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Abstract

High-temperature-corrosion of alloy is a mainproblem in many industries. One
of the failure form is'the cracking or spallation of self-protective oxide film due to the
stress development from the oxidation process-and-thermal stiess from the different
thermal expansion_of oxide and‘@aHoy. Conventionally, Pilling-Bedworth ratio (PBR)
which has been developed-to/desetibe the effect of the-difference between the volume
changes of oxides and‘metals during the oxidation, is-used to predict.the cracking of
self-protective-oxide film. However, the crystalstructures and-the-formation of oxides
of alloy are differentfrom metals:\Applying the PBR in:alloy causes an‘inaccuracy of
the predietion of self-protective oxide film stress generation.; The problem of the PBR
ratio led.to this-werk-that focuses on using machine learning-to predict the cracking of
the self-protective oxide films-of alloys at the temperatures between-200-1200 °C under
various atmospheres:The.model uses alloys’ compesitions, oxidation’s:conditions, and
oxidation“periods-as thejinputs to predict the oxidation rate of ‘oxide films, the thermal
expansion-coefficient .of the:oxide films and”alloys, ‘and the ‘spallation /of the self-
protectiveoxide filmsasthe outputs.
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Chapter 1
Introduction

1.1 Backgrounds of the research and its significant

Alloy is a composite material whose major component is metal. It has been used
in various ways in industrials [1]. The alloy usually deploys at high-temperature
conditions because of their resistance to high-temperature deteriorations. The high-
temperature resistant properties of alloys come from the oxidation of some elements
resulting in the production of the self-protective oxide film that prevents the metals
from the environment. The contact.between.metals and the environments may leads to
the corrosion of materials'whiehrteads to the cracks ofithe metals and alloys [1].

Spallation_is_breaking of the ‘oxide film, cracking through the thickness of the
oxide film. It‘oecurs from-changing temperatures during cooling and also from the
differences/of thermal expansion -coefficients ofsoxide and metahor alloy that are
mismatched, leading to cracking [2].

From the oceurred spallation“previousty-mentioned, the, prediction of protection
performance of the oxide films could be predicted by the-Pilling-Bedworth ratio (PBR)
expressed.as the oxide and the metal volumes ratio. The-volume change due to the
formation, of the.oxide generates-stress that may-cause the-oxide film-cracking which
leads to-spallation-of- the oxide film.:The, PBR -has been used to predict the stress
development during-the-oxidation process since 19233}

Originally-PBR was established for the farmation of a single type of oxide during
the oxidation of metals’which can be described by the simple-kinetic-equation, known
as the parabolic rate-law [4]. By considering the assumptions includes:/1) the oxide
growthoccurs-by uncharged particles;2).the diffusion coefficient isvindependent of the
concentration,/3) the concentrations C(0)-and C(L) in the interface.regions (metal-oxide
and oxide-gas, respectively) are independent-of the film thickness; 4) film growth is a
steady state phenomenon [5], 5) the-metal-oxides grow by diffusion of oxygen inward
through the oxide, Jayertothe metal, and 6). the possibility.of plastic flow by the oxide
or metal was not considered.

Although many investigators-have-shown that the oxidation of the protective
materials follow a parabolic rate law over a wide range of temperatures for both pure
metals and alloys [4]. Typically, the kinetics of oxidation during the early stages are
parabolic behavior, but, after a period of time they are also possible to be logarithm or
linear behavior above a certain thickness [6] which implies the cracking and then
spallation of self-protection film. It was found that the PBR for the oxidation of alloys
is not the same as those of metals. The PBR for the alloys are significantly different to
the PBR for the metals because the oxidation of alloys is influenced by the crystal
structure and lattice constants of the alloys [3]. When using this PBR with alloys that
have many compositions, many types of oxide are possible to occur with different
oxidation behavior. Also, not only the parabolic kinetics of oxidations, but also the



linear and logarithmic rates could be occurred. So, this PBR method is not practical for
alloys with many compositions.

From various research in the field of high-temperature oxidation, there are many
factors that cause spallation of oxide, such as alloy compositions, the conditions that
the alloy is exposed, and time, these factors affect the rate of formation of oxide on the
metal surface while expansions of the metal and the oxide due to high temperature
operations are promoted. With a large number of independent variables, machine
learning can be applied to this work and able to predict certain factors including
predicting spallation as well as being able to analyze the importance of the prevailing
variables. Machine learning algorithms are used to predict dependent variables using
multiple independent variables as input datasets which can also describe the importance
of each independent variable to.the-dependent.variable. Therefore, we apply machine
learning to this work.

In this study,7applying machine learning to create a,new prediction model to
predict the oxide spallation-during high temperature-oxidation of alloys precisely. The
experiment data is_used from reliable sources. The modeling method from machine
learning/1s’ studied before developing models -for -the ‘predictionof, parabolic rate
constant,/the type of @xide form.on.alloy:surface, the thermal expansion,coefficient of
oxide/and alley, and the oxide spallation’s'of alloys.

1.2 /Objectives

1) ~To predict the oxide spallation of alloy at high temperature with machine
learning.

2) To predictthe thermal expansion coefficient of alloy and: oxide at high
temperature with.machine learning.

3)' Ta.find thetvalue of the difference of thermal expansion coefficient of oxide
and-alloy that-can.cause spallation of oxide.

1.3 Scopes,of work

1) To collect 5 types of alloys consisting ofyiran-based,/nickel-based, cobalt-
based, copper-basedrand. titanium-based” alloys-which compose of up to 24
elements and'eollect.the thermal expansien‘coefficients of alloys and oxides.

2) To predict the oxide spallation from the alloy surface at temperatures higher
than 500 °C in oxidizing atmospheric condition by using machine learning
model.

3) To predict of the thermal expansion coefficients of alloys and their oxides
formed at the temperatures higher than 500 °C in oxidizing atmospheric
condition by using machine learning model.

4) To study the prediction models, both classification and regression models, by
using 4 machine learning algorithms including k-nearest neighbor, decision
trees, random forest, and multi-layer perceptron.



5) Totrain and create the machine learning algorithm prediction models by using
a python programming language from open-source data analysis library,
Scikit-learn.

6) To evaluate performance of prediction model using coefficient of
determination (R?), mean absolute percentage error (MAPE), accuracy, and
1 score.

1.4 Expected outputs

1) A new prediction method that is able to predicts the spallation of oxide more
accurately than the pilling bed-worth ratio method.

2) The value of the difference of thermal expansion coefficient of oxide and alloy
that can cause spallation-of oxide is-attained.



Chapter 2
Theory and literature reviews

2.1 Alloy

Alloy is a metal mixture of chemical compositions. To be called alloy, it must
contain at least 2 compositions or more. Alloy has great properties in strength,
toughness, and hardness. It can endure high temperature operations more than pure
metal. It has been used in various ways in industrial. And it is always used in various
serious environment [1]. For example, brass is an alloy of copper and zine elements
which can be corrosion resistant.

2.2 High temperature oxidation of alloy

In high temperature applications, the /uses of-alloy aresmere suitable than pure
metal. At highstemperature, oxidation can‘occur-along-various oxidation environments
where the/alloy canbe destroyed, cracked and scale spatled{2].

2.2.1 Mechanical-of oxidation reaction

Oxidation reaction occurs/between.metal or alloy and oxygen gas is shown
in Eg. 2.1, where Mris:metal element and O' is, oxygen.

XM(S) + yO(g) = MxOy(S) (21)
0,(2) 0;(2)
o 0 l' 0 0
| 0/, VPR (N, | A
o Adsarption £ ’IT e J\ S AL QS "avil
G, ? ' é) ol
microcracks

0,()

S S

! Oside, nucleation +growth_MeO, (g) 0,
\ je Oxygendissolufion A /
\ eV 4

v ~ g Macrocracks,

O’l }\, 3 L possible molten oxide,

phases, oxide evaporation
1 ol Eilm/scale growth

Internal oxidation

Figure 2.1 Illustration high temperature oxidation of metal and alloy [7].

Oxidation reaction start with the adsorption of oxygen atom on the metal
surface. Then, oxide film is formed on metal surface. In the growing of oxide film,
porosity and microcrack are occurred which lead to the cracking and spallation. [8]

2.2.2 Kinetics of oxidation

To study the oxidation reaction, it is important to know kinetics of oxidation.
Oxide scale can be formed on every surface of metal or alloy. Due to different oxide
forming, it is necessary to consider kinetics of reaction that can reveal oxidation



behavior of the materials [2]. The oxidation Kinetics can be categorized into 3 types
which are logarithmic rate equation. Parabolic rate equation and linear rate equation.

2.2.2.1 Logarithmic rate equation
Commonly, this type of the Kinetics is consistent to log temperature
oxidation. To study the kinetics of logarithmic behavior, the metal is heated at low
temperature around 300-400 °C. At the beginning, the reaction rate rises very fast and
then slowdown [2]. The equations related to this type of oxidation are shown in Egs.
2.2 and 2.3 where x is oxide thickness or weight gain per unit area, t, K and Ky are time
and rate constants for direct logarithmic and inverse logarithmic respectively.

Direct logarithmic = Klogt +A (2.2)

Inverse logarithmic =B+ Kllogt (2.3)

Inverse logarithmic

LLogarithmic

Oxide.thickness, X

) 1 | I ) = i 1

Time, t
Figure 2.2 The logarithmic kineticsiof oxidation,

2.2:2.2 Parabelicrateeguation
Oxidation | behaviors “of “several’ metals and’ alloys at high
temperatures are parabolic as-shown in’Figure-2:3 [2]. The reaction rates decreases
when oxide seale grows and the thickness-of scale is inereased. Parabolic rate can be
equated into this‘equation.

d.x k[) (24)

dt X
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£ Parabolic oxidation
e dx _Kp
x —  c—
O dt X

Time, t
Figure.2:3the kinetic of parabolie.oxidation

After integrating, the equation-will be
X2 = e (2.5)

where Kp is parabolicrate constant‘which implies the oxidation rate. From the Figure
2.3, the slope of graphiand the rate .0f forming oxide film decrease when the time
increases..The parabolic relation reveals thel oxide protective diffusion-formation and
prevent further oxidation.

2.2.2.3 Linear rate-equation
The linear.equation is'shown below.[2].

L= Tk (2.6)

where kiis lingar rate-constant. Fhe oxidation rate is-consistent with thedinear relation.
This oxidationbehavier, reveals'that the preceding oxide-formed. cannot decelerate the
further oxidation, fience it is\not’protective;

Parabolic

Logarithmic

ained per unit area

Weight g

0 Time

Figure 2.4 the kinetic of logarithmic, parabolic, and linear oxidation



2.2.3 Spallation

Spallation is breaking of the oxide film, cracking through the thickness of
the oxide film. The main reason in spallation is stress generation. Generally, there are
2 types of stress. They are growth stress and thermal stress [3]. For growth stress, during
occurring oxidation the thickness of scale increase, it leads to the crack. For thermal
stress, when the metal is cooled from high temperature. It occurs thermal stress. The
development of the stress are from many factors such as,

e Adequate difference in the molar volumes of metal and oxide scale form
on it.

e The adequate difference in the thermal expansion coefficient of oxide and
metal [2].

2.3 Development-of-stress

In high temperature oxidation; the thickness of oxide film increases leading to the
development of stress:--And. the-development of stress-from thermal contraction when
the metal is.Cooled. In'general, there are 2 types of stress'as previousimention. Hence,
the oxide film witt-decohesion itself under compression with-buckling, spalling, and
cracking [9].

Gas

Oxide
Alloy

e\

Gas Gas Gas

0\’:‘ e 7 U -’de/\

Alloy Alloy: Alloy

(@) (b) (©

Figure 2.5 The'possibilities ofthe oxide under load in compression. (a) buckling of the
oxide, (b) sheareraeking of.the oxide, and (c) plastic-deformation of the oxide and alloy

[9].
2.4 Coefficient of thermal-expansion<(CTE)

The coefficient of thermal expansion is thermal expanding value depending on
the temperature. The equation is as follows, [10]

AL
7 CeAT 2.7)

0

Where AL ischanging of length
L, isinitial length
AT  is changing of temperature (K)
a is thermal expansion coefficient (K1)



2.5 Pilling-Bedworth ratio

The Pilling-Bedworth ratio (PBR) is the volume change due to the formation of
the oxide which occurs when an oxide forms at the metal/oxide interface. [3]

_ Volume of oxide

(2.8)

metal — Volume of metal

The PBR indicates whether the volume of the corrosion product is greater or less
than the volume of the metal from which the corrosion product formed. If PBR < 1, the
volume of the corrosion product is less than the volume of the metal from which the
product formed. A film of such a corrosion product would be expected to contain cracks
and pores due to tensile stress~development-in_the oxide scale and be relatively
nonprotective. On the other-hand, if PBR > 1, the velume.of the corrosion product scale
is greater than theswolume of the metal from which the Seale.formed, so that the scale
is in compressionsand be protective of the underlying metal. IFPBR >> 1, the scale that
forms may buekle and detach (spalfation) from the surface becauseof the higher stress
that develops. [6]

The exceptionsof the PBRtheory are numerous. The:main flaw of the PBR is the
assumptions-that include: 1):the~oxide growthroceurs by uncharged particles, 2) the
diffusion coefficientis-independent of the concentration, 3)the concentrations C(0) and
C(L) in the,interfaceregions. (metal-oxide and‘oxide-gas,respectively)are independent
of the film thickness, 4) film-growth is a steady state phenomenon [5], 5) the metal
oxidesgrow by diffusion ef oxygen inward through the exide fayerto the metal. In fact,
it isimuch more commeon-for metal ions to diffuse auiward-through the'oxide to the gas.
6) the'passibility of plastic flow by the:oxide of metal was not considered. [6]

Although the PBR jis between 4-2 which~means a pretective scale would be
predicted, -ab high temperatures the rapid growth’of oxide may-cause compressive
stresses to'become so great that'the scale spalls: Typically, several oxidgs are protective
during the, early“stages.of-oxidation;. but-it-becames.nonprotective above a certain
thickness. [6]

In addition, protection by, an oxide depends-on the adherence of the oxide to the
substrate, low vapor pressure_and-high‘melting temperature of the oxide, slow oxide
growth rate, and high thermodynamic stability.-Fhe growth mechanism of the oxide is
also relevant to oxide protection. For example, if the scale is formed at the metal—oxide
interface by migration of oxide ions, then compressive stresses can develop because the
new oxide will be constrained by the substrate metal and the existing oxide layer. On
the other hand, scale that is formed at the oxide—gas interface by migration of metal
ions outward is not constrained to occupy the volume of the metal that was oxidized.
Under these conditions, protective scales are expected. [6]



2.6 Machine learning

Machine learning is the field of study that gives computers the ability to learn
without being explicitly programmed [11]. It is a branch of artificial intelligence (Al)
and computer science. Through the use of the statistical method, algorithms are trained
to make classifications or predictions.

2.6.1 Classification of machine learning based on the nature of the learning

Machine learning implementation are classified into four major categories
based on the nature of the learning.

2.6.1.1 Supervised learning
Supervised learning is use of labeled datasets to train algorithms to
classify data (classification).orpredict.outcomes-(regression) accurately.

2.6.1.2 Unsupervised learning
Unsupervised “learning /is the use of unlabeled datasets to train
algorithms te draw inferences-or discover hidden-patterns-from datasets.

2.6.1.3 Reinforcement learning
Reinfercement-learning is sfmilar-to‘supervised learning, but the
algorithm is_net trained using-sample data, This-model learns.as-it. goes by using trial
and error. The modelautomatically determines a sequence of-successful’'outcomes that
will be reinforeced to develop.the hest recommendation.

2.6.1.4°-Semi-supervised learning
Semi-superyvised learning. falls between;-supervised learning and
unsupervised learning. It is suitable for a situation'when incomplete datasets are given
or do' net“have~enough, labeled data for a supervised learning-algorithm. Semi-
supervised’learning-combines:a-small amount-of labeled data. with_a‘large amount of
unlabeled data during-training.

2.6.2, Categorization of machine-learning based on required/output

Machine learningtask-are categorized-into three categories based on required
output.

2.6.2.1 Classification
The output=wvariable is_a-eategory, such as “yes” and “no” or
“spallation occurs” and “no spallation'occurs”. Classification model can be categorized
in two groups: Binary classification and Multiclass classification.

2.6.2.2 Regression
The output variable is a numeric value or continuous value.

2.6.2.3 Clustering
Clustering is basically a type of unsupervised learning. It is the task
of diving the data point into groups in which members or data points in the same group
are similar.
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2.6.3 Machine learning data preprocessing, training, and model evaluation

Firstly, the collected datasets are transformed and prepared to apply and
feeding it to the algorithm, this process is known as data preprocessing. Eliminating the
missing value, analyzing the collected datasets, and then constructing a new dataset for
further processing and exploration can help the algorithm easily interpret the data’s
features [11]. Secondly, the prepared collected datasets are passed into algorithms to
your machine learning algorithm to find patterns and make predictions, this process is
known as training model. Before that, the prepared collected datasets are split into two
groups including 1) a training set is a dataset that we pass to our algorithm to learn
potential underlying patterns and relationships. and 2) a test set is a dataset that we use
to approximate our model's unbiased accuracy. Thirdly, this process is known as model
evaluation. This is done by testing the performance of the model on previously unseen
data that is test set data. The prediction value-ebtained from training set and test set is
then used for the performance analysis of models using-the'performance matrix such as
accuracy, fl-score; coefficient of determination (R?), andwroet mean squared error
(RMSE). If themodel's performance is ‘acceptable; a classification model with high
accuracy and'low fl-score, a regressionymodel with the nearest value 1 of coefficient
of determination and lowTqot mean squared'error, we can consider analgorithm to be
a predictive model. that can’be/implemented in various-applications, But if not, an
impraovement ofithe-model s required by collecting_a;greater.number of datasets or
changing the algorithm:{12].

Lt at it S TS # anarere N B e T, —

| Data { | /Training set | ; Learning A
l 70% ‘ | algorithm 1
- ey - . eee———— - e I
1 |
P -, - - — 1
§ Test set ﬁ r Evaluation }
e e — ey . ._" -
' 30% i J
Wi V727 - .-_l oy
- ———
Maoadel

- e W e -

Figure 2.6 Block diagram of supervised learning

2.6.4 Machine learning (ML):lgorithms

Algorithm means™A.set of rules.to-be followed in calculations or other
problem-solving operations” Or “A procedure for solving a mathematical problem in a
finite number of steps that frequently by recursive operations” [13]. In machine
learning, algorithms are program that is trained to predict the predicted variable or
output. In this study, the algorithms that we used include:

2.6.4.1 K-Nearest Neighbors
K-nearest neighbors are unsupervised and supervised neighbors-
methods used for both classification and regression. It classifies data points based on
the closest distance to other available data or nearest neighbors. Euclidean distance is
used as a metric measure to measure the distance between the new point and available
data. Then, algorithms assign a category to a new point based on the most frequent
category - or average value of nearest neighbors for the ramount K. points. For
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classification, a class label is assigned by using a majority vote. The class label of the
new point is assigned to be a class label that is most frequently represented around its
nearest neighbor. For regression, the data labels are continuous variables. A label is
assigned by computed based on the mean of the labels of its nearest neighbor.
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Figure-2,7-An illustration.of K nearest neighbor model.\[14]

2.6.4.2 Decision Trees

Decision \trees-are ‘a’ supervisedtearningt.method‘used for both
classification and-regression. Decision; trees predict the value'of a target variable by
using simple decision‘rules.inferred from the data feature. It‘contained-a‘series of binary
decisions, each, decision split the data.inta 2 _possibilitiesaccording 't a certain
parameter. These 2 passibilities lead to-anather decision or lead to.a prediction value.
By defining each degision as a‘decision nodeand a possibility that leads ta a prediction
value ‘as a’leaf node;‘the,structure-of decision trees/is'shawn,in\Figure 2.8.
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Figure 2.8 Diagram of decision trees model

The main drawback of decision trees is typically exhibit high
variance and tend to overfit which can easily observe as show in Figure 2.9 [15].
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Decision Tree Regression

1.5 ° o data
° g —— max_depth=2
o =
104 e max_depth=5
P * ®eo -
& A
0.5 1 4 e
> 1 ’ °°
. 2 M
g 0.0
[~ o
8 ° Q
° A
= : ]
o
L)
e —
-1.0 ° Oy oo
c
w5
o
0 1 2 3 4 5

data
Figure2.9°Results plot of decision tree model in data analysis

2.614:3 Random-Forest
Random Forest-is a, supervised learning methed used for both
classification and regression..It consists of many decision trees to establish the outcome
based an/the predictions-of the decision trees” The prediction value of random forest is
the average.ofthe predictionvalue.from'various-trees. So, the.greater number of trees
in the forest leadsto-higheraccuracy and prevents.the preblem of overfitting [15].
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Figure.2.10-Diagram of random-forest model.

2.6.4.4 Multi-layer Perceptron

Multi-layer Perceptron (MLP) is a supervised learning algorithm.
Multi-layer Perceptron is a feedforward artificial neural network model that maps sets
of input data onto a set of appropriate outputs. It’s like the neuron network of a human
brain, the input data enter the layer of the nodes or hidden layer which contained an
activation function to produce output. The output is sent as input for the next layer of
the nodes to produce another output. During the training process, the output is sent back
to the previous layer which is called backpropagation. So, the training process of MLP
contains both forward pass and backward pass of data to improve the performance of
the algorithm. MLP is capable to learn non-linear data and sensitive to feature scaling.
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Figure 2.11 Diagram of one hidden.layer MLP

2.6.5 Explaining the prediction of model

Interpretability and explainability, ofthe prediction, ‘are necessary for
descript the predictionmodelto make other people understand the model. So, the tool
used for interpreting and-explaining-is.required to help-other people understand easily.
In this study,.the tool usedto.#nterpret and explain.the prediction-model.include.

2.6,5:1 Feature importance
Feature importance is.used ta describe how.much each input feature
contributes to'predicting a target variable. It determinesthe score of thetusefulness of a
specific variable fora-current model and prediction,

In the machine learning madel, the more features a.model contains
for the training‘of the algorithm, the more complex-it is; therefore the mare sensitive
the model'is to errors-due.to variance"Sq, feature importance is required to eliminate
features, \Itiis.useful_for selecting'the”minimum,required features'to/produce a valid
model.

2:6.5.2 'SHAP (Shapley-Additive exPlanations)

SHAP_is .a method used to explain individual predictions by
visualizing their output. SHAP; explains_ the prediction.oef a‘model by computing the
contribution of each feature-to.the prediction...Fhe_computed value from the SHAP
explanation method is the Shapley-values.~Fhese values are related to the game theory
which assumes that each feature value of a model is a “player” in a game where the
prediction value is the payout. From this situation, the Shapley values tell us how to
fairly distribute the “payout” among the features. The interpretation of model by using
the Shapley value are suitable for both classification and regression model.

2.6.5.3 The coefficient of determination (R?)

The coefficient of determination, denoted as R?, is a statistical
measure that quantifies the proportion of the variation in the dependent variable that is
predicted from the independent variable(s). It can be used to measure how well a
statistical model predicts an outcome. The lowest possible value of the coefficient of
determination is 0, and the highest possible value is 1. However, in some cases, R? can
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yield negative values. A value of O indicates that the model does not predict the
outcome, while a value between 0 and 1 indicates that the model partially predicts the
outcome, and a value of 1 indicates that the model perfectly predicts the outcome.

2.6.5.4 Root means square error (RMSE)
RMSE is the standard deviation of the residuals, or prediction errors.
Residuals are a measure of how far data points are from the regression line. RMSE is
calculated by taking the square root of the average of the squared differences between
the predicted values and the actual values. It provides a measure of the average
deviation between the predicted values and the actual values, with a lower RMSE
indicating better accuracy and a higher RMSE indicating greater error.

2.6.5.5 Accuracy

Accuragy~is_a-common=evaltation metric used to measure the
performance of a classifieation model. It is calculated by, dividing the number of correct
predictions madehythe modelby. the total/number of predictions. It provides a measure
of how well a elassification-model is perfarming.-However, it can be misleading in
some cases. For example, if a classification.model is_only trained, on a very small
dataset, it /may have a -high-accuracy even ifrit.is not-actually very good at making
predictions. For thesereasons, itisimpartant to-useother.evaluation metrics in addition
to accuracy.when evaluating classification models:

2.65:6 TheF1 score
The F1 score(is a common evaluation-metric used-to measure the
performance of a-classification, model. It‘combines precision and recall into a single
measure to provide'a’halanced assessment of a model'siperformance.

Precision represents the ability of alclassifier ta_coerrgctly identify
positive iastances out of the total.instances it predicted.as positive. It is calculated as
the ratio OF true positive ‘predictions toythe sum of true positive ‘and false positive
predictions.

Recall,-also known.as_sensitivity-or.true positive rate, measures the
ability of a“classifier to correctly~identify positive instances out of the total actual
positive instances. lt is‘calculated as the ratio of true'positive‘predictions to the sum of
true positive and false negative predictions:

The F1 score.is_the harmonie-mean of precision and recall, which
gives equal weight to both metrics. It ranges from 0 to 1, with 1 being the best score
indicating perfect precision and recall, and 0 being the worst score indicating poor
performance. It helps in evaluating the model's performance by considering both false
positives and false negatives and can be a good overall measure when both precision
and recall are important.
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2.7 Literature reviews

The Pilling-Bedworth Ratio (PBR) describe the volume change of oxide during
formation of metal oxide, is used in prediction magnitude of growth stress of metal
since 1923.

J. Stringer (1970) has studied stress generation and relief in growing oxide film.
This review suggest that plastic flow takes place during the oxidation process and
consideration of plastic flow is important for several reasons. For example, dislocations
are climbing in thin scales, oxide-metal adhesion during the oxidation of alloys could
only be maintained by large plastic flow, removal of an atom from a step on the metal
surface requires a readjustment of the oxide equivalent to the movement of one edge
dislocation in order to maintain adhesion. One of assumption of PBR is the possibility
of plastic flow by the oxide-of metal-was-not-considered. So, this assumption is main
flaw of the PBR. From.this review, it is acknowledged.that there is no direct relation
between PBR and the level of stress.in the scale.-This means that the stress generation
and release meechanisms are-complicated; and the-effects of PBR,are not simple and
well understood.

Ci Xu and"W. /Gao- (2000)has developed ‘a‘method to-calculate PBR for the
oxidation of alley: It-was-found that PBR‘for oxidation of-alloys is not the same as
oxidation of pure metal due to the-crystal structure’and lattice.constant of alloys affects
the volume.ofiatloy.;The result shows'great difference in PBR 'of metal and alloy. The
results indicated-that the PBR-for alloys are significantly different-to the PBR for pure
metal.

Trent et'al{(2016) has’studied the comparison-ef-corrosion.performance of grade
316'and grade 347H stainless steels in-molten nitrate salt and reported that spallation
of oxide Scales on.stainless ‘steel surface.| The 'scale delamination. and/or spallation
during cooled to room’temperature due-tg the coefficient of thermal-expansion (CTE)
mismatch, between the-oxide and \metal. Because:there-is'no research'that has been
conducted to find the.exact mismatch value of CTE.So, these are the considerations

that will be used infurther studies-inrour research.

John, R.Cet'al. (2004) has developed mathematical models via thermochemical
calculations to prediet.equipment lifetimes with high-temperature corrosion data. The
elements of alloy considered.for-calculation-are W=La-Mo-Nb-Cu-Ni-Co-Fe-Mn-Cr-
Ti-Ar-CI-S-Si-Al-F-O-N-C-H. Exposure times ranged up to nearly 24,000 hr. with
variations in the Oz concentrations from 0.1 to 100% in O2-N> gases and temperatures
of 200 — 1200 °C. The mathematic model has the capability to predict the corrosion
formation of the basic types of corrosion products and the capability to predict alloy
corrosion Kinetics for wide range of conditions.



