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ABSTRACT

Creep rupture life is a key material parameter for service life and mechanical properties of Ni-based single
crystal superalloy materials. Therefore, it is of much practical significance to accurately and efficiently predict
creep life. Here, we develop a divide-and-conquer self-adaptive (DCSA) learning method incorporating mul-
tiple material descriptors for rational and accelerated prediction of the creep rupture life. We characterize a
high-quality creep dataset of 266 alloy samples with such features as alloy composition, test temperature,
test stress, and heat treatment process. In addition, five microstructural parameters related to creep process,
including stacking fault energy, lattice parameter, mole fraction of the y' phase, diffusion coefficient and
shear modulus, are calculated and introduced by the CALPHAD (CALculation of PHAse Diagrams) method and
basic materials structure-property relationships, that enables us to reveal the effect of microstructure on
creep properties. The machine learning explorations conducted on the creep dataset demonstrate the poten-
tial of the approach to achieve higher prediction accuracy with RMSE, MAPE and R? of 0.3839, 0.0003 and
0.9176 than five alternative state-of-the-art machine learning models. On the newly collected 8 alloy sam-
ples, the error between the predicted creep life value and the experimental measured value is within the
acceptable range (6.4486 h—40.7159 h), further confirming the validity of our DCSA model. Essentially, our
method can establish accurate structure-property relationship mapping for the creep rupture life in a faster
and cheaper manner than experiments and is expected to serve for inverse design of alloys.

© 2020 Acta Materialia Inc. Published by Elsevier Ltd. All rights reserved.

1. Introduction

particular when it involves precious metal elements such as Re, Ru,
Ir, etc. [4].

Ni-based single crystal superalloys have become the most widely
used material for gas-turbine blades of aero engines owing to its
remarkable mechanical properties [1]. However, the service life of
alloy products is limited by creep properties of materials, as creep
deformation and rupture of materials under stress at high tempera-
ture lead to failure of products [2]. Therefore, creep rupture life is an
important physical parameter in the design of new alloys. Although
the creep rupture life of superalloy can be determined by experimen-
tal methods, the measurements are costly and time-consuming due
to long-term creep testing and expensive alloy manufacturing [3], in
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Several theoretical methods have been presented to accelerate
prediction of creep rupture life of alloys. They can be grouped into
two categories including time-temperature parameter (TTP) methods
and creep constitutive models (CCM). As an example of using TTP
method, Larson—Miller [5] estimates the long-term creep rupture life
of alloys at low temperatures based on the short-term creep test
data. Similarly, based on the data of steady-state creep rate and rup-
ture time under the same temperature and different stress condi-
tions, isothermal extrapolation method [6] establishes empirical
relationship between stress and rupture time and extrapolates the
creep behavior to long-term conditions. However, these TTP meth-
ods, being based on empirical analysis of experimental data, lack a
rigorous theoretical basis. Moreover, they fail to fully consider the
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microstructure evolution information in the actual creep process.
With the generalization of the theory of crystal plasticity and contin-
uum mechanics, creep constitutive models for predicting creep rup-
ture life have been developing rapidly in the recent years.
MacLachlan and Knowles [7] simulated and predicted the stress frac-
ture properties of four different types of superalloys using a modified
continuum damage model (CDM) coupled with the descriptors
related to creep deformation and microstructure changes. Feng et al.
[8] developed an anisotropic continuum damage model for explain-
ing creep damage, which can not only measure the damage degree,
but also consider the anisotropy of the damage. Prasad et al. [9] mod-
eled the creep behavior under different loads from the damage
caused by dislocation motion and interfacial dislocation network.
Vladimirov et al. [10] considered the dislocation movement charac-
teristics at each stage of creep of single-crystal alloy, and established
a model of the creep behavior of single-crystal alloy. Fedelich et al.
[11] introduced microstructure parameter to take into account the
changes caused by y' phase rafting, and their effects on the creep of
the alloy. Considering the characteristics of microstructure evolution
and dislocation motion during creep process, it not only gives the
model a more explicit physical meaning, but also more accurately
describes the creep behavior and improves the prediction accuracy of
creep life. In summary, the modern theoretical methods can accu-
rately describe the creep process and be used to successfully predict
creep rupture life of the alloy in a shorter time compared to experi-
mental measurements. In order to further accelerate modelling of
creep properties, Kim et al. [12] described high-throughput calcula-
tions combining theoretical models with the CALPHAD (CALculation
of PHAse Diagrams) method. However, the approach is limited to
intermediate temperature range and is not suitable for studying
creep at high temperatures.

Recently, data-driven machine learning methods have been suc-
cessfully employed for materials properties prediction [13—15], new
materials discovery [16] or other purposes [17], and have proved
their superiority in time efficiency and prediction performance [18].
Given that machine learning is the method of choice to reveal com-
plex relationships between material descriptors and properties of
interest, it is a very promising tool to be utilized for creep property
prediction of Ni-based single crystal superalloy. Until now, some
efforts have been made to the applications of statistical models in the
prediction of creep rupture life of superalloy. Venkatesh and Rack
[19] employed a BPNN (back-propagation neural network) to predict
the creep rupture life of INCONEL 690 Ni-based single crystal superal-
loy at 1000 °C and 1100 °C. When the acceptable lifetime error range
is set between —2 h and 2 h, the prediction accuracies of the models
are 100% and 90%, respectively. Yoo et al. [20] utilized Bayesian neu-
ral network with Markov chain Monte Carlo methods to investigate
the mechanism of creep properties of single crystal superalloy using
relevant material descriptors including chemical composition, test
stress and test temperature, and predictive accuracy of the model
reached 93.2%.

Therefore, the feasibility of these data-driven models in estimat-
ing creep rupture life of Ni-based single crystal superalloy has been
successfully demonstrated. However, previous efforts have largely
focused only on basic physical factors such as chemical composition,
test conditions and heat treatment parameters and did not take
into account the factors related to microstructural evolution
information, such as lattice parameter [21], mole fraction of y'
phase [22], shear modulus [23], stacking fault energy [22] and
diffusion coefficient [12], which are known to be highly relevant
to the alloy creep behavior. Furthermore, it is widely accepted
that the mechanical and creep properties of different alloys at
high temperatures correspond to the various different deforma-
tion mechanisms [22], thus making it difficult to capture the rela-
tionships among the relevant material descriptors and creep
properties in these alloys with mixed creep mechanisms through

a single learning model. And no statistical model in the prediction
of creep rupture life of superalloy takes into consideration these
differences of creep mechanisms of alloys.

