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Data-driven models were constructed for the mechanical properties of multi-component Ni-based superalloys, based on systematically

planned, limited experimental data using a number of evolutionary approaches. Novel alloy design was carried out by optimizing two

conflicting requirements of maximizing tensile stress and time-to-rupture using a genetic algorithm-based multi-objective optimization

method. The procedure resulted in a number of optimized alloys having superior properties. The results were corroborated by a rigorous

thermodynamic analysis and the alloys found were further classified in terms of their expected levels of hardenabilty, creep, and corrosion

resistances along with the two original objectives that were optimized. A number of hitherto unknown alloys with potential superior proper-

ties in terms of all the attributes ultimately emerged through these analyses. This work is focused on providing the experimentalists with

linear correlations among the design variables and between the design variables and the desired properties, non-linear correlations (quali-

tative) between the design variables and the desired properties, and a quantitative measure of the effect of design variables on the desired

properties. Pareto-optimized predictions obtained from various data-driven approaches were screened for thermodynamic equilibrium. The

results were further classified for additional properties.

Keywords Alloy design; Data-driven modeling; Evolutionary optimization; Genetic algorithms; Genetic programming; Meta-models;

Multi-objective optimization; Phase equilibria; Superalloy.

INTRODUCTION

Multi-component superalloys, because of their
impressive resistance at high temperature against
corrosion, oxidation, creep, and fatigue are now enor-
mously important in many specialized applications in
aerospace, nuclear, and petrochemical industry [1–3].
Their successful application in the advanced turbine
engines is now very well documented [2]. The superalloys
can be based upon a primary metal like Fe, Co, Ti, or
Ni. Furthermore, there could be more than 10 significant
elemental components, in addition to some impurities.
Minor changes in composition can often significantly
alter the properties of the alloy, rendering the superalloy
design an intricate task. Given the very large number of
alloying elements used, virtually an infinite number of
candidate alloys and a complete absence of any
analytical methods linking chemistry and properties of
alloys, experimental development of superalloys is very
expensive, time-consuming, and often open-ended.

The physical metallurgy of these alloy systems, though
now understood to some extent [1, 2] is clearly

inadequate to provide a definitive guideline in many
cases, due to lack of precise information on many
multi-component phases and their associated equilibria.
In recent times, genetic and evolutionary approaches were
successfully applied for alloy design [4–6], including
superalloy design [7–9]. In an earlier work [7], a genetic
algorithm (GA) combined with artificial neural networks
(ANNs) and self-organizing response surface was used
together with experimental verification to develop a
realistic family of optimized Ni-based superalloys con-
taining 12 alloying elements. GAs were combined with
molecular dynamics [8] and phase diagram information
[9] in other studies dealing with similar designs. For
relevant alloy systems, steel, for example, it was clearly
demonstrated [10] how hitherto unknown alloys with
superior properties could be designed using evolutionary
data-driven models. In the present work, we will extend
this approach to Ni-based superalloys, further strength-
ening it with a number of emerging evolutionary para-
digms and supporting thermodynamic calculations.

Development of new alloys or even improving the
properties of a known alloy is a tedious task. This is
mainly due to the limited experimental data available
for new systems of alloys. In order to create a reliable
dataset, one has to conduct a large number of
experiments, which is very time-consuming.

In recent years, Integrated Computational Materials
Engineering (ICME) approach [11] along with the mate-
rials genome initiative highlights the importance and
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growing application of computational tools in design of
new alloys. It aims at reducing a new alloy development
cycle from currently 10 years to 2 years or even less. Use
of the computational tools should help the experimental-
ists determine the best candidate alloys thus significantly
reducing the time spent on classical experimentation.

Currently, only alloys with a maximum of three alloy-
ing elements can be purely computationally analyzed
using ab initio approach and their macroscopic proper-
ties predicted. This is because of the exorbitant amount
of computing resources and time that would be required
to use these non-equilibrium thermodynamics of solids
and ab initio methods on alloys having more than three
alloying elements.