Chapter 3
Research methodology

3.1 Collecting and preparing data

3.1.1 Collecting data

In this study, the data were collected from the experiments of many types of
alloys. There were 3 data sets. The first data set was, the data consists of %chemical
composition of alloys in each type of alloys, temperature, oxidation time, partial
pressure of oxygen, partial pressure of water, parabolic rate constant, types of oxide
film formed and spallation state.-Fhe-collected-data were composed of 56 types of alloys
which consist of 43 types of-<iron based alloys, 6 types-of nickel based alloys, 3 types
of cobalt based alloys;2 types of copper based alloys and"2 types of titanium based
alloy. The total first data_set-provided 240 points: The second‘data set was, the data
consists of %chemical-composition-of alloys in-each-type of alloys; temperature range
and coefficient of thermal expansion (CTE). [Fhe collected data were,composed of 75
types of alloys which consist-of 68 types of iron‘'based.alloys and-7 types of nickel based
alloys: The total second data-set gave 216 points. . The third.data set was, the data
consists of chemical“compaosition.of oxide film, temperature_range and coefficient of
thermal expansion (CTE). The collected data were composed ofi40 types of oxide films.
The total-third data set -have-52° points. All data“was; studied ‘along-scope of work
mentioned before; The amounts, of alloy data, CTES-of alloy and oxide collected are
summarized n'Tables 3.1,°3,2.and 3.3 respectively.

Table 3.1 The amount of alloy data and references

Types of.alloys Amount References

Iron based atloy 212 [16) [£71118] [19]420] [21] [22]
[23] [24] [25] [26] [27] [28] [29]

[30]

Nickel basedalloy 9 [31]32][33] [34]

Cobalt based alloy 6 [35] [36]

Copper based alloy 4 [37]

Titanium based alloy 9 [38] [39]

Table 3.2 The amount of CTE of alloy data and references

CTE of alloys Amount References
Iron based alloy 209 [40] [41] [42] [43] [44] [45]
Ni based alloy 7 [46]




Table 3.3 The amount of CTE of oxide data and references
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CTE of oxide Amount References
TiO2 1 [47]
Al2O3 2 [47] [48]
Cry03 1 [49]
FeO 2 [49] [50]
NiO 1 [49]
Fe203 2 [49] [50]
CoO 1 [49]
Cu20 1 [51]
SiO; 3 [52] [48]
Y2Si>07 1 [52]
Y3Al5012 1 [52]
Si»AleO13 1 [52]
CuO 2 [53][54]
NiCr204 1 [55]
MnCr20z 1 [55]
CoCr04 1 _[55]
Mny5C01504 1 [56]
CozMnQ4 X [57]
MgAl204 2 [58]
MnAIl,Q4 1 [58]
CoAl204 1 [58]
NiAlO4 1 [58]
ZnAlxO4 2 [58]
MgCrz04 2 [58]
CoCr0Q4 1 (58]
ZnCr;04 1 [58]
Mn3O4 1 [58]
NiMn2O4 1 {58]
Cu1.4Mn1604 1 [58]
MgFe>O4 2 [58]
CoFe204 1 [58]
C0304 . [58]
Ta20s 1 [48]
Nb20s 1 [48]
Al,TiOs 1 [59]
ZrTiOy 1 [59]
Fe2SiO4 1 [50]
Fes04 1 [50]
WO3 3 [60] [61]
CoWO4 1 [62]
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3.1.2 Preparing data

For the preparing data step, all data are brought into excel file to be analyzed
with Python. The input and output variables were then defined. For the first data set,
input variables were %chemical composition of alloys, temperature, oxidation time,
partial pressure of oxygen and partial pressure of water in the experimental
environments. Output variable were parabolic rate, types of oxide film, spallation state.
For the second data set, input variables were %chemical composition of alloys. Output
variable was thermal expansion coefficient of alloys. For the third data set, input
variable was chemical composition of oxide film. Output variable was thermal
expansion coefficient of oxide film.

3.2 Creating model and selection of algorithm for prediction

In this study, our model-was Created by-using-Rython. The collected data were
imported into python, including the independent variable (x) for input datasets and the
dependent variable”(y) for eutput datasets or predicted value. The collected data were
structured data‘with 49_column that consist-of 17 columns of,independent variable
which include the—-ehemical -compositionof the. alley,~environment composition,
oxidation gime,_temperature, and ‘pressure, ‘and- 32 columns.of dependent variables
which /includes the. parabolic rate-constant,~types ‘of oxide.formed on‘alloy surface,
oxide spallation:State;-and thermal expansion-coefficient-of oxide"and alloy. The lists
of variables from collected data are shown in Table 3.4;

Table 3.4 the hsts-of independent variable and\dependent-variable

Independent/variable (x) Dependentvariable (y)
The chemical composition, of the alloy Types of oxide formed on alloy surface
Environmental compaosition Oxide spallation state
Oxidation,time Thermal expansion coefficient of alloy
Temperature Thermal expansion coefficient of oxide
Pressure

Each dependentwariable was'categorized inte-4 _groups as shown in Table 3.4.
Then, by splitting the collected-data into 2 sets.that were training set and test set which
is a ratio of 0.7 and 0.3 respectively, the training set data was used as input datasets to
train the algorithms. Algorithms in this study include K-nearest neighbor (KNN),
Decision trees, Random Forest, and Multi-layer perceptron. Algorithms that were
trained with a training set data were classified as models. The models obtained from
this study are shown in Table 3.5.
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Table 3.5 the categorization of dependent variables for training algorithms

Dependent Types of Models

variable (y) algorithms
Types of oxide Classification | Model for predicting the type of oxide form on alloy
form on alloy algorithm surface.
surface
Oxide spallation Classification | Model for predicting the type of oxide form on alloy
state algorithm surface.
Thermal expansion | Regression Model for predicting thermal expansion coefficient
coefficient of alloy | algorithm of alloy.
Thermal expansion | Regression Model for predicting thermal expansion coefficient
coefficient of oxide | algorithm of oxide.

Then, a test.set.data was used as input datasets foranaedels to predict the output
datasets from astest set data:--The prediction results-or output'datasets of the algorithm
from a training’set data-and a test set data ‘were then statistically‘analyzed by using the
performapce” matrix~ whichy'is ‘mentioned- in4the rnext 'section. To, obtain a high-
performance prediction model, it'is necessary t0_improve the performance of the model
by increasing the -number:of input datasets ‘or-changing of ;machine,learning (ML)
algorithm:

3.3/ Model performance analysis

The predictionperformance of each model in this study was evaluated. The most
common ‘method to_estimate the performance \of the madel is_by-using performance
metrics. The type of-performance metrics used depends.on,the type of.algorithm used
to create'the model.

The ‘model forpredicting:the thermal expansion coefficient of oxide and alloy is
a regression.model. Fhe-performance metrics.for regression models in‘this study are
coefficient ‘of determination(R?)-and root'mean squared-error (RMSE) which show in
Egs. 3.1 and 3.2 respectively.

(3.1)

e i (3.2)
RMSE =, 5 2, 7)
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Where n is total number of data
y; Isthe target value
¥, Isthe prediction value
y is the mean of the target data

The model for predicting the type of oxide formed on alloy surface and oxide
spallation state was a classification model. The performance metrics for classification
models in this study were accuracy and F1-score which show in Egs. 3.3 and 3.4
respectively.

correct predicted value
Accuracy-= : (3.3)
allpredicted value

2 X(Recall X Precision)
F I score = — (3.4)
(Recall+ Precision)

The'recall-and precision used to calculate F1-scare can be-obtained from Egs. 3.5
and 3.6 respectively.

d P
Recall= —————
TP+ FN (3.5)
TP
Precision= -+ (3.6)
TP+FP

Where “TP__"is true positive - the correctly predicted-positive;value
FP " is Talse pesitive --agtual ¢lass, is no'but predicted class is yes
FN is false negative sactual-elass-isyes-but predicted'class is no

3.4 Comparing the prediction-performance of each’model

By comparing “the ‘madels that were created- fromr” different algorithms using
metrics, the prediction madels.with acceptable efficiency‘were obtained. The prediction
model was analyzed and compared-to.the.otherprediction models that predicted another
variable: 1) types of oxide formed on alloy surface, 2) the oxide spallation state, 3) the
thermal expansion coefficient of alloy, and 4) the thermal expansion coefficient of
oxide. Then, we find the relationship between each predicted variable and improve the
efficiency of each model further.
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Figure 3.1 The overviews of assemhble model; M1 is the'spallation prediction model,
M2 is the types-of oxide prediction'model; M3 isthe.thermal,expansion coefficient
(CTE) of alloy predictien-model, and M4-is the thermal-expansienicoefficient (CTE)
of\oxide prediction model.

3.5 Calculate the-Rilling-Bedworth ratio for comparing the machine
learnings

From-the first'data set, they are-calculated the Pilling-Bedworth ratio (PBR) to
compare the-performance with the machine learning.. The'PBR issthe volume of oxide
divided. by the volume of metal or.alloy. The equation of PBR is shown as Eq 3.7. If
PBR is less than.1, the oxide filmis too less:which the oxide film.can crack. If the PBR
is more than 1 but less than-2, the oxide film is protective, And.f the PBR is more than
2, the ‘'oxide film(is formed too 'much-which it generates the_ stress,and/cracks. After
calculation;the PBR is compared with the experiment spallation state-which is from the
first data,set: Fhen, calculating-the accuracy and compare the performance with the
machine learning.

. JYolume of oxide

(3.7)

metal " Volume of . metal



Chapter 4
Results and Discussion

4.1 Data collection and preparation

The data including the percentages of chemical composition of alloy, the
environmental conditions at which the alloy is exposed, the formation of different types
of oxides at different environmental conditions, spallation of alloys at that condition,
and thermal expansion coefficients (CTE) of alloy and oxide from all reference sources
gathered by the authors are presented in the Appendix. These data were provided to
train each algorithm. The arrangement-and-preparation of the data to prepare for training
the algorithm differed dependingon what dependent variables we want to predict.

Data collected-from reference sources were -preparedfor.training algorithms that
aimed to predict’oxide spallation; type of oxide-formed on the alloy surface, thermal
expansions/{(CTE) of alloy and-oxide by categorizing and transforming the data into the
format shown in Tables 4.1,4.2,'4.3, and 4.4 respectively.

Table/4./1 Example-of data-prepared to train‘the algorithmfor predicting oxide
spallation:

Type Chemical compositions-of Environmental,condition - | | Spallation
alloys
Q M 7S ~ Y/ AvoRe t 1T pO2 4| pH0

AISI 0:04 06 0.8 A 4. 73:96/|/500 | 1650 [ 141.45 0 0
630

AIlSI 0.04 70.6 0.3 (i1 73.96.1111000 + (650~ | 14145 0 0
630

AlSI 0.07 | 1.2870| 0.66 |=../2f 70.69 |.500° |,/650 (|241.45 0 1
347 H

Table 4.2 Example of data prepared o train the.algorithm for predicting type of oxide
form on the alloy'surface,

Type Chemical'eompositions-of Environment that Types of oxide
alloys alloys exposed

S

«“ O g = g —

C | Mn | Si Fe | t | T | Q2 %Y%F-| 03

ol M W O =

2

AISI | 004 | 06 | 03 | ... | 7396 | 500 | 650 |{4145| 0 | 0|0 |1 0
630

AISI | 004 | 06 | 03 | .. |73.96| 1000 | 650 |{41.45| 0 | 0|0 |1 0
630
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Table 4.3 Example of data prepared to train the algorithm for predicting thermal
expansion coefficient (CTE) of alloy.

Alloy Chemical compositions of alloys Temperature range CTE

C |[Mn| P S |..| Fe Tin °C) | Tsi (°C) | (x 107 °C™)
S20100 | 0.15 | 6.5 | 0.06 | 0.03 | ... | 70.51 0 100 1.57
S20100 | 0.15 | 6.5 | 0.06 | 0.03 | ... | 70.51 0 315 1.75
S20100 | 0.15 | 6.5 | 0.06 | 0.03 | ... | 70.51 0 538 1.84
S20100 | 0.15 | 6.5 | 0.06 | 0.03 | ... | 70.51 0 650 1.89

Table 4.4 Example of data prepared to train the algorithm for predicting thermal
expansion coefficient (CTE) of oxide.

Oxide Chemical compositions of alloys Temperature range CTE
Ti Al Cr Fe Mg | Ti(CC). | Tsi (°C) | (x 10°°C?)

TiO, 2 0 0 0 0 20 600 0.7

Al20O3 0 2 0 0 0 20 1000 0.84

Cr203 0 0 2 0 0 100 1000 0.73

FeO 0 0 0 1 0 100 1000 1.22

The“data “gathered.-to ‘train - algorithms. for predicting the thermal expansion
coefficient.of oxides consist Of the empirical formula of oxides; the temperature range
and ' the .thermal-expansion ‘coefficient .of oxides: These data ‘were-transformed by
replacing-the empirical formula,of oxides with the'numberofiatoms of'each element in
the empirical formula;This.information was then orgamzed into a.new data table that
contains-the number of atoms of each-elementin:the empirical formula:of the respective
oxide, as-shown.in Table4.4:

4.2 Analysis of the performance-of spallationiprediction and type of
oxide prediction ' model

The'maingoal of this study was.to-develop.the-most accuratesmachine learning
model for predicting the typeof-Oxide formed on-alloy surface and spallation of oxide
on alloy surfaces Among the machine learning algorithms, the.decision tree algorithm
was found to produce ‘the best performance with-the.highest accuracy and F1 score
compared to other algorithms in-this.study.

The performance matrixes were used to compare the performance of different
algorithms. For spallation prediction models, which were the classification models, the
performance matrixes used to compare models were accuracy and F1 score. The
performance analysis of all four algorithms, including k-nearest neighbor, decision tree,
random forest, and multi-layer perceptron, is presented based on 3 datasets: training
set, test set and overall data, as shown in Table 4.5 and Figure 4.1. Upon analyzing the
training set data, the decision tree and random forest algorithms were found to be the
best algorithms for predicting oxide spallation, achieving the accuracy of 100% and the
F1 score of 1, followed by multi-layer perceptron with the accuracy of 95.71% and the
F1 score of 0.9559, and k-nearest neighbor with the accuracy of 93.25% and the F1
score of 0.9238. When considering the test set data, the decision tree algorithm was
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found to be the best algorithm for predicting oxide spallation. It achieved the accuracy
of 90.14% and the F1 score of 0.8948. The random forest algorithm came in second
with the accuracy of 88.73% and the F1 score of 0.8826. The k-nearest neighbor
algorithm came in third with the accuracy of 85.92% and the F1 score of 80.59. The
multi-layer perceptron algorithm came in last with the accuracy of 83.10% and the F1
score of 0.8033. Finally, when analyzing the overall data, the decision tree algorithm
was found to be the best algorithm for predicting oxide spallation with the accuracy of
97.01% and the F1 score of 0.9695. The random forest algorithm came in second with
the accuracy of 96.58% and the F1 score of 0.9654. The multi-layer perceptron
algorithm came in third with the accuracy of 91.88% and the F1 score of 0.9137. The
k-nearest neighbor algorithm came in last with the accuracy of 91.03% and the F1 score
of 0.8933.

So, the decision tree algorithm gave the highestaccuracy and F1 score, which
means that it is thesmost accurate and precise model for'predicting oxide spallation.

Table 4.5 Summary of perfermance matrix-analysis-for spallatienyprediction model.

Performance matrix K=nearest Decision Random Multi-layer
neighbor tree forest perceptron
Accuracy Training set 93.25 100.00 100.00 95.71
(%) Test set 85.92 90.14 88.73 83.10
Jgralbeetd 91.03 97.01 96.58 91.88
F1score v Trainingset 09238 1.0000 1.0000 0.9559
Testset 0.8059 0.8948 0.8826 0.8033
Oy eratidats 0.8933 0.9695 0.9654 0.9137
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Figure 4.1 The confusion matrix consists of four basic characteristics obtained from
the spallation prediction model that is used to calculate the performance matrix of the
model.
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Figure 4.2 Chart of summary.efperformance-matrix-analysis for spallation prediction
model

For the type of oxide prediction model, the performance matrixes were used in
the same way as the spatfation prediction modelto compareithe performance of
different/algorithms on_3 data ‘sets, as shown in Table 4.6 and“Figure 4.2. Upon
analyzing'the training set data; the decisionstree ‘@nd-random forest algorithms were
found/to be the-best algorithms_for predicting.the type! of oxide.formed on the alloy
surface, achieving-the:equal-accuracies of 99.39% and Fl:scores of 0.9816 and 0.9877
respectively, followed by multi-layer:perceptron'with the accuracy of:78.53% and the
F1 score of 0:9441, and the k-nearest neighbor with.the accuracy of 73:62% and the F1
score 0f.0.8770. When considering the test set data, theidecision tree and random forest
algorithms were found to beithe best algorithms. for predicting the type-ef axide formed
on the alloy surfacewith thejequal accuracies of 78:87%|and k1 scores of 0.9816 and
0.9877 respectively, followed by multi=layer perceptron.with the-aceuracy of 54.93%
and the F1-scoreof-0.8257, and-k-nearest neighbor with the ‘accuragy 0f 56.34% and
the F1'score-of 0.7515.)In'this case,;,multi-layer perceptron had asignificantly higher
F1 score than k-nearest neighbar. On.the-other hand; k-nearest.neighbor had a higher
accuracy than multi-layer-perceptron;-but-not by much-when eompared to the F1 score.
Therefore, multi-layer/perceptren is.better-than k=nearest neighborybut still not as good
as decision treesand randem forest. Finally, whencanalyzing the overall data, the
decision tree and random_forest/algoerithms were-found to"be the best algorithms for
predicting the type of oxide.formed.on.an.alley surface, with the equal accuracies of
93.16% and F1 scores of 0.9572 and™0.9622, respectively. Multi-layer perceptron
follows with the accuracy of 71.37% and the F1 score of 0.9082, while k-nearest
neighbor has the accuracy of 68.38% and the F1 score of 0.8389.

So, the decision tree and random forest algorithms provided the highest accuracy
and F1 score, which means that they are the most accurate and precise models for
predicting the type of oxide formed on an alloy surface.
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Table 4.6 Summary of performance matrix analysis for type of oxide prediction
model.

Performance matrix K-nearest Decision Random Multi-layer
neighbor tree forest perceptron
Accuracy Training set 73.62 99.39 99.39 78.53
(%) Test set 56.34 78.87 78.87 54.93
Overall data 68.38 03.16 03.16 71.37
F1 score Training set 0.8770 0.9816 0.9877 0.9441
Test set 0.7515 0.9012 0.9036 0.8257
0.8389 0.9572 0.9622 0.9082
Accuracy F1 score
1 ‘ ‘ 1 :
" ~ ~
0.8 | sl e \t
0.6 ’; _‘,, > b - REE i
0.4 : 1 ¢ F1 ARSES = U
/ ’ 7// I~ 1 \
0.2 1 o2 11 NRERQ LS 11 \
0 I - / 0. 0 r — " | (Y
K-nearest g#Decision Random Multi-layer Isnearest==Pecision, Random \Multi-layer
neighbor tree forest \/ perceptron neighbor tree foresty \perceptron
m Training'set Fa-festset=1"0verall data & Trainingset==rest set .= Overall data

Figure 4.3:Chart of summary of performance matrix analysis for type of oxide
prediction model.

4.3 Analysis of‘the performance-of thermal expansion coefficient
(CTE) of'alloy and-oxide prediction model

For. “thermal expansion: coefficient. (CTE)-prediction.-models, which were
regression models, the performaneeimairix€s-used to compare models were the mean
absolute percentage ‘error (MAPE) and the coefficient, of .detérmination (R?). The
performance analyses.of all four algorithms;lincluding.k-nearest neighbor, decision
tree, random forest, and_multi-layer perceptron, were_presented based on 3 datasets:
training set, test set, and overakl.data. The resulis-are shown in Table 4.7 and Figure 4.3,
which is similar to the spallation prediction model and the type of oxide prediction
model.

For the thermal expansion coefficient (CTE) of alloy prediction model, when
considered the training set data, the decision tree algorithm was found to be the best
algorithm for predicting thermal expansion coefficient of alloy with the MAPE of 0%
and the R? of 1. The random forest algorithm came in second with the MAPE of 1.37%
and the R? of 0.9891. The k-nearest neighbor algorithm came in third with the MAPE
of 2.98% and the R? of 0.9260. The deep learning algorithm was the worst with the
MAPE of 75.50% and the R? of 0.5530. When considering the test set data, the random
forest algorithm was found to be the best algorithm for predicting thermal expansion
coefficient of alloy with the MAPE of 3.16% and the R? of 0.9609, followed by the
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decision tree and k-nearest neighbor with MAPE of 4.71% and 4.44% respectively, and
R? with 0.8854 and 0.8831 respectively. The deep learning algorithm was the worst
with the MAPE of 86.80% and the R? of 0.4160. Finally, when considered overall data,
the decision tree and random forest algorithms were found to be the best algorithms for
predicting thermal expansion coefficient of alloy with MAPE of 1.42% and 1.91%
respectively, and R? of 0.9615 and 0.9796 respectively, followed by the k-nearest
neighbor with the MAPE of 3.42% and the R? of 0.9115. The deep learning algorithm
was the worst with the MAPE of 77.70% and the R? of 0.5050.

So, the decision tree and random forest algorithms gave the lowest MAPE and
highest R?, which means that they are the most accurate and precise models for

predicting thermal expansion coefficient of alloy.

Table 4.7 Summary of performanee‘matrix-analysis for thermal expansion coefficient

(CTE) of alloy prediction'model.

Performance matrix K-nearest Decision Random Deep
neighbor tree forest learning
MAPE / Training set 2.98 0.00 1.37 75.50
(%) Test set 4.44 4.71 3.16 86.80
' gata 342 1.42 191 77.70
R? Training set 0.9260 1.0000 0.9891 0.5330
Test set 08831 0.8854 0.9609 0.4160
Jvprallzdatd 0.9115 0.9615 0.9796 0.5050
MAPE R?
\ © 19N X R But | AN |
0.8 } P 08 T o ?‘ /
06 % =N 2 - 0.6 //
0.4 LA e SN ‘.‘ 047 4 r‘.[ i /
0.2 \ S — ;) 0.5 = |
0 - .y ~Z 0 - A’,
K-nearest Deeision, Ragdeom Deep K-Qearest_gPegiSion Random Deep
neighbor tree forest Iearring neighbor tree forest learning
ETraining set mTestset =Owerall data mTraining set ®mTestset mOverall data

Figure 4.4 Chart of summary of performance matrix analysis for thermal expansion
coefficient (CTE) of alloy prediction model.
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Figure.4.5 Thermal expansion coefficient of alloy predicted from (a) the k-nearest
neighbor algorithi, (b)the decision/treealgorithm, (¢) the random forest algorithm,
and (d) the deep learning:algorithm/compared to actual value.

Faor_the thermal ‘expansion’ coefficient. (CTE)rof, oxide prediction model, the
performance matrixes were used in the same way as the thermal expansion coefficient
(CTE) of alloy predietion- model-to. compare the-performance,of differentalgorithms on
3 data setsrConsidering the training set data; the decision tree algorithm/was found to
be the hest-algorithm-for,predicting thezthermal expansion coefficient /of oxides with
the MAPE of 0%.and the R?0f 1.2The Tandom forest algerithm came’in second with the
MAPE of 25.66%and the R%0f 8.9277. Thek-nearest neighbor algorithm came in third
with the MAPE of 32.23% and the R*0f 0:7598. The deep learning algorithm was the
worst with the MAPE.0f 55:80% and the R?'of 0:2920. When considering the test set
data, the random forestalgorithm was found to have‘thesfowest MAPE of 26.33%, but
a poor R? of -0.0173. This is"similar_to the decision tree algorithm with the MAPE of
34.99% and the R? of -0.3230, and the k-nearest neighbor algorithm with the MAPE of
36.29% and the R? of -0.1760. All three of these algorithms had negative value of R?
for the test set data. On the other hand, the deep learning algorithm had the highest R?
of 0.2090 but a poor MAPE of 95.50%. Finally, when considering overall data, the
decision tree and random forest algorithms were found to be the best algorithms for
predicting the thermal expansion coefficient of oxides with MAPE of 10.77% and
25.86% respectively, and R? of 0.4279 and 0.5225 respectively, followed by the k-
nearest neighbor with the MAPE of 33.48% and the R? of 0.3665. The deep learning
algorithm was the worst with the MAPE of 60.70% and the R? of 0.2800.

Due to the thermal expansion coefficient of oxide data were limited. So, the
further data are neededin order to prove these findings. However, the results reveal that
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the decision tree and random forest algorithms are promising approaches for predicting
the thermal expansion coefficient of oxides.

Table 4.8 Summary of performance matrix analysis for thermal expansion coefficient
(CTE) of oxide prediction model.

Performance matrix K-nearest Decision Random Deep
neighbor tree forest learning
MAPE  Training set 32.23 0.00 25.66 55.80
(%) Test set 36.29 34.99 26.33 95.50
Overall data 33.48 10.77 25.86 60.70
R? Training set 0.7598 1.0000 0.9277 0.2920
Test set -0.1760 -0.3230 -0.0173 0.2090
Overall data 0:3665 0:4279 0.5225 0.2800
MAPE R?
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Figure 4.6, Chart of summary.of perfermance. matrix analysis for thermal expansion
coefficient(CTE)-of oxide-prediction model:
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Figure4.7 Thermal-expansion coefficient of oxide predicted from (@) the k-nearest
neighbor algorithm;-(b) the-decision tree algorithm,(c)-the random forest algorithm,
and (d) the'deep learning algorithm/compared to actual value.

4.4' Evaluation of the.representative value-of thermal expansion
coefficient of-alloys and oxides-using machine learning-prediction
model.

After-developing’aymodel to\predict the‘thermal expansion coefficient of alloys
and oxides,\we”applied, these (imodels to the dataset-used forctraining the models to
predict the spallation of oxide on-alley surface and the types of oxide formed on alloy
surface. We obtained the representative thermal expansion_eoefficient of alloys and
oxides for each condition of experiment that was@athered. Many possible oxides may
occur, so the representativesthermal expansion_ceefficient (CTE) of oxide was the
lowest value, which represents the.worst expanding oxide when compared to each oxide
that occurred on that alloy surface. The lower value of the representative CTE of oxide
compared to the higher value of the CTE of alloy means a greater difference between
the two CTEs, which can be used to identify the spallation of oxide formed on the alloy
surface. Note that the representative values of thermal expansion coefficient for both
alloy and oxide are not the actual values. They are predicted values obtained from the
thermal expansion coefficient prediction model for alloy and oxide. The thermal
expansion coefficient prediction model for alloy was the random forest algorithm with
the MAPE of 1.91% and the R? of 0.9796. The thermal expansion coefficient prediction
model for oxide was the random forest algorithm with the MAPE of 25.86% and the R?
of 0.5225. The representative value of thermal expansion coefficient includes the error
from the prediction model. This means that the value may not be absolutely accurate.
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Table 4.9 Example of thermal expansion coefficient data obtained from thermal
expansion coefficient (CTE) of alloys and oxides prediction model.

No. Type of alloy CTE alloy (x 10° °C?) CTE oxide (x 10%°C?)
0 AIlSI 430 1.23 7.5936
1 AIlSI 430 1.23 7.5936
2 AIlSI 630 1.3 7.5936
3 AIlSI 630 1.3 7.5936
4 AlSI 347 H 1.31 13.6198
5 AlSI 347 H 1.31 13.6198
6 AIlSI 316 LN 1.75 13.6198
7 AIlSI 316 LN 1.75 13.6198
8 Fe22Cr 1.22 7.5936
9 Fe22Cr 1.22 7.5936
10 Fe22Cr 1.22 7.5936

4.5 Calculation of the mismatch value of,the thermahexpansion
coefficient between-aloy and oxide.

We used the-representative’thermal expansion coefficient of alloys and oxides
obtained from machine-learning prediction ' model to calculate the difference in thermal
expansion.coefficient-betweenialloys.and.oxides that formed on them. This difference
was analyzed to.determine, the mismatch value ‘of the thermal ‘expansion coefficient
between-alloy and oxide."This ‘mismatch ‘value ccaused the alloy and ©xide to expand
unsuitably, leadingto spattation of oxides, The\results-are shown in Figure 4.8.
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Figure 4.8 The relationship of the difference between the thermal expansion
coefficients of alloy and oxide and the spallation of oxide.

Figure 4.8 shows that there is no significant difference in the thermal expansion
coefficient between alloy and oxide that causes spallation of oxide. Spallation can occur
at any difference in the thermal expansion coefficient between alloy and oxide. So, the
thermal expansion coefficient of alloy and oxide does not affect the spallation of oxide
film on alloy surface.
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4.6 Analysis the spallation prediction performance between the
Pilling-Bedworth ratio (BPR) and machine learning.