In order to construct a general machine learning model to predict
creep behavior, in this study we propose a novel divide-and-conquer
self-adaptive (DCSA) learning method. In addition to the basic
descriptors, such as chemical composition, test conditions and heat
treatment process parameters, five microstructural factors (lattice
parameter, mole fraction of y' phase, shear modulus, stacking fault
energy and diffusion coefficient) that can reflect the creep deforma-
tion mechanism were calculated and introduced using the CALPHAD
method and material structure-property relationships. Moreover,
instead of learning complex creep mechanisms through a single
regression method, the DCSA method adopts the idea of “divide and
conquer” methodology. Firstly, the DCSA automatically classifies alloy
samples with various creep mechanisms into several clusters based
on comprehensive factors (chemical composition, test conditions,
heat treatment, and five calculated microstructural factors) through
K-Means clustering. Secondly, based on the designed fitness function,
the DCSA self-adaptively chooses the optimal machine learning
model from the five candidates, i.e. Random Forest Regression (RF),
Support Vector Regression (SVR), Gaussian Process Regression (GPR),
Lasso Regression (LR) and Ridge Regression (RR), to reveal the differ-
ences in creep mechanisms of alloy samples in different clusters.
Finally, we illustrate the process and its performance using the data-
set collected from the journal literature and patents and show that
compared to the five state-of-the-art regression models Random For-
est regression (RF), Support Vector Regression (SVR), Gaussian Pro-
cess Regression (GPR), Lasso Regression (LR) and Ridge Regression
(RR)), the DCSA achieves better prediction performance with RMSE,
MAPE, and R? of 0.3839, 0.0003 and 0.9176, respectively. Further, in
order to demonstrate the generalization ability of our model on
unseen samples, we conduct experiments on 8 newly collected alloy
samples, and the results show that the error between the predicted
values of the model and the experimental measured values is within
the acceptable range (6.4486 h—40.7159 h).

The remainder of the paper is structured as follows. Section 2
introduces the working steps of using the Thermo-Calc method and
basic structure-property relations to calculate five microstructural
descriptors related to the creep process. Section 3 describes the
details of the proposed method. Section 4 demonstrates the perfor-
mance of the method through plenty experiments on the collected
creep dataset. Finally, the conclusions of this study are given in Sec-
tion 5.

2. Microstructural descriptor calculations based on the CALPHAD
method and phenomenological models

Ni-based single crystal superalloys are characterized by high con-
tent of cubic y precipitate (L1,, ordered face-centered cubic NisAl)
embedded in the y matrix (disordered fcc, Ni-based solid solution)
[24]. Creep in y/[y’ microstructure involves a number of elementary
processes including diffusion, dislocation glide, dislocation climb,
pairwise cutting of y’-particles and coarsening of y’-particles
[25—27]. To examine the effects of microstructural factors such as
dislocation motion on creep behavior of superalloys, Zhang et al. [25]
monitored the evolution of their microstructures by transmission
electron microscopy (TEM). The morphologies of dislocations in the
superalloys TMS-75 (+Ru) [28] and TMS-138 [29] after 2 h creep
were studied. At this early stage of creep, the dislocation morpholo-
gies in TMS-138 are considerably different from those in TMS-75
(+Ru). As can be seen in Fig. 1(a) (see Fig. 1 in Ref. [25]), dislocations
are observed in most of the area of this specimen and creep disloca-
tions are gliding and climbing into the previously dislocation-free
areas. In Fig. 1(b) (see Fig. 1 in Ref. [25]), the characteristics of the dis-
locations, such as the considerable length of the dislocation lines



456 Y. Liu et al. / Acta Materialia 195 (2020) 454—467

P 7
s & 0T
S

Fig. 1. Microstructural evolution during creep (1100 °C/137 MPa); t =2 h [25]. (a) TMS-
75(+Ru). Dislocations are moving by a process of gliding and climbing. (b) TMS-138.
Dislocations are moving by cross-slip.

which are parallel to the (001) plane, narrow and serrated, indicate
the dislocations move by cross-slip. The morphologies of the y/y’
interfacial dislocation networks in these two superalloys after creep
rupture are schematically illustrated in Fig. 2 (see Fig. 2 in Ref. [25]).
It is clearly seen that the dislocation network is denser in TMS-138
(Fig. 2(b)) than in TMS-75(+Ru) (Fig. 2(a)). The denser the dislocation
network, the smaller is the minimum creep rate. This also indicates
that TMS-138 alloy is superior to TMS-75(+Ru) in terms of creep
properties. It is clear that microstructural information associated
with dislocation morphology is important for understanding and pre-
dicting creep behavior. However, it is not experimentally available or
difficult to quantify in many alloy datasets. Achieving accurate and
quantitative predictions of microstructure evolution remains an open
challenge, especially in the complex multi-component/multi-phase
alloy systems. Herein, inspired by the creep model proposed by Kim
et al. [12], we choose five critical microstructural factors, including
the mole fraction of ' precipitates, diffusion coefficient, shear modu-
lus, lattice parameter, and stacking fault energy to indirectly quantify
complex microstructural evolution behavior during creep process.
The calculation of the five factors is described in detail in the follow-
ing section.

The Thermo-Calc software [30], implementing the CALPHAD mod-
els and integrated with assessed thermodynamic databases, is a very
powerful tool to calculate various thermodynamic properties of dif-
ferent materials, even for complex multi-component alloy systems
containing more than eight alloying elements, such as Ni-based sin-
gle crystal superalloy [31]. All of the CALPHAD thermodynamic calcu-
lations are assumed to be exact, although it should be noted that the
errors in the experimental and ab initio calculation data or its sparsity
lead to uncertainty of the determined interaction parameters stored

Fig. 2. Interfacial dislocation networks after creep rupture (1100 °C/137 MPa) [25]. (a)
TMS-75(+Ru); (b) TMS-138.

in the thermodynamic databases and in turn to uncertainty of CAL-
PHAD calculations [32—-34].

In this study, for given element compositions and equilibrium
temperature or test temperature, the phase amount (mole fraction),
phase composition and site fraction of elements of alloys can be
firstly obtained by Thermo-Calc. Then combined with phenomeno-
logical material models, which are discussed below, the values of the
five factors (stacking fault energy, lattice parameter, mole fraction of
the y' phase, diffusion coefficient and shear modulus) are calculated.

