toolkit. The
“comp_only dataset” for AFA alloys in Ref. [5] collects 21 features, i.e., name of alloys,
compositions, processing temperature (T1), creep testing conditions (stress and test temperature
(T2)), rapture time (RT) and an engineered feature-Nb_C (the molar ratio between niobium and
carbon). LMP is the Larson-Miller parameter that is used to represent the creep behavior of these
AFA alloys. The structure of this dataset is presented in Fig. 2. Each row collects the data of all
variables of a specific sample and each column collects the data of a particular variable of different
samples. Next, we will show how to use both GUI and CLI in ASCENDS to perform correlation
analysis and machine training with this dataset. The LMP is the target of correlation analysis and
machine learning, and the remaining variables (except id, name and RT) are the input features. It
is worth mentioning that ASCENDS can easily handle a dataset with more features, for example,

the “AHEAD _dataset” with ~500 features in Ref. [5].

[Figure 2 about here]

3.1. Graphical user interface (GUI)

GUI in ASCENDS is designed for regression tasks. Please run the following command to start the

ASCENDS server.

(ascends) $ python3 ascends_server.py
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Then you will see

Using TensorFlow backend.

* ASCENDS: Advanced data SCiENce toolkit for Non-Data Scientists

* Web Server ver 0.1

programmed by Matt Sangkeun Lee (lees4@ornl.gov)
please go to: http://localhost:7777/
Open a web browser and go to the URL: http://localhost:7777. The “Feature Selection” tab shown

in Fig. 3 will appear.

3.1.1. Correlation analysis

The “Feature Selection” tab is designed to perform correlation analysis so that the user can rank
the input variables/features and customize the features for machine learning. Click “File” in the
upper left corner to select and load a dataset (in .csv format). After the input file has loaded, it will
be displayed in the “Data Table” module. All available variables for analysis are listed in the “All
Columns” module. After choosing the input variables and target, the user can perform correlation
analysis between them by clicking the “Perform” button in the “Correlation Analysis” module.
As shown in Fig. 3, by default, the results of correlation analysis using the MIC algorithm [9] is
displayed. In this case, “T2” has the highest score and “stress” follows, which indicates strong
correlation between both variables and the LMP. In another word, “T2” and “stress” have the
largest influence on the LMP of AFA alloys, As stated in Ref. [5], both “stress” and “T2” are

obviously key factors in determining creep rupture life. The button just below “Perform” allows
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the user to choose results from the other algorithms, for example, Pearson’s correlation coefficient
(PCC). The “Top 57, “Top 10”, “Top 15 and “Top X buttons allow the user to decide how many
top-ranking variables/features will be used in the next step, i.e., machine learning. Once correlation

analysis is done, click the “Go to ML” button to move to the tab for machine learning.

[Figure 3 about here]

3.1.2. Machine learning

As shown in Fig. 4, just as on the “Feature Selection” tab, the “All Columns” and “Input/Target
Columns” modules are displayed in the “ML Performance Training & Test” tab. ML denotes
machine learning. The user can customize the input variables/features and target for machine
learning training. In the “Accuracy Test” module, you can select the algorithm/models, i.e., LR,
BR, KR, NN, RF, SVM, and NET, for machine learning training and define a value for “k-folds”
[26] cross-validation. k-folds approach [26] randomly dividing the input data into & groups. The
first group is treated as a validation set and the rest (k-1) groups are used to train the machine
learning model. In “Hyper Parameter Preset”, the user can select the default hyperparameters
setting or load a custom hyperparameter for each model. The user can also define “scaler” for each
training. Scalers implemented in ASECNDS are “StandardScaler”, “MinMaxScaler”,
“RobustScaler” and “Normalizer”. “False” means using the default scaler “StandardardScaler”.

For details on scalers, please refer to Ref. [27].

[Figure 4 about here]

Submitted to CALPHAD 12



10

11

12

13

14

15

16

17

18

19

20

21

In this case, we used “Random Forest” (“Algorithm”), “StandardScaler” (“Scaler”), “5” (“k-
folds”) and “Default Hyper Parameter” (“Hyper Parameter Preset”), and selected all variables
(exceptid, NAME, LMP and RT) as the input data and the LMP as the target. Then click “Perform”
to initiate machine learning training. A diagram showing the predicted value versus the actual
value of the target, is presented along with the accuracy (R? the coefficient of determination) and
mean absolute error (MAE). In this case, the accuracy (R?) and MAE of the trained RF model are
0.877 and 250.705, respectively. Next, click the “+Save Model” button to save the trained model.
The saved model will be displayed in the “ML Models” module and the corresponding file will be
stored in the folder: static/learned models. Click “Proceed” to move to the tab for prediction using

the trained machine learning models.

3.1.3. Prediction

“ML Prediction” tab (as shown in Fig. 5) in ASCENDS allows the user to make a prediction using
the trained machine learning model from previous step for new input data. Click “Load Input File”
to load the file for prediction. It should be emphasized that the file for prediction must have the
same structure/dimension as the input file for correlation analysis. Select the model for prediction
in the “Trained Models” module and the data to be processed in “Input Data Table”, then click
“Predict Selected” to initiate prediction. In the “Output Data Table” module, the predicted value
(LMP in this case) is listed in the last column along with the machine learning model and the raw
data from the loaded file. The user can export the results in various formats, such as .csv, .xlsx and

.pdf, or print the results.