Analyzing the spallation prediction performance between the Pilling-Bedworth ratio
(PBR) and machine learning. The PBR is the volume of oxide divided by the volume
of the metal. The PBR values were calculated from the first data set which was collected
as mentioned before. In PBR calculation, PBR is less than 1 and more than 2 as
spallation. And PBR is between 1-2 as not spallation. Then define the spallation value
of No and Yes mean the crack and spallation did not occur and occurred, respectively.
These values were used to represent the spallation state obtained from the experiment.
They were compared between spallation state from experiment and calculation from
PBR. The PBR can right predict of 18 from 43 situations which was calculation to be
the accuracy of 41.86%. So,.the*machine learning performance was much better than
PBR. From the best model.results, the accuracy of 80%-90% while the accuracy of PBR
was 41.86%. Machine learning. can'perform twice as better than PBR. Due to the
machine learning:using the experimental data, including chemieakcomposition of alloy,
oxidation condition, oxidation time temperature and-spallation state;,in prediction, this
is the reason that the machinge learning is morereliable.

Table 4.10 Exampleiof:data forthe-PBR caleulation.and-compared to experiment data
to find accuracy,of the.PBR:

Metal Oxide
volume/ ~.volume/ Spallation .
Type ; OT ROp — PHPO [ tface | —suiface.. PBR pfrom Spallation
(hr) 7~ (°C). " (atm) " “(atm) . from PBR
area area experiment
(mm) (imm)
Fe22Cr 100 <700 |\ 0.21 0 0.35 0.4 11428 No No
AISI430 2000 650 | '0.21 0 0.0003 0.0006 2 No No
AlSI441 2000 © "750, [.-0.21 0 0.0003 0.0007. |.2.3333 No Yes
Crofer22H 2000 700 7,021 0 0.0003 0.000577,1.6667 No No
Fel1Cr0.5Ti 0200~ 900 0.21 0 1.2 0.74 0.6167 Yes Yes

Accuracy 41.86 %




Chapter 5
Conclusion and Recommendation

5.1 Conclusion

This study aims to develop the most accurate machine-learning model for
predicting the type of oxide formed on alloy surface, spallation of oxide on alloy
surface, and thermal expansion coefficients of alloy and oxide to estimate the value of
the difference in thermal expansion coefficient of oxide and alloy that can cause
spallation of oxide.

From studying, starting-with.collecting the-data of alloy, spallation of oxide on
alloy, thermal expansion.coefficient of alloy and oxide.which were 3 data sets. The first
data set contained 240 points.. The second data-set had 216.peints while the third data
set comprised’52 points.-After-that, the data were prepared in.excel for analyzing in
machine learping.

Thepreparing data were defined as inputand output. After-that, they were spitted
into 2 sets of data that'were training set data‘and‘test set data-which is arratio of 0.7 and
0.3 respectively, the-training . set data-is used’as input tatasets'to train'the algorithm.
Algorithms in‘this study included K-nearest neighbor (KNN), Decision-trees, Random
Forest, and Multi-layer perceptron. Then, the test set data was used'to analyze the
performance of each-algorithm. For the'model predicting thetypes of oxides that were
formed-on alloy surfaces;a random: forest algorithm-was-used to create the prediction
model. The model-achieved the ‘accuracy of 93.16% and, the-F2 scorg of 0.9622. The
model predicts the types.of,oxides based on data -on the compesition-of the alloy and
the environment iewhich it was-exposed. For-a-prediction'model for-oxide spallation,
a decision tree algorithm was used‘to create*a-prediction-model.«The model achieved
the accuracy-of 97.01% and:the-F1scare of 0:9695: The-model.predicts spallation of
oxide on‘the alley surface based on data on-the composition.of the alloy and the
environment, in which, it was_expesed,-Compared to the cenventional method of the
Pilling-Bedworthwratio;) which had an accuracy of 41:86%; this machine learning
prediction model gave.twice of,accuracy. For a prediction'model for the coefficient of
thermal expansion (CTE) of-alloys, a decision tree“and“a random forest were used to
create the prediction model. The-model.achieved the highest R? values of 0.9615 and
0.9796, respectively, and the lowest MAPE values of 1.42% and 1.91%, respectively.
This model can be used to predict the thermal expansion coefficient of alloys for
specific alloy types which contain most of the 18 elements of chemical composition
such as C, Mn, P, S, Si, Cr, Ni, Mo, N, Ti, Al, La, Nb, V, Cu, W, Se, and Fe. Take in
to account the prediction model for the coefficient of thermal expansion (CTE) of
oxides, the decision tree and the random forest were used to create a prediction model
for the coefficient of thermal expansion (CTE) of oxides. The model achieved the
lowest MAPE values of 10.77% and 25.86%, respectively, and the highest R? values of
0.4279 and 0.5225, respectively. The model still needs the improvement due to the low
R? value and high MAPE value, overfitting problem of the model, and limited data on
oxide composition to train the algorithm. The model can be used to predict the CTE of
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oxide for specific oxide types that only contain specific elements such as Ti, Al, Cr, Fe,
Ni, Co, Cu, Si, Y, Mn, Zn, Ta, Nb, Zr, W, and Mg.

The difference in the thermal expansion coefficient values of alloy and oxide used
in this study was obtained from the prediction model for the thermal expansion
coefficient of alloy and oxide. The low accuracy of the oxide thermal expansion
coefficient prediction model leads to inaccuracy of the difference of the thermal
expansion coefficient values of alloy and oxide. By calculating the difference between
the thermal expansion coefficient value of alloy and oxide predicted from the prediction
model the inaccurate difference in the thermal expansion coefficient value of alloy and
oxide was obtained. So, when analyzing these differences in the thermal expansion
coefficient values of alloy and oxide, we reached two conclusions: (1) The exact
mismatch value of thermal expansion~coefficient causing the crack and spallation
cannot be estimated; (2)-The-thermal expansion coefficient of alloy and oxide does not
affect the spallation”ofoxide film on alloy surface.

5.2 Recommeéndation

The'prediction model for-the CTE  of oxides ‘still needs improvement due to low
R? value and high MAPE- valug, overfitting,problem-of modet; and'it'is only able to
predict the CTE-of oxides-far_specific oxide types that.only contain specific elements.
These ¢anbe salved by cellecting more thermal expansion coefficient of oxide data to
training meretaccurate model, use a-combination of machine learning algorithms to
imprave-the accuracy of the model, oruse a'different approach to-predicting the CTE
of oxides:
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Table A.1 The first data set is collected for prediction.

Type C Mn Si P S Cr Ni Mo Nb Ti Cu V @) N Al W | Ag B Re | Ta Co La| Se Fe
AISI 430 0.05| 0.82| 0.47 0 0| 178 0.8 0 0 0 0 0 0 0 0] 0| O 0] 0/ O 0|l 0] O 80.06
AISI 430 0.05| 0.82| 047 0 0| 178 0.8 0 0 0 0 0 0 0 0l 0| O 0/, 0] O 0| 0] O 80.06
AlSI 630 0.04 0.6 0.3 0 0] 171 4.2 0 0.3 0 3.5 0 0 0 0l 0| O 0/, 0] O 0, 0] O 73.96
AlSI 630 0.04 0.6 0.3 0 0] 171 4.2 0 0.3 0 35 0 0 0 0l 0| O 0, 0] O 0/ 0] O 73.96
AlSI 347 H 0.07| 128| 0.66 0 0| 183 8.6 0 0.4 0 0 0 0 0 0l 0| O 0, 0] O 0| 0] O 70.69
AISI 347 H 0.07| 128| 0.66 0 0| 183 8.6 0 0.4 0 0 0 0 0 0l 0| O 0, 0] O 0l 0] O 70.69
AISI 316 LN 0.03| 193| 0.63 0 0| 189 ] 13971 278 0.16 0 0 0 0 0 0|l 0| O 0, 0] O 0| 0] O 61.67
AISI 316 LN 0.03| 193] 0.63 0 0| 189, 139 278| 0.16 0 0 0 0 0 0, 0| O 0, 0| O 0, 0] O 61.67
Fe22Cr 0.04| 0.23| 0.08 0 0.01 22 ¢ 0.03| 0.01]-0.02 0 0.02 0| 0.58 ["0.07 0, 0| O 0, 0] O 0, 0] O 76.91
Fe22Cr 0.04| 0.23| 0.08 0 0.01 22| 0.03, 001 -0.02 0 0:02 0] 0.58 | 0.07 0|l 0| O 0/, 0] O 0, 0] O 76.91
Fe22Cr 0.04| 0.23| 0.08 0 0.01 22| 0.03| 001 0.02 0 0.02 0] 058, 0.07 Qf 0| O 0, 0] O 0/ 0] O 76.91
Fe22Cr 0.04| 0.23| 0.08 0 0.0k 22| 0.03| 001 (0.02 0 0.02 0] 0.58, 0.07 0. 0| O 0, 0] O 0/ 0] O 76.91
Fe22Cr 0.04| 0.23| 0.08 0 Q.01 22| 0,03 0.01}| 10.02 0 0:02 0| 0.584 0.07 04 0| O 0, 0] O 0| 0] O 76.91
330Ch 005| 069| 215| 0.015| 0.005| 21.14+-33.81 | 0.22 1.02 0 0.22 0 ) 0 00| O 0, 0] O 0| 0] 0 40.68
0.12B 0 0 0 0 0 0 0 0 0 Q 0 0 0 0 88193 0| 012 0| O] 8178] 0| O 0
0.12B 0 0 0 0 0 0 0 0 0 0 0 0 0 0 88193/ 0| 012 0| 0| 8178] 0| O 0
0.12B2Si 0 0 2.3 0 0 0 0 0 0 0 0 0 0 0 81194 0 012, 0| O 8008| 0| O 0
0.12B2Si 0 0 2.3 0 0 0 0 0 0 0 0 0 0 0 81,94/ 0/ 012, 0O O, 8008| 0| O 0
0.12B2Si 0 0 2.3 0 0 0 0 0 0 0 0 0 Q 0 81,94/ 0, 012, 0| O, 8008| 0| O 0
0.12B9Ni 0 0 0 0 0 0 9.3 0 0 0 Q 0 0 0 96,96, 0] 012 0| 0| 7138 0] O 0
DD32 0 0 0 0 0 45 614 i 1.6 0 0 0 0 0 6| 85| [0 0| 4| 4 9/ 0] O 0
DD32 0 0 0 Q 0 4507 614 1 1.6 0 0 0 0 0 6185 0 0| 4| 4 9/ 0] O 0
ANSI 310 0.018| 179, 0.65 0 N 258v—A903 0 0 0 0 0 0 0 0 =0 [0 0, 0] O 0| 0| 0] 52412
ANSI 310 0.018| 1.79| 0.65 0 0+125.84 *19:33 0 0 0 0 0 0 0 0| \@| /0 0/, 0, O 0] 0] 0] 52412
ANSI 310 0.018| 1.79| 0.65 0 0| 25.8)119.33 0 0 0 0 0 0 0 0| ™8| JO 0/, 0, O 0] 0] 0] 52412
GTD111 0.1 0 0 0 0 141.61.66 15 01149 0 0 0 0 3138 |/, 0] 0015 0] 28 95/ 0] O 0.225
GTD111 0.1 0 0 0 0 14 | 61.66 15 0| 49 0 0 0 0 31,38 0] 0015 0] 28 95/ 0] O 0.225
Ti36.7A11.9W0.5Si 0 0 0.5 0 0 0 0 0 0 50.9 0 0 0 0] 46.70+1.91 /0 0, 0] O 0, 0] O 0
Ti36.7A11.9WO0.5Si 0 0 0.5 0 0 0 0 0 0| 50.9 0 0 0 0| 46719/ 0 0, 0] O 0, 0] O 0
Ti36.7AI11.9W0.5Si 0 0 0.5 0 0 0 0 0 0] 509 0 0 0 0| 467 294 O 0, 0] O 0, 0] O 0
Ti36.7A11.9WO0.5Si 0 0 0.5 0 0 0 0 0 0] 50.9 0 0 0 0| ~46.7 /19| O 0, 0] O 0, 0] O 0
Ti36.7A11.9W0.5Si 0 0 0.5 0 0 0 0 0 0..50.9 0 0 0 O\ 4671429 O 0/, 0] O 0, 0] O 0
Ti36.7AI11.9W0.5Si 0 0 0.5 0 0 Q 0 0 0., 50:9 0 0 0 Q] 46.7119| O 0/, 0] O 0, 0] O 0
Ferritic ss 0.06 | 0.03| 0.08 0 0.01, 206 | 001] o0.01 0 0 0170.61 01 0.05 0] 0| O 0, 0] O 0/ 0] O 78.54
Ferritic ss 0.06| 0.03| 0.08 0 0.01 |"»206.| 0:01 j, 0.01 0 0 0| 0.61 0" 0.05 0, 0| O 0, 0| O 0, 0| O 78.54
Ferritic ss 0.06| 0.03| 0.08 0 0.01| 206 | %0.011 0,01 0 0 0| 061 0470.05 0/, 0| O 0, 0| O 0, 0] O 78.54
Ferritic ss 0.06| 0.03| 0.08 0 0.01| 20.6 [ %0.074,. 0.01 0 0 04 0.61 0470.05 0/, 0| O 0, 0] O 0, 0] O 78.54
Ferritic ss 0.06| 0.03| 0.08 0 0.01| 20.6| 0.01%.0.01 0 0 0.40.61 0] 0.05 0/, 0| O 0, 0] O 0, 0] O 78.54
Ferritic ss 0.06 | 0.03| 0.08 0 001 206| 0.01] 0.01 0 0 0+70.61 0] 0.05 0l 0| O 0/, 0] O 0| 0] O 78.54
Ferritic ss 0.06 | 0.03| 0.08 0 001 206] 0.01] o0.01 0 0 0| 061 0] 0.05 0l 0| O 0/, 0] O 0| 0] O 78.54
iron 0.011 | 0.035| 0.028 0.05 | 0.0094 | 0.009 | 0.018 | 0.004 | 0.004 0| 0.023 0 0 0[0015] 0] O 0/, 0] O 0] 0] 0] 99.7936
iron 0.011 | 0.035| 0.028 0.05 | 0.0094 | 0.009 | 0.018 | 0.004 | 0.004 0| 0.023 0 0 0[0015] 0] O 0/, 0] O 0] 0] 0] 99.7936
iron 0.011 | 0.035| 0.028 0.05 | 0.0094 | 0.009 | 0.018 | 0.004 | 0.004 0| 0.023 0 0 0[0015] 0] O 0, 0] O 0| 0] 0] 99.7936
F20T 0| 0.252 | 0.013 | 0.0259 0| 195| 0.14| 0.025| 0.002 | 0.33 | 0.0389 0 0 0[0124] 0] O 0] 0| 0] 00224 0| 0| 79.5268
F20T 0] 0.252 | 0.013 | 0.0259 0] 195| 0.14] 0.025| 0.002 | 0.33 | 0.0389 0 0 0[0124] 0] O 0] 0] 0] 00224 0| 0] 79.5268
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Table A.1 The first data set is collected for prediction (continue).

Type C Mn Si P S| Cr Ni Mo Nb Ti Cu V| O |N Al W | Ag| B |Re|Ta Co La Se Fe
F20T 0| 0.252 | 0.013| 0.0259 | 0| 195| 0.14| 0.025| 0.002| 0.33| 0.0389| 0| 0| 0| 0124 0| O 0] 0] O 0.0224 0 0| 79.5268
F20T 0] 0252 | 0.013| 00259 | 0| 195| 0.4 ] 0.025| 0.002| 033] 00389, 0| 0] 0] 0124 0] O 0/ 0] O 0.0224 0 0| 79.5268
F20T 0] 0252 | 0.013| 00259 | 0| 195| 0.4 ] 0.025| 0.002| 033] 00389, 0| 0| 0] 0124 0] O 0/ 0] O 0.0224 0 0| 79.5268
F20T 0] 0252 | 0.013| 00259 | 0| 195| 0.14] 0.025| 0.002| 033] 00389, 0| 0| 0] 0124 0] O 0/ 0] O 0.0224 0 0| 79.5268
F20T 0] 0252 | 0.013| 00259 | 0| 195| 0.4 0.025| 0.002| 0.33,00389, 0| 0| 00124 0] O 0l 0] O 0.0224 0 0| 79.5268
F20T 0] 0252 | 0.013| 0.0259 | 0| 195| 0.14| 0.025 40002 | 0.33.=0:.0382 | 010, 0] 0124 0| O 0, 0] O 0.0224 0 0| 79.5268
F20T 0] 0252 | 0.013 | 0.0259 | 0| 195| 0.14 | 002540002 | 0.33| 00389 | O "0s 0140124 0| O 0, 0] O 0.0224 0 0| 79.5268
F20T 0] 0252 | 0.013| 0.0259| 0| 195| 044 .0025| 0.002| 0.33/,00389| 0| 0| 0O%0.124, 0| O 0, 0] O 0.0224 0 0| 79.5268
F20T 0] 0252 | 0.013 | 0.0259 | 0| 19.5 )+ 0.44"| 0.025| 0.002 | 0,33/ 00389/ 0| 0| 0] 0124 0| O 0, 0] O 0.0224 0 0| 79.5268
F20T 0] 0252 | 0.013| 0.0259 | 0| 195 |+ 0.14 | 0.025 | 0.002.| - 0.33|/0,03891 0| 0] 0, 0124 %0}, 0 0/ 0] O 0.0224 0 0| 79.5268
F20T 0| 0252 | 0.013| 0.0259 | 0 | 19.5| 0.14./.0.025 [ 0002, 0:33] 0.0389, 0| -0] 00124 0} 0 0/ 0] O 0.0224 0 0| 79.5268
F20T 0] 0252 | 0.013| 0.0259 | 0} 495 | 0.14 | 0.025 | /0.002(}x -0.33 .0.0389 p0| 0, 0 0124 0|0 0/ 0] O 0.0224 0 0| 79.5268
F20T 0| 0252 | 0.013 | 0.0259 |04 195| 0.14,,0.025 | 0,002+ 033 [ 0.0389104 O] 0] 0224 0| O 0] 0] O 0.0224 0 0| 79.5268
TUS 220M 0| 0.101 | 0.058 | 0.0258 | O 22 |.0089} "1.674y 0316 0.157,| 0.0182 0 0 0] 0.0184..0| O 0, 0] O 0.024 0 0 75.523
TUS 220M 0] 0.101 | 0.058 | 0.0258 | O 22 | 0.089++, 1767 1,0.316/70.157/:.0.01821 Q] 04 OT 0018| 0] O 01. 0] O 0.024 0 0 75.523
TUS 220M 0] 0.101 | 0.058 | 0.0258 | O 22+ 0.089 { | 1.64, 0.31671.0.1571,/0.0182 [0 [0/ 0| 0.018 | 10, O 0,°0| O 0.024 0 0 75.523
TUS 220M 0| 0.101 | 0.058 | 0.0258 | -0 22| 0.089:4++1.67/170.316,[+0.157.{.0:0182 10} -0} .0/ 0.028| 0| O 0hL0] O 0.024 0 0 75.523
TUS 220M 0] 0.101 | 0.058 | 0.0258 | 0 22 0.089+=1.674 0.316 | 10.157),/0:01824 0} 20 0 (~0:018, ™ 045 O 0[.0] O 0.024 0 0 75.523
TUS 220M 0] 0.101 | 0.058 | 0.0258 10 22 ) 0.0897|7 1.67 ),0.316 {.0.157-1-0:0182 .0 |/ 040 (700028 0.0 0) 0] O 0.024 0 0 75.523
TUS 220M 0| 0.101 | 0.058 | 0.0258 | 0 22 | .0.0897 167 [0.316.4 0.1570:0182, /-0 |©. 0, 07}70:018) .0] O 0| 0 O 0.024 0 0 75.523
TUS 220M 0] 0.101 | 0.058 | 0.0258+«0 22y 20.089 4+ =1.674 [~0:3161|/0.157/]10.0182 |\ 0 | m0- £0=1=0.018==0¢"0 0, 01 O 0.024 0 0 75.523
TUS 220M 0] 0.101 | 0.058 | 0.0258 | O 22 110.0897 7167 0.316| 04571-0:0482 \0/ __0 /|0 0018770, 0 0 0 O 0.024 0 0 75.523
TUS 220M 0] 0.101 | 0.058 | 0.02581' 0 22 |“0:089 67 | 0.316/| ,0.4571.0.0182| 0%, 0 | “O0-~0:0484—0 |" 0 e DR O 0.024 0 0 75.523
TUS 220M 0] 0.101 | 0.058 | 0.0258 | O 2201 0.089 4 1:67+0.316// 015/ 0:0182/1,\0.| 0-P=0-0:0238+_ 0[O0 0 0] O 0.024 0 0 75.523
TUS 220M 0| 0.101 | 0.058 | 0.0258.{0 22 |/0.089 | +1.67 10,316 | 0.157:|-0:0182 - 0}> 0 [“0 | 0018, 0| O 0| 0] O 0.024 0 0 75.523
TUS 220M 0] 0.101 | 0.058 | 0.0258 0 22 470089 | 467 [ 0.316/|0.157 | "0.0182/0.-//' 0 [ 0p0.0181 0. O 0//0] O 0.024 0 0 75.523
TUS 220M 0] 0.101 | 0.058 | 0.0258 |0 220,089 | 167 | 0.316].0.157 |10.0182 -0 1 O | 0001801 O 0, 0] O 0.024 0 0 75.523
TUS 220M 0| 0.101 | 0.058 | 0.0258 | O 22 | 0.089{.1.67 | 0.316:--0:157/] 0.0182{ 04 0| /0100184 0| O 04 /0| O 0.024 0 0 75.523
AL 453 0| 0184 | 0.02 | 0.02484 0.22.1 | 0.131++0.01 |"0.002'{,0:003 | 0.0172"| @] 0170 | 069 | 0|40 00| O 0.0261 | 0.0086 0| 76.7783
AL 453 0] 0184 | 0.02 | 0.0248 | 01 .22.1 | 0.1310:.01-0.00%.]! 0.003 [ 0.0172/| 0|/ -0 069 | 0| O 04 0] O 0.0261 | 0.0086 0| 76.7783
AL 453 0] 0184 | 0.02 | 0.02487 0. 224 | 0.131 | 0.014 }.0.0010.003.f 0:0172 [ -0/|/"04 @] 0696 | 0420 0l 0] O 0.0261 | 0.0086 0| 76.7783
AL 453 0] 0184 | 0.02| 0.0248 |"0 .22 40431 | 10.02+0.002.0.003 | 0.0172\/-07} /040 |/0.696 | ©Q'j~"0 0l 0] O 0.0261 | 0.0086 0| 76.7783
AL 453 0] 0184 | 0.02| 0.0248 | 0}, 22.1 | 0231 | 0.01 |10:00%- 0:003 {-0.0172 | 00| 0| 0.696 /.00 0/l 0] O 0.0261 | 0.0086 0| 76.7783
AL 453 0] 0184 | 0.02| 0.0248 | 0| 22.1 0.131, 0.01 | 0.001 | 00037} Q0172 | 010 | 0| 0.69 | 0O .0 0l 0] O 0.0261 | 0.0086 0| 76.7783
AL 453 0| 0184 | 0.02| 0.0248| 0| 22.1, 0131 |+ 001 | 0.001 | 0.003 | 0.0172| O| O |0y 069 4 04 O 0, 0] O 0.0261 | 0.0086 0| 76.7783
AL 453 0] 0184 | 0.02| 0.0248| 0| 22.1 | 0:132y 0.01 0001 | 0.003 | 0.02721 0| (0, 0] 0696 0| O 0, 0] O 0.0261 | 0.0086 0| 76.7783
AL 453 0] 0184 0.02| 0.0248| 0| 22.1| 0.13%7y 001 | 0.001] 0003 |(0w01/2| O O] 04069 0| O 0, 0] O 0.0261 | 0.0086 0| 76.7783
AL 453 0] 0184 0.02| 0.0248| 0| 22.1| 0.131| 001 000%1, 0.003 | 0.0172 | OO0 | 01069 | 0| O 0, 0] O 0.0261 | 0.0086 0| 76.7783
AL 453 0] 0184 | 0.02| 00248 | 0| 22.1| 0.131| 0.01 | 0.004+.0.003 | 0.0172 .04 0]| 0| 069 | 0| O 0l 0] O 0.0261 | 0.0086 0| 76.7783
AL 453 0] 0184 | 0.02| 00248 | 0| 22.1| 0.131| 0.01] 0.001 | 0.003| 00172, 0| 0| 0| 069 | 0] O 0l 0] O 0.0261 | 0.0086 0| 76.7783
AL 453 0] 0184| 0.02| 00248 | 0| 22.1| 0.131| 0.01] 0.001 | 0.003| 00172, 0| 0| 0| 069 | 0| O 0/ 0] O 0.0261 | 0.0086 0| 76.7783
AL 453 0] 0184| 0.02| 00248 | 0| 22.1| 0.131| 0.01] 0.001 | 0.003| 00172/ 0| 0| 0| 069 | 0| O 0/ 0] O 0.0261 | 0.0086 0| 76.7783
AL 453 0] 0184| 0.02| 00248 | 0| 22.1| 0.131| 0.01] 0.001| 0.003| 00172, 0| 0| 0, 069 0| O 0l 0] O 0.0261 | 0.0086 0| 76.7783
Crofer 22 APU 0| 0.526 | 0.016 0| 0] 224 | 0.022 | 0.003| 0.002 | 0.052| 0.0086| 0| O| O] 0.008] O] O 0] 0] O 0.003 | 0.0573 0| 76.9021
Crofer 22 APU 0] 0.526 | 0.016 0] 0] 224 | 0.022 | 0.003 | 0.002 | 0.052| 0.0086| 0| O| O] 0.008] O] O 0] 0] O 0.003 | 0.0573 0] 76.9021




Table A.1 The first data set is collected for prediction (continue).