The computational procedure is illustrated in Fig. 3 in detail.
Firstly, the original creep dataset covering the chemical composi-
tion (Ni, Re, Co, Cr, Al, Ta, Ti, W, Mo, C, B, Y, Hf and Nb), solution
treatment time and temperature, aging treatment time and tem-
perature and test conditions is collected from the publications (as
described in detail in Section 4.1). Secondly, several micro-param-
eters such as the phase composition, site fraction of elements and
mole fraction of ' phaseX?, related to the phase composition of
alloys, are calculated by the Thermo-Calc software. Further, diffu-
sion coefficient D;, shear modulus G, stacking fault energy I" and lat-
tice parameter L, closely related to the creep process, are calculated
via phenomenological material models. All the calculation methods
or expressions about five microstructural factors are given in the
following parts.

The y' phase is the main strengthening phase in Ni-based single
crystal superalloy, and its quantity, size, morphology and distribution
are closely related to the mechanical and creep properties of the alloy
[35]. The Thermo-Calc thermodynamic calculation method is used to
calculate the mole fractions of the y and y' phase and further deter-
mines the weighted average lattice constant of the alloy as given in
Eq.(1).
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Fig. 3. The computational procedure of microstructural descriptors.

L:(l-XV’)LV+XV'LV' 1)

where X' represents the mole fraction of y' phase, obtained from the
Thermo-Calc calculations. L” and LY represent the lattice parameters
of y and y" phase respectively, which are given in Eqs. (2) and (3).

L = Ly * (1 +A{(x)) 2)

L = Ly + (1+ A7 () (3)

AV (x) = in(SLi 4)
1

AV )= (0.75 x yNistesLise . 0,25 x ypkitesp e (5)

1

where Ly; and Lyj,a; are the lattice parameters for pure Ni and per-
fect NisAl respectively. x; is the mole fraction of solute element i in
y phase. 8L; represents the amount of change in lattice parameter of
pure Ni with an addition of alloying element i. y; represents site
fraction in the Ni or Al site in y' phase, and 5L} and SL/i®® repre-
sent the amount of change in lattice parameter of NisAl when an
alloying element i is added to the Ni and Al site in y' phase. Al (x)
and AJ (x) are the fractional changes of lattice parameter in y and
y' phase due to alloying respectively, as shown in Eqs. (4) and (5).
The model of the fractional changes is adopted from the work by
Kim et al. [12] and used here to account for the alloying modified
lattice parameter, as well as the following shear modulus and stack-
ing fault energy.

Kassner and Perez-Prado [23] analyzed the flow stress and elastic
modulus data of different metals and found that there is a linear rela-
tionship between them, indicating that the elastic modulus has an
effect on the creep of superalloys. It is worth pointing out that some
studies use Young's modulus E when describing creep problems,
while others use shear modulus G. The difference between the two
lies in a factor of 2*(1 + v), where v is Poisson's ratio. Creep experi-
ments are usually performed under unidirectional tensile or com-
pression conditions, so it is more convenient to use E when
processing macro experimental data. However, this paper deals with
creep problems from a theoretical and microscopic perspective.
Therefore, the shear modulus G is used, which is more reasonable
because plastic deformation is achieved by shear strain on the sliding
plane. The shear modulus G can be estimated from the corresponding
elastic constants of y or ' phases and the Voigt model [36] is chosen
for this purpose in this paper. Based on the widely accepted concept
of "mixed rule", the shear modulus G of an alloy is defined in Eq. (6).

G=(1-X") «GV+X" + ¥ (6)

where G¥ and G represent shear modulus of y and 3’ phases,
respectively, which are given in Eqs. (7) and (8).

G = Gy; * (1 + Aé(x)) (7)

G = Gy * (1+ A% () ®)

AZ(x) =" x:8G; 9)
i

Ag/ (X) _ Z (075 X yi_\lisite(scg\lisite +0.25 x y;\lsite(sc;{\lsite) (10)

1

where Gy; and Gy, a represent shear modulus for pure Ni and perfect
NizAl, respectively. x; is the mole fraction of solute element i in y
phase. A (x) and AZ (x) denote the fractional changes of shear modu-
lus in y and y' phases due to alloying respectively, as shown in Eqs.
(9) and (10). The meaning of 8G;, GNsi® and GA are similar to 8L;,
SLNsite and SLA mentioned already.

Guo and Saunders [37] found a potential correlation between the
stacking fault energy and creep of FCC metals through experiments.
Although the mechanism by which the fault energy affects the creep
rate controlled by dislocation climb is unclear, there are two possible
explanations: the energy affects the dislocation climb rate or affects
the creep dislocation substructure. In the creep process controlled by
cross-slip dislocation, alloys with low fault energy are less likely to
have cross-slip dislocations, resulting in better creep properties of
the superalloys. The stacking fault energy is given in Eq. (11) [12].

T =Ty (1+A¥(x)) (11)

A]I/‘(X) = ZX;‘SF,‘ (]2)

where I'y; is the stacking fault energy of pure Ni, which is obtained by
fitting the results of first-principles [38,39] and AF(X) represents the
fractional change of stacking fault energy in y phase due to alloying,
as shown in Eq. (11). The values of éI'; can be obtained by fitting the
experimental data, and their fitting values are listed in Ref. [12].

The diffusion coefficient is used to describe the diffusion behavior
of the alloy. The atomic diffusion mechanism is one of the important
causes of the creep deformation of alloys. During the creep process,
there is also the directional movement of elements in the alloy. In
this study, the activation energy for creep of metal is considered to
be roughly equal to the activation energy for self-diffusion of the
metal. In previous work, Saunders et al. [40] and Zhu et al. [41] took
the lattice diffusion coefficient of y phase as the effective diffusion
coefficient in their high temperature creep models, although
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obviously this is a simplified way to calculate the diffusion coefficient,
especially for Ni-based single crystal superalloy which is a multi-
component system, whose diffusion coefficient is in the form of a
complex matrix. In their creep models, the diffusion coefficient D, is
represented using two quantities, D, and Q,,, as follows:

Dy, = Dy exp <—%> (13)
Do = exp(inln(Dgg)) (14)
Qn =D xiQp; (15)

where x; is the mole fraction of solute element i in y phase, R repre-
sents the ideal gas constant and T is the experimental temperature.
Do and Q,, are the pre-exponential factor and the activation energy,
respectively, and both of which can be calculated by summing mole
fraction x; weighted DY; or QXY for all solute elements. D and QY
are determined by evaluating diffusion data in individual Ni-i binary
alloys, which can be found in the published literature [42—44].