Hence, there is a need to construct approximate mod-
els linking alloy chemistry and its properties that will
emulate the behavior (or try to capture the basic trends)
of realistic multi-component alloy systems, while being
computationally affordable. Such surrogate models
(or meta-models) are widely used to mimic the behavior

of complex systems. They reduce our dependence on
expensive experiments and time-consuming detailed
numerical simulations used to gain knowledge of the
behavior of the system. This is achieved by approxi-
mately fitting the limited data obtained from the experi-
ments and=or high fidelity simulations and expressing
these response surfaces (hyper-surfaces) of the system
in terms of mathematical and=or statistical functions
of system variables.

In case of an alloy design, this means that for a class
of alloy that has N alloying elements and M experimen-
tally evaluated alloys of this class, an N-dimensional
hyper-surface will have to be fitted through the M
experimental values for each of the alloy’s macroscopic
properties. Since each such response surface (a property
of this class of alloys) will be thus defined as an analytic
function of the concentrations of each of the N alloying
elements, the macroscopic properties for any chemical
composition can be then retrieved from the response sur-
face practically instantaneously. Such meta-modeling

FIGURE 1.—Computational scheme used in this work.
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combined with thermodynamic validation proves to be a
viable method to significantly reduce a large number of
experiments needed in designing alloys thus making the
design process economical.

Usual statistical methods, such as Pearson’s corre-
lation coefficient, could be helpful in detecting certain
strong correlations between the design variables
(concentrations of alloying elements) and alloy
properties. However, this method is unable to deter-
mine the non-linear correlations between the same.
To overcome this, data-driven models based on
actual alloy production data have been developed in
the past. Data-driven model means that it is
developed on the basis of actual experimental data
of the production process. Unlike analytical models,
these data-driven models are not dependent on theor-
etical knowledge of materials science and engineering.
They are also quite flexible, as design parameters are
determined after analyzing the actual available
experimental data.

The methodology adopted here is complex and
involves a number of algorithms. In this work, authors
used a set of computational tools for developing
data-driven models. The basic strategy and the comput-
ing scheme are schematically shown in Fig. 1. Further
details will be provided in the subsequent sections.

MATERIALS AND METHODS

The Ni-based superalloys that were earlier fabricated
and then studied during this investigation [7, 12],
contained Ni, C, Cr, Co, W, Mo, Al, Ti, B, Nb, Ce,
and Zr as the primary components. Traces of S, P, Fe,
Mn, Si, Pb, and Bi were also present in some cases,
which were treated as extraneous impurities that would
not affect the alloy properties. Individually, or as a
group, those elements are indeed capable of altering
the properties of a superalloy system. However, in this
present case, they are present only in trace quantities
so that their contribution is expected to be insignificant.
Keeping these elements in consideration would
unnecessarily increase the computing burden very
significantly in the modeling process, without any fore-
seeable gain in accuracy and a potential problem of
non-convergence.

Here, we have also tried out some independent
supportive thermodynamic calculations. Adding too
many extra alloying components present at very minute
concentrations would only create problems due to the
presence of many minor phases and the lack of infor-
mation on the various interaction parameters. Out of
the 12 significant alloying elements, thus, a total of 7
alloying elements appeared to be the major property

changers. Their concentrations were optimized in this
investigation. Their compositional bounds are presented
in Table 1. In these compositional ranges, a total of 120
alloy compositions uniformly distributed in the compo-
sitional hyperspace were identified through the Sobol’s
algorithm [13] and then manufactured. Concentrations
of Nb, B, Ce, Zr, and Y in all these sample alloys
were kept constant at 1.1%, 0.025%, 0.02%, 0.04%,
and 0.01%, respectively.

Experimental data used for 200 Ni-based superal-
loys used in this work and reported in detail earlier
[12] was purchased under a contract from a large
and reputable materials research enterprise outside
of the United States, not within the affiliations of
any of the present authors. Due to the signed clause
of confidentiality, further details about the identity
of the supplier and the identical manufacturing and
standard testing process used by the provider cannot
be made public for this set of experimentally evaluated
200 alloys. The only publicly available detail is that
each alloy was tested using three samples from a single
batch in order to obtain a reliable set of experimental
values.