Type C Mn Si P S Cr Ni Mo Nb Ti Cu V|O|N Al W |Ag|B|Re|Ta Co La Se Fe
Crofer 22 APU 0| 0.526 | 0.016 0 0| 22.4 | 0.022 | 0.003 | 0.002 | 0.052 | 0.0086 | 0| O| 0] 0.008 0| 0[0] O| O] 0.003| 0.0573| 0| 76.9021
Crofer 22 APU 0] 0.526 | 0.016 0 0] 224 | 0.022 | 0.003 | 0.002 | 0.052 | 0.0086 | 0| 0| 0] 0.008 0| 0[0] O] O] 0.003| 0.0573| 0| 76.9021
Crofer 22 APU 0] 0.526 | 0.016 0 0] 224 | 0.022 | 0.003 | 0.002 | 0.052 | 0.0086 | 0| 0| 0] 0.008 0| 0[0] O] O] 0.003]| 0.0573| 0| 76.9021
Crofer 22 APU 0] 0,526 | 0.016 0 0] 224 0.022 | 0.003 | 0.002 | 0.052 | 0.0086 | 0| 0| 0] 0.008 0| 0[0] O] O] 0.003| 0.0573| 0| 76.9021
Crofer 22 APU 0] 0,526 | 0.016 0 0] 224 0.022 | 0.003 | 0.002 | 0.052 | 0.0086 0| 0| 0] 0.008 0| 0[0] O] O] 0.003| 0.0573| 0| 76.9021
Crofer 22 APU 0| 0.526 | 0.016 0 0| 224 | 0.022 | 0.003"0.002..0:052.{..0.0086 0. 0| 0| 0.008 0, 0/]0] O, O] 0.003| 0.0573| 0| 76.9021
Crofer 22 APU 0| 0.526 | 0.016 0 0| 224 | 0.022"1 0.003 1 0.002 | 0.052 | 0.0086 | 09010 | 0.008 0, 0/]0] O, O] 0.003| 0.0573| 0| 76.9021
Crofer 22 APU 0| 0.526 | 0.016 0 0| 224 |40.022"] 0.003 | 0.002 | 0,052 |,0.0086 | 0| O[™0. 0.008 0O, 0/]0] O, O] 0.003| 0.0573| 0| 76.9021
Crofer 22 APU 0| 0.526 | 0.016 0 0| 224 |#0.022 | 0.003.] 0,002"| '0.052 | 0.0086 | 0| 0| 0| 0.008 0O, 0/]0] O, O] 0.003| 0.0573| 0| 76.9021
Crofer 22 APU 0] 0.526 | 0.016 0 04224 | 0.022.| 0.003.] 0.002+|.0.052//0.0086 | 0 0] 0 0.008 0| 0[0] O] O] 0.003| 0.0573| 0| 76.9021
Crofer 22 APU 0] 0,526 | 0.016 0 0 224 | 0.022 | 0.003-{.0.002}.0.052/}.0.0086 -0 0| 0, 0.008 0O/ 0[0] O] O] 0.003| 0.0573| 0| 76.9021
Crofer 22 APU 0] 0.526 | 0.016 0 0] 22.4 | 0.022 | 0.0037] 0.002-f 0.052 | 0.0086 ' 04 0| 0, 0.008 0!/ 0,0 O] O] 0.003| 00573| 0] 76.9021
Crofer 22 APU 0| 0.526 | 0.016 0 0] 224 | 0,022 | 0.003 |-0:002-+ 0.052 | ©.0086, Q| 0| 0/ 0.008 0j. 0[0] 0| O] 0.003| 0.0573| 0| 76.9021
Crofer 22 H 0| 0418 | 0.022 | 0.0101 0| 22.9-0.299 | 0:011 1 0.298 }.0,012.}.-0.01563 - 0 [«0| 0} 0045166 | 0L O] O] O] 0.038| 0.09 | 0| 74.2106
Crofer 22 H 0| 0418 | 0.022 | 0.0101 0| 229 | 02997 0.041 | [0.293 {,/0/022, 0.0153 | Oy O[* 00.015| 166| O[O0| O] O] 0.038| 0.09 | 0| 74.2106
Crofer 22 H 0| 0418 | 0.022 | 0.0101 0,229 0.299 |-0.0114 0.293° 0.012 |, 0.0153 [0 | O-{.0{ 0.0154.,166| 0} 0| O] O] 0.038] 0.096| 0| 74.2106
Crofer 22 H 0| 0418 | 0.022 | 0.0101 0] 22.9 |10:299 | 0.011.| '0.293 | 0.012.| \0.0453" .0'{" 0. | [0:+0:.015 | 1.66 =0 0] O] O] 0.038]| 0.096| 0| 74.2106
Crofer 22 H 0| 0418 | 0.022 | 0.0101 04229 0299, 0.011 //0.293, 0.012| 0.0153} 0 "0 |, 0+-0.015-2.66 | O 0| O] O] 0.038]| 0.096| 0| 74.2106
Crofer 22 H 0| 0418 | 0.022 | 0.0101 01229 (70299 | 00117 0.293 | 0.022}.0.0153 /0 |40 | 07[70.015} 166 | 0,:0|" . 0| O] 0.038]| 0.096| 0| 74.2106
Crofer 22 H 0] 0418 | 0.022 | 0.0101 0 /22.97170:299°} 0.011 ) 0.293 | 0.012 0.0153 |©04", 0170770015 | 166 04 0| 0| O] 0.038]| 0.096| 0| 74.2106
Crofer 22 H 0| 0418 | 0.022 | 0.0101 0422:9-+0.299-1- 0:0%2n, 0,293 | /0.012,]:.0.0153 j«0+ 0} -0 0.015: 66| 0} 0] O O] 0.038] 0.09 | 0| 74.2106
Crofer 22 H 0| 0418 | 0.022 | 0.0101 0| 2297 0.299 0.011 | 0.293+ 0.0:21 0.0153/| 0| 0|/ 0/ 0.015) 166| O] 0] O] O] 0.038] 0.09 | 0| 74.2106
Crofer 22 H 0| 0418 | 0.022 | 0.0101 01 22:90:299/-0.011 | '0.293 4. 0.0121 0,0153(.0 |_"O4070.015] 166 =0~ O O O] 0.038| 0.09 | 0| 74.2106
Crofer 22 H 0| 0418 | 0.022 | 0.0101 0-.22.9 § 0,299 4.0:011 | 0,293/ 0:022/}0:0153 | OO0 0--0.015| 166/ 04 0| O] O] 0.038]| 0.096| 0| 74.2106
Crofer 22 H 0| 0418 | 0.022 | 0.0101 0] 229 [£0.299 | 0:011 {:0.293:0.012 | 0.0153 }»01| 0| 0| 9015 166 | 04 Q| 0| O] 0.038]| 0.096| 0| 74.2106
Crofer 22 H 0| 0418 | 0.022 | 0.0101 0| 2291.0.299,.0.01110.293 | 0.012 | 0/0053 )/'0-|¢ O4»0 | 0015+, 16610 0| O] O] 0.038]| 0.096| 0| 74.2106
Crofer 22 H 0| 0418 | 0.022 | 0.0101 017229,.0299°| 0.011 /.0.293 | 0.012 | 0,0453} 0| 0}°01 0015|166 | 0 /04 O] O] 0.038]| 0.096| 0| 74.2106
Crofer 22 H 0| 0418 | 0.022 | 0.0101 0| 22910.299 0.01174.0,293; 0.012 | 0.0153 40| 0 [-01 0015 166400 O] O] 0.038| 0.09 | 0| 74.2106
Sanergy HT 0| 0.288 | 0.107 | 0.0263 0| 21.3|,0483| 1009 0:688| 0.04]| 001437 0/ 0| 0O}0.014 0 »0l0] O, O] 0.023| 0.0001| 0] 759213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 Q] 21.3| 04884, 1.09) 0.688] 0.04 | 0.0143 |/ 0:4-04 0-10.014 0]l 0/,0] O, O] 0.023]| 0.0001| 0| 759213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 04213 | 0.488 | » 1..09, '0:688 | +.0.04+, 0.0143 "0 . 0] 0| 0.014 0,0/ 0] O, O] 0.023]| 0.0001| 0] 759213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 0" 213+ 0.488 | +1.09.{.0:688 | 0.04 | 0.014310/~0| 0] 0.014 0 0| 0] O] O] 0.023]| 00001| 0| 759213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 0y 2137} 0488 | 1.090:688y. 0.04 |.0:0143+0] 0| 0 0,014 0f 0[0] O] O] 0.023| 0.0001| 0| 75.9213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 0213 | 0488 | 1.09770.688.[0:04-+0:0143"1"0| 0| 0 L0014 0, 0,0 O] O] 0.023| 00001 | 0] 759213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 01213, 0488 |-,1.09| 0688 | 0.04| 0.0143| 0| 04, 0} 0.024 0O, 0/]0] O, O] 0.023| 0.0001| 0| 759213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 0| 218, 04881 /1.09+4.0.688 | 0.04 |(0.0143 | 0| _0" 0.,470.014 0, 0/]0] O, O] 0.023| 0.0001| 0] 759213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 0| 21.3 | 0:488%».1.09 | “0.688 1" 0.044[10.0143-| 0| 04" 0.40.014 0O, 0/]0] O, O] 0.023]| 0.0001| 0] 759213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 0| 21.3| 0.488%.1.0994:0.688 | 0.04 | 0.0143+=0 | 0+ 0| 0.014 0O, 0/ 0] O, O] 0.023| 0.0001| 0] 759213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 0] 21.3] 0483 | 1.090688 | 0.04] 0.0143+F0] 0| 0| 0.014 0| 0[0] O] O] 0.023| 0.0001| 0| 759213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 0] 213] 0483 | 1.09| 0.688| 0.04| 00143 0| 0| 0| 0.014 0| 0[0] O] O] 0.023| 0.0001| 0| 759213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 0] 21.3] 0488 | 1.09| 0.688| 0.04| 00143 0| 0| 0| 0.014 0| 0[0] O] O] 0.023]| 00001, 0| 759213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 0] 213] 0488 | 1.09| 0.688| 0.04| 00143 0| 0| 0| 0.014 0| 0[0] O] O] 0.023| 0.0001| 0| 759213
Sanergy HT 0| 0.288 | 0.107 | 0.0263 0213|0488 | 1.09| 0.688| 0.04| 00143, 0| 0| 0 0.014 0| 0| 0] 0| O] 0.023| 0.0001| 0| 75.9213
E-Brite 0| 0.045| 0.063 | 0.0123 | 0.0111 | 25.7 | 0.121 1] 0.096| 0.001| 0.006| 0| 0| O/ 0.006 0| 0| 0] 0| O] 0.0203 0| 0| 729183
E-Brite 0| 0.045| 0.063 | 0.0123 | 0.0111 | 25.7 | 0.121 1] 0.096| 0001 0.006 0| 0| O] 0.006 0| 0] 0] O] O] 0.0203 0] 0] 729183
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Table A.1 The first data set is collected for prediction (continue).

Type C| Mn Si P S Cr Ni Mo Nb Ti Cu \Y @) Al W |Ag| B |Re| Ta Co La | Se Fe
E-Brite 0| 0.045| 0.063 | 0.0123 | 0.0111| 25.7| 0.121 1] 0.096| 0.001| 0.006 0 0 0 | 0.006 0|l 0[0] O 0| 0.0203 0| 0] 729183
E-Brite 0] 0.045| 0.063 | 0.0123 | 0.0111| 25.7| 0.121 1] 0.096 | 0.001| 0.006 0 0 0 | 0.006 0l 0[] 0] O 0| 0.0203 0] 0] 729183
E-Brite 0] 0.045| 0.063 | 0.0123 | 0.0111| 25.7| 0.121 1] 0.096 | 0.001| 0.006 0 0 0 | 0.006 0l 0[] 0] O 0| 0.0203 0] 0] 729183
E-Brite 0| 0.045| 0.063 | 0.0123 | 0.0111| 25.7| 0.121 1] 0.096| 0.001| 0.006 0 0 0 | 0.006 0, 0[0] O 0| 0.0203 0| 0] 729183
E-Brite 0| 0.045| 0.063 | 0.0123 | 0.0111| 25.7| 0.121 1] 0.09 | 0.001, .0.006 0 0 0 | 0.006 0l 0[0] O 0| 0.0203 0| 0] 729183
E-Brite 0| 0.045| 0.063 | 0.0123 | 0.0111| 25.7| 0.121 1] 0096 0.00%}0.006 0 0 0 | 0.006 0, 0[] 0] O 0| 0.0203 0| 0] 729183
E-Brite 0| 0.045| 0.063| 0.0123 | 0.0111 | 25.7] 0.121 10096 | 0.001| 0.006 0 0 0 | 0.006 0, 0/ 0] O 0| 0.0203 0| 0] 729183
E-Brite 0| 0.045| 0.063| 0.0123 | 0.0111 | 25.7| 0.121 1] 0.096 | 0.001 | 0.006 0 0 0 110.006 0, 0/ 0] O 0| 0.0203 0| 0] 729183
E-Brite 0| 0.045| 0.063| 0.0123 | 0.0111 | 25.7 | 0.121 1] 0.096 . 0.001]  0.006 0 0 0 110.006 0, 0/ 0] O 0| 0.0203 0| 0] 729183
E-Brite 0] 0.045| 0.063 | 0.0123 | 0.0111 | 25.7| 0421 1| 0:096 - 0.001 | | 0.006 0 0 0 | 0.006 0, 0[] 0] O 0| 0.0203 0] 0] 729183
E-Brite 0| 0.045| 0.063 | 0.0123 | 0.0111| 257 0.121 1| 0:096 | ,-0.001| '0.006 0 0 0| 0.006 0, 0[] 0] O 0| 0.0203 0| 0] 729183
E-Brite 0| 0.045| 0.063 | 0.0123 | 0.0111 | 257 | 0.121 1| 04096 |(40.001 | .0.006 0 0 0.| 0.006 0, 0 0] O 0| 0.0203 0| 0] 729183
E-Brite 0| 0.045| 0.063 | 0.0123 | 0.0111 | 25.7 | 0.121 1] 0.096 [» 0.001 [} 10.006 0 0 0y 0.006 0. 0] 0] O 0| 0.0203 0| 0] 729183
AL 29 4C 0] 0.055| 0.06| 0.0173 | 0.0207 |/ 28.2 | 0.103-| /3.85 | 10.014 |.0.0003/ 0.0082 0 0 0. -06:008 0L 0[ 0] O 0| 0.0153 0| 0] 67.6502
AL 29 4C 0] 0.055| 0.06| 0.0173 | 0.0207/ 28.2 | 0.101 [~3.85 | 0.014 |/0.0003/1:0.0082 0 0 0-{, 0.008 0.0/ 0] O 0| 0.0153 0| 0] 67.6502
AL 29 4C 0] 0.055| 0.06| 0.0173 | 0.0207 | 28.2 ,-0401 | - 3.85+..0.034 | ~0.0003 |0.0082 0 0 0-]: 0.008 0, 0L 0] O 0| 0.0153 0| 0] 67.6502
AL 294C 0] 0.055| 0.06| 0.0173 | 0.0207 {+=28.2 |/0.101 }==3:85 | 0.014"] 0:0003.0.0082 0 0 0-/=0.008 O 070 O 0| 0.0153 0| 0] 67.6502
AL 294C 0] 0.055| 0.06| 0.0173 | 0.0207 | 28.24-0:101++-3:85 | 0,014 | 0.0003},/0.0082 0 0 0'4+0.008 0] 0J 0] O 0| 0.0153 0| 0] 67.6502
AL 29 4C 0] 0.055| 0.06| 0.0173 | 0.0207 |>=28.2.| 0.10177 38,85 | 0.014 | -0.0003-0.0082 0 0 0110.008 om0 0o| o 0| 0.0153 0| 0] 67.6502
AL 29 4C 0] 0.055| 0.06| 0.0173 |/0.,0207 | 728.2 | 0,21017°3:85 | ,0:014 | .0,0003.0.0082 0 0 07170.008 Op=0[.0]| O 0| 0.0153 0| 0] 67.6502
AL 29 4C 0] 0.055| 0.06| 0.0173 |/ 0.0207+ 28.2°%0:101 | ~3.85 0.014 | 0.0003.|..0:0082 0 0 0-1-0.008 0000 O 0| 0.0153 0| 0] 67.6502
AL 29 4C 0] 0.055| 0.06| 0.0173 | 0.0207 | 28.2_ 0.1017 ¢ 3.85].0.014 ) 0.0003 | 0.0082 0 0 0//10.008 020|808 O 0| 0.0153 0| 0] 67.6502
AL 29 4C 0] 0.055| 0.06| 0.0173 | 0.0207 28.2°| 0:203|3:851 0.014"|/ 0,0003 | 0.0082 0 0 0-1.0.008 O==0 FO| O 0| 0.0153 0| 0] 67.6502
AL 29 4C 0] 0.055| 0.06| 0.0173 | 0.0207 | ,28.2<//0.102 }--3.85,-0:914 |,/0.00031] 100082 0 0 0-1-0.008 0L0[ 0] O 0| 0.0153 0| 0] 67.6502
AL 29 4C 0] 0.055| 0.06| 0.0173 | 0.02074 28.2 | 0.10%7| '3:8510/014 | 0.0003 | 0.0082 0 0 0 |:0.008 o/™oj 0| O 0| 0.0153 0| 0] 67.6502
AL 29 4C 0] 0.055| 0.06| 0.0173 | 0.0207+ 28:2 | 0:202.| 13.85 | 0.014(/0.0003 | 0.0082 0 0 0 | .0.008 04,01 0] O 0| 0.0153 0| 0] 67.6502
AL 29 4C 0] 0.055| 0.06| 0.0173 | 0.0207( /28.2 | 0.101 | '3.85] 0.014 [ 0.0003 | 0.0082 0 0 0].0.008 QI ol o 0| 0.0153 0| 0] 67.6502
AL 29 4C 0] 0.055| 0.06| 0.0173 | 0:0207 |+*28.2 | 0.104 | 3:85 | 0.014 |- 0.0003 0.0082 0 0 0.1.0.008 04 0/ 0] O 0| 0.0153 0| 0] 67.6502
Cul5Nil5Ag | O 0 0 0 0 0 15 0 0 0 70 0 0 0 0 0/454 0] O 0 0 0] O 0
Cul5Nil5Ag | O 0 0 0 0 0 15 Q 0 0 70 0 0 0 0 015/ 0] O 0 0 0] 0 0
Cu25Ni25Ag | O 0 0 0 0 0 25 0 0 0 50 0 0 0 0 0125/ 0] 0 0 0 0] 0 0
Cu25Ni25Ag | 0 0 0 0 0 0 25 0 0 0 50 0 0 0 0 0425 0] O 0 0 0] 0 0
NCFS 0 0 3.06 0 0] 24.95 | 62.02 0 0 0 0 0 0 0 0 0, 00 O 0 0 0] O 9.97
NCFS1.5Nb 0 0 2.94 0 0| 25.08 [1.60.5 0| 148 0 0 0 0 0 0 0l 0[0] O 0 0 0] O 10.05
NCFS3Nb 0 0 2.91 0 0| 24.941,59:34 0, 293 0 0 0 0 0 0 0, 0/ 0] O 0 0 0] 0 0.88
AlSI430 0| 042| 041 0 0| 16.3 0 1%0.076 | 0i015,| 0.007 0 0.08 0 04 0006| 0035 0] 0] O 0 0 0] 0 82.651
AlSI430 0| 042] 041 0 0| 16.3 01.0.076,| 0.015." 0.007 0| 0.08 0 040006 0035 0] 0] O 0 0 0] 0 82.651
AlSI430 0| 042] 041 0 0| 16.3 0 | 0.076.0.015y.0.007 0 | 0.08 0 0] 0006 0035 0] 0] O 0 0 0] O 82.651
AlSI441 0 04| 059 0 0] 17.53 0 0| 04290172 0 0 0 0| 0.07 0l 0[0] O 0 0 0] O 80.828
AlSI441 0 04| 059 0 0] 17.53 0 0| 041]| 0172 0 0 0 0| 0.07 0l 0[0] O 0 0 0] O 80.828
AlSI441 0 04| 0.59 0 0] 17.53 0 0| 041] 0172 0 0 0 0| 0.07 0, 00| O 0 0 0| O 80.828
Crofer22H 0| 044] 025 0 0 23 0 0 0.5 0.1 0 0 0 0| 0.01 19| 0/ 0] O 0 0/007] O 73.73
Crofer22H 0| 044] 0.25 0 0 23 0 0 0.5 0.1 0 0 0 0| 0.01 19| 0/ 0] O 0 0007 O 73.73
Crofer22H 0| 044] 0.25 0 0 23 0 0 0.5 0.1 0 0 0 0| 0.01 19| 0/ 0] O 0 0007 O 73.73
Ni base 0 0 0 0 0 6| 87.45| 0.05 0 0.05 0 0 0 0 63| 0.05| 0| 0| 0] 0.05 0.05 0] O 0
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Table A.1 The first data set is collected for prediction (continue).

Type C Mn Si P S Cr Ni Mo | Nb Ti Cu V o] N Al W | Ag B Re Ta Co La | Se Fe
Ni base 0 0 0 0 0 6| 87.45| 0.05 0 0.05 0 0 0 0 6.3 ] 0.05 0 0 0 005| 005| O 0 0
Ti-6Al-7Nb 0.02 0 0 0 0 0 0 0| 7.27 | 86.1063 0 0| 0.18 | 0.0058 | 6.39 0 0 0 0 0 0, 0 0 0.026
Ti-6Al-7Nb 0.02 0 0 0 0 0 0 0| 7.27 | 86.1063 0 0| 0.18 | 0.0058 | 6.39 0 0 0 0 0 0, 0 0 0.026
Ti-6Al-7Nb 0.02 0 0 0 0 0 0 0| 7.27 | 86.1063 0 0| 0.18 | 0.0058 | 6.39 0 0 0 0 0 0] 0 0 0.026
AlSI 430 0.042 | 0.326 | 0.295| 0.018 0] 16.92 | 0.155 0 0 0 0 0 0 0 0 0 0 0 0 0 0, 0 0 82.244
AISI 430 0.042 | 0.326 | 0.295 | 0.018 0| 16.92 | 0.155 0 0 0 0 0 0 0 0 0 0 0 0 0 0] 0 0 82.244
AISI 430 0.042 | 0.326 | 0.295 | 0.018 0| 16.92 | 0.155 0 0 0 0 0 0 0 0 0 0 0 0 0 0] 0 0 82.244
AlSI 430 0.042 | 0.326 | 0.295 | 0.018 0| 16.92 | 0.155 0 0 0 0 0 0 0 0 0 0 0 0 0 0| O 0 82.244
AlSI 430 0.042 | 0.326 | 0.295 | 0.018 0| 16.92 |/ 0.155 0 0 0 0 0 0 0 0 0 0 0 0 0 0| O 0 82.244
AISI 430 0.042 | 0.326 | 0.295| 0.018 0] 16,92 | 40.155 0 0 0 0 0 0 0 0 0 0 0 0 0 0, 0 0 82.244
AlSI 430 0.042 | 0.326 | 0.295| 0.018 0| 1692 0.155 0 Q 0 0 0 0 0 0 0 0 0 0 0 0, 0 0 82.244
AlSI 430 0.042 | 0.326 | 0.295| 0.018 04 1692 | 0.155 0 0 0 0 0 0 0 0 0 0 0 0 0 0, 0 0 82.244
AlSI 441 0.015 0.3 06| 0.03 0|/ 185 0.3/,025] 05 0.18 |1 0.3 0 0 0| 0.015 0 0 0 0 0 0| O 0 78.96
AlSI 441 0.015 0.3 06| 0.03 0l 185 0:30.25 5 0.5 018, 103 0 0 0--0.015 0 0 0 0 0 0] O 0 78.96
AlSI 441 0.015 0.3 06| 0.03 0| 185 0.2540775 905 0.181.0.3 0 0 0| 0.015 0 0 0 0 0 0, 0 0 78.96
AlSI 441 0.015 0.3 06| 0.03 0| 185 0.81 1D.25+ {08 0.1811//0:3 0 Q 0 | 0:045 0 0 0 0 0 0, 0 0 78.96
AlSI 441 0.03 1 1| 0.04 |/ 0,015 18 0.5 0065 0:35 0 0 0 0 0 0 0 0 0 0 0, 0 0 78.415
AlSI 441 0.03 1 1| 0.04 ] 0.015 18 0:5 0]70.65 0.35 0 0 0 0 0 0 0 0 0 0 0, 0 0 78.415
AlSI 441 0.03 1 1| 0.04] '0.015 18 05 0110.65 0,35 Q Q 0 0 0 0 0 0 0 0 0, 0 0 78.415
AlSI 441 0.03 1 1| 0.04] 0.015 18 0.5 0 |,'0.65 0.35 0 0 0 0 0 0 0 0 0 0 0, 0 0 78.415
AlSI 441 0.03 1 1| 0.04 | 0015 18 0.5 0] 0:65 0.85 0 0 0 0 0 0 0 0 0 0 0| O 0 78.415
AlSI 441 0.03 1 1] 0.04| 0015 18 0.5 0] 0.65 0.35 0 0 0 0 0 0 0 0 0 0 0| O 0 78.415
FellCr0.5Ti 0.022 | 0.21| 0.47 0 0 10.38 0 0 0 0.46 0 0 0 0 0 0 0 0 0 0 0, 0 0 88.458
FellCr0.5Ti 0.022 | 0.21| 0.47 0 0] 10:38 0 0 0 0:46 0 Q 0 0 0 0 0 0 0 0 0, 0 0 88.458
Fel8Cr0.5Ti 0.022 | 0.21| 0.47 0 0] 1741 0 0 0 0.46 0 0 0 0 0 0 0 0 0 0 0, 0 0 81.428
Fel8Cr0.5Ti 0.022| 021 047 0 0 17.41 0 0 0 0.46 0 0 0 Q 0 0 0 0 0 0 0, 0 0 81.428
AISI 304 0.0466 | 1.37| 0.46 | 0.028 | .0.0006 | 18.07 | ~8.11 0 0 0 0 0 01.0.0322 0 0 0 0 0 0 0, 0 0| 71.8826
AlSI 304 0.0466 | 1.37| 0.46 | 0.028 | '0.0006- 18.07 | 8.1 0 0 0 0 0 Q'] '0.0322 0 0 0 0 0 0 0| O 0| 71.8826
AlSI 304 0.0466 | 1.37| 0.46 | 0.028 | 0.0006 | 18.07 | 8.1t 0 0 0 0 0 0/] 0,0322 0 0 0 0 0 0 0| O 0| 71.8826
AlSI 304 0.0466 | 1.37| 0.46 | 0.028 | 0.0006 18.07 | 8.11 0 0 0 0 0 Q | 0.0322 0 0 0 0 0 0 0| O 0| 71.8826
AlSI 304 0.0466 | 1.37| 0.46 | 0.028 | 0.0006 | 18.07.| 8.11 0 0 0 0 0 0 4. 0.0322 0 0 0 0 0 0 0| O 0| 71.8826
AlSI 304 0.0466 | 1.37 | 0.46 | 0.028 | 0.0006, 18.074" 8.11 0 0 0 0 0 05 0:0322 0 0 0 0 0 0 0, O 0| 71.8826
AISI 439 0.006 | 0.18| 0.42| 0.033| 0.001 [.17:01 | ,10:23 0| 07 0:15 0 0 0| 0.0122 0 0 0 0 0 0 0, 0 0| 81.7878
AISI 439 0.006| 0.18| 0.42| 0.033| 0.001 | 17,01y 0.23 0] 017 0.15 0 0 0| 0.0122 0 0 0 0 0 0 0, 0 0| 81.7878
AlSI 439 0.006 | 0.18| 0.42| 0.033| 0.001| 17.00, 0.23 0, 017 0.15 0 0 0,+0.0122 0 0 0 0 0 0 0| O 0| 81.7878
AlSI 439 0.006 | 0.18| 0.42| 0.033| 0.001| 17.01| 0.23 04 0.17, 0.15 0 0 0,}-0.0122 0 0 0 0 0 0 0| O 0| 81.7878
AlSI 439 0.006 | 0.18| 0.42| 0.033| 0.001| 17.01| 0.23 0, 0.17 0.15 0 0 0.4+0.0122 0 0 0 0 0 0 0| O 0| 81.7878
AlSI 439 0.006 | 0.18| 0.42| 0.033| 0.001| 17.01| 0.23 B, U 0N 0.15 0 0 0.470.0122 0 0 0 0 0 0 0| O 0| 81.7878
F18TNb/AISI 441 001| 024 0.6 0 0] 17.83 0.1] 0.01] 0.55 0.13 0 0 0 0| 0.006 0 0 0 0 0 0, 0 0 80.524
F18TNb/AISI 441 001| 024 0.6 0 0] 17.83 0.1] 0.01] 0.55 0.13 0 0 0 0| 0.006 0 0 0 0 0 0, 0 0 80.524
F18MT/AISI 444 0| 042]| 042 0 0| 176 0.1] 2.04 | 0.28 0.16 0 0 0 0 0 0 0 0 0 0 0, 0 0 78.98
F18MT/AISI 444 0| 042]| 042 0 0| 176 0.1] 2.04 | 0.28 0.16 0 0 0 0 0 0 0 0 0 0 0, 0 0 78.98
AISI 304L 0.008 09| 0.13] 0.008 | 0.0025| 185 8.3 0] 0.01 0 0.36 | 0.02 0| 0.0055 0 0 0 | 0.0008 0 005| 005| O 0| 71.6552
AISI 304L 0.008 09| 0.13] 0.008 | 0.0025| 185 8.3 0] 0.01 0| 0.36 | 0.02 0 | 0.0055 0 0 0 | 0.0008 0 005| 005| O 0| 71.6552
AISI 304L 0.008 09| 0.13] 0.008 | 0.0025| 185 8.3 0] 0.01 0] 0.36 | 0.02 0 [ 0.0055 0 0 0 | 0.0008 0 005] 005] O 0| 71.6552
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Table A.1 The first data set is collected for prediction (continue).

Type C Mn Si P S Cr Ni Mo Nb Ti Cu 0 N Al | W g B Re Ta Co La | Se Fe
AISI 348 0.052 | 1.61| 0.42| 0017 | 0.003| 17.45| 10.94 0| 0.83 0 0 0 0] 0.018 0] O 0| 0.0007 0| 0.005| 0.023 0 0| 68.6313
AlSI 348 0.052| 1.61| 042 0.017| 0.003| 17.45| 10.94 0| 0.83 0 0 0 0] 0.018 0] O 0 | 0.0007 0| 0.005| 0.023 0 0| 68.6313
AlSI 348 0.052| 1.61| 042 0.017| 0.003| 17.45| 10.94 0| 0.83 0 0 0 0] 0.018 0] O 0 | 0.0007 0| 0.005| 0.023 0 0| 68.6313
Iron 0.011 | 0.035| 0.035 | 0.005 | 0.0094 | 0.01 | 0.018 | 0.005 | 0.005 0| 0.023 0 0 0/ 0015] O 0 0 0 0 0 0 0] 99.8286
Iron 0.011 | 0.035| 0.035 | 0.005 | 0.0094 | 0.01 | 0.018 | 0.005 | 0.005 0| 0.023 0 0 0/ 0015] O 0 0 0 0 0 0 0] 99.8286
Iron 0.011 | 0.035 | 0.035| 0.005| 0.0094 | 0.01 | 0.018 | 0.005 | 0.005 0...0.023 0 0 0] 0015| O 0 0 0 0 0 0 0| 99.8286
Iron 0.011 | 0.035 | 0.035 | 0.005 | 0.0094 | 0.01 | 0.018 | 0.005 | 0.005 0| 0.023 0 0 04.0.015| 0 0 0 0 0 0 0 0| 99.8286
Iron 0.011 | 0.035 | 0.035 | 0.005| 0.0094 | 0.01 | 0.018 0.005 | 0.005 0].0.023 0 0 04.0015| O 0 0 0 0 0 0 0| 99.8286
Iron 0.011 | 0.035 | 0.035 | 0.005| 0.0094 | 0.01 | 0:0184 0.005 | 0.005 01, 0.023 0 0 0] 0104510 0 0 0 0 0 0 0] 99.8286
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Table A.1 The first data set is collected for prediction (continue).