3. Divide-and-conquer self-adaptive learning method
3.1. The main idea and process of the proposed method

The purpose of our research is to establish a creep life prediction
model to quantitatively investigate the relationship between creep prop-
erty and selected material descriptors. However, since the training sam-
ples usually contain the alloys with different creep mechanisms, a single
model cannot adequately describe all of them. Based on the idea of
“divide and conquer”, the DCSA automatically separates the alloys
according to the different creep mechanisms and is trained on each
group independently. As illustrated in Fig. 4, the DCSA is composed of
two general stages: automatic division of alloy samples and self-adaptive
selection of the optimal model. At the first stage, according to the
selected material descriptors, the division algorithm is employed to dis-
tinguish the alloy samples with different creep mechanisms and classify
them into several homogeneous clusters. Both the similarity of alloys
within the same cluster and the difference between the clusters are as
large as possible. At the second stage, the selection algorithm is devel-
oped to self-adaptively select the optimal regression model for each clus-
ter from the five commonly used regression models. The performance of
each model is evaluated using a fitness function. The model with the
highest fitness value is selected as the optimal model for the correspond-
ing cluster.

] Support Vector .
@_, i | Optimal model 1
—  —
' Cluster 1 Random Forest
e e Regression
A *- —>{ Optimal model 2
@ . ’ w Gaussian Process phimal moce
»ﬁ; %é‘* Cluster 2 Regression ————’
. ' Lasso Regression R
All ) h X 0 . Optimal model n
oy samples witl -means clustering Cluster Ridge Regression

various creep mechanisms  (division algorithm)

Several clusters with
different creep mechanisms
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The details about two steps of divide-and-conquer self-adaptive
learning method are described in the following two sections.

3.2. Automatic division of alloy samples based on K-Means

In this study, K-Means, a clustering algorithm, is used to separate
data samples into several clusters, corresponding to different creep
mechanisms. As one of the most common unsupervised learning
algorithms in data mining, K-Means cluster analysis does not require
any prior training data and automatically divides a set into several
categories depending on the data distribution [45]. Therefore, in the
space of the appropriately selected attributes the alloys with similar
creep mechanism can be identified.

K-Means algorithm is a typical distance-based clustering algo-
rithm. Given a set of material samples S = {Xq,X, ..., X}, where X;
denotes the ith sample. The K-Means algorithm finds the K cluster
centers {41, Uy, .- -, Mg} Which minimize the sum of Cosine distance
between each sample X; and its nearest cluster center j;. The Cosine
distance between two vectors is presented in Eq. (16).

n
kzlxik',ujk
Dzs(x,»,uj) -— - (16)
> Xy [0 Mi?

k=1 k=1

where Dis(X; ;) denotes the Cosine distance between X; and w;, Xix is
the k' feature of the sample i. The closer the distance between the
two samples, the higher is the similarity. As a result, the algorithm
separates all the samples into K compact and independent clusters.

K-Means firstly chooses K points randomly as the initial centroids
{M1, U3, ..., g} in the sample space. Then it calculates the distance
Dis(X;, j4;) between the sample X; and each centroid, as shown in Eq.
(16), and determines the cluster label 4; of the sample X; depending
on the nearest cluster center, which is shown in Eq. (17):
Aj = arg minjcq,, K}Dis<xiaﬂj> (17)
When all samples are assigned with a cluster 4;, the algorithm recal-
culates the positions of the K centroids through Eq. (18).

, 1
i :szeiix
|

The K-Means repeats calculating the distances and finds new
centroids until the centroids no longer change. This produces a sepa-
ration of the samples into groups from which the metric to be mini-
mized can be calculated. As a result, K-Means clustering partitions
the n samples into K( < n) sets C = {C;,(C,,...,C,}. The objective

(18)

Five candidate
regression models

The selection of optimal
model for each cluster

Fig. 4. The procedure of DCSA for modeling the creep rupture life. The input of DCSA is the alloy samples with various creep mechanisms. The division algorithm automatically clas-
sifies the samples into several clusters with different creep mechanisms. The selection algorithm is used to self-adaptively choose the optimal regression from five common regres-
sion models, i.e. RF, SVR, GPR, LR and RR for each cluster. The final output of DCSA is a group of optimal models for the description of different creep mechanisms for each cluster.
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function, as shown in Eq. (17), indicates the similarity of samples
within the same cluster. The alloys with similar creep mechanism are
thus segregated into clusters. Consequently, the predictive models
can then be constructed separately for each homogeneous cluster,
rather than the original heterogeneous data set.

3.3. Self-adaptive selection of optimal regression algorithms

Once the subsets of the alloys with similar creep mechanism are
identified as described in Section 3.2, the next step of the overall pro-
cess illustrated in Fig. 4 is to establish the best creep prediction model
for each cluster C,. The problem can be defined as Eq. (19).

f] (X) XGC]
y— LX) XeG (19)
filX) XeG

where f, represents the kth regression model for predicting the alloy
samples of the cluster C,.

From the various available models for capturing the creep rupture life,
in this study we select five widely used regression algorithms, including
non-linear models such as Random Forest Regression (RF), Support Vec-
tor Regression (SVR), and Gaussian Process Regression (GPR) and linear
models such as Lasso Regression (LR) and Ridge Regression (RR).

Random Forest Regression (RF) [46] is an ensemble regression
model consisting of several decision trees. The bootstrap method is
used to extract multiple samples from the original samples and con-
struct decision trees for each bootstrap sample and then use the aver-
age of all decision tree predictions as the final prediction result. RF
consists of several decision trees and thus the result of RF is easily
explainable. In addition, the bootstrap strategy is utilized to over-
come the disadvantages of learning on imbalanced problems, i.e.
when the number of samples of different classes varies greatly.

Support Vector Regression (SVR) [47] is a nonlinear model
extended from the support vector machine (SVM) model. SVR maps
input samples from low dimensional space to high dimensional space
by kernel function and therefore can effectively tackle nonlinear
problems. The structural risk is minimized by introducing the slack
variable in the objective function, which enhances its generalization
ability, which gives SVR an advantage on datasets with small size and
high number of dimensions.

Gaussian Process Regression (GPR) [48] is a Bayesian nonparamet-
ric model, which uses lazy learning and a measure of the similarity
between points (the kernel function) to predict the value for an
unseen point from training data. The prediction provides not just an
estimate for that point but also uncertainty information.

Lasso Regression (LR) [49] and Ridge Regression (RR) [49] are sim-
ple linear models, which are widely used in prediction of material
properties because they can obtain intuitive analytical expressions
for the properties of interest. LR and RR can effectively reduce the
risk of model overfitting by introducing regularization terms on the
basis of simple multiple linear regression.