As it will be further elaborated in this paper, the major
requirements of the optimum properties exhibited by the
Ni-based superalloys are provided by the proper forma-
tion of two phases c and c0, and the proper heat treat-
ment process plays a crucial role in it. The idea is to
create a bimodal distribution of c0 obtained by a solution
treatment followed by heat treatment at two different
temperatures in the c=c0 phase field, as elaborated in
the standard literature [1, 2]. The first heat treatment is
usually done at a higher temperature so that coarser par-
ticles of c0 can form. The subsequent lowering of tem-
perature leads to further precipitation of small sized
secondary dispersion of c0, and together they lead to a
very significant strengthening. The exact heat treatment
process followed in this study is a propriety information
subject to strict confidentiality. However, it is imperative
that basic requirements of strengthening have been
adequately addressed.

At present, only the concentrations of the alloying ele-
ments are considered as design variables in the optimiza-
tion study here. Hence, it was ensured that the heat
treatment procedure led to a situation where the basic
strengthening mechanisms in terms of c=c0 remained
the same for all alloys and the differences in their mech-
anical properties were essentially brought about by their
chemical compositional concentration variations. The
resulting differences in phase distribution could be
adequately studied through multi-component and
multi-phase equlibria calculations. In the present case,

TABLE 1.—Compositional upper and lower bounds (wt %) of the major alloying elements [7, 12].

C Cr Co W Mo Al Ti

Minimum 0.13 8.0 9.0 9.5 1.2 5.1 2.0

Maximum 0.20 9.5 10.5 11.0 2.4 6.0 2.9

EVOLUTIONARY DESIGN OF NICKEL-BASED SUPERALLOYS 3
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we used a commercial thermodynamic database for this
work.

In such a situation, studying the impact of composi-
tional variation independently remains a very practical
option of alloy design, and we chose to follow that
course. Indeed, for an alloy system the kinetic factors
remain important, but analyzing the final phase fields
in the pertinent phase diagrams that essentially reveal
the situation of thermodynamic equilibrium, remains a
convenient and acceptable means of studying the super-
alloys [9]. The conventional geometry of Gibbs triangle
that is essentially meant for a ternary system is, however,
very cumbersome to apply in a hugely multi-component
system and the compositional isopleths need to be pre-
sented in a more efficient format, as would be shown
in a subsequent section on thermodynamic analysis. It
would be interesting to include the effects of kinetic
parameters associated with different heat treatment pro-
cedures. However, this would require a prohibitively
large number of experimental samples and is beyond
the scope of the present investigation. Present work
simply looks at the expected differences brought about
by the variation of concentrations of each of the alloying
elements alone, for a situation where the associated heat
treatment is aimed at creating the essential bimodal dis-
tribution of c0 in the c=c0 phase field. The very fact that,
at present, such information is impossible to obtain in
the open literature, adds further justifications to this
approach.

Finally, it needs to be emphasized that this study is
based upon data-driven meta-modeling that currently
forms the backbone of most engineering disciplines
and materials science is no exception to it. Such strate-
gies do not require explicit physical theories to construct

a model, but they do not violate them either. To specifi-
cally ensure that point, we not only thermodynamically
examined the correctness of phase distributions in the
representative predicted alloys; we also actually manu-
factured several of them and ensured that the tested
alloys exhibit mechanical properties convincingly within
the predicted range of the corresponding simulation. We
trust that this leads to an alloy design approach that is
not only practical, but also convincingly robust.

Two property measurements were carried out on each
of the 120 Ni-based superalloys, described above [7, 12].
All these alloys were tested for their stress-to-rupture
(N=mm2) and the time-to-rupture (h). It should be noted
at this point that owing to some experimental limitations
the stress-to-rupture was measured at the room tempera-
ture, while the time-to-rupture was measured for a
constant stress of 230 N=mm2 at a temperature of 975�C.

The alloy composition data were checked for any
possible correlation through Pearson’s correlation coef-
ficients [14]. The corresponding scatter matrix is shown
in Fig. 2 and the values are tabulated in Table 1. For
a complex dataset, like the one in hand, even some
semi-quantitative prior information regarding such cor-
relation (or the lack of it) is of immense importance,
even to assess the feasibility of a statistically meaningful
model. In a complex realistic dataset, the seemingly
independent variables (the alloying elements in the
present case) may not be independent after all. For
example, in the context of the present system, it is very
well possible that increasing the content of one element
(say Al) might not be able to increase or decrease either
stress-to-rupture or time-to-rupture unless a number of
other elements are also increased or decreased. However,
too much of such variable interdependence would render