Type t (hr) T (°C) pO; (atm) | pH20 (atm) ko (g%/cm*s) | Spallation
AISI 430 500 650 41.45078 0 9.48E-14 0
AlSI 430 1000 650 41.45078 0 5.63E-14 0
AlSI 630 500 650 41.45078 0 6.48E-15 0
AISI 630 1000 650 41.45078 0 5.14E-15 0
AISI 347 H 500 650 41.45078 0 3.13E-15 1
AISI 347 H 1000 650 41.45078 0 1.27E-13 1
AISI 316 LN 500 650 41.45078 0 5.34E-15 1
AISI 316 LN 1000 650 41.45078 0 4.17E-13 1
Fe22Cr 100 700 0.21 0 4.5E-15 0
Fe22Cr 100 750 0.21 0 3.6E-14 0
Fe22Cr 100 800 021 0 1.3E-13 0
Fe22Cr 100 850 0.21 0 3.7E-13 1
Fe22Cr 40 900 0.21 0 1.3E-12 1
330Cb 144 900 0.21 0 1.4E-09 1
0.12B 500 800 0.21 0 0 0
0.12B 500 900 0.21 0 0 0
0.12B2Si 500 800 0.21 0 0 0
0.12B2Si 500 900 0.21 0 0 0
0.12B2Si 500 1000 0.21 0 0 1
0.12B9Ni 500 900 0.21 0 0 0
DD32 500 900 0.21 0 1.26E-14 0
DD32 500 1000 2% 0 1:8E-14 0
ANSI310 48 700 0.21 0 5.79E-14 0
ANSI 310 48 750 0:21 0 9.33E-12 0
ANSI 310 48 800 0.21 0 1.02E-10 0
GTD111 96 900 0.21 0 0 0
GTD111 452 900 0.21 0 0 1
Ti36.7Al1.9W0.5Si 240 750 0.21 0 5.4E-14 0
Ti36.7A1L.9W0.5Si 240 850 0.21 0 7.3E-13 1
Ti36.7A11.9W0.5Si 240 950 0.21 0 3.7E-12 1
Ti36.7A1L.9W0.5Si 240 750 0.2 0 4.6E-14 0
Ti36.7A11.9W0.5Si 240 850 0.2 0 1.9E-13 0
Ti36.7A11.9W0.5Si 240 950 0.2 0 1L.1E-12 0
Ferritic ss 6.8 600 0.21 0 4.4E-14 0
Ferritic ss 207 600 0.21 0 1.7E-15 0
Ferritic ss 190.5 700 0.2% 0 8E-15 0
Ferritic ss 22 800 0.21 0 1E-12 1
Ferritic ss 33.2 600 0 0.025 5.6E-12 0
Ferritic ss 3.6 700 0 0.025 1.5E-11 0
Ferritic ss 216 800 0 0.025 8.5E-14 1
iron 180 650 1 0 6.64E-10 0
iron 180 700 1 0 2.06E-09 1
iron 180 750 1 0 9.1E-09 1
F20T 140 849.85 0 0.11 1.26E-12 0
F20T 260 849.85 0 0.11 1.17E-12 0
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Table A.1 The first data set is collected for prediction (continue).

Type t (hr) T (°C) pO; (atm) | pH20 (atm) ko (g%/cm*s) | Spallation
F20T 500 849.85 0 0.11 1.06E-12 0
F20T 760 849.85 0 0.11 9.1E-13 0
F20T 1000 849.85 0 0.11 8.21E-13 0
F20T 140 849.85 1 0 3.34E-12 0
F20T 260 849.85 1 0 3.39E-12 0
F20T 500 849.85 ‘A 0 3.47E-12 0
F20T 760 849.85 1 0 4.16E-12 0
F20T 1000 849.85 1 0 4.34E-12 0
F20T 140 849.85 0.21 0.01 2.31E-12 0
F20T 260 849.85 0.21 0.01 2.11E-12 0
F20T 500 849,85 0.21 0.01 2.15E-12 0
F20T 760 849.85 0.21 0.01 1.89E-12 0
F20 T 1000 849.85 0.21 0.01 1.61E-12 0
TUS 220M 140 849.85 0 0.11 2.35E-13 0
TUS 220M 260 849.85 0 0.11 3.01E-13 0
TUS220M 500 849.85 0 0.11 2.63E-13 0
TUS 220M 760 849.85 0 0.11 2.6E-13 0
TUS 220M 1000 849.85 0 0.11 2.61E-13 0
TUS 220M 140 849.85 1 0 2.65E-12 0
TUS220M 260 849.85 1 0 3.651E-12 0
TUS220M 500 849.85 1 0 6.21E-12 0
TUS 220M 760 849.85 = 0 1.09E-11 0
TUS 220M 1000 849.85 - 0 1.7E-11 0
TUS 220M 140 849.85 0.22 0.01 1.75E-12 0
TUS 220M 260 849.85 0.21 0.01 2.02E-12 0
TUS 220M 500 849.85 0.21 0.01 2.29E-12 0
TUS 220M 760 849.85 0.21 0.01 2.34E-12 0
TUS 220M 1000 849.85 0.21 0.01 2.4E-12 0
AL 453 140 849.85 0 0.11 7.36E-13 0
AL 453 260 849.85 0 0.11 5.52E-13 0
AL 453 500 849.85 0 041 3.95E<13 0
AL 453 760 849.85 0 0.11 3.22E-13 0
AL 453 1000 849.85 0 0.11 2.87E-13 0
AL 453 140 3849.85 1 0 3.58E-12 0
AL 453 260 849.85 1 0 2.71E-12 0
AL 453 500 849.85 1 0 1.99E-12 0
AL 453 760 849.85 1 0 1.6E-12 0
AL 453 1000 849.85 1 0 1.37E-12 0
AL 453 140 849.85 0.21 0.01 2.14E-12 0
AL 453 260 849.85 0.21 0.01 1.67E-12 0
AL 453 500 849.85 0.21 0.01 1.3E-12 0
AL 453 760 849.85 0.21 0.01 1.04E-12 0
AL 453 1000 849.85 0.21 0.01 9.45E-13 0
Crofer 22 APU 140 849.85 0 0.11 2.33E-13 0
Crofer 22 APU 260 849.85 0 0.11 1.9E-13 0
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Table A.1 The first data set is collected for prediction (continue).

Type t (hr) T(°C) | pO2(atm) | pH.O (atm) ko (g%/cm®*s) | Spallation
Crofer 22 APU 500 849.85 0 0.11 1.57E-13 0
Crofer 22 APU 760 849.85 0 0.11 1.32E-13 0
Crofer 22 APU 1000 849.85 0 0.11 1.14E-13 0
Crofer 22 APU 140 849.85 1 0 9.34E-13 0
Crofer 22 APU 260 849.85 <R 0 1.51E-12 0
Crofer 22 APU 500 849.85 1 0 1.2E-12 0
Crofer 22 APU 760 849.85 1 0 1.85E-12 0
Crofer 22 APU 1000 849.85 1 0 1.65E-12 0
Crofer 22 APU 140 849.85 0.21 0.01 1.57E-13 0
Crofer 22 APU 260 849.85 0.21 0:01 1.76E-13 0
Crofer 22 APY 500 849.85 0.21 0:.01 1.92E-13 0
Crofer 22 APU 760 849.85 0.21 001 1.91E-13 0
Crofer 22 APU 1000 849.85 021 0.01 1.83E-13 0
Crofer22 H 140 849.85 0 0.11 1:58E-13 0
Crofer 22 H 260 849.85 9) 041 1.5E-13 0
Crofer 22 H 500 849.85 0 0.11 1.39E-13 0
Crofer22 H 760 849.85 0 011 1.36E-13 0
Crofer 22 H 1000 849.85 0 0.11 i 4698 0
Crofer22 H 140 849.85 1 0 5.43E-13 0
Crafer 22 H 260 849.85 Al 0 6.52E-13 0
Crofer 22 H 500 849.85 i 0 7.32E-13 0
Crofer 22 H 760 849.85 =3 0 6.45E-13 0
Crofer 22 H 1000 849.85 1 0 7.62E-13 0
Crofer 22'H 140 849.85 0:21 0.01 2%9E-13 0
Crofer 22 H 260 849:85 0:21 0:.01 369E-13 0
Crofer22 H 500 849.85 0.21 0.01 352E=13 0
Crofer 22 H 760 849.85 0.21 0.01 3.22E-13 0
Crofer22, H 1000 849.85 0.21 0.01 2:95E-13 0
Sanergy.HT 140 849:85 0 011 1.24E-13 0
Sanergy-HT 260 849.85 0 011 9.94E-14 0
Sanergy. HT 500 849.85 0 0.11 7.81E-14 0
Sanergy HT 760 849.85 0 0.11 7.24E-14 0
Sanergy HT 1000 849.85 0 011 6.51E-14 0
Sanergy HT 140 3849.85 1 0 2.11E-12 0
Sanergy HT 260 849.85 1 0 4.68E-12 0
Sanergy HT 500 849.85 1 0 1.43E-11 0
Sanergy HT 760 849.85 1 0 6.07E-11 0
Sanergy HT 1000 849.85 1 0 7.06E-11 0
Sanergy HT 140 849.85 0.21 0.01 1.28E-12 0
Sanergy HT 260 849.85 0.21 0.01 1.43E-12 0
Sanergy HT 500 849.85 0.21 0.01 2.44E-12 0
Sanergy HT 760 849.85 0.21 0.01 4.72E-12 0
Sanergy HT 1000 849.85 0.21 0.01 2.59E-11 0
E-Brite 140 849.85 0 0.11 5.34E-14 0
E-Brite 260 849.85 0 0.11 4.4E-14 0
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Table A.1 The first data set is collected for prediction (continue).

Type t (hr) T (°C) pO, (atm) | pH20 (atm) ko (g%/cm®*s) | Spallation
E-Brite 500 849.85 0 0.11 4.26E-14 0
E-Brite 760 849.85 0 0.11 3.93E-14 0
E-Brite 1000 849.85 0 0.11 3.91E-14 0
E-Brite 140 849.85 1 0 2.79E-13 0
E-Brite 260 849.85 1 0 3.1E-13 0
E-Brite 500 849.85 1 0 3.26E-13 0
E-Brite 760 849.85 1 0 3.43E-13 0
E-Brite 1000 849.85 1 0 3.32E-13 0
E-Brite 140 849.85 0.21 0.01 4.5E-13 0
E-Brite 260 849.85 0.21 0.01 4.25E=13 0
E-Brite 500 849.85 0.21 0.01 2.97E-13 0
E-Brite 760 849.85 0.21 0.0% 2.6E-13 0
E-Brite 1000 849.85 0.21 0.01 2.36E-13 0
AL 29 4C 140 849.85 0 0.11 3:51E-14 0
AL29 4C 260 849.85 0 0.11 6.78E-14 0
AL 29 4C 500 849.85 0 0.11 7.81E-:14 0
AL 294C 760 849.85 0 0.11 8.56E-14 0
AL 29 4C 1000 849.85 0] 0.11 9.8E-14 0
AL 294C 140 849.85 1 0 1.57E-13 0
AL 294C 260 849.85 1 0 2.05E-13 0
Al29 4C 500 849.85 1 0 2.28E-13 0
AL 29 4C 760 849.85 1 0 2.8E:13 0]
AL29 4C 1000 849.85 = 0 3.71E-13 0
AL 29 4C 140 849.85 0.21 0.01 45E-13 0
AL29 4C 260 849.85 0.21 0.01 4.71E-13 0
Al294C 500 849.85 0.21 0.01 3.52E-13 0
AL294C 760 849.85 0.21 0.01 2.9E-13 0
AL 294C 1000 849.85 0.21 0.01 2.87E-13 0
Cul5Nit5Ag 24 600 0.21 0 4.4E-10 0
CulbNilbAg 24 700 0.21 0 2.4E-09 0
Cu25Ni25Ag 24 600 0.21 0 2.6E-10 0
Cu25Ni25Ag 24 700 0.21 0 9.8E-10 0
NCFS 100 1000 0.21 0 6.8E-09 0
NCFS1.5Nb 100 1000 0:21 0 7.9E-09 1
NCFS3Nb 100 1000 0.21 0 1.2E-08 1
AIlSI430 2000 650 0.21 0 0 0
AlS1430 2000 700 0.21 0 0 0
AlS1430 2000 750 0.21 0 4.7E-15 0
AlS1441 2000 650 0.21 0 0 0
AlS1441 2000 700 0.21 0 0 0
AlSI441 2000 750 0.21 0 1.1E-14 0
Crofer22H 2000 650 0.21 0 0 0
Crofer22H 2000 700 0.21 0 0 0
Crofer22H 2000 750 0.21 0 3.2E-15 0
Ni base 1925 800 0.21 0 2E-07 0
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Table A.1 The first data set is collected for prediction (continue).

Type t (hr) T (°C) pO2 (atm) | pH20 (atm) ko (g%/cm*s) | Spallation
Ni base 1925 900 0.21 0 4E-08 0
Ti-6Al-7Nb 72 600 0.21 0 41E-11 0
Ti-6Al-7Nb 72 700 0.21 0 5.8E-10 0
Ti-6Al-7Nb 72 800 0.21 0 3.19E-09 0
AISI 430 24 800 0.2 0 0 0
AISI 430 48 800 0.2 0 0 1
AISI 430 72 800 0.2 0 0 1
AlSI 430 96 800 0.2 0 1.07E-13 1
AlSI 430 24 800 0 0.18 0 0
AlSI 430 48 800 0 0.18 0 0
AISI 430 72 800 0 0.18 0 0
AISI 430 96 800 0 0.18 7.33E-14 1
AISI 441 10 900 0.2 0 0 0
AlSl441 100 800 0 0 0 0
AlSI 441 100 800 0 0.2 0 0
AlS1441 100 800 0.2 0 0 0
AlSI 441 50 850 0.2 0 9.7E-13 0
AlSI 441 50 900 0.2 0 1.7E-12 0
AISI 441 50 950 0.2 0 6E-12 0
AlS1:441 50 850 0.000001 0 1.6E-09 0
AlSIr441 50 900 0.000001 0 8.9E-10 0
AIlSI 441 50 950 0.000001 0 TA4E-11 0
Fel1Cr0.5Ti 100 800 0.21 0 9.03E-16 0
Fel1Cr0.5Ti 100 800 0.21 0 6.6E-15 1
Fel18Cr0.5Ti 100 800 0.21 0 1.14E-16 0
Fel8Cr0.5Ti 100 800 0.21 0 T4E-15 0
AISI 304 50 850 1 0 1.3E-13 0
AlSI 304 50 900 1 0 6.2E-12 0
AISI'304 50 950 1 0 1.2E-09 1
AISI 304 50 850 1.46E-20 0.000005 1.6E-13 0
AlSI1'304 50 900 1.38E-19 0.000005 3E=13 0
AlSI 304 50 950 1.46E-18 0.000005 6.4E-13 0
AISI 439 50 850 f’ 0 3.2E-13 0
AlSI 439 50 900 1 0 1.4E-12 0
AlSI 439 50 950 1 0 2.5E-12 0
AlSI 439 50 850 1.46E-20 0.000005 2.9E-13 0
AlSI 439 50 900 1.38E-19 0.000005 1.5E-12 0
AlSI 439 50 950 1.46E-18 0.000005 2.6E-12 1
F18TNb/AISI 441 100 800 0.2 0 0 0
F18TNb/AISI 441 200 800 0.2 0 0 1
F18MT/AISI 444 100 800 0 0.02 0 0
F18MT/AISI 444 200 800 0 0.02 0 1
AlSI 304L 1.5 1100 0 1 0 1
AISI 304L 15 1200 0 1 0 1
AlSI 304L 15 1300 0 1 0 1
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Table A.1 The first data set is collected for prediction (continue).

Type t (hr) T(°C) | pO; (atm) | pH.O (atm) ko (g?/cm*s) | Spallation
AISI 348 15 1100 0 1 0 1
AISI 348 15 1200 0 1 0 1
AISI 348 15 1300 0 1 0 1
Iron 50 650 1 0 8.8E-08 1
Iron 50 0 2.06E-07 1
Iron 50 1.47E-07 1
Iron 0
Iron 0
Iron 0

(=)
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Table A.1 The first data set is collected for prediction (continue).

pH-0

Type t(hr) | T(°C) | pO, (atm) (atm) FeOs | FeO | Fe:0; | FesOs | (Fe,Cr)30. Mn3O4 Cr,03 (Cr,Mn,Fe)304 CoO Al;O3 WOs3 NiO SiO, C0304
AISI 430 500 650 | 41.45078 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0
AISI 430 1000 650 | 41.45078 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0
AISI 630 500 650 | 41.45078 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AISI 630 1000 650 | 41.45078 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AISI 347 H 500 650 | 41.45078 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AISI 347 H 1000 650 | 41.45078 0 0 0 0 1 0 0 1 0 0 0 0 0 0 0
AISI 316 LN 500 650 | 41.45078 0 0 0 0 1 0 0 1 0 0 0 0 0 0 0
AISI 316 LN 1000 650 | 41.45078 0 0 0 0 1 0 0 1 0 0 0 0 0 0 0
Fe22Cr 100 700 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
Fe22Cr 100 750 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
Fe22Cr 100 800 0.21 0 1 0 0 0 0 0 1 0 0 0 0 0 0 0
Fe22Cr 100 850 0.21 0 1 0 0 0 0 0 1 0 0 0 0 0 0 0
Fe22Cr 40 900 0.21 0 L 0 0 0 0 0 1 0 0 0 0 0 0 0
330Chb 144 900 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
0.12B 500 800 0.21 0 0 0 0 0 0 0 0 0 1 1 1 0 0 1
0.12B 500 900 0.21 0 0 0 0 0 0 0 0 0 1 1 0 0 0 1
0.12B2Si 500 800 0.21 0 0 0 0 0 0 0 0 0 il 1 1 0 1 0
0.12B2Si 500 900 0.21 0 0 0 0 0 0 0 0 0 1 1 1 0 1 0
0.12B2Si 500 1000 0.21 0 0 0 0 0 0 0 0 0 1 1 1 0 1 0
0.12B9Ni 500 900 0.21 0 0 0 0 0 0 0 0 0 1 1 1 1 0 0
DD32 500 900 0.21 0 0 0 0 0 0 0 it 0 1 1 0 1 0 0
DD32 500 1000 0.21 0 0 0 0 0 0 0 0 0 0 1 0 1 0 0
ANSI 310 48 700 0.21 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
ANSI 310 48 750 0.21 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
ANSI 310 48 800 0.21 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
GTD111 96 900 0.21 0 0 0 0 0 0 0 3 0 0 1 0 0 0 0
GTD111 452 900 0.21 0 0 0 0 0 0 0 i 0 0 1 1 1 0 0
Ti36.7AI11.9W0.5Si 240 750 0.21 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
Ti36.7A11.9W0.5Si 240 850 0.21 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
Ti36.7A11.9W0.5Si 240 950 0.21 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
Ti36.7A11.9W0.5Si 240 750 0.2 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
Ti36.7A11.9W0.5Si 240 850 0.2 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
Ti36.7AI11.9W0.5Si 240 950 0.2 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
Ferritic ss 6.8 600 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
Ferritic ss 207 600 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
Ferritic ss 190.5 700 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
Ferritic ss 22 800 0.21 0 0 0 1 0 0 0 1 0 0 0 0 0 0 0
Ferritic ss 33.2 600 0| 0.025 0 1 0 0 1 0 0 0 0 0 0 0 0 0
Ferritic ss 3.6 700 0] 0.025 0 1 0 0 1 0 0 0 0 0 0 0 0 0
Ferritic ss 216 800 0] 0.025 0 0 0 0 0 0 1 0 0 0 0 0 0 0
iron 180 650 1 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0
iron 180 700 1 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0
iron 180 750 1 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0
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Table A.1 The first data set is collected for prediction (continue).

56

pO2

pH-0

Type t (hl’) T (OC) (atm) (atm) FeOs FeO Fe.O3 Fes04 (FE,CI’)304 Mn3O4 Cr03 (Cr,Mn,Fe)304 CoO Al,O3 WOs NiO SiO, C0304
F20T 140 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 1 0
F20T 260 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 1 0
F20T 500 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 1 0
F20T 760 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 1 0
F20T 1000 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 1 0
F20T 140 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 1 0
F20T 260 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 1 0
F20T 500 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 1 0
F20T 760 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 1 0
F20T 1000 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 1 0
F20T 140 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 1 0
F20T 260 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 1 0
F20T 500 849.85 0.21 0.01 0 0 0 0 0 0 1 "l 0 0 0 0 1 0
F20T 760 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 1 0
F20T 1000 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 1 0
TUS 220M 140 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
TUS 220M 260 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
TUS 220M 500 849.85 0 0.11 0 0 0 0 0 0 1 ’ 0 0 0 0 0 0
TUS 220M 760 849.85 0 0.11 0 0 0 0 0 0 it 1 0 0 0 0 0 0
TUS 220M 1000 849.85 0 0.11 0] 0 0 0 0 0 1 1 0 0 0 0 0 0
TUS 220M 140 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
TUS 220M 260 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
TUS 220M 500 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
TUS 220M 760 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
TUS 220M 1000 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
TUS 220M 140 849.85 0.21 0.01 0 0 0 0 0 0 { 1 0 0 0 0 0 0
TUS 220M 260 849.85 0.21 0.01 0 0 Q 0 0 0 1 1 0 0 0 0 0 0
TUS 220M 500 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
TUS 220M 760 849.85 0.21 0.01 0 0 0 0 0 0 1 g’ 0 0 0 0 0 0
TUS 220M 1000 849.85 0.21 0.01 0 0 0 0 0 0 1 M 0 0 0 0 0 0
AL 453 140 849.85 0 0.11 0 0 0 0 0 0 1 1 0 1 0 0 1 0
AL 453 260 849.85 0 0.11 0 0 0 0 0 0 1 1 0 1 0 0 1 0
AL 453 500 849.85 0 0.11 0 0 0 0 0 0 1 1 0 1 0 0 1 0
AL 453 760 849.85 0 0.11 0 0 0 0 0 0 1 1 0 1 0 0 1 0
AL 453 1000 849.85 0 0.11 0 0 0 0 0 0 1 1 0 1 0 0 1 0
AL 453 140 849.85 1 0 0 0 0 0 0 0 1 1 0 1 0 0 1 0
AL 453 260 849.85 1 0 0 0 0 0 0 0 1 1 0 1 0 0 1 0
AL 453 500 849.85 1 0 0 0 0 0 0 0 1 1 0 1 0 0 1 0
AL 453 760 849.85 1 0 0 0 0 0 0 0 1 1 0 1 0 0 1 0
AL 453 1000 849.85 1 0 0 0 0 0 0 0 1 1 0 1 0 0 1 0
AL 453 140 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 1 0 0 1 0
AL 453 260 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 1 0 0 1 0
AL 453 500 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 1 0 0 1 0




Table A.1 The first data set is collected for prediction (continue).
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pO2

pH-0

Type t (hr) T (OC) (atm) (atm) FeOs FeO Fe,03 FesO4 (Fe,Cr)304 Mn3O04 Cr.03 (Cr,Mn,Fe)304 CoO Al,O3 WOs3 NiO SiO, C0304
AL 453 760 | 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 1 0 0 1 0
AL 453 1000 | 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 1 0 0 1 0
Crofer 22 APU 140 | 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 APU 260 | 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 APU 500 | 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 APU 760 | 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 APU 1000 | 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 APU 140 | 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 APU 260 | 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 APU 500 | 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 APU 760 | 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 APU 1000 | 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 APU 140 | 849.85 0.21 0.01 0 0 0 0 0 0 1 | 0 0 0 0 0 0
Crofer 22 APU 260 | 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 APU 500 | 849.85 0.21 0.01 0 0 0 0 0 0 b 1 0 0 0 0 0 0
Crofer 22 APU 760 | 849.85 0.21 0.01 0 0 0 0 0 0 aE 1 0 0 0 0 0 0
Crofer 22 APU 1000 | 849.85 0.21 0.01 0 0 0] 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 H 140 | 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 H 260 | 849.85 0 0.11 0 0 0 0 0 0 & 1 0 0 0 0 0 0
Crofer 22 H 500 | 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 H 760 | 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 H 1000 | 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 H 140 | 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 H 260 | 849.85 1 0 0 0 01 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 H 500 | 849.85 1 0 0 0 0 0 0 0 L 1 0 0 0 0 0 0
Crofer 22 H 760 | 849.85 1 0 0 0 0 0 0 0 i 1 0 0 0 0 0 0
Crofer 22 H 1000 | 849.85 1 0 0 0 0 Q 0 0 L 1 0 0 0 0 0 0
Crofer 22 H 140 | 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 H 260 | 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 H 500 | 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 H 760 | 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Crofer 22 H 1000 | 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Sanergy HT 140 | 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Sanergy HT 260 | 849.85 0 0.11 0 0 0 0 0 0 i 1 0 0 0 0 0 0
Sanergy HT 500 | 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Sanergy HT 760 | 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Sanergy HT 1000 | 849.85 0 0.11 0 0 0| 0 0 0 1 1 0 0 0 0 0 0
Sanergy HT 140 | 849.85 1 0 0 0 0 4) 0 0 1 1 0 0 0 0 0 0
Sanergy HT 260 | 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Sanergy HT 500 | 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Sanergy HT 760 | 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Sanergy HT 1000 | 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Sanergy HT 140 | 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0




Table A.1 The first data set is collected for prediction (continue).
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pO2

pH20

Type t (hr) T (OC) (atm) (atm) FeOs FeO Fe.03 FesO4 (Fe,Cr)304 Mn3O04 Cr03 (Cr,Mn,Fe)304 CoO Al>,O3 WOs3 NiO SiO; C0304
Sanergy HT 260 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Sanergy HT 500 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Sanergy HT 760 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Sanergy HT 1000 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
E-Brite 140 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 1 0
E-Brite 260 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 1 0
E-Brite 500 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 1 0
E-Brite 760 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 1 0
E-Brite 1000 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 1 0
E-Brite 140 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 1 0
E-Brite 260 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 1 0
E-Brite 500 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 1 0
E-Brite 760 849.85 1 0 0 0 0 ) 0 0 i 1 0 0 0 0 1 0
E-Brite 1000 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 1 0
E-Brite 140 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 1 0
E-Brite 260 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 1 0
E-Brite 500 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 1 0
E-Brite 760 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 1 0
E-Brite 1000 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 1 0
AL 29 4C 140 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AL 29 4C 260 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AL 29 4C 500 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AL 29 4C 760 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AL 29 4C 1000 849.85 0 0.11 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AL 29 4C 140 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AL 29 4C 260 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AL 29 4C 500 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AL 29 4C 760 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AL 29 4C 1000 849.85 1 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AL 29 4C 140 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AL 29 4C 260 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AL 29 4C 500 849.85 0.21 0.01 0 0 0 ) 0 0 1 1 0 0 0 0 0 0
AL 29 4C 760 849.85 0.21 0.01 0 0 0 0 0 0 iy 1 0 0 0 0 0 0
AL 29 4C 1000 849.85 0.21 0.01 0 0 0 0 0 0 1 1 0 0 0 0 0 0
Cul5Nil5Ag 24 600 0.21 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
Cul5Nil5Ag 24 700 0.21 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
Cu25Ni25Ag 24 600 0.21 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
Cu25Ni25Ag 24 700 0.21 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
NCFS 100 1000 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0
NCFS1.5Nb 100 1000 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0
NCFS3Nb 100 1000 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0
AlSI430 2000 650 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0
AlS1430 2000 700 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0




Table A.1 The first data set is collected for prediction (continue).
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pH-0

Type t (hr) T(°C) | pO2 (atm) (atm) FeOs FeO Fe.03 FesO4 (Fe,Cr)304 Mn3z04 Cr03 (Cr,Mn,Fe)304 CoO Al>O3 WOs3 NiO SiO; C0304
AlSI430 2000 750 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0
AlS1441 2000 650 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0
AlSI441 2000 700 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0
AlSI441 2000 750 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0
Crofer22H 2000 650 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
Crofer22H 2000 700 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
Crofer22H 2000 750 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0
Ni base 1925 800 0.21 0 0 0 0 0 0 0 1 0 0 1 0 1 0 0
Ni base 1925 900 0.21 0 0 0 0 0 0 0 0 0 0 1 0 1 0 0
Ti-6Al-7Nb 72 600 0.21 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Ti-6Al-7Nb 72 700 0.21 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Ti-6Al-7Nb 72 800 0.21 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
AISI 430 24 800 0.2 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AlSI 430 48 800 0.2 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AlSI 430 72 800 0.2 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AlSI 430 96 800 0.2 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AISI 430 24 800 0 0.18 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AlSI 430 48 800 0 0.18 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AlSI 430 72 800 0 0.18 0 0 0 0 0 0 dy 0 0 0 0 0 0 0
AlSI 430 96 800 0 0.18 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AlSI 441 10 900 0.2 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AlSI 441 100 800 0 0 0 0 0 0 0 0 1 . 0 0 0 0 0 0
AlSI 441 100 800 0 0.2 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AlSI 441 100 800 0.2 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AlSI 441 50 850 0.2 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AlSI 441 50 900 0.2 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AISI 441 50 950 0.2 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0
AlSI 441 50 850 | 0.000001 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AlSI 441 50 900 | 0.000001 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0
AlSI 441 50 950 | 0.000001 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0
FellCr0.5Ti 100 800 0.21 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
FellCr0.5Ti 100 800 0.21 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0
Fel8Cr0.5Ti 100 800 0.21 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Fel8Cr0.5Ti 100 800 0.21 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AlSI 304 50 850 1 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0
AlSI 304 50 900 1 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0
AlSI 304 50 950 1 0 0 0 i, 0 0 0 0 0 0 0 0 0 1 0
AlSI 304 50 850 | 1.46E-20 | 0.000005 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AlSI 304 50 900 | 1.38E-19 | 0.000005 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AISI 304 50 950 | 1.46E-18 | 0.000005 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AISI 439 50 850 1 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0
AISI 439 50 900 1 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0
AISI 439 50 950 1 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0




Table A.1 The first data set is collected for prediction (continue).