We define the optimal model via a fitness function to describe the
match degree between the creep mechanism and candidate model as
shown in Eq. (20).

fitness(model, G;) = fitness(model, {X;, Yi})

mOdel(Xk]> — Yk]
ij

- (20)

] m
m
where X, represents the features of alloy samples in the kth cluster C;
Y, represents the creep rupture lives of alloy samples in the kth clus-
ter C;. Additionally, model is one of the candidate algorithms for cap-

turing creep life, and thus model(X;;) represents the predicted result.

This constructed function quantitatively evaluates how well the
model can describe one creep mechanism, that is, the higher fitness,
the better is the model. On the basis of the fitness function, we fur-
ther develop the strategy of model-selection for each alloy cluster. As
is expressed by Eq. (21), the model with the highest fitness is chosen
as the optimal model of the cluster C;.

optimal_model; = argmax fitness(model, G;) (21)

model e {SVR.RF,GPR LR.RR}

Through the selection algorithm, the optimal models for each
cluster are found, and the ultimate creep model is constructed
through embedding these selected regression algorithms, which is
shown in Eq. (22).

optimal,odel; (X) XeC
y_ optimal,odel;(X) XeG, 22)

optimalypodel (X) XeCg

4. Experiments
4.1. Experimental dataset

All the data used in this work is collected manually from 14 pub-
lished patents [50—63]. The creep dataset consists of 266 instances
(see Supplementary Table 1), of superalloys of four kinds of test con-
ditions (high-temperature low-stress, high-temperature high-stress,
low-temperature low-stress, and low-temperature high-stress) and
four generations (1st, 2nd, 3rd, and 4th). The dataset used is available
from the resource sharing website [64]. Referring to the analysis in
Section 2, 27 relevant material descriptors involving 22 basic physical
descriptors and 5 microstructural descriptors, known to correlate
with the creep rupture life, were taken as the input. The descriptors
are categorized into four different descriptor sets: chemical composi-
tion descriptors, test conditions descriptors, heat treatment process
descriptors, and microstructural descriptors as shown in Fig. 5. The
brief summary of these descriptors is shown in Table 1.

Data pre-processing was necessary before using it for training the
model. As shown in Table 1, different material descriptors have large
differences in numerical values. For example, the value of shear mod-
ulus G ranges from 52.2 GPa to 71.05 GPa while the test temperature
distributes from 204 °C to 1800 °C, thus it may produce misleading
result during the modeling. To eliminate the influence of these
numerical differences on the prediction performance of regression
models, the Min-Max normalization method is adopted for prepro-
cessing the descriptors, which is shown in Eq. (23), and thus all the
descriptors are mapped to [0, 1].

X=X min

X =_C"Cmin
Xmax —Xmin

(23)
where Xin and Xax are the minimum and maximum values for fea-
ture X, respectively. In addition, the creep rupture life distributes
from 30 h to 6910 h, we treat it by logarithmic scaling as shown in
Eq. (24), so that we could conveniently recover the predicted creep
rupture life.

Y* = log(Y) (24)

4.2. Experimental setups

The experimental parameters were set as follows. Firstly, we
trained the model on the 266 alloy samples collected (see the follow-
ing section for details). All 266 samples were divided into several
clusters by clustering as described in Section 3.2. In each cluster, the
alloy samples were divided into the training set and testing set
through 10-fold cross-validation to evaluate the generalization
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Fig. 5. List of the four different categories of descriptor sets: chemical composition, heat treatment process, microstructural factors, and test conditions.

ability (fitness value) of five candidate prediction models for the clus-
ter (SVR, RF, GPR, LR, and RR). In the 10-fold cross-validation on alloy
samples of each cluster, 9 folds of samples were used as training data-
set T for model training and 1 fold as testing dataset S for model test-
ing. The overall performance of the candidate model for each cluster
is the average of the fitness values over all 10 iterations. Furthermore,
five single regression prediction models (RF, SVR, GPR, LR, and RR)
were used to compare with the DCSA model, and 10-fold cross-

Table 1
Summary of the input material descriptors.

Index Symbol Description Min Max

1 Ni Mass percent of Ni 57.41 77.26

2 Re Mass percent of Re 0 7.5

3 Co Mass percent of Co 0 124

4 Al Mass percent of Al 415 7.5

5 Ti Mass percent of Ti 0 5

6 w Mass percent of W 0 18.6

7 Mo Mass percent of Mo 0 4.21

8 Cr Mass percent of Cr 0.6 11.73

9 Ta Mass percent of Ta 0 12

10 C Mass percent of C 0 0.1

11 B Mass percent of B 0 0.05

12 Y Mass percent of Y 0 0.05

13 Nb Mass percent of Nb 0 2.59

14 Hf Mass percent of Hf 0 2

15 Stt Solution treatment time (h) 2 4

16 1satt The first stage aging treatment time 4 5
(h)

17 2satt The second stage aging treatment 16 32
time (h)

18 StT Solution treatment temperature (°C) 1180 1348

19 1satT The first stage aging treatment tem- 982 1145
perature (°C)

20 2satT The second stage aging treatment 704 899
temperature (°C)

21 T Test temperature (°C) 204 1800

22 S Test stress (MPa) 70 759

23 r Stacking fault energy (mJ/m?) 34.00666 119.4323

24 Dy diffusion coefficient (m?/s) 1.41E-25 0.00131

25 G Shear modulus (GPa) 52.20007 71.05828

26 L Lattice parameter (nm) 0.313652 0.362381

27 XV Mole fraction of y' phase 0.50187 0.90197

validation was also used to evaluate the generalization ability of
these models. Finally, eight newly collected alloys were chosen to
validate the performance of our model, as described in the following
section.

To verify the generalization capability of our DCSA approach, 10-fold
cross-validation was performed on 274 (266+8) alloy samples, 9 folds of
which were used for model training and 1 fold for model testing. The
overall performance of the model is the average of the prediction accu-
racy over all 10 iterations. In each iteration, we divided the training set
into several different clusters through clustering, and selected the model
suitable for each cluster from five candidate regression models (i.e. GPR,
SVR, RF, LR, and RR). Similarly, in order to prevent overfitting of candi-
date models, we also conducted 5-fold cross-validation for each cluster
to achieve the optimal selection of the model. Regarding the testing set
of DCSA model, we calculated the Cosine distance between the test sam-
ple and the center of each cluster, so as to find the nearest cluster for
each sample, and finally employed the regression model most suitable
for the cluster to predict it.