FIGURE 2.—Calculated scatter matrix for the superalloy composition data given in [7, 12].
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any data-driven modeling forbiddingly difficult. A
Pearson type of analysis of the data becomes quite
handy to examine the situation a priori. The scatter
matrix provides a qualitative idea about any existing
correlation between the variables in the system and the
corresponding output quantities. The shape of the ellipse
shown in these figures can be interpreted in terms of
such correlation: any decrease in the ratio between the
major and the minor axes of the ellipse would signify
an increasing lack of correlation and the limiting value
of one would lead to a complete absence of it. A close
examination of Fig. 2 suggests that only a few variables
are actually strongly correlated. This is further corrobo-
rated by the Pearson’s correlations and significance
levels [14] presented in Table 2.

Conventionally, a Pearson’s correlation coefficient in
the range of 0.0 and 0.09 (or �0.09 and 0.0) is indicative
of a complete absence of correlation. Small correlation is
generally indicated by the correlation coefficients in the
range of 0.1 to 0.3 (or between �0.3 to �0.1). Medium
correlation is usually attributed to the coefficients in
the range of 0.3 to 0.5 (or �0.3 to �0.5), and finally, a
strong correlation is generally attributed to the coeffi-
cients belonging to the range of 0.5 to 1.0 (or �1.0 to
0.5). It can be seen that the correlation coefficients have
very low values. This is certain as the data is quite noisy.
Hence, the linear correlation coefficient will find it
difficult to properly correlate the variables and pro-
perties. This is one of the limitations of conventional
statistical techniques in handling complex non-linear
data.

Some specific information about the extent of corre-
lation is also available by studying significance values
given in Table 2. These actually indicate the probability
of the corresponding correlation occurring by chance.
Thus, a lower significance value would render the

correlation more likely. In this case, it appears that most
of the correlation values are low and also most of the
significance values are on the lower side. This justifies
inclusion of these variables (alloying elements) in a
data-driven model as independent of each other, as has
been attempted in this study.

In order to design a new alloy, the experimentalist has
to determine a set of chemical compositions. The vari-
ation in chemical composition affects the amount of
equilibrium phases at various phase transformation tem-
peratures. This is why the experimentalists have to be
careful when designing heat treatment protocol for the
new alloys in order to achieve their desired properties.
Pearson’s correlation coefficient method, assuming
linear relationships between chemistry and alloy’s
properties, was shown unable to determine the
non-linear correlations between the same.

Therefore, data-driven models and actual experi-
mental data were used in this work. Actually, it should
be pointed out that several techniques were used in this
work to develop data-driven models. It was done to
exploit the maximum benefit of each of these techniques
in exploring the design search space that could have
been ignored by a certain technique if it was used alone.
Hence, using multiple techniques can also serve as a sort
of validation of the findings from the other techniques.
Additionally, use of a single response surface method
can be risky as different response surface generation
algorithms exhibit different levels of accuracy depending
on the characteristics of the data that they are fitting
(noisy, irregularly clustered, highly dimensional, etc.).
Both, EvoNN [15, 16] and BioGP [17, 18] can be used
to qualitatively determine the complex correlation
between the variables and the properties. In this work
this was done by single variable response (SVR) method-
ology as described below.

TABLE 2.—Pearson’s correlation (PR) coefficients and significance levels (SL).