60

pH-0O

Type t (hr) T (°C) pO; (atm) (atm) FeOs FeO Fe.03 FesO4 (Fe,Cr)304 Mn304 Cr03 (Cr,Mn,Fe)304 CoO Al;O3 WOs NiO SiO, C0304
AISI 439 50 850 | 1.46E-20 | 0.000005 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AISI 439 50 900 | 1.38E-19 | 0.000005 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AlSI 439 50 950 | 1.46E-18 | 0.000005 0 0 0 0 0 0 1 0 0 0 0 0 0 0
F18TNb/AISI 441 100 800 0.2 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
F18TNb/AISI 441 200 800 0.2 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
F18MT/AISI 444 100 800 0 0.02 0 0 0 0 0 0 1 0 0 0 0 0 0 0
F18MT/AISI 444 200 800 0 0.02 0 0 0 0 0 0 1 0 0 0 0 0 0 0
AISI 304L 1.5 1100 0 1 0 0 1 1 1, 0 0 0 0 0 0 0 0 0
AISI 304L 1.5 1200 0 1 0 0 1 1 1 0 0 0 0 0 0 0 0 0
AISI 304L 1.5 1300 0 1 0 0 1 1 1 0 0 0 0 0 0 0 0 0
AlSI 348 1.5 1100 0 1 0 0 1 1 1 0 0 0 0 0 0 0 0 0
AISI 348 1.5 1200 0 1 0 0 1 1 1 0 0 0 0 0 0 0 0 0
AISI 348 1.5 1300 0 1 0 0 1 1 1 0 0 0 0 0 0 0 0 0
Iron 50 650 1 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0
Iron 50 700 1 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0
Iron 50 750 1 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0
Iron 50 650 0 1 0 1 1 1 0 0 0 0 0 0 0 0 0 0
Iron 50 700 0 1 0 1 1 1 0 0 0 0 0 0 0 0 0 0
Iron 50 750 0 1 0 1 1 1 0 0 0 0 0 0 0 0 0 0
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Table A.1 The first data set is collected for prediction (continue).

(Mn,Cr)304

NiTiOs

(N i ,CO)A|204

Nb,Os

CUzO

CuO

Tazos

W20Osg

CI’WO4

CI’zTiOs

NisTiO7

MnTi03

TiOz

COA|204

NiAI2O4

NiCI’zO4

CrTaOq

COWO4

Type

AISI 430

AlSI 430

AlSI 630

AlSI 630

AlSI 347 H
AISI 347 H

AlSI 316 LN

AISI 316 LN

Fe22Cr
Fe22Cr
Fe22Cr
Fe22Cr
Fe22Cr
330Ch
0.12B
0.12B

0.12B2Si
0.12B2Si
0.12B2Si
0.12B9Ni

DD32

DD32

ANSI 310

ANSI 310

ANSI 310

GTD111

GTD111

Ti36.7Al1.9W0.5Si
Ti36.7Al1.9W0.5Si
Ti36.7Al1.9W0.5Si
Ti36.7Al1.9W0.5Si
Ti36.7Al1.9W0.5Si
Ti36.7Al1.9W0.5Si

Ferritic ss

Ferritic ss

Ferritic ss

Ferritic ss

Ferritic ss

Ferritic ss

Ferritic ss
iron

iron
iron
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Table A.1 The first data set is collected for prediction (continue).

(Mn,Cr)304

NiTiOs

(N i ,CO)A|204

Nb,Os

CUzO

CuO

Tazos

W20Osg

C I'WO4

CrzTiOS

NisTiO7

MnTi03

TiO

COA|204

NiAl204

NiCI’zO4

CrTaOq

COWO4

Type
F20T
F20T
F20T
F20T
F20T
F20T
F20T
F20T
F20T
F20T
F20T
F20T
F20T
F20T
F20T

TUS 220M
TUS 220M
TUS 220M
TUS 220M
TUS 220M
TUS 220M
TUS 220M
TUS 220M
TUS 220M
TUS 220M
TUS 220M
TUS 220M
TUS 220M
TUS 220M
TUS 220M
AL 453
AL 453
AL 453
AL 453
AL 453
AL 453
AL 453
AL 453
AL 453
AL 453
AL 453
AL 453
AL 453
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Table A.1 The first data set is collected for prediction (continue).

(Mn,Cr)304

NiTiOs

(N i ,CO)A|204

Nb,Os

CUzO

CuO

Tazos

W20Osg

C I'WO4

CI‘zTiOs

NisTiO7

MnTi03

TiO

COA|204

NiAl2O4

NiCI’zO4

CrTaOq4

COWO4

Type

AL 453
AL 453

Crofer 22 APU
Crofer 22 APU
Crofer 22 APU
Crofer 22 APU
Crofer 22 APU
Crofer 22 APU
Crofer 22 APU
Crofer 22 APU
Crofer 22 APU
Crofer 22 APU
Crofer 22 APU
Crofer 22 APU
Crofer 22 APU
Crofer 22 APU
Crofer 22 APU

Crofer 22 H

Crofer 22 H

Crofer 22 H

Crofer 22 H

Crofer 22 H

Crofer 22 H

Crofer 22 H

Crofer 22 H

Crofer 22 H

Crofer 22 H

Crofer 22 H

Crofer 22 H

Crofer 22 H

Crofer 22 H

Crofer 22 H

Sanergy HT
Sanergy HT
Sanergy HT
Sanergy HT
Sanergy HT
Sanergy HT
Sanergy HT
Sanergy HT
Sanergy HT
Sanergy HT
Sanergy HT
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Table A.1 The first data set is collected for prediction (continue).

(Mn,Cr)304

NiTiOs

(N i ,CO)A|204

Nb,Os

CUzO

CuO

Tazos

W0Osg

CFWO4

CI’zTiOs

NisTiO7

MnTi03

TiO;

COA|204

NiAI2O4

NiCI’zO4

CrTaOq

COWO4

0
0

Type
Sanergy HT
Sanergy HT
Sanergy HT
Sanergy HT

E-Brite

E-Brite

E-Brite

E-Brite

E-Brite

E-Brite

E-Brite

E-Brite

E-Brite

E-Brite

E-Brite

E-Brite

E-Brite

E-Brite

E-Brite

AL 29 4C

AL 294C

AL 29 4C

AL 29 4C

AL 29 4C

AL 29 4C

AL 29 4C

AL 29 4C

AL 29 4C

AL 29 4C

AL 29 4C

AL 29 4C

AL 29 4C

AL 29 4C

AL 29 4C

Cul5Nil15Ag

Cul5Nil15Ag

Cu25Ni25Ag

Cu25Ni25Ag

NCFS

NCFS1.5Nb
NCFS3Nb
AlSI430
AISI430
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Table A.1 The first data set is collected for prediction (continue).

(Mn,Cr)304

NiTiOs

(Ni,CO)A|204

Nb,Os

CUzO

CuO

Ta205

Wo0Osg

C I'WO4

CrzTiO5

NisTiO7

MnTi03

TiO;

COA|204

NiAl204

NiCI’204

CrTaOq

COWO4

Type
AlSI1430
AlSI441
AlSI441
AlS1441

Crofer22H

Crofer22H

Crofer22H
Ni base
Ni base

Ti-6AI-7Nb

Ti-6AIl-7Nb

Ti-6AI-7Nb
AlSI 430

AlSI 430

AlSI 430

AlSI 430

AlSI 430

AlSI 430

AlSI 430

AlSI 430

AlSI 441

AlSI 441

AlSI 441

AlSI 441

AlSI 441

AlSI 441

AlSI 441

AlSI 441

AlSI 441

AlSI 441

FellCr0.5Ti

FellCr0.5Ti

Fel8Cr0.5Ti

Fel8Cr0.5Ti
AISI| 304

AISI 304

AlSI 304

AlSI 304

AlSI 304

AlSI 304

AlSI 439

AlSI 439

AISI 439




Table A.1 The first data set is collected for prediction (continue).

66

Type COWO4 CrTaO4 NiCI’zO4 NiA|204 COA|zo4 Ti02 MnTi03 Ni5TiO7 CrzTi05 CFWO4 W20053 Tazos CuO CUzO szOs (Ni,CO)A|204 NiTiOs (MI’],CI’)304
AISI 439 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
AISI 439 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
AISI 439 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
F18TNb/AISI
441 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1
F18TNb/AISI
441 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1
FI8MT/AISI
444 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1
F18MT/AISI
444 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1
AISI 304L 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
AISI 304L 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
AISI 304L 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
AISI 348 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
AISI 348 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
AISI 348 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Iron 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Iron 0 0 0 0 0 0 0 Q 0 0 0 0 0 0 0 0 0 0
Iron 0 0 0 0 0 ) 0 0 0l 0 0 0 0 0 0 0 0 0
Iron 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Iron 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Iron 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0




Table A.2 The second data set is collected for prediction.

Alloy cC [mMn| P S [ si]cr| Ni [Mo] N | Ti |[Al]LalNb]V][cul[W][ Se | Fe [Tw(CC) | Ta(°C) | CTE(K)
520200 | 045] 65| 006/ 003] 1] 17] 45| olo25] o]l o] o] o] of ol o] of 7051 0 100 | 0.0000157
520100 | 045| 65| 006|003 1| 17| 45| 0]o025] o] o] ol o] o o/ o] o] 7051 0 315 | 0.0000175
$20100 | 045| 65| 006|003 1| 17| 45| 0]o025] o] o] o] o] o] o/ o] o 7051 0 538 | 0.0000184
520100 | 045| 65| 006|003 1| 17| 45| o0]o025] o] ol ol o] o ol o] o 7051 0 650 | 0.0000189
520100 | 045| 65| 006|003 1| 17| 45| 0] 02540 04040 0] 0| 0] 0] 7051 0 871 | 0.0000203
$20200 | 045|875 006/ 003 1| 18 540 | w0010 ™0 b0l 0. 0] 0] 0] 6701 0 100 | 0.0000175
520200 | 0.45| 875| 006/ 003 1| 18 540/ o] ol o] ol o] 0. 0%ho| o] 6701 0 315 | 0.0000184
$20200 | 045|875 006|003 1| 18 5] o] ol wollo) o] ol of o%oh o] 6701 0 538 | 0.0000192
530100 | 045 2] 0045 003 1| a7 7o ool ol/0 o o] o 0%, vl 72775 0 315 | 0.0000172
$30100 | 045| 2| 0.045] 003 | 1) 17 0 e kNl 0/ e 0 ol —0] 0] NoWN72.775 0 650 | 0.0000187
$30100 | 0.45| 2| 0045 003} 1| 17 #~— 0 10| o eld¢o] ,ol—oT 0| o0WRITS 20 700 | 0.0000195
$30100 | 045| 2| 0045 003 1| 47 - 8L NEoo|=oWol b | —0|(0= 0] N5 200 800 | 0.0000194
530100 | 045 2] 0045 003 1| 17 z- o - X2 o lolSol o [ybi—o o[ o] 72%75 20 871 | 0.0000198
530200 | 045| 2] 0.045 003 0.751 18 o b L0l 7ol o offo Tl oo™ 0] 69.9%5 0 315 | 0.0000178
530200 | 045| 2] 0.045] 003 0.75| 18 9.0 ol 0l 0 00 0] o0l 0] 69.925 0 538 | 0.0000178
530200 | 045| 2| 0.045.0.03 | 075] 18 9w od0rL /ool o 004 0010| "L0969.925 200 800 | 0.0000199
$30215 | 015| 2| 0.045] 003 25! 18 o[ 20N o4 /& \ ol o /0N B0l w 10, 68.275 0 100 | 0.0000162
$30215 | 0.15| 2| 0.045| 0.03| 25, 18 o o' ol o0l0] ‘o 00| 104-0] 10168275 0 315 | 0.0000180
$30215 | 0.15| 2| 0.045| 003 251 18 5, [\ [\ ol <oleo) o o/ 0/ folLoly ‘og 68.2%5 0 538 | 0.0000194
530300 | 045| 2| 02| 045~ 11 18 ol| 0.67 0o/ 010 o\ Fo vl [0h o] ~0Y ~680 0 100 | 0.0000172
$30300 | 045 2| 02015 1| 18 9706/ 10| S0l lofi ool ol 0] 689 0 315 | 0.0000178
530300 [ 045 2| 021015/ 1| 18 o[lo.67hy V0450000070 V0 o foll Lo 1 Toy Jr68.9 0 538 | 0.0000184
$30300 | 045| 2| 021 015|¢ 1] 18 0 [ a6l /oo o0k Yol o W0 of These 0 650 | 0.0000187
$30300 | 045 2| 02045 1l18 990.6 | /et lolo gl o | Co 7 o700y 680 20 787 | 0.0000196
s30323 | 045 2| 02006 14 18 9 ool o ool olo] 0]0]015 6959 0 350 | 0.0000187
S30400 | 0.08| 2| 0.045| 0.03 | 025,19 19250 0./ 10/ oot ool T ode 0y 0] 068845 0 100 | 0.0000172
530400 | 0.08| 2| 0.045].0038] 075 _194 925] 04 <04{ 0400|000 o[ 704 0.0/ 68.845 0 100 | 0.0000172
530400 | 008| 2] 0.045]0.0340.75| 1949251~ 0501 o} 06| o) ol 0] o] 68845 0 315 | 0.0000178
S30400 | 0.08| 2| 0.045]. 0081075 19| 925 "0 <0/ 00| 0/ 0, 0] 0] 0) 0| 68845 0 538 | 0.0000184
530400 | 008| 2] 00450038075 | 191 9.25 0 -0l ol0| oo 0ol {0t 0] o) 68845 0 650 | 0.0000187
S30400 | 0.08| 2| 0.045| 003} 0754 19].9.25] t0ol, @] 0] o0t 0l 0 ol 0| 0168845 200 800 | 0.0000194
$30409 | 0.07| 2] 0.045] 003 0.75¢ 19| 9257 to | 000, 040 0 0]~0| 0|~ 0] 68855 20 600 | 0.0000190
$30409 | 0.07| 2| 0.045] 0031075 C19] 9.25| 0 0 \0l-0{ 040 0| 0| 0% 04 68855 20 700 | 0.0000190
S30409 | 0.07| 2| 0045|003 075 194 925| o] o]0l o40| o] o] 04'0| 0/ '68.855 20 800 | 0.0000195
530403 | 003| 2] 0045|003 0.75h. 19| 40l 0] 01] o] o| o] o] olihol 04" 0] 68.045 0 650 | 0.0000187
530403 | 003| 2] 0045]| 0.03] 075| 1910 "0l 7014 0] o o]0l 0] 04704 0] 68.045 200 800 | 0.0000194
304N 008 2] 0045] 0.03] 0.75| 1982590/ 023{~0["0/ o] o] 04 04 0| 0] 68.715 200 800 | 0.0000194
530500 | 042] 2] 0045] 0.03] 0.75| 18] 11.75 0] 040000 04 0| 0] 0] 67.305 0 100 | 0.0000172
$30500 | 012| 2] 0045|003 075 18]11.75| 0] O==0umod=0 0| 0| 0| 0] 0] 67.305 0 315 | 0.0000178
$30500 | 012| 2| 0045|003 075 18]11.75] 0| o] o] o] o] o] o] o/ o] o] 67.305 0 538 | 0.0000184
S30500 | 042| 2| 0045|003 075 18|11.75| o] o] o] o| o] o] o] o o] o] 67.305 0 650 | 0.0000189
$30500 | 012| 2| 0045|003 075 18]11.75] o] o] o] o]l o]l o] ol o] o] o] 67.305 200 800 | 0.0000199
$30800 | 008| 2] 0045|003 075 20| 11| o] o| o] ol o] o of o] o] o0 66095 0 100 | 0.0000172
530800 | 008] 2] 0045|003/ 075] 20| 11| o] of ofl ol of o of o] o] of 66095 0 315 | 0.0000178
S30800 | 0.08| 2] 0045] 003/ 075] 20| 11| ol o] o] o] o] of ol o] o] o] 66.095 0 538 | 0.0000184
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Table A.2 The second data set is collected for prediction (continue).

Alloy C Mn P S Si Cr Ni ([Mo| N |[Ti| Al |La|Nb| V |Cu| W | Se Fe Tin (°C) | Ts (°C) | CTE (/IK)
530900 0.2 2| 0.045| 0.03 1 23 13.5 0 0 0 0 0 0 0 0 0 0| 60.225 0 100 | 0.0000150
530900 0.2 2| 0.045 | 0.03 1 23 13.5 0 0] O 0 0 0 0 0 0 0| 60.225 0 315 | 0.0000166
530900 0.2 2| 0.045 | 0.03 1 23 13.5 0 0] O 0 0 0 0 0 0 0| 60.225 0 538 | 0.0000172
S30900 0.2 2| 0.045 | 0.03 1 23 135 0 0] O 0 0 0 0 0 0 0| 60.225 200 800 | 0.0000182
S30900 0.2 2| 0.045 | 0.03 1 23 135 0 0] O 0 0 0 0 0 0 0| 60.225 20 1000 | 0.0000194
530908 0.08 2] 0.045] 0.03| 0.75 23 13.5 0 0 0 0 0 0 0 0 0 0| 60.595 0 650 | 0.0000180
S31000 0.2 2| 0.045 | 0.03 15 25 20.5 0 0 0 0 0 0 0 0 0 0| 50.725 0 100 | 0.0000159
531000 0.2 2| 0.045 | 0.03 15 25 20.5 0 0 0 0 0 0 0 0 0 0| 50.725 0 315 | 0.0000162
531000 0.2 2| 0.045 | 0.03 15 25 20.5 0 0 0 0 0 0 0 0 0 0| 50.725 0 538 | 0.0000170
531000 0.2 21 0045] 0.03| 15 251 205 0 0+4. 0 0 0 0 0 0 0 0.| 50.725 200 800 | 0.0000186
531000 0.2 21 0045] 0.03| 15 25| 20.5 0 0]-0 0 0 0 0 0 0 0 | 50.725 20 1000 | 0.0000189
S31000 0.2 2] 0045 ] 0.03| 45 25| 205 0 Y s 0 0 0 0 0 0 0 1.50.725 25 600 | 0.0000175
S31000 0.2 2| 0.045 | 0.03 5 25 20.5 0 0 0 0 0 0 0 0 0 0| 50.725 25 700 | 0.0000178
S$31000 0.2 2| 0.045 | 0.03 15 25 20.5 0 0 0 0 0 0 0 0 0 0| 50.725 25 800 | 0.0000182
531000 0.2 2| 0.045 | 0.03 15 25 20.5 0 0 0 0 0 0 0 0 0 0| 50.725 25 900 | 0.0000186
310S 0.08 2| 0.045 | 0.03 15 25 20.5 0 0 0 0 0 0 0 0 0 0 | 50.845 25 600 | 0.0000175
310S 0.08 2| 0.045 | 0.03 | «#1.5 25| 205 0 0" %0 0] 0 0 0 0 0 0 | 50.845 25 700 | 0.0000178
310S 0.08 2] 0045 /003| 15 257 2205 0 0.0 0 0 0 0 0 0 0. 50.845 25 800 | 0.0000182
310S 0.08 2| 0.045 | 0.0371.5 25| 1205 0 0]-..0 0 0 0 0 0 Q 0.] 50.845 25 900 | 0.0000186
310S 0.08 2] 00457 003 | 15 25 |..20.5 0 00 0 0 0 0 0 0 0 | 50.845 25 1000 | 0.0000189
531400 0.25 2 | 0.045 | 0.03+:2.25 |-245 20.5 0 0 0 0 0 0 0 0 0 0+ 50.425 0 315 | 0.0000151
531400 0.25 2| 0.045 | 0.03 ] 2.25/| 245 20.5 0 0 0 0 0 0 0 0 0 0 |150.425 200 800 | 0.0000202
531600 0.08 2| 0.045 | 0.0371 0.75 1% Aif=y= 0.1 0 0 0 0 0 0 0 0]/ 65:495 0 100 | 0.0000159
531600 0.08 2| 0.045] 0.03| 0.75 17 i gt 0. 10/ 0 0 0 0 0 0 0 0-1" 65.495 0 315 | 0.0000162
531600 0.08 2| 0.0457 0.03.470.75 17 124 251 101 4+-0 0 0 0 0 0 0 0 | 65.495 0 538 | 0.0000175
531600 0.08 2 | 0.045 ] 0.034+0.75 17 12 492.5 ) SO0 0 0 0 0 0 0 0 | 65:495 0 650 | 0.0000180
531600 0.08 2| 0.045 | 0.03 | Q75 17 125225 1011540 0 0 0 0 0 0 0| 65.495 200 800 | 0.0000196
316L 0.03 2| 0.045 | 0.03 | 075 17 12425 | 01 0 0 0 0 0 0 0 0| 65:545 20 600 | 0.0000180
316L 0.03 2| 0.045| 0.03| 0.75 17 12| 2.5 0.1 0 0 0 0 0 0 0 04..65.545 0 650 | 0.0000173
316L 0.03 2| 0.045 | 0.08 | .0.75 17 1271-2.5 0.1 0 0 0 0 0 0 0 0| 65.545 20 700 | 0.0000185
316L 0.03 2| 0.045 | 0.03 | 0.75 17 12 | 25 0.1 0 0 0 0 0 0 0 0 65.545 20 800 | 0.0000190
316L 0.03 2| 0.045] 0.03 |0.75 17 1%, 25w\ ‘080 0 0 0 0 0 0 0+)" 65,545 200 800 | 0.0000196
316N 0.08 2| 0.045 | 0.03 | 0.75 17 121 2504340 0 0 0 0 0 0 0. 65.465 200 800 | 0.0000194
316LN 0.03 2| 0.045 | 0.03| 0.75 17 12125013 0 0 0 0 0 0 0 0 | 65.515 200 800 | 0.0000194
531700 0.08 2] 0.045] 0.03| 0.75 19 13| 3.5 0 0 0 0 0 0 0 0 0| 61.595 0 100 | 0.0000159
531700 0.08 2] 0.045] 0.03| 0.75 19 13 | 3.5 0 0 0 0 0 0 0 0 0| 61.595 0 315 | 0.0000162
531700 0.08 2] 0.045] 0.03| 0.75 19 o gD 0 0 0 0 0 0 00 0| 61.595 0 538 | 0.0000175
531700 0.08 2] 0.045] 0.03| 0.75 19 13 17385 0 0 0 0 0 0 0 0 0| 61.595 0 650 | 0.0000185
531700 0.08 2| 0.045] 0.03| 0.75 19 13| 35 090 0 0 0 0 0 0 0| 61.595 200 800 | 0.0000195
S31703 0.03 2| 0.045] 0.03| 0.75 19 13| 35 0] O 0 0 0 0 0 0 0| 61.645 0 538 | 0.0000181
S31703 0.03 2| 0.045 | 0.03| 0.75 19 13| 35 0] O 0 0 0 0 0 0 0| 61.645 30 600 | 0.0000180
S31703 0.03 2| 0.045| 0.03| 0.75 19 13| 35 0] O 0 0 0 0 0 0 0| 61.645 30 700 | 0.0000185
532100 0.08 2] 0.045| 0.03 ] 0.75 18 10.5 0 0 0 0 0 0 0 0 0 0| 68.595 0 100 | 0.0000166
532100 0.08 2] 0.045| 0.03 ] 0.75 18 10.5 0 0 0 0 0 0 0 0 0 0| 68.595 0 315 | 0.0000172
532100 0.08 2] 0.045| 0.03| 0.75 18 10.5 0 0] O 0 0 0 0 0 0 0| 68.595 0 538 | 0.0000185
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Table A.2 The second data set is collected for prediction (continue).