Three widely used evaluation metrics, the root mean square error
(RMSE) and the mean absolute percent error (MAPE) and R-square (R?)
were employed to evaluate the predictive performance of regression
models. The RMSE, MAPE and R? of DCSA are calculated from the com-
bined prediction results of all clusters and actual measured values.

All the algorithms covered mentioned above are implemented in
Python and scikit-learn toolkit [65].

4.3. Experimental results and discussion

In order to confirm the effect of microstructure as a parameter on
creep properties, we employed five candidate prediction models (RF,
SVR, GPR, LR, and RR) to conduct predictive analysis on the creep data-
set without and with these descriptors, respectively. The average MAPE
and RMSE of 10 iterations of five candidate models on the dataset with-
out and with these microstructural descriptors are shown in Table 2.
We can observe from Table 2 that the prediction accuracy of the five
candidate models on the creep dataset with five microstructural
descriptors is a slightly better than that without these microstructural
descriptors. Actually, although a minor improvement is obtained, we
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Table 2

The comparison of prediction performance (with standard deviation) of five models on the creep
dataset without and with five microstructural descriptors.

Candidate models

With microstructural descriptors

Without microstructural descriptors

RMSE MAPE RMSE MAPE
RF 0.52294+0.5068  0.0599+0.0614  0.5383+0.5074 0.0618+0.0565
SVR 0.7303+1.0782  0.0524+0.0487  0.7422+1.0665 0.0539+0.0475
GPR 0.6619+0.8223  0.0759+0.0794  0.6798+0.8294 0.0788+0.0806
LR 1.2504+1.6798  0.0896+0.0961 1.2591+1.6785 0.0899+0.0962
RR 0.9247+1.1514  0.0693+0.0609  0.9170+1.1510 0.0697+0.0860

can effectively predict creep properties using only the information on
the composition, structure, process, and test conditions.

All the 27 features (descriptors) are considered to be associated
with creep rupture life. Therefore, to further identify the importance
of the features, we performed Random Forest Regression (RF) on the
creep dataset with the five calculated microstructural descriptors.
The resultant average feature importance for each feature is shown
in Fig. 6. It is found that heat treatment process parameters including
the 2nd stage aging treatment temperature 2satT and the 2nd stage
aging treatment time 2satt play the most important role in creep rup-
ture life, followed by test conditions including the test stress S and
the test temperature T. This result may be due to the fact that the
numerical values of the test conditions of our collected alloy samples
did not change as much as the heat treatment process parameters.
Furthermore, as for the alloy composition, the mass percent of alloy
elements Cr, Ta, Re and Mo are important factors to the creep prop-
erty. Encouragingly, we also found that the microstructural descrip-
tors including stacking fault energy t, shear modulus G, lattice
parameter L, and mole fraction of y' phase also have impact on the
creep rupture life of the alloy.

Based on the 27 features, the K-Means clustering was used to clas-
sify the alloy samples with different creep mechanisms. K value of the
division algorithm is set at 8 after trial and error. As a result, all the
alloy samples were divided into eight homogenous clusters, and the
number of samples in each cluster is shown as Fig. 8. The number of
alloy samples in the cluster 3 is the largest, 63, and the number of
alloy samples in the clusters 1, 2, 4, 5, and 7 are 38, 36, 36, 44 and 21,
respectively. The number of alloy samples in the clusters 6 and 8 (10
and 18, respectively) is relatively small, which may cause the overfit-
ting of the predictive model on these two clusters. Therefore, the pre-
dictive accuracy of the model on each cluster is obtained by means of
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Fig. 6. The ranking of feature importance of initial input variables.

10-fold cross-validation. Principal component analysis (PCA) was
used to extract the dominating components from the original input
features. We chose two major components (PC1 and PC2, with rela-
tive weightings of 0.3830 and 0.2119, respectively) to substitute the
initial dimensional representation, in order to intuitively visualize
the distribution of sample points in each cluster by means of two-
dimensional scatter diagram, as shown in Fig. 7. Notably, we can
observe that the clusters 2, 6, and 8 are overlapping, which is a result
of the projection onto the PC1-PC2 plane. Furthermore, Fig. 7 also
shows that except the clusters 1 and 8, the remaining 6 clusters are
compact. For the two abnormal clusters 1 and 8, we analyzed the
composition, heat treatment process and test conditions in more
details and found that the content W and Ta, test temperature and
stress of several samples fluctuated in a wide range, which may affect
performance of the predictive model on these two clusters and pro-
duce large deviations in the predicted results.

Next, we analyzed whether the division algorithm can distinguish
different creep mechanisms. As discussed in Section 3, superalloys of
different generations and test conditions have significant difference
in creep mechanisms, and thus we can verify whether our division
algorithm accurately identifies different creep mechanisms based on
the descriptors in each cluster. Generally, in Ni-based single crystal
superalloys, the content of Re element is related to the generation of
the alloy. The first generation of superalloys does not contain Re, the
second generation contains about 3 wt% Re, and the third and fourth
generations contain about 6 wt% Re or more. Hence, we can observe
from Fig. 9(a) and Table 3 that the content of Re in the cluster 1 is
close to zero, indicating that the alloys in this cluster all belong to the
first-generation. The content of Re in clusters 2, 7, and 8 ranges from
0 wt% to 3 wt%, which are 1.7447 wt%, 2.9333 wt%, and 1.6667 wt%
respectively, indicating that the alloys in these clusters belong to the
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Fig. 7. Two-dimensional scattering distribution of clustering results. The X-coordinate
and Y-coordinate represent principal components PC1 and PC2, respectively.
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second-generation superalloys. Similarly, the alloys in the clusters 3,
5 and 6 are the third-generation alloys with the content of Re
(3.4032 wt%, 3.4091 wt% and 3.02 wt%) ranging from 3 wt% to 6 wt%.
The alloys in the cluster 4 are fourth-generation superalloys, having
the content of Re of about 6 wt%. Fig. 9(b), (c) and Table 3

10
MEAN +90% CI
" MEAN
o
s
+
64 - e
&
Q
o o
[ *
o -
= , —dibd —an
g .
B o 2
z 2 :
8 °
04 e —a
2 T T T T T T T T
clusterl cluster2 cluster3 cluster4 cluster5 cluster6 cluster7 cluster8
Eight Divided Clusters
()

Table 3

The distinguishable features (the content of Re, test stress and test temperature)
of eight clusters.