C Cr Co W Mo Al Ti Ni rR tR

C PR 1 0.044 0.088 �0.024 0.222 �0.157 0.068 �0.000 0.048 �0.018

SL — 0.630 0.338 0.790 0.014 0.086 0.460 0.998 0.602 0.844

Cr PR 0.044 1 0.1654 0.129 �0.178 0.199 0.137 �0.617 �0.098 �0.211

SL 0.630 — 0.071 0.160 0.0518 0.029 0.136 0.0 0.286 0.021

Co PR �0.088 0.165 1 �0.154 �0.280 �0.045 �0.093 �0.280 0.060 �0.160

SL 0.338 0.071 — 0.092 0.002 0.623 0.311 0.002 0.514 0.081

W PR �0.025 0.129 �0.154 1 0.295 �0.112 �0.158 �0.587 �0.105 �0.196

SL 0.790 0.160 0.092 — 0.001 0.220 0.084 0.0 0.254 0.032

Mo PR 0.222 �0.178 �0.280 0.295 1 �0.126 0.176 �0.246 �0.010 �0.151

SL 0.014 0.052 0.002 0.001 — 0.171 0.054 0.007 0.910 0.099

Al PR �0.157 0.199 �0.045 �0.113 �0.126 1 0.230 �0.404 0.003 �0.122

SL 0.086 0.029 0.623 0.221 0.171 — 0.012 0.0 0.976 0.183

Ti PR 0.068 0.137 �0.093 �0.158 0.176 0.230 1 �0.262 0.025 �0.205

SL 0.460 0.136 0.311 0.084 0.0549 0.011 — 0.004 0.784 0.025

Ni PR �0.000 �0.617 �0.280 �0.587 �0.246 �0.404 �0.262 1 0.073 0.401

SL 0.999 0.0 0.002 0.0 0.007 0.0 0.004 — 0.427 0.0

rR PR 0.048 �0.098 0.060 �0.105 �0.010 0.002 0.025 0.073 1 �0.434

SL 0.602 0.286 0.514 0.254 0.910 0.976 0.784 0.427 — 0.0

tR PR �0.018 �0.211 �0.160 �0.196 �0.151 �0.122 �0.205 0.401 �0.435 1

SL 0.844 0.021 0.081 0.032 0.099 0.183 0.025 0.0 0.0 —
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The linear correlation coefficient measures obtained
from Pearson’s correlation coefficient are quite low. It
was certain and it shows the limitations of usual statisti-
cal methods in handling noisy and non-linear data. In
order to get ideas regarding the non-linear relations
between the alloying elements and the alloy properties,
a methodology known as SVR was used in this work.
It is a methodology often applied for qualitative analysis
of the training results obtained from evolutionary neural
network (EvoNN) [15, 16] and bi-objective genetic
programming (BioGP) [17, 18]. In SVR, a trend of vari-
ation is created by generating values between 0 and 1 in
time scale. The trend line is irregular, that is, there are
regions of constant values, sharp increases, and sharp
decreases in the line. This has been referred to as input
signal in the following text. The models developed by
EvoNN and BioGP were tested for non-linear correla-
tions by passing this signal through them. Here, an input
signal is provided for each variable (alloying element).
Response of that signal (that corresponds to that parti-
cular variable) is checked with respect to the input signal
for the objectives and constraints trained through the
selected neural network=GP tree. For SVR testing, the
input signal (trend of variation) was used for one of
the variables, while the other variables were kept con-
stant at an average value. The model output response
was plotted against the variable trend. The various
responses were tabulated for each of the models. For
the responses, the following terminologies were used:

1. Direct: This means that the model output increases
on increasing the value of input signal and decreases
on decreasing the value.

2. Inverse: This means that a particular variable will
affect the model output in opposite manner. That
is, if we quantitatively increase=decrease the value
of that particular variable (concentration of this
alloying element), it will result in decrement=incre-
increment in the value of the corresponding property
of the alloy.

3. Nil: This means that the model was unable to find
any correlation between that particular variable
and the model output.

4. Mixed: This means that the model has different
response for different set of data of any particular
variable.

Notice that model may show ‘‘Direct’’ response with
that particular variable in a certain region (dataset),
while the same model may show ‘‘Inverse’’ response in
the other region or even ‘‘Nil’’ response in another
region. Since the experimental dataset is noisy, this
behavior is expected. Corresponding tables and figures
have been included for additional information in this
regard in the model development part.

Using the compositional and experimental data of the
initial 120 alloy samples discussed above, meta-models
were constructed for both stress-to-rupture (rR) and
time-to-rupture (sR) for these alloy systems. Three
different paradigms were used for this purpose: (i)

EvoNN [15, 16], (ii) BioGP [17, 18], and a (iii) pruning
algorithm (PA) [19]. The salient features of each are
briefly discussed below. In adapting these models, the
square sum of discrepancies between the observed
and predicted quantities was used as the main measure
expressing the quality of the fit of the experimental data
and the appropriateness of the model complexities
used. Both EvoNN and BioGP involve the notion of
multi-objective Pareto-optimality [20]. A set of feasible
solutions is Pareto-optimal if no other feasible solution
could be constructed that would be at least as good as
all the members in that set in terms of all the objectives,
while been strictly better in terms of at least one objec-
tive. A simple elaboration of this concept, devoid of
mathematical complexity, can be found in [21]. The
data (chemical concentrations of each of the alloying
elements) used in this case was generated using Sobol’s
quasi-random sequence generation algorithm [13]. This
is the most popular algorithm for generating random
numbers and distributing them uniformly in a
multi-dimensional space. This data was used to manu-
facture alloys that were then tested. The experimental
results were then used to predict the properties of
new alloys by means of a commercial optimization
package known as indirect optimization based upon
self-organization algorithm (IOSO) [7, 12].