Alloy C Mn P S Si Cr Ni Mo Ti| Al [ La|Nb| V | Cu| W | Se Fe Tin (°C) | Tsi (°C) | CTE (/K)
532100 0.08 2| 0.045] 0.03 ] 0.75 18| 105 0 0 0 0 0 0 0 0 0 0| 68.595 0 650 | 0.0000193
532100 0.08 21 0.045] 0.03]| 0.75 18| 10.5 0 0 0 0 0 0 0 0 0 0| 68.595 0 871 | 0.0000202
532100 0.08 21 0.045] 0.03]| 0.75 18| 10.5 0 0 0 0 0 0 0 0 0 0| 68.595 200 800 | 0.0000195
S34700 0.08 21 0.045] 0.03]| 0.75 18 11 0 0 0 0 0 0 0 0 0 0 | 68.095 0 100 | 0.0000166
S34700 0.08 21 0.045] 0.03]| 0.75 18 11 0 0 0 0 0 0 0 0 0 0 | 68.095 0 315 | 0.0000172
S34700 0.08 2| 0.045] 0.03 ] 0.75 18 11 0 0 0 0 0 0 0 0 0 0| 68.095 0 538 | 0.0000186
538400 0.08 2| 0.045] 0.03 1 16 18 0 0 0 0 0 0 0 0 0 0| 62.845 0 100 | 0.0000172
538400 0.08 2| 0.045] 0.03 1 16 18 0 0 0 0 0 0 0 0 0 0| 62.845 0 315 | 0.0000178
538400 0.08 2| 0.045 ] 0.03 1 16 18 0 0 0 0 0 0 0 0 0 0| 62.845 0 538 | 0.0000184
538400 0.08 2] 0.045 | 0.03 1 16 18 0 0 0 0 0 0 0 0 0 0| 62.845 0 350 | 0.0000187
540300 0.15 1| 0.04| 0.03] 0.5} 12.25 0.6 0 0 0 0 0 0 0 0 0 0 85.43 200 800 | 0.0000128
540500 0.08 1| 0.04)| 0.03 1 13 0.6 0 0 0 0 0 0 0 0 0 0 84.25 0 100 | 0.0000108
S40500 0.08 1 0.04 | 0.03 1 13 0.6 0 0 0 0 0 0 0 0 0 0 84.25 0 315 | 0.0000116
S40500 0.08 1 0.04 | 0.03 1 e’ 0.6 0 0 0 0 0 0 0 0 0 0 84.25 0 538 | 0.0000121
540500 0.08 1 0.04 | 0.03 1 13 0.6 0 0 0 0 0 0 0 0 0 0 84.25 0 650 | 0.0000130
540500 0.08 1 0.04 | 0.03 1 18 0.6 0 0 0 0 0 0 0 0 0 0 84.25 25 700 | 0.0000123
540500 0.08 1| 0.04]| 0.03 1 13 0.6 0 0 0 0 0 0 0 0 0 0 84.25 25 800 | 0.0000127
540500 0.08 1| 0.04).0.08 1 13 0.6 0 0 0 0 0 0 0 0 0 0 84.25 25 900 | 0.0000130
542900 0.12 1| 0.04 | 0.03 1 15 0 0 0 0 0 0 0 0 0 0 0 82.81 0 100 | 0.0000103
543000 0.12 1| 0.04] 0.03 1 17 1..0.75 0 0 0 0 0 0 0 0 0 0 80.06 0 315 | 0.0000110
543000 0.12 1 0.04 | 0.03 1 17 0.75 0 0 0 0 0 0 0 0 0 0 80.06 0 538 | 0.0000114
543000 0.12 1 0.04 | 0.03 1 MmN Pys 0 0 0 0 0 0 0 0 0 0 80.06 0 650 | 0.0000118
543000 0.12 1 0.04 | 0.03 1 Er=r=0riS 0 0 0 0 0 0] 0 0 0 0 80.06 200 800 | 0.0000128
543020 012 ] 1.25] 0.06] 0.15 1 17 |- 0.75 0.6 0 0 0 0 0 0 0 0 0 79.07 0 100 | 0.0000104
543020 012 ] 1.25] 0.06 ] 0.15 1 17 | £0.75 0.6 0 0 0 0 0 0 0 0 0 79.07 0 315 | 0.0000110
543020 0.12 ] 1.25| 0.06 | 0.15 1 17710.75 0.6 0 0 0 0 0 0 0 0 0 79.07 0 538 | 0.0000114
543400 0.12 1| 0.04)0.08 1 17 0 1 0 0 0 0 0 0 0 0 0 79.81 0 315 | 0.0000110
543400 0.12 1 0.04 | 0.03 1 17 0 1 0 0 0 0 0 0 0 0 0 79.81 200 800 | 0.0000126
543600 0.12 1 0.04 | 0.03 1 17 0 1 0 0 0 0 0 0 0 0 0 79.81 0 100 | 0.0000093
543035 0.03 1 0.04 | 0.03 1 18 0.5 0 0 0 0 0 0 0 0 0 0 79.4 0 100 | 0.0000104
543035 0.03 1 0.04 | 0.03 1 18 0.5 0 0 0 0 0 0 0 0 0 0 79.4 0 315 | 0.0000110
543035 0.03 1| 0.04)| 0.03 % 18 0.5 0 0 0 0 0 0 0 0 0 0 79.4 0 538 | 0.0000114
544400 | 0.025 1| 0.04)| 0.03 1 18.5 1] 2125 0 0 0 0 0 0 0 0 0 76.28 0 100 | 0.0000100
544400 | 0.025 1| 0.04)| 0.03 1 18.5 1| 2.125 0 0 0 0 0 0 0 0 0 76.28 0 315 | 0.0000106
544400 | 0.025 1 0.04 | 0.03 1 18.5 {2125 0 0 0 0 0 0 0 0 0 76.28 0 538 | 0.0000114
544600 0.2 1.5 0.04 | 0.03 1 29, Onl> 0 0 0 0 0 0 0 0 0 0 71.48 0 100 | 0.0000104
544600 0.2 1.5 0.04 | 0.03 1 25 | 0:5 0 0 0 0 0 0 0 0 0 0 71.48 0 315 | 0.0000108
544600 0.2 1.5 0.04 | 0.03 1 25| 0.75 0 0 0 0 0 0 0 0 0 0 71.48 0 538 | 0.0000112
541000 | 0.115 1| 0.04)| 0.03 1] 1225 0.75 0 0 0 0 0 0 0 0 0 0| 84.815 0 315 | 0.0000114
541000 | 0.115 1| 0.04)| 0.03 1] 1225 0.75 0 0 0 0 0 0 0 0 0 0| 84.815 0 538 | 0.0000116
S41000 | 0.115 1| 0.04)| 0.03 1| 1225| 0.75 0 0 0 0 0 0 0 0 0 0| 84.815 0 650 | 0.0000116
S41000 | 0.115 1| 0.04)| 0.03 1| 1225 | 0.75 0 0 0 0 0 0 0 0 0 0| 84.815 700 1000 | 0.0000127
541000 | 0.115 1 0.04 | 0.03 1] 1225 0.75 0 0 0 0 0 0 0 0 0 0| 84.815 200 800 | 0.0000128
541400 0.15 1 0.04 | 0.03 1] 12.25| 1.875 0 0 0 0 0 0 0 0 0 0| 83.655 0 100 | 0.0000104
541400 0.15 1] 0.04| 0.03 1| 12.25| 1.875 0 0 0 0 0 0 0 0 0 0| 83.655 0 315 | 0.0000110
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Table A.2 The second data set is collected for prediction (continue).

Alloy C Mn P S Si Cr Ni Mo N Ti |Al|La|Nb| V | Cu | W | Se Fe Tin (°C) | Ts(°C) | CTE (/K)
541400 0.15 1 0.04 0.03 1| 1225 | 1.875 0 0 0] 0| O 0 0 0 0] 0 83.655 0 538 | 0.0000121
541400 0.15 1| 004| 0.03 1) 1225 1.875 0 0 0] 0] 0] O 0 0 0] O 83.655 0 650 | 0.0000121
541600 0.15] 125] 0.06| 0.15 1 13 0 0.6 0 0] 0] 0] O 0 0 0] O 83.79 0 100 | 0.0000099
541600 0.15] 1.25] 0.06| 0.15 1 13 0 0.6 0 0] 0] 0] O 0 0 0] O 83.79 0 315 ] 0.0000110
541600 0.15] 1.25] 0.06| 0.15 1 13 0 0.6 0 0, 0] 0] O 0 0 0] O 83.79 0 538 | 0.0000116
541600 0.15| 1.25 0.06 0.15 1 13 0 0.6 0 040/, 0 0 0 0 0] O 83.79 0 650 | 0.0000117
541600 0.15| 1.25 0.06 0.15 1 13 0 0.6 0 0| 0| O 0 0 0 0] O 83.79 20 787 | 0.0000124
542000 0.15 1 0.04 0.03 1 13 0.75 0.5 0 0, 0| O 0 0 0 0] O 83.53 0 100 | 0.0000103
542000 0.15 1 0.04 0.03 1 13 0.75 0.5 0 0//01/0 0 0 0 0| O 83.53 0 315 | 0.0000108
542000 0.15 1| 0.04] 0.03 1 13 0.75 0.5 0 0/1/017°01 0O 0 0 0.0 83.53 0 538 | 0.0000117
542000 0.15 1| 0.04] 0.03 i 13 0.75 0.5 0 010+.0] -0 0 0 01.0 83.53 0 650 | 0.0000122
542200 0.225 1] 0.025| 0.025| 054 11.75| 0.75] 1.075 0 0] OF 0] 0 0 0 0] 0 84.65 0 100 | 0.0000112
542200 0.225 1] 0.025| 0.025 | 05| 11.75 0.75 | 1.07% 0 0| 010 0 0 0 0] O 84.65 0 315 | 0.0000114
542200 0.225 1| 0.025| 0.025],05 | 11.75 075 | 1.075 0 0lpn\g (S0 0 0 0 0l O 84.65 0 538 | 0.0000119
542200 0.225 1| 0.025| 0.025 05| 11.75 0.75"] 1.075 0 BA4 N0 [0 0 0 0 0] O 84.65 21 649 | 0.0000121
543100 0.2 1 0.04 0.03 1 16| 1.875 0 0 07 104 .0 0 0 0 0+ 0 79.855 0 100 | 0.0000102
543100 0.2 1| 0.04| /0.03 1 16 | 1.875 0 0 0, 001 0 0 0 0] O 79.855 0 315 | 0.0000121
543100 0.2 1| 0.04],0.03 1 16 | 1.875 0 0 01 040 hA0 0 0 Q0 79.855 0 650 | 0.0000122
544002 0.675 1| 0.04| 0.03 1 17 0] '0./5 0 00 W0 [ YO 0 0 0% 0 79.505 0 100 | 0.0000102
544004 1.075 1| 0.04| 0.03 1 17 0l Q75 0 04170 |04 €0 0 0 0]°.0 79:105 0 100 | 0.0000103
521900 0.08 9 0.06 0.03 1 [~20.25 6.5 0. 0.0275 0.].0 | 0 0 0 0 0 |0 | 63.0525 200 800 | 0.0000200
521900 0.08 9 0.06 0.03 11 20.25 6.5 0| 0.0275 01 0. 0 0 0 0 0].0| 63.0525 27 760 | 0.0000200
521900 0.08 9 0.06 0.03 1}720.25 6.5 0 | '0.0275 = gl 0 0 0 0| 0| 63.0525 27 871 | 0.0000202
521900 0.08 9| 0.06] 0.03 171-20.25 6:5 0 | 0.0275 8. 9N MO, (b 0 0] -0 | 63.0525 27 982 | 0.0000205
520910 0.06| 7.75| 0.04 ] 0.0340.75 22 12.5.| 2.25 0.3 00010202 0 0| O 54.32 21 649 | 0.0000189
520910 0.06 | 7.75| 0.04 | 0.03:40.75 22 12.54. 2125 0.3 01011010 0 0 04 O 54.32 21 760 | 0.0000194
520910 0.06| 7.75| 0.04 | 0.03]0.75 22 1257 2.25 0.3 Q| 0,010 O 0 0" 0 54.32 21 871 | 0.0000200
524100 0.15] 125 0.06 0.03 1 18 1.5 0 0.325 0] 0/]“0 0 0 0 0] O 66.435 0 100 | 0.0000161
524100 0.15] 125 0.06 0.03 1 18 4 0 0.325 Q4 0T/0 0 0 0 0| 0 66.435 0 315 | 0.0000174
524100 0.15| 125 0.06 0.03 1 18 1.5 0 0.325 04 0///0 0 0 0 0] O 66.435 0 538 | 0.0000188
530431 0.06 2 0.04 0.14 1 17.5 10 0 0 040 | 0 0 0| 1.85 0 }=0 69.26 25 538 | 0.0000186
S30431 0.06 2| 004] 014 1 175 10 0 0 0] 0[O0 0 0 0 0..~0 69.26 25 649 | 0.0000190
530430 0.1 2| 0.045| 0.03 0 0 18 9 0 0. 0 040 0] 35 0 "0 69.825 0 100 | 0.0000172
530430 0.1 2| 0.045| 0.03 1 0 18 9 0 0=0/4 0[]0 0 0 04 0 69.825 0 315 | 0.0000178
530430 0.1 2 | 0.045 0.03 1 0 18 9 0 0| 0| O 0 0 0 04 O 69.825 0 650 | 0.0000187
N08028 0.03| 25 0.03 0.03 1 27 31 35 0 0| O|r0 0 0 1 0] O 34.91 20 100 | 0.0000149
N08028 0.03| 25 0.03 0.03 1 27 | 31 3.5 0 0p 0| O 0 0 0 0] O 34.91 20 200 | 0.0000155
N08028 0.03| 25 0.03 0.03 1 27 31 3.5 0 0| 0] 0 0 0 0 0] O 34.91 20 400 | 0.0000166
N08028 0.03| 25| 0.03| 0.03 1 27 31 3.0 0 0] 0. 0470 0 0 0] O 34.91 21 427 | 0.0000167
N08926 0.02 2| 003] 001] 05 20 25 6.5 0.2 0] 0] 0] O 0 1 0] O 45.74 25 427 | 0.0000164
N08926 0.02 2| 003] 0.01| 05 20 25 6.5 0.2 0] 0| 0] O 0 0 0] O 45,74 25 649 | 0.0000169
S31200 0.03 2| 0.045| 0.03 1 25 5 1.6 0.17 0] 0| 0] O 0 0 0] O 65.125 20 100 | 0.0000140
532760 0.03 1 0.03 0.01 1 25 7 3.5 0.25 0] 0 O 0 00751075 O 62.18 20 100 | 0.0000111
532760 0.03 1 0.03 0.01 1 25 7 3.5 0.25 0] 0] O 0 0 0 0] 0 62.18 20 300 | 0.0000120
531500 003|] 16| 003] 003| 1.7| 185 4.75| 275 0 0] 0] 0] 0] O 0 0] O 70.61 20 100 | 0.0000122
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Table A.2 The second data set is collected for prediction (continue).

Alloy C Mn P S Si Cr Ni Mo N Ti Al La Nb | V Cu W | Se Fe Tin (°C) | Ts (°C) | CTE (/K)
531803 0.03 2 0.03 0.02 1 22 55 3 0.14 0 0 0 0 0 0 0| O 66.28 20 100 | 0.0000135
531803 0.03 2 0.03| 0.02 1 22| 55 3 0.14 0 0 0 0 0 0 0] O 66.28 20 200 | 0.0000140
531803 0.03 2 0.03| 0.02 1 22| 55 3 0.14 0 0 0 0 0 0 0] O 66.28 20 300 | 0.0000146
532205 0.03 2 0.03| 0.02 1 22| 55 3 0.107 0 0 0 0 0 0 0] O 66.313 20 100 | 0.0000135
532205 0.03 2 0.03| 0.02 1 22| 55 3 0.107 0 0 0 0 0 0 0] O 66.313 20 200 | 0.0000140
S32205 0.03 2 0.03 0.02 1 22 5.5 3 0.107 0 0 0 0 0 0 0] O 66.313 20 300 | 0.0000146
S32304 0.03| 25 0.04 0.03 1 23 | 4.25.4°0.325 0.128 0 0 0 0 0] 0.325 0] O 68.697 20 100 | 0.0000130
532304 0.03| 25 0.04 0.03 1 23 |.4.25.4°0.325 0.128 0 0 0 0 0 0 0] O 68.697 20 200 | 0.0000135
532304 0.03| 25 0.04 0.03 1 23 .4.25 | 0.325 0:128 0 0 0 0 0 0 0] O 68.697 20 300 | 0.0000140
532550 0.04| 15| 0.04| 0.03 1 255] 55 34 0:175 0 0 0 0 0 2 0] O 62.815 23 400 | 0.0000135
532550 0.04| 15| 0.04| 0.03 1} 255| 55 34 0.175 0 0 0 0 0 0 0] O 62.815 23 500 | 0.0000138
S32750 0.03| 12| 003 | 002| 08 25 { 4 0.28 0 0 0 0 0 0 0] O 61.635 20 300 | 0.0000140
S32750 0.03 1.2 | 0.035 0.02 0.8 25 7 4 0.28 0 0 0 0 0 0 0] O 61.635 20 400 | 0.0000145
S32950 0.03 2| 0.035 0.01) 0.6 271.5+4-4.35 1.75 0.25 0 0 0 0 0 0 0f O 63.475 24 538 | 0.0000133
532950 0.03 2| 0.035 0.01 0.6 275 | 4.35 1.75 0.25 0 0 0 0 0 0 0.0 63.475 24 649 | 0.0000145
532950 0.03 2| 0.035 0.01 0.6 275" 4.35 I=(5 0:25 0 0 0 0 0 0 0] "0 63.475 24 760 | 0.0000147
532950 0.03 21003 ] 001| «06| 27.5| 435 1.75 0.25 0 0 0 0 0 0 0L0 63.475 24 816 | 0.0000147
513800 0.05| 02| 0.01] 0.008| 0.1 12.75 7 2.25 0.01 0 11125 0 0 0 0 0.0 77.622 0 315 | 0.0000112
513800 0.05| 02| 0.01] 0.008 | 0.1 |°12.75 7 0 0 0 0 0 0 0 0 08 W 79.882 0 538 | 0.0000119
S15500 0.07 1 0.04 | 1 0.03 1] 1475 /45 0 0 0 0 0] 03 0 3.5 0] 0 78.61 0 315 | 0.0000114
515500 0.07 1 0.04 0.03 1| 2347545 0 0 0 0 0 0 0 0 0 0 78.61 21 483 | 0.0000131
546500 0.02 | 0.25| 0.015 0.01.] 0.25 | 11.75 11 1 0.01 1.65 0 0 0 0 0 0] 0 75.695 21 600 | 0.0000131
Crofer22 APU 0| 04 0 0 [70.02 |1 22.78 0 0 0 0.07 - 0.006 | 0.086 0 0 0 0 0 76.8 30 800 | 0.0000119
F18TNb 0] 0.12 0 0| 046|194 0 s 0 02y 002 04,017 0 0 0] O 78.32 30 800 | 0.0000128
E-Brite 0] 0.04 0 0]019| 244 0. 0.96 0 -0.014{-002 0 0 0 0 0] 0 74.71 30 800 | 0.0000190
SUS430 0.12 1 0.04 | 0.03 [#0.75 17 0 0 0 0 0 0 0 0 0 0] 0 81.06 400 850 | 0.0000127
Crofer22 APU 0.03| 055 0.05| 0.02]| 05 22 0 0 0] 0.115 Dia-l //ar12 0 0 0.5 0,0 76.85 600 1000 | 0.0000120
Ni85.4MoW11.3 0 0 0 0 0 01.854 3.3 0 0 0 0 0 0 03| 0 11.3 0 600 | 0.0000130
Ni85.1M04.6W10.3 0 0 0 0 0 0| 851 4.6 0 0 0 0 0 0 0] 103]/0 10.3 0 600 | 0.0000135
Ni85.3M05.9W8.8 0 0 0 0 0 0| 853 5:9 0 0 0 0 0 0 0 88| 0 8.8 0 600 | 0.0000130
Ni84.3M08.9W6.8 0 0 0 0 0 0| 84.3 8.9 0 0 0 0 0 0 0 6.8 0 6.8 0 600 | 0.0000127
Ni84.4M010.7W4.9 0 0 0 0 0 0. 844 10.7 0 0 0 0 0 0 0y 49| 0 4.9 0 600 | 0.0000117
Ni84.1M011.8W4.1 0 0 0 0 0 01»84.1 11.8 0 0 0 0 0 0 0411 0 4.1 0 600 | 0.0000125
Ni85.2M012.7W2.1 0 0 0 0 0 0| 852 12.7 0 0 0 0 0 0 0] 21| 0 2.1 0 600 | 0.0000121
Sanergy HT 0.05| 05 0 0] 0.03 22 0 1 0 0.04 0 01.0.75 0 0 0] O 76.42 550 900 | 0.0000145
Sanergy HT 0.05| 05 0 0] 0.03 22 0 1 0 0.04 0 0, 0.75 0 0 0] O 76.42 100 900 | 0.0000129
Sanergy HT 0.05| 05 0 0] 0.03 22 | W0 1 0 0.04 0] 0 |..0:75 0 0 0] O 76.42 600 900 | 0.0000117
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Table A.3 The third data set is collected for prediction.

Oxide Ti Al Cr Fe Ni Co Cu Si Mn Zn Ta Nb Zr Mg | Tin(°C) | Ts (°C) | CTE (/K)
TiO2 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 20 600 | 0.000007
Al203 0 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 20 1000 | 0.0000084
Cr203 0 0 2 0 0 0 0 0 0 0 0 0 0 0 0 0 100 1000 | 0.0000073
FeO 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 100 1000 | 0.0000122
NiO 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 20 1000 | 0.0000171
Fe203 0 0 0 2 0 0 0 0 0 0 0 0 0 0 0 0 20 900 | 0.0000149
CoO 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 20 900 | 0.000015
Cu20 0 0 0 0 0 0 2 0 0 0 0 0 0 0 0 0 20 750 | 0.0000043
Si02 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0.0000123
Sio2 0 0 0 0 0 0 0 1 2 0 0 0 0 0 0 0 30 1450 7.06E-06
Y2Si207 0 0 0 0 0 0 0 2 2 0 0 0 0 0 0 0 30 1450 3.96E-06
Y3AI5012 0 5 0 0 0 Q 0 0 3 0 0 0 0 0 0 0 30 1450 9.16E-06
Si2AlI6013 0 6 0 0 0 0 0 | 0 0 0 0 0 0 0 0 30 1000 4.56E-06
CuO 0 0 0 0 0 0 3 0 0 0 0 0 0 0 0 0 25 900 9.59E-06
CuO 0 0 0 0 0 0 iy 0 0 0 0 0 0 0 0 0 0.0000093
NiCr204 0 0 2 0 1 0 0 0 0 0 0 0 0 0 0 0 25 900 | 0.0000076
MnCr204 0 0 2 0 0 0 0 0 0 1 0 0 0 0 0 0 25 900 | 0.0000072
CoCr204 0 0 2 0 0 s 0 0 0 0 0 0 0 0 0 0 25 900 | 0.0000074
Mn1.5C01.504 0 0 0 0 0 155 0 0 0 ) 0 0 0 0 0 0 0 800 | 0.0000097
Co2Mn0O4 0 0 0 0 0 . Q 0 0 1 0 0 0 0 0 0 20 800 | 0.0000097
MgAI204 0 2 0 0 0 0 0 0 0 0 0 0 0 0 0 1 20 1020 | 0.0000088
MgAI204 0 2 Q 0 0 0 0 0 0 0 0 0 0 0 0 1 25 1000 | 0.000009
MnAI204 0 2 0 0 0 0 0 0 0 - 0 0 Q 0 0 0 25 700 | 0.0000079
CoAl204 0 2 0 0 0 1 0 0 0 0 0 0 0 0 0 0 20 1020 | 0.0000087
NiAI204 0 2 0 0 1 0 0 0 0 0 0 0 0 0 0 0 20 1010 | 0.0000081
ZnAl204 0 2 0 0 0 0 0 0 0 0 1 0 0 0 0 0 20 1020 | 0.0000099
ZnAl204 0 2 0 0 0 0 0 0 0 0 4 0 0 0 0 0 25 1000 | 0.0000087
MgCr204 0 0 P 0 0 0 0 0 0 0 0 0 Q 0 0 i 20 1020 | 0.0000075
MgCr204 0 0 2 0 0 0 0 0 0 0 0 0 0 0 0 1 20 1027 | 0.0000072
CoCr204 0 0 2 0 0 1 0 0 0 0 0 0 0 0 0 0 20 12020 | 0.0000073
ZnCr204 0 0 2 0 0 0 0 0 0 0 1, 0 0 0 0 0 20 12020 | 0.0000075
Mn304 0 0 0 0 0 0 0 0 0 3 0 0 0 0 0 0 50 1000 | 0.0000088
NiMn204 0 0 0 0 1 0 0 0 0 2 0 0 0 0 0 0 25 675 | 0.0000085
Cul.4Mn1.604 0 0 0 0 0 0 1.4 0 0 16 0 0 0 0 0 0 25 600 | 0.0000139
MgFe204 0 0 0 2 0 0 0 0 0 0 0 0 0 0 0 1 100 1000 | 0.0000115
MgFe204 0 0 0 2 0 Q 0 0 0 0 0 0 0 0 0 1 20 1027 | 0.0000123
CoFe204 0 0 0 2 0 1 0| 0 0 0 0 0 0 0 0 0 50 650 | 0.0000149
Co304 0 0 0 0 0 3 0 0 0 0 0 0 0 0 0 0 25 800 | 0.0000093
Sio2 0 0 0 0 0 0 0 4 0 0 0 0 0 0 0 0 25 70 3.8E-07
Al203 0 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 25 70 2.04E-06
Ta205 0 0 0 0 0 0 0 0 0 0 0 2 0 0 0 0 25 70 2.45E-06
Nb205 0 0 0 0 0 0 0 0 0 0 0 0 2 0 0 0 25 70 1.52E-06
AI2TiO5 1 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 25 1350 6.8E-07
ZrTio4 1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 25 1350 8.29E-06
Fe203 0 0 0 2 0 0 0 0 0 0 0 0 0 0 0 0 100 1000 | 1.145E-05
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Table A.3 The third data set is collected for prediction (continue).

This material is reserved for educational use only, not allowed for commercial use.

Forbidden to modify the content, and cite the document when use.

Oxide Ti Al Cr Fe Ni Co Cu Si Mn Zn Ta Nb Zr Mg | Tin(°C) | Tsi (°C) CTE (/K)
Fe2SiO4 0 0 100 1000 | 1.114E-05
Fe304 0 0 100 1000 | 1.286E-05
FeO 0 0 100 1000 | 1.462E-05
W03 0 0 0.00001
WO3 0 0 25 330 | 0.000013
W03 0 0 330 710 0.00001
CoWO04 0 0 800 | 0.0000115
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Table A.4 The data for PBR calculation

Metal volume | Oxide volume / Spallation from | Spallation form
Type t (hr) T (°C) pO2 (atm) pH2O (atm) | /surface area surface area PBR :
(mm) (mm) experiment PBR

Fe22Cr 100 700 0.21 0 0.35 0.4 | 1.142857 No No
Fe22Cr 100 750 0.21 0 0.35 0.4 | 1.142857 No No
Fe22Cr 100 800 0.21 0 0.35 0.4 | 1.142857 No No
Fe22Cr 100 850 0.21 0 0.35 0.4 | 1.142857 Yes No
Fe22Cr 40 900 0.21 0 0.35 0.4 | 1.142857 Yes No
330Chb 144 900 0.21 0 1.5 0.002,, 0.000667 Yes Yes
0.12B 500 800 0.21 0 2 0.023 0.0115 No Yes
0.12B 500 900 0.21 0 2 0.126 0.063 No Yes
0.12B2Si 500 800 0.21 Q 2 0.072 0.036 No Yes
0.12B2Si 500 900 0.21 0 2 0.058 0.029 No Yes
0.12B9Ni 500 900 0.21 0 2 0.242 0.121 No Yes
DD32 500 900 0.2% 0 4 0:009 | 0.00225 No Yes
DD32 500 1000 0.21 0 4 0.017,| 0.00425 No Yes
GTD111 452 900 021 0 9 0.023 | =0.002556 Yes Yes
iron 180 650 1 0 2 0.0185.}, 0.00925 No Yes
iron 180 700 1 0 2 0.059 0.0295 Yes Yes
iron 180 750 1 0 P 0.014 0:007 Yes Yes
NCFS 100 1000 0.21 0 g 0.005 | 0.001667 No Yes
NCFS1.5Nb 100 1000 0.21 0 3 0.008.}...0.002667 Yes Yes
NCFS3Nb 100 1000 0.21 0 8 0.0078 0.0026 Yes Yes
AlSI430 2000 650 0.21 0 0.0003 0.0006 2 No No
AlSI430 2000 700 0.21 0 0.0003 0.0006 2 No No
AlSI430 2000 750 0.21 0 0.0003 0.0006 2 No No
AlSI441 2000 650 0.21 0 0.0003 0.0007 | /2:333333 No Yes
AlSI441 2000 700 024 0 0.0003 00007 2.333333 No Yes
AlSI441 2000 750 0.21 0 0.0003 0.0007 | _2:333333 No Yes
Crofer22H 2000 650 0.21 0 0.0003 0.0005) 1.666667 No No
Crofer22H 2000 700 0.21 0 0.0008 0.0005_| 1.666667 No No
Crofer22H 2000 750 0.21 0 0.0003 0.0005 | 1.666667 No No
Ni base 1925 800 0:21 0 5 0.018 0:0036 No Yes
Ni base 1925 900 0.21 0 5 0.018 0.0036 No Yes
AlSI 441 10 900 0.2 0 ¥ar 0.0008+, 0.000544 No Yes
AlSI 441 100 800 0 0 1 0.002457 000245 No Yes
AlSI 441 100 800 0 0.2 1 0.00234." 0:00234 No Yes
AlSI 441 100 800 0.2 0 1 0.002254 0.00225 No Yes
FellCr0.5Ti 100 800 0.21 0 1.2 0.00226 | 0.001883 No Yes
FellCr0.5Ti 100 900 0.21 0 1.2 0.74 | 0.616667 Yes Yes
Fel8Cr0.5Ti 100 800 0.21 0 1.2 2.772 | 0.001283 No Yes
Fel8Cr0.5Ti 100 900 0.21 0 1.2 4.536 0.0021 No Yes
F18TNb/AISI 441 100 800 0.2 0 2 0.0065 | 0.00325 No Yes
F18TNb/AISI 441 200 800 0.2 0 2 0.001 0.0005 Yes Yes
F18MT/AISI 444 100 800 0 0.02 1.2 0.009 0.0075 No Yes
F18MT/AISI 444 200 800 0 0.02 1.2 0.0011 | 0.000917 Yes Yes
Accuracy 41.86 %
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Table A.5 The thermal expansion coefficient (CTE) data obtained from thermal expansion coefficient (CTE) of alloys and oxides prediction model.