Cluster The mean content of The mean test stress The mean test
Re (wt%) (MPa) temperature (°C)

clusterl 0 371.9826 850.6842

cluster2 1.7447 137.2061 1040

cluster3 3.4032 331.3333 977.5556

cluster4 6.3000 193.3333 1050

cluster5 3.4091 256.6364 1027.2728

cluster6 3.0200 248.4000 1800

cluster7 2.9333 202.1429 950

cluster8 1.6667 233.7833 1010.5000

demonstrate that the mean test conditions of the alloys in the clus-
ters 2 and 4 belong to high temperature and low stress (1040 °C/
137.2061 MPa, 1050 °C/193.3333 MPa), while the clusters 1, 3, and 7
(850.6842 °C/371.9826 MPa, 977.5556 °C/331.3333 MPa and 950 °C/
202.1429 MPa) contains medium temperature and high stress alloys.
The mean test conditions (1027.2728 °C/256.6364 MPa, 1010.5 °C/
233.7833 MPa) of the alloys in the clusters 5 and 8 belong to high
temperature and medium stress. In addition, the division algorithm
differentiates the alloys prepared under special conditions in the
dataset, and the results show that the cluster 6 belongs to ultrahigh
temperature and medium stress, which has the large difference from
the other clusters. To sum up, the division algorithm can effectively
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Fig. 9. The box plot of the content of Re and test conditions (test temperature and test stress) in the eight divided clusters. (a)—(c) reveal the mean values with 90% confidence coef-
ficient of the content of Re, test temperature and test stress of the eight clusters, respectively. Different colored dots represent alloy samples in each cluster.
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distinguish the alloys with different creep mechanisms which
improves the accuracy of creep prediction model.

Furthermore, the optimal model-selection algorithm was used to
find an optimal model among Support Vector Regression (SVR), Ran-
dom Forest Regression (RF), Gaussian Process Regression (GPR), Ridge
Regression (RR), and Lasso Regression (LR) for each cluster. As
described in Section 3.3, the fitness values of the five candidate
regression models for each cluster are the results of 10-fold cross-val-
idation. The prediction performance of these models in each cluster is
shown in Tables 4 and 5. Next, taking the cluster 1 as an example, the
fitness values (with standard deviation) of five candidate regression
models for the cluster are 0.9242, 0.8812, 0.8618, 0.8648 and 0.8554,
respectively. Obviously, for this cluster, the average fitness value of
SVR is higher than those of RR, GPR, RF and LR. When the fitness val-
ues of several models for a cluster are close, the optimal model can
be further selected for the cluster based on the smaller standard devi-
ation. According to this criterion, we can select the prediction model
with high fitness value and good stability for each cluster. As shown
in Table 6, the SVR also has best results and is selected as the optimal
model for the clusters 6 and 8. The RR is selected for the cluster 2, the
RF is selected for the clusters 4, 5, and 7, and the GPR is chosen for
the cluster 3. Furthermore, the maximum and minimum fitness val-
ues of the five candidate predicted models on each cluster are shown
in Fig. 10. It can be seen that there are some differences in the adapt-
ability of different models on each cluster, especially for cluster 1,

Table 4
Prediction accuracy (fitness value with standard deviation) of five candidate regression
models for clusters 1, 2, 3 and 4.

Model Fitness value (10-fold cross-validation)
cluster1l cluster2 cluster3 cluster4
SVR 0.9242+0.0416  0.9473+0.0248  0.9323+0.0470  0.972040.0212
RF 0.8812+0.0923  0.9432+0.0393  0.9321+0.0435  0.9866+0.0278
GPR 0.8618+0.1158  0.9496+0.0467  0.9472+0.0434 0.9148+0.0581
RR 0.8648+0.1023  0.9639+0.0189  0.9238+0.0397  0.9160+0.0433
LR 0.8554+0.1337  0.9290+0.0368  0.9314+0.0478  0.9296-+0.0412
Table 5

Prediction accuracy (fitness value with standard deviation) of five candidate regression
models for clusters 5, 6, 7 and 8.

Model Fitness value (10-fold cross-validation)
cluster5 cluster6 cluster7 cluster8
SVR 0.9468+0.0362  0.9651+0.0277 0.9806+0.0128  0.9593+0.0303
RF 0.9497+0.0338  0.9612+0.0402  0.9859+0.0105 0.9349+0.0754
GPR 0.9404+0.0455 0.96154+0.0384 0.9761+0.0126  0.9168+0.0859
RR 0.9462+0.0369  0.9439+0.0309  0.9500+0.0367  0.9511+0.0367
LR 0.9097+0.0562  0.9611+0.0518  0.9403+0.0243  0.9455+0.0499
Table 6
Selected optimal regression models for eight
clusters.
Clusters  Selected optimal model  Fitness
1 SVR 0.9242
2 RR 0.9639
3 GPR 0.9472
4 RF 0.9866
5 RF 0.9497
6 SVR 0.9651
7 RF 0.9859
8 SVR 0.9593
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Fig. 10. The maximum and minimum fitness values of each model on eight clusters
with different creep rupture mechanisms.

cluster 4, cluster 5, cluster 7 and cluster 8. All these prove that the
self-adaptive selection of the model is relatively effective.

In order to further demonstrate the validity of our divide-and-
conquer self-adaptive learning method, six regression models includ-
ing RF, SVR, GPR, RR, LR and our model DCSA were all employed to
predict the creep rupture life. Table 7 lists the average and standard
deviation values (10-fold cross-validation) for RMSE and MAPE, and
R? of six different prediction models. The lower the average value of
RMSE and MAPE is, the better the prediction effect of the model is.
Therefore, we can observe that our DCSA model gives the lowest
RMSE (0.3839), MAPE (0.0003) values and the highest R? value
(0.9176) and is thus superior to the other five single regression mod-
els in prediction accuracy. The performance of model training is
shown in Fig. 11 with measured creep rupture life (true value) on the
horizontal axis and predicted creep rupture life (predicted value) on
the vertical axis. The predicted creep rupture life values generated by
the above six models are plotted as a function of the measured. The
more closely the plots align along the 45_diagonal line is, the better
the prediction is. We can see that the DCSA model produces the best
performance, as shown in Fig. 11(f). Furthermore, it can be observed
that the number of serious outliers for the DCSA model is far less
than that of any of the other five models. In Fig. 11(f), the different
colors represent the prediction for different clusters. We can observe
that the optimal model selected for each cluster achieves good fit,
especially for the clusters 4, 6, 7 and 8. However, the model did not
yield good fit for several points of the cluster 1. Therefore, we care-
fully examined the input features of these clusters, including the
chemical composition and test temperature and test stress and

Table 7
Average and standard deviation values (10-fold cross-validation) for RMSE
and MAPE of six different prediction models.