In recent years, support vector machines (SVM) have
emerged as a potential competitor for the above-
mentioned techniques in materials design [22]. SVM is
basically a kernel-based approach; hence it is easy to
implement expert knowledge by proper choice of the
kernels. SVM models can be complex enough in some
cases and may contain neural networks, radial basis
functions or polynomial classifiers. Even then, it is easy
to analyze these models mathematically. Another advan-
tage of SVM approach is that these models are robust to
noise and there is less overfitting. Though SVM uses a
high dimensional space, all the computations are per-
formed in the input space by implementation of
kernel-based approach [23].

On the other hand, the main problem with the SVM is
the proper choice of the kernels and the kernels’ function
parameters. The SVM methodology involves determi-
nation of kernel parameters for a given value of regular-
ization and proceeds further to choice of kernels. Hence,
in a way, the overfitting problem is transferred from
optimizing kernel parameters to the selection of kernels.
Often, kernel-based methods are quite sensitive to over-
fitting. Hence, the proper choice of kernels remains a
topic of research [24].

ANNs are quite robust interpolating algorithms that
do not depend on the choice of kernels. The expert has
to set the approximation accuracy and the model com-
plexity. ANNs are also quite sensitive to overfitting.
The main drawback of the ANN is that it is an excellent
interpolation algorithm within a given dataset, but a
very bad extrapolation algorithm to predict the function
values outside of the given dataset. In the present case,
this problem has been addressed by the evolutionary
approach and implementation of various selection
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criteria (details of this methodology have been included
in the following sections). It can be seen from the results
that the expert can choose a model on the basis of the
selection criterion implemented in the code. At the same
time, the expert has the liberty of choosing a model on
the basis of the theoretical knowledge of the problem.
The SVR methodology can be further used to select or
reject a model on the basis of theoretical knowledge.
This can also help in determining a few non-linear corre-
lations from the dataset, which is difficult to predict by
conventional statistical tools.

Bayesian-based techniques are important data mining
techniques [25]. In the past, ANNs based on Bayesian
methods have been developed and successfully imple-
mented for various purposes [26]. The method is based
on the probability theory. Here, the posterior is calcu-
lated on the basis of the prior and the likelihood. The
approach requires a statistical model of the unknown.
One can achieve the optimal results if the probability
distribution is good. The next step is choosing the initial
set of parameters (initial guess). Hence, the optimal
results depend on the choice of initial guess. The quality
of the initial guess may affect convergence and thus will
increase computational cost. There is uncertainty over
the unknown and hence these approaches may need cali-
bration. In multi-modal functions, there is a chance that
the solution terminates at a local optimum due to choice
of the initial guess. Additionally, it is difficult to catch
the peaks if the dataset is very noisy. In that case, the
obtained result is somewhat of a normalized peak.

Evolutionary algorithms are least affected by the
shortcomings mentioned in the Bayesian methods above.
It does not depend on the initial guess. The search space
is properly explored because of the crossover and
mutation parameters. Due to this, it is possible to achieve
global maxima and global minima. Hence, the prob-
ability of the solution terminating at a local optimum is
very low. At the same time, it is easy to determine the
trend of the dataset for a multi-modal function.

GP is an extension of evolutionary algorithms for
developing complex models. Here the process starts with
a population of randomly generated computer pro-
grams. The expert needs to define the problem and set
the accuracy and complexity of the model. Details of
the approach are included in the following text.

SVM is a kernel-=statistical-based technique. Bayesian-
based methods are probabilistic methods. Both EvoNN
and BioGP are based on evolutionary algorithms. Evol-
utionary approach helps in addressing the limitations of
the statistical and probabilistic based approaches.
Implementation of selection criterion addresses the prob-
lem of overfitting. There is no need for an initial guess.
These techniques can handle a number of parameters.
Additionally, ANNs can have multiple outputs, while
SVM can have just one.