No. Type of alloy CTE of alloy (/K) | CTE of oxide (/K) | Spallation
0 AISI 430 1.23E-05 7.5936E-06 0
1 AISI 430 1.23E-05 7.5936E-06 0
2 AlSI 630 1.3E-05 7.5936E-06 0
3 AISI 630 1.3E-05 7.5936E-06 0
8 Fe22Cr 1.22E-05 7.5936E-06 0
9 Fe22Cr 1.22E-05 7.5936E-06 0
10 Fe22Cr 1.22E-05 7.5936E-06 0
14 0.12B 1.53E-05 8.2423E-06 0
15 0.12B 1.53E-05 8.3424E-06 0
16 0.12B2Si 1.5E-05 8.2423E-06 0
17 0.12B2Si 1.5E-05 8.3424E-06 0
19 0.12B9Ni 1.53E£05 8.3905E-06 0
20 DD32 1.5E-05 6.7318E-06 0
21 DD32 1.5E-05 6.7318E-06 0
22 ANSI 310 1.52E-05 7.5936E-06 0
23 ANSI310 1.52E-05 7.5936E-06 0
24 ANSI310 1.52E-05 7:5936E-06 0
25 GTD111 1.52E-05 6.1829E-06 0
27 Ti36.7AI1.9WO0.5Si 1.52E-05 6.875E-06 0
30 Ti136.7AI1.9W0.5Si 1.52E-05 6.875E-06 0
31 Ti36:7AIL.9W0.5Si 1.52E-05 6.7318E-06 0
32 Ti36.7AI1.9W0.5Si 1.52E-05 6.7318E-06 Q
33 Ferritic ss 1:33E-05 0.000007325 0
34 Ferritie, ss 1.33E-05 0.000007325 0
35 Ferriticss 1:34E-05 7:5936E-06 0
37 Eerriticss 1.33E-05 1.09803E-05 0
38 Ferriticss 1.34E-05 7.5936E-06 0
40 iron 1.48E-05 1.31403E-05 0
43 F20T 1.34E-05 6:7229E-06 0
44 F20T 1.34E-05 6.7229E-06 0
45 F20T 1.:34E-05 6.7229E-06 0
46 F20T 1134E-05 6.7229E-06 0
47 F20.T 1:34E-05 6.7229E-06 0
48 F 20T, 1.34E-05 7.5676E-06 0
49 F20.T 1.34E-05 7.5676E-06 0
50 F20.1 1:34E-05 7.5676E-06 0
51 F20T 1.34E-05 [.5676E-06 0
52 F20T 1.34E-05 7.5676E-06 0
53 F20T 1.34E-05 6.7318E-06 0
54 F20T 1.34E-05 6.7318E-06 0
55 F20T 1.34E-05 6.7318E-06 0
56 F20T 1.34E-05 6.7318E-06 0
57 F20T 1.34E-05 6.7318E-06 0

75



Table A.5 The thermal expansion coefficient (CTE) data obtained from thermal expansion coefficient (CTE) of alloys and oxides prediction model. (continue)

No. Type of alloy CTE of alloy (/K) | CTE of oxide (/K) | Spallation
58 TUS 220M 1.36E-05 7.5676E-06 0
59 TUS 220M 1.36E-05 7.5676E-06 0
60 TUS 220M 1.36E-05 7.5676E-06 0
61 TUS 220M 1.36E-05 7.5676E-06 0
62 TUS 220M 1.36E-05 7.5676E-06 0
63 TUS 220M 1.36E-05 7:5676E-06 0
64 TUS.220M 1.36E-05 7.5676E-06 0
65 TUS.220M 1.36E-05 7.5676E-06 0
66 TUS 220M 1.36E-05 7.5676E-06 0
67 TUS 220M 1,36E-05 7.5676E-06 0
68 TUS220M 1.36E-05 6.7318E-06 0
69 TUS 220M 1.36E<05 6.7318E-06 0
70 TUS 220M 1.36E-05 6.7318E-06 0
71 TUS220M 1.36E-05 6.7318E-06 0
72 TFUS220M 1.36E-05 6.7318E-06 0
73 AL 453 1.34E-05 7.5676E-06 0
74 AL 453 1.34E-05 7:5676E-06 0
75 AL453 1.34E-05 7.5676E-06 0
76 AL 453 1.34E-05 7.5676E-06 0
¥ AlL453 1.34E-05 7.5676E-06 0
78 Al 453 1.34E-05 7.5676E-06 0
79 AL 453 1.34E-05 7.5676E-06 0
80 AL 453 1,:34E-05 7.5676E-06 0
81 AL 453 1.34E-05 7 5676E-06 0
82 AL 453 1:34E-05 7:5676E-06 0
83 AL 453 1.34E-05 7,5676E-06 0
84 AL 453 1,34E-05 7.5676E-06 0
85 AL 453 1.34E-05 7.5676E-06 0
86 AL-453 1.34E-05 7:5676E-06 0
87 AL 453 1.34E-05 7.5676E-06 0
88 Crofer 22.APU 1.2E-05 7.5676E-06 0
89 Crofer 22 APU 1,2E<05 7.5676E-06 0
90 Crofer22 APU 1:2E-05 7.5676E-06 0
91 Crofer 22 APU 1.2E-05 7.5676E-06 0
92 Crofer22 APU 1.2E-05 71.5676E-06 0
93 Crofer 22. APU 1:2E-05 7.5676E-06 0
94 Crofer 22 APU 1.2E-05 1.5676E-06 0
95 Crofer 22 APU 1.2E-05 7.5676E-06 0
96 Crofer 22 APU 1.2E-05 7.5676E-06 0
97 Crofer 22 APU 1.2E-05 7.5676E-06 0
98 Crofer 22 APU 1.2E-05 7.5676E-06 0
99 Crofer 22 APU 1.2E-05 7.5676E-06 0
100 Crofer 22 APU 1.2E-05 7.5676E-06 0




Table A.5 The thermal expansion coefficient (CTE) data obtained from thermal expansion coefficient (CTE) of alloys and oxides prediction model. (continue)

No. Type of alloy CTE of alloy (/K) | CTE of oxide (/K) | Spallation
101 Crofer 22 APU 1.2E-05 7.5676E-06 0
102 Crofer 22 APU 1.2E-05 7.5676E-06 0
103 Crofer 22 H 1.4E-05 7.5676E-06 0
104 Crofer 22 H 1.4E-05 7.5676E-06 0
105 Crofer 22 H 1.4E-05 7.5676E-06 0
106 Crofer22 H 1.4E-05 7.56/6E-06 0
107 Crofer22 H 1.4E-05 7.5676E-06 0
108 Crofer22 H 1.4E-05 7.5676E-06 0
109 Crofer 22 H 1.4E-05 7.5676E-06 0
110 Crofer 22-H 1.4E-05 7.5676E-06 0
111 Crofer22-H 1.4E-05 7.5676E-06 0
112 Crofer 22 H 1.4E+05 7.5676E-06 0
143 Crofer 22.H 1T AE05 7.5676E-06 0
114 Crofer;22 H 1.4E-05 7.5676E-06 0
115 Crofer22 H 1.4E-05 7.5676E-06 0
116 Crofer22 H 1.4E-05 7.5676E-06 0
117 Crofer 22'H 1L4E-05 7.5676E-06 0
118 Sanergy HT 1.35E-05 7.5676E-06 0
119 Sanergy HT 1.35E-05 /.5676E-06 0
120 Sanergy HT 1.35E-05 7.5676E-06 0
121 Sanergy HT 1.35E-05 7.5676E-06 0
122 Sanergy HT 1.35E-05 7.5676E-06 0)
123 Sanergy HT 1:35E-05 7.5676E-06 0
124 Sanergy. HT 1.35E-05 7 5676E-06 0
125 Sanergy HT 1:35E-05 7:5676E-06 0
126 Sanergy.HT 1.35E-05 7,5676E-06 0
127 Sanergy HT 1,35E-05 7.567/6E-06 0
128 Sapergy, HT 1.35E-05 7,5676E-06 0
129 Sanergy HT 1.35E-05 (5676E-06 0
130 Sanergy HT 1.35E-05 7.5676E-06 0
 Ch. Sanergy:HT 1.35E-05 7.5676E-06 0
132 Sanergy HT T35E-05 7.9676E-06 0
133 E-Brite 1:44E-05 7.5676E-06 0
134 E-Brite 1.44E-05 7.5676E-06 0
135 E-Brite 1,44E-05 7.5676E-06 0
136 E-Brite 1:44E-05 7.5676E-06 0
137 E-Brite 1.44E-05 [.5676E-06 0
138 E-Brite 1.44E-05 7.5676E-06 0
139 E-Brite 1.44E-05 7.5676E-06 0
140 E-Brite 1.44E-05 7.5676E-06 0
141 E-Brite 1.44E-05 7.5676E-06 0
142 E-Brite 1.44E-05 7.5676E-06 0
143 E-Brite 1.44E-05 7.5676E-06 0




Table A.5 The thermal expansion coefficient (CTE) data obtained from thermal expansion coefficient (CTE) of alloys and oxides prediction model. (continue)

No. Type of alloy CTE of alloy (/K) | CTE of oxide (/K) | Spallation
144 E-Brite 1.44E-05 7.5676E-06 0
145 E-Brite 1.44E-05 7.5676E-06 0
146 E-Brite 1.44E-05 7.5676E-06 0
147 E-Brite 1.44E-05 7.5676E-06 0
148 AL 29 4C 1.45E-05 7.5676E-06 0
149 AL 29 4C 1.45E-05 7:5676E-06 0
150 AL 294C 1.45E-05 7.5676E-06 0
151 AL 2941C 1.45E-05 7.5676E-06 0
152 AL 29 4C 1.45E-05 7.5676E-06 0
153 AL 29 4€ 1,45E-05 7.5676E-06 0
154 AL 294C 1.45E-05 7.5676E-06 0
155 AL 29 4C 1.45E<05 7.5676E-06 0
156 AL 29.4C 1.45E-05 7.5676E-06 0
157 AL 29 4C 1.45E-05 7.5676E-06 0
158 AL?294C 1.45E-05 7.5676E-06 0
159 AL 294C 1.45E-05 7.5676E-06 0
160 AL 29 4C 1.45E-05 7:5676E-06 0
161 AL 294C 1.45E-05 7.5676E-06 0
162 AL 29 4C 1.45E-05 7.5676E-06 0
163 Cul5Nil5Ag 1.35E-05 5.7242E-06 0
164 Cul5Ni15Ag 1.38E-05 6.3078E-06 0
165 Cu25Ni25Ag 1.35E-05 5.7242E-06 Q
166 Cu25Ni25Ag 1,38E-05 6.307/8E-06 0
167 NCES 1.42E-05 7 5676E-06 0
170 AlSI430 1123E-05 7:3846E-06 0
171 AlS1430 1.23E-05 7:3846E-06 0
172 AISI430 1,23E-05 7.3846E-06 0
173 AlSI441 1.31E-05 6.875E-06 0
174 AlSi441, 1.31E-05 6.875E-06 0
175 AlSI441 1.31E-05 6.875E-06 0
176 Crofer22H 1.26E-05 7.5936E-06 0
177 Crofer22H 1:26E-05 7.3846E-06 0
178 Crofer22H 1:26E-05 7.3846E-06 0
179 Ni base 1.53E-05 6.875E-06 0
180 Nibase 1,53E-05 6.875E-06 0
181 Ti-6Al-7Nb 1.5E-05 6.154E-06 0
182 Ti-6Al-7Nb 1.53E-05 6.875E-06 0
183 Ti-6Al-7Nb 1.53E-05 6.875E-06 0
184 AlSI 430 1.23E-05 7.5936E-06 0
188 AISI 430 1.23E-05 7.5936E-06 0
189 AISI 430 1.23E-05 7.5936E-06 0
190 AlSI 430 1.23E-05 7.5936E-06 0
192 AlSI 441 1.31E-05 7.5676E-06 0
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Table A.5 The thermal expansion coefficient (CTE) data obtained from thermal expansion coefficient (CTE) of alloys and oxides prediction model. (continue)

No. Type of alloy CTE of alloy (/K) | CTE of oxide (/K) | Spallation
193 AlSI 441 1.31E-05 1.14886E-05 0
194 AlSI 441 1.31E-05 1.14886E-05 0
195 AlSI 441 1.31E-05 1.14886E-05 0
196 AlSI 441 1.23E-05 1.07965E-05 0
197 AlSI 441 1.23E-05 1.07965E-05 0
198 AlSI 441 1.23E-05 1.07965E-05 0
199 AlSI441 1.23E-05 1.07965E-05 0
200 AlSi441 1.23E-05 7.5676E-06 0
201 AlSI 441 1.23E-05 7.5676E-06 0
202 Fell1Cr0.5Ti 1,24E-05 0 0
204 Fel8Cr0:5Ti 1.23E-05 7.5936E-06 0
205 Fel8Cro.5Ti 1.23E-05 7.5936E-06 0
206 AlSI 304 1.31E-05 7.5676E-06 0
207 AlSI 304 1.31E-05 7.5676E-06 0
209 AlSI304 1.31E-05 7.5676E-06 0
210 AlSI 304 1.31E-05 7.5676E-06 0
211 AlSI 304 1.31E-05 7.5676E-06 0
212 AlISI 439 1.24E-05 6.7318E-06 0
213 AISI 439 1.24E-05 6.7318E-06 0
214 AlSI 439 1.24E-05 6.7318E-06 0
215 AISI'439 1.24E-05 7.5676E-06 0
216 AIlSI 439 1.24E-05 7.5676E-06 Q
218 F18TNb/AISI 441 1,23E-05 7.3846E-06 0
220 F18MT/AIS| 444 1.22E-05 7.3846E-06 0
231 Iron 1146E-05 1.15385E-05 0
232 Iron 1.46E-05 1.15385E-05 0
233 lron 1,46E-05 1.15385E-05 0
4 AlSI347 H 1.31E-05 1.36198E-05 1
9 AlISIE347H 1.31E-05 1.36198E-05 1
6 AISI 316 LN 1.75E-05 1.36198E-05 d,
7 AlSI 316.L.N 175E-05 1.36198E-05 i
11 Fe22Cr 1122E-05 1.08324E-05 4
12 Fe22Cr 1:22E-05 1.08324E-05 1
13 330Ch 1.31E-05 7.3906E-06 1
18 0.12B2Si 1.5E-05 8.3424E-06 1
26 GTD4l11 1:52E-05 6.1829E-06 1
28 Ti36.7Al1.9W05Si 1.52E-05 6./318E-06 1
29 Ti36.7Al1.9W0.5Si 1.52E-05 6.7318E-06 1
36 Ferritic ss 1.34E-05 7.5936E-06 1
39 Ferritic ss 1.34E-05 7.5936E-06 1
41 iron 1.48E-05 1.31403E-05 1
42 iron 1.48E-05 1.31403E-05 1
168 NCFS1.5Nb 1.42E-05 7.5676E-06 1
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Table A.5 The thermal expansion coefficient (CTE) data obtained from thermal expansion coefficient (CTE) of alloys and oxides prediction model. (continue)

No. Type of alloy CTE of alloy (/K) | CTE of oxide (/K) | Spallation
169 NCFS3Nb 1.42E-05 7.5676E-06 1
185 AlSI 430 1.23E-05 7.5936E-06 1
186 AlSI 430 1.23E-05 7.5936E-06 1
187 AlSI 430 1.23E-05 7.5936E-06 1
191 AlSI 430 7.5936E-06 1
203 FellCr0.5Ti 1
208 Al 1.31E-05 ; - 1
217 9 _1.24E05 , , |  7.5676E- 1
219 IAISI 441 ~| " 1.23E-05/ / /|~ _7.3846E-06 1
221 BMT/AISH444 |~ 1.22E-05// |~ _7.3846E-06
2 AISI304L [~ 3E-05 | ( ~1.14231E-05
AlsIzoak § 1 M 13E05 | 1.14231E-05 —t
AISI B04L- "I [ E-05 . V' 1.14231E-05) 1
25 | AISI348- 1 32E- . O0f |1
226 _AISK348 - 14231E-05+ o, , 1
348 P | W 14281E,05 |
228 & N7 g \|g& 1A ¢ olwm Ca 1
| : [46EZ05), 5E-0%
0 ’ 1 1
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Python code for M1 the spallation of oxide prediction model.

#M1 Spallation prediction model

#Import data

import pandas as pd

iM12_data = pd.read_excel(r'D:\File\College\Y4_project\Raw Data
23042023.x1sx', "Alloy Data')

iM12_data = iM12_data.fillna(®@)

rM12 data = pd.DataFrame(iM12 data,

columns=['C', 'Mn','Si','P','S", 'Cr','Ni', 'Mo"', 'Nb','Ti','Cu','V', 0", N
‘,'Al','W','Ag','B','Re','Ta','Co",'La"', 'Se"', 'Fe',"'t','T', 'Tin", 'Tfi","
p','p02', 'pH20", 'kp', 'Fe03', 'Fe0';'Fe203', 'Fe304',"'(Fe,Cr)304"', 'Mn304",
'Cr203', "' (Cr,Mn,Fe)304", 'Co0", "A1203","WO3.",*NiO"', 'Si02"', 'Co304", 'CoW04
', 'CrTa04', 'NiCr204:5"NiAl204', 'CoAl204 ", 'TiO2%, ™MnTi03"', 'Ni5Ti07', 'Cr2
TiO5', 'CrWo4' # W20058",.' Ta205" ), ' Cu0"/,/ ClU20", 'Nb205%,“(Ni, Co)AL204", 'NiT
io3','(Mn,Cr)304', 'Spallation'])

#Define/ X and Y

import numpy as np

X _M1 =

rM12. data[[' @Y Mal, St P 'S, Er) N YUMo, ND S AT, 'Cut, 'V, 0",
‘N F R S Pag 20 B \Re \d P &0, @4 'He 212l R ' pdd Y fiH20' 1]
y_M1 = np.ravel(rM12_ datal [’ Spallation']])

#Split data

from | sklearn.model selection import train: test split

X_M1. train,(x«M1 test, .y .Ml 'train, -y, ML test. .= train test_ split(x M1,
y_M1; test _size = 0.3, random state=13)

#Import M1 “algorithms

from sklearnitree import DecisionTreeClassifier

modelMl1 = DecisionTreeClassifier()

from sklearn.ensemble import RandomForestClassifier

modelM1 = RandomForestClassifier()

from sklearn.neighbors“import KNeighborsClassifier

modelM1l = KNeighborsClassifier(n_neighbers = 2, p=1)

from sklearn.neural_network import MLPClassifier

modelM1 = MLPClassifier(solver = 'lbfgs',max_iter = 1el@, random_state
=1)

#Training M1 algorithms
modelM1.fit(x_M1_train,y M1_train)
yp_M1_train = modelMl.predict(x_M1_train)
yp_M1_test = modelMl.predict(x_M1_test)
yp_M1 all = modelMl.predict(x_M1)

#Check quality of model
from sklearn.metrics, import: classification..report
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Python code for M1 the spallation of oxide prediction model. (continue)

print('[M1] Spallation prediction model')

print("Training set")

print(classification_report(y_M1_train, yp_M1_train, digits=4))
print("Test set")

print(classification_report(y_M1_test, yp_M1_test, digits=4))
print("All data set")

print(classification_report(y_M1, yp M1_all, digits=4))

Python code for M2 the types of oxide prediction model.

#M2 Type of oxide prediction model

#Import data

import pandas _.as pd

iM12_data = pd.read_excel(r'D:\File\College\Y4 project\Raw Data
23042023.x1sx', "Alloy Data")

iM12_data = iM12_data.fillna(®)

rM12_data = pd.DataFrame(iM12_data,

columns=f*C", *Mn';;*Si}, "R, "S" /“Crt,'Ni","Mot, "NBY, "Ti',"cu", "v','0", 'N
LA N, B L FRESAREI NS el L FRR) et th YT il , ' TFiY, !
p', p02", 'pH20 ;" kp';! Fe03",  FeO'; "Fe203 ", Fe304"," (Fe,Cr)304', 'Mn304",
'Cr203 'L, (Cr, Mn; Fe)30a’ ,"Co0’ , “A1203', ! WO3" ,*Ni0"; "Si02', 'C0304" , ' CoWo4
', 'CrTa04 ' M NiCr20455 NiAl204 1, "CoAl204 "Ti02 5 +MnTi03 ", ~Ni5T107 ", 'Cr2
Ti05 ", 'CrWO4 %, W20058";, " Ta205."; "Cu0™, " Cu20" ,"'Nb205 . (N1, Co)A1204 "', 'NiT
i03',!" (Mn5Cr)304!, "'Spallation'])

#Define X~and Y

import . numpy as np

X_M2 =

rM12_datal[uCc®, ‘Mn', "Sily P, S L INLY, MO, b, TA Y, Tcut, 'V, 0,
'N', ALY, "W, MAg' LB, "Re™;  Tal A Coty Lat, TFet e, 7 4 p02", 'pH20" 1]

y M2 =
rM12_data[['Fe03";. FeQ', "Fe203™, 'Fe304', ' (Fe,£r)304', 'Mn304"', 'Cr203", '(
Cr,Mn,Fe)304',"'Co0", "AT203™;""WO3.",."NiO""Si02", 'Co304 ", 'CoW04 ', 'CrTal4"’
,"'NiCr204', 'NiA1204', 'CoAl204™*,™T102", "MnTi03", 'Ni5Ti07"', 'Cr2Ti05", 'Cri
04','W20058"', 'Ta205', 'Cu0’, 'Cu20", ‘Nb205", ' (Ni,Co)Al204", 'NiTi03", ' (Mn,
Cr)304'1]

#Split data

from sklearn.model selection import train_test split

X_M2_train, x M2 test, y M2 train, y M2 test = train_test_split(x_M2,
y M2, test size = 0.3, random_state= 3)

#Import M1 algorithms
from sklearn.tree import DecisionTreeClassifier
modelM2 = DecisionTreeClassifier(random_state=1)
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Python code for M2 the types of oxide prediction model. (continue)

from sklearn.ensemble import RandomForestClassifier

modelM2 = RandomForestClassifier(random_state=1)

from sklearn.neighbors import KNeighborsClassifier

modelM2 = KNeighborsClassifier(n_neighbors = 2, p=1)

from sklearn.neural network import MLPClassifier

modelM2 = MLPClassifier(solver = 'lbfgs',max_iter = 1el0, random_state=
1)

#Training M1 algorithms
modelM2.fit(x_M2_train,y_M2_train)
yp_M2_train = modelM2.predict(x-M2.train)
yp_M2_test = modelM2.predict(x_M2_test)
yp_M2_all = modelM2.predict(x_M2)

#Check quality of model

from skleapn.metrics importtclassification_repont

from sklearn import -metrics

print('[M2] Type of.oxide prediction model)

print('Training set")

print(classification_ report(y. M2  train, yp_ M2 train; ‘digits=4))
print("Test ‘set™)

print(classification.report(y M2/ test, yp_M2_test; ! digits=4))
print(’All data/ set™)

print(classification/report(y M2, yp M2.all;, digits=4))

Pythan code for M3-the-thermal-expansion coefficient of.alley prediction model.

#M3 CTE ‘of .alloy prediction model

#Import data

import pandas"as, pd

iM3_data = pduread/excel(r'D:\File\College\Y4_project\Raw Data CTE
14042023.x1sx ", "CTE “‘alloy ')

iM3_data = iM3_data.fillna(o)

rM3_data = pd.DataFrame(iM3=data,
columns=['C','Mn','P','S", 'Si*,™Cr","Ni', '"Mo"','N", 'Ti"', 'Al','La",'Nb", "
V','Cu','W',"'Se", 'Fe','Tin",'Tfi", 'CTE"'])

#Define X and Y

import numpy as np

X_M3 =
rM3_data[['C','Mn','P','S","'Si",'Cr','Ni', '"Mo', 'N"', 'Ti"','Al','La",'Nb",
'V','Cu',"W',"'Se","Fe', 'Tin", 'Tfi"]]

y_M3 = np.ravel(rM3_data[['CTE']])

#Split data

from sklearn.model_selection import train_test_split

X_M3_train, x M3 test, y M3 train, y M3 test = train_test split(x M3,

y M3, test size = 0.3, random_state= 3)
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Python code for M3 the thermal expansion coefficient of alloy prediction model.
(continue)

#Import M1 algorithms

from sklearn.ensemble import RandomForestRegressor

modelM3 = RandomForestRegressor(random_state= 1)

from sklearn.tree import DecisionTreeRegressor

modelM3 = DecisionTreeRegressor(random_state= 1)

from sklearn.neighbors import KNeighborsRegressor

modelM3 = KNeighborsRegressor(n_neighbors = 2, p=1)

from sklearn.neural network import MLPRegressor

modelM3 = MLPRegressor(random_state= 1)

#training M1 algorithms

modelM3.fit(x_M3_trainjyy_M3=train)

yp_M3_train = modelM3.predict(x_M3_train)

yp_M3_all = modedM3.predict(x.M3)

yp_M3_test = modelM3.predict(x. M3 test)

#Check quality of _model

from sklearn.metrics—import mean_ absolute_percentage _error
from sklearn.metrics~import/r2/score

print(/[M3]-CTE of’alloyprediction' model*)

print ("Training“set')

print("MAPE:.", mean_absolute percentage. enhor(y..M3 train,
yp_M3 train))

print(“R2: ", r2/ score(y_M3/ train,; yp.M3 train))
print("Test set")

print("MAPE: ", mean_absolute percentage error(y_ M3 test, yp M3 test))
print("R2: ", r2 score(y. M3 test, yp M3 test))

print(*All dataiset”)

print("MAPE: ", mean_absolute percentage error(y M3, yp.M3 all))
print("R2: 7, r2_score(y.M3;. yp_M3 all))

Python code fer'M4 the thermal expansion-coefficient of.0xide‘prediction model.

#M4 CTE of oxide prediction/ model

#Import data

import pandas as pd

iM4_data = pd.read_excel(r'D:\File\College\Y4_project\Raw Data CTE
14042023 .x1sx', 'CTE oxide')

iM4_data = iM4_data.fillna(@)

rM4_data = pd.DataFrame(iM4 data,
columns=['Ti','Al",'Cr', 'Fe','Ni','Co", 'Cu','Si', "Y', '"Mn","'Zn", 'Ta"', 'Nb
','Zr','Mg', 'Tin', 'Tfi", 'CTE'])

#Define X and Y

import numpy as np

X M4 =
rM4_data[['Ti','Al",'Cr','Fe','Ni','Co','Cu’','Si","'Y',"Mn","Zn",'Ta", 'N
b','zZr','Mg', 'Tin", 'Tfi']]
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Python code for M4 the thermal expansion coefficient of oxide prediction model.
(continue)

y_M4 = np.ravel(rM4_data[['CTE']])

#Split data

from sklearn.model_selection import train_test_split
X_M4_train, x_M4_test, y_M4 train, y M4_test = train_test_split(x_M4,
y_M4, test_size = 0.3, random_state= 3)

#Import M1 algorithms

from sklearn.ensemble import RandomForestRegressor

modelM4 = RandomForestRegressor(random_state= 1)

from sklearn.tree import DecisionTreeRegressor

modelM4 = DecisionTreeRegressor(random_state= 1)

from sklearn.neighbors~import KNeighborsRegressor

modelM4 = KNeighborsRegressor(n_neighbors = 2;wp=1)

from sklearn.neural network import' MLPRegressor

modelM4 = MLPRegressor(random state=-1)

#Training M1 algorithms

modelM4.fit(x_M4_train,;y.M4 &rain)

yp_M4_train = modelM4. predict(x/ /M4.train)

yp_M4 test =-modelM4.pnedict(x_M4 test)

yp_M4 all = modelM4.predict(x _M4)

#Check quality of'model

from 'sklearn.metrics ‘import| mean,absolute_percentage. enror
from sklearn.metrics (import r2_score

print(" [M4] CTE of oxide prediction model-)
print("Training set!)

print("MAPE: ', mean_absolute percentage error(y_ M4 _train,
yp_M4 train))

print("R2:0", r2 score(y.M4 train, - yp M4 train))
print("Test set")

print("MAPE: "5 .mean_absolute percentage error(y M4 test, .yp M4 test))
print("R2:.™; r2’ score(y.MA_test, yp /M4 test))

print("All data, set™)

print("MAPE: ",wmean_absolute_percentage_error(y- M4, yp_M4_all))
print("R2: ", r2_score(y.M4, yp M4 all))