Prediction models RMSE MAPE R?

Ave Dev Ave Dev
RF 0.5229 05068 0.0599 0.0614  0.7102
SVR 07303 1.0782 0.0524 0.0487  0.5976
GPR 0.6619  0.8223 0.0759 0.0794 0.6338
LR 12504 1.6798 0.0896 0.0961  0.3742
RR 0.9247 0.0693 0.4895

1.1514 0.0609

DCSA (Our model)  0.3839 0.0003 0.9176

*Ave = Average, Dev = Deviation.
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Fig. 12. The RMSE, MAPE and R? of different machine learning models on the creep
dataset.

discovered that the content of the elements W, Ta and Co, test tem-
perature and test stress values of these sample points fluctuate
within a larger range compared to those of the samples in the other
clusters. Furthermore, as can be seen from Fig. 7, since the sample
points of the cluster 1 are widely scattered, all five candidate models
produced lower than average fitness values on this cluster. The values
of RMSE, MAPE and R? of six regression models are depicted in Fig. 12.
We can see that compared to the other five baseline models, the

DCSA model has the lowest RMSE, MAPE values of 0.3839 and 0.0003,
respectively, and the highest R?> of 0.9176, indicating the superior
performance of the model.

To validate the accuracy of our DCSA model, we applied it to
the newly collected dataset of creep properties, previously unseen
by the model. The validation dataset is from the four published
patents [66—68,53], which are not included in our training set
with 266 instances. The validation dataset consists of 8 instances
(#1 (1040 °C, 137.2 MPa), # 2 (1040 °C, 137.2 MPa), #3 (204 °C,
759 MPa), #4 (315 °C, 448.5 MPa), #5 (900 °C, 392 MPa), #6
(1100 °C, 137 MPa), #7(982 °C, 248.4 MPa) and #8(982 °C,
248.4 MPa)) (see Supplementary Table 2). There are two main
reasons why we choose these instances for experimental valida-
tion. One is that the range of chemical composition of these eight
instances varies significantly and we can test the sensitivity of
the DCSA model to different elemental components, especially Co
(0.99-12.4), Re (0-5.61), and Cr (4.27-10.6), whose contents
have a great influence on creep and fatigue properties. The other
is that these eight instances involve low-temperature high-stress
and low-temperature medium-stress test conditions that are dif-
ferent from the training set with 266 instances.

We firstly employed Thermo-Calc method and basic material for-
mulas discussed in Section 2 to calculate the five microstructural
descriptors that are linked to creep properties for the newly designed
alloys, as shown in Table 8.

Based on the 27 input features, we calculated the Cosine dis-
tances between eight new samples and the cluster centers of 8
clusters constructed during training to find the optimal cluster to
which these samples belong, and finally selected the most suit-
able prediction model, as shown in Table 9. It can be observed
that #1, #2 and #5 select the optimal predictive model SVR of



Table 8

Calculated values of five microstructural descriptors including stacking fault energy I,
diffusion coefficient D, shear modulus G, lattice parameter L and mole fraction of '
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#2[67] 59.7776 2.2470E-21 57.5799 0.3576 0.5464 211.1
#3[66] 41.0473 1.8070E-21 69.0491 0.3493 0.6024 256.2
#4[66] 41.3422 1.8000E-21 69.2008 0.3497 0.5966 277.1
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#8[53] 39.2383 1.0460E-15 61.1557 0.3602 0.5654 129.2
Table 9
Alloy clusters and corresponding predictive models selected
for eight newly collected alloy samples.
Instance  Alloy clusters  Selected predictive model
#1 cluster2 RR
#2 cluster2 RR
#3 cluster1 SVR
#4 cluster1 SVR
#5 cluster2 RR
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Fig. 13. Comparison of measured and predicted values of creep rupture life for eight

newly collected alloys.

New alloy samples

the cluster 2, #3, #4, #7 and #8 select the optimal predictive
model SVR of the cluster 1, and #6 selects the optimal predictive
model SVR of the cluster 8. As shown in Fig. 13, the difference
between the measured and predicted values of the model on
these eight alloy examples is found within acceptable range, that
validates our model DCSA.

Finally, in order to evaluate the overall performance of our model
DCSA, we applied it to all 274 (266+8) alloy samples (see Section 4.2
for experimental setups). As shown in Fig. 14, the average RMSE,
MAPE (with standard deviation) and R? of the model are 0.3026
(0.0499), 0.0499 (0.0513) and 0.8268, respectively, indicating both
the good predictive performance of our DCSA model and its stability
with respect to the unseen data.

In(Measured creep rupture life)(h)

Fig. 14. Overall predictive performance of our model DCSA on all 274 alloy samples
(10-fold cross-validation).

5. Conclusions

The divide-and-conquer self-adaptive (DCSA) machine learning
method has been developed to accelerate the prediction of creep rup-
ture life of Ni-based single crystal superalloys. Five microstructural
parameters related to creep properties (stacking fault energy, lattice
parameter, mole fraction of y' phase, diffusion coefficient and shear
modulus) were calculated and introduced to describe the creep
behavior. The DCSA method consists of two steps. First, it utilizes the
division algorithm to automatically cluster the alloys with different
creep mechanisms and then self-adaptively identifies the optimal
regression model for each cluster. Through extensive testing we con-
firmed that the division algorithm can effectively distinguish differ-
ent classes of superalloys and select the optimal model for further
prediction. Comparative study of the DCSA and five state-of-the-art
models shows that the R? values from RF, SVR, GPR, LR and RR are
0.7102, 0.5976, 0.6338, 0.3742 and 0.4895 respectively, whereas that
of the DCSA is 0.9176, demonstrating the effectiveness of the strategy
of divide and conquer in predicting creep rupture life. For the newly
acquired eight alloy samples, the error between the predicted values
and the experimental measured values is within an acceptable range
(6.4486 h—40.7159 h), further confirming the effectiveness of our
DCSA method.

Overall, we developed an effective machine learning approach for
creep rupture life prediction of Ni-based single crystal superalloys.
Our method accelerates the prediction of creep rupture life dramati-
cally, compared to exhaustive experimental testing, based only on
the initial information of chemical composition, test conditions, heat
treatment and microstructural parameters, which allows to reduce
time and cost during alloy design. We also note that this approach
can be easily extended to take into account other effects relevant for
creep, e.g. activation energy, lattice misfit, etc. and this will be the
focus of the future work.
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