Due to successful implementation of these techniques
in the materials design in the past, the authors decided to
test their own version of ANN and GP. The advantages
of SVM and Bayesian-based methods for materials
design optimization can be exploited in future works.

The experimental dataset used for this work was quite
non-linear. ANN is an attempt by researchers to mimic
the input–output relationship of the complex nervous
system of human brain, with ANN being its simplest
representation. It consists of interconnected groups of
artificial neurons in which the hidden layer processes
the information provided by the input and delivers it
to the output. A simple representation of ANN consists
of an input layer, a hidden layer, and an output. The
processing in the hidden layer is often unexplained and
it seems to be that the information is processed inside
a black box. This brings about non-linearity in the out-
put due to which the results obtained are new and
non-intuitive. Due to this property, ANN can outper-
form any statistical method such as linear regression.
Due to this, ANN is able to fit highly non-linear func-
tions, which cannot be fitted by other conventional tech-
niques. Hence, ANN approach can be utilized to fit
highly non-linear experimental data.

In the past 15 years, ANN has been successfully used
in alloys design [27, 28]. Thermodynamic database Ther-
moCalc, couples ANN-based modeling methods with
thermodynamic calculations using TC-programming
interface (such as TC-toolbox for MATLAB). These
applications show that ANN is well suited for materials
design [29]. Therefore, data-driven models based on
ANN can be developed for this purpose. However,
ANNs require large datasets for accurate training.

Since the experimental data can be non-linear and
noisy, there will be significant errors even in data-driven
models based on ANN. A highly complex model is not
only difficult to execute, but there is a chance that it
may overfit the data, thus capturing all the trends in a
dataset that might be very noisy. However, some of
these trends may not depict the operational behavior
and may be due to some operational irregularity.
Initially, this may look promising, but when the same
model is paired with another dataset it may not be able
to capture any of the trends. On the other hand, if a less
complex model, there could be cases of underfitting of
data and the basic trends may not be captured.

Thus, the basic objective should be to use a model of a
certain complexity, which is able to minimize the error,
while at the same time it must not overfit or underfit
the data. This problem can be solved by concept of
EvoNN. Here, optimized neural networks are evolved
through multi-objective GA where there is a tradeoff
between complexity of ANN and its training error.
Here, we are provided with a choice to select an ANN
based on specific problem complexity for further use in
prediction and for optimization purposes.

The EvoNN algorithm was developed and proposed
by some of the current investigators a few years ago
[15]. Since then, it has been applied successfully to
numerous materials related problems [30–33]. For any
given system, EvoNN tends to create an optimum
set of neural network-based models that would tend to
eliminate any random noise present in the data, and
prune any superfluous input avoiding any tendencies
to either overfit or underfit [34, 35]. To achieve this,
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the EvoNN algorithm deals with a population of neural
nets with flexible architecture, allows custom-made
crossover and mutation processes in the lower part of
the network, and being a hybrid algorithm, applies a lin-
ear least square (LSQ) algorithm in the upper part [16].
The optimized models are created in EvoNN by apply-
ing a predator–prey GA [15] on this population of
neural nets, which searches for a tradeoff between the
training error of the network and its corresponding com-
plexity expressed through the number of connections
used. The Pareto-frontier [20, 21] obtained through this
strategy contains the optimized models, out of which a
preferred network is usually picked up by applying a
suitable information criterion [16]. Further details of
EvoNN are available elsewhere [15, 16].

The optimized models presented by EvoNN belong to
a Pareto-set [20]. In other words, since in a multi-
objective situation the optimum is not unique [20], it
presents the user with several different and distinct
neural nets, each of which denotes an optimum model,
and selecting a particular model remains the user’s pre-
rogative. Thus, an external criterion could be the basis
of ultimate selection for which the Akaike information
criterion (AIC) [35] is a possible option. The Akaike
criterion is expressed as

AIC ¼ 2k � n ln
RSS

n

� �
ð1Þ

here the total number of connections in both upper and
lower parts of the network, including the biases, com-
putes the value of k, n denotes the number of parameters