[Figure 5 about here]

Submitted to CALPHAD 13



10
11
12
13

14

15

16

17

18

19

20

21

22

3.2. Command-line interface (CLI)

No programming skills are required to use the ASCENDS CLI, and the user only needs to
familiarize themselves with some simple commands and options. CLI is much faster than GUI,
and provides more functionality, such as handling (machine learning) classification task and tuning
the hyperparameters of the machine learning models. For machine learning (regression) training
tasks, the structure of the command is as follows:

(ascends) $ python3 train.py { r (regression) or c (classification)} {Path to the input
file} {Path to output project folder} {Target column} --ignore_col {the columns to
ignore} --feature_selection {selected correlation algorithm} --num_of_feature {number
of top-ranking features} --model_type {type of machine learning models} --
save_corr_chart {False or True} --save_corr_report {False or True} --save_test_chart
{False or True} --save_test_csv {False or True} --scaler {type of scaler}

The user can customize the value for each argument. A detailed description of all arguments (as

shown in Fig. 6) in ASCENDS is available by executing the following command.

(ascends) $ python3 train.py -h

[Figure 6 about here]

The following examples show how ASCENDS CLI can be used to replicate the results obtained

with the GUIL.
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3.2.1. Train machine learning model

By executing the below command, we will repeat the tasks for correlation analysis and machine
learning in sections 3.1.1 and 3.1.2. The information shown in Fig. 7 will be displayed.

(ascends) $ python3 train.py r data/comp_only dataset.csv output/AFA alloys LMP --
ignore_col id RT NAME --feature_selection MIC --num_of_feature 21 --model_type RF --
save_corr_chart True --save_corr_report True --save_test_chart True --save_test_csv
True --scaler StandardScaler

train.py is the program file for correlation analysis and machine learning tasks. The input file is
comp_only dataset.csv in the directory data. The r indicates that regression will be performed.
The results will be organized and saved in the directory output/AFA_alloys. LMP is the target.
Variables id, RT and NAME are ignored. Correlation analysis will be performed with the algorithm
MIC. For machine learning training, top 21 features, i.e., all variables in comp_only_dataset.csv,
from the MIC analysis will be used, and RF (random forest) model will be used. “True” denotes yes,
so the charts (in .png format) and reports (in .csv format) from correlation analysis and machine
learning as well as the trained machine learning model (in .pkl format) will be saved in the
directory output. The used hyperparameter (in .prop format) at training will be stored in the

directory data. In this case, a trained RF model with an accuracy (R?) of 0.877 is obtained.

[Figure 7 about here]
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3.2.2. Prediction

For prediction, the structure of the command is as follows:

(ascends) $ python3 predict.py {r (regression) or c (classification)} {Path to the

trained model} {Path to the input file} {Path to output project folder}
By executing the following command, we will repeat the task in section 3.1.3.

(ascends) $ python3 predict.py r
output/AFA_alloys/models/sessionlr_comp_only dataset RF.pkl

data/comp_only dataset_prediction.csv output/AFA_alloys

The predicted LMP are saved in the project folder output/AFA_alloys/predictions.

3.3. Hyperparameters tuning in CLI

CLI also allows the user to tune hyperparameters of machine learning models to achieve higher
accuracy. For example, if the user wants to tune hyperparameters of RF model for 100 iterations,
the command --auto_tune True --auto_tune_iter 100 should be added at the end of command
in section 3.2.1, so the full command is

(ascends) $ python3 train.py r data/comp_only dataset.csv output/AFA_alloys LMP --
ignore_col id RT NAME --feature_selection MIC --num_of_feature 21 --model type RF --
save_corr_chart True --save_corr_report True --save_test _chart True --save_test_csv
True --scaler StandardScaler --auto_tune True --auto_tune_iter 100

With this command, ASCENDS will automatically tune the hyperparameters for the defined
machine learning models (RF in this case). The tuned hyperparameters were saved as a .prop file
in the directory output/AFA_alloys/parameters, which can be used for future training in both the

GUI and CLI. It should be noted that the tuning of hyperparameters does not guarantee that a
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trained machine learning model with higher accuracy can be obtained. The user needs to search

for the optimal number of iterations to reach higher accuracy.

4. Summary

We present an easy-to-use and powerful modern data analytics toolkit, ASCENDS, to assist the
data-driven research and development of advanced materials. This software also serves as a
general-purpose data analytics tool for anyone who wants to perform correlation analysis and
machine learning with their own data. ASCENDS provides two user interfaces: a web-based
graphical user interface (GUI) and a command-line interface (CLI) and neither requires any
programming or data science background. While the ASCENDS GUI allows the user to intuitively
perform various correlation analysis and machine learning (regression) tasks, the CLI provides
more functionality, such as facilitated the hyperparameters tuning of machine learning models to
reach higher accuracy and machine learning classification tasks. CLI also allows the user to
perform correlation analysis and machine learning in a high-throughput manner when combined
with scripting environments. The flexibility of ASCENDS allows applying data analytics beyond
the materials dataset, and we anticipate researchers in many disciplines benefit from this versatile

data analytics toolkit.
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Figure captions

Fig. 1 A flowchart describing the usage of the ASCENDS

Fig. 2 Example of the structure of the input database

Fig. 3 “Feature selection” tab in GUI of ASCENDS for correlation analysis

Fig. 4 “ML Performance Training & Test” tab in GUI of ASCENDS for machine learning training
Fig. 5 “ML Prediction” tab in GUI of ASCENDS for prediction

Fig. 6 List of available arguments in CLI of ASCENDS

Fig. 7 Information displayed after performing correlation analysis and machine learning by CLI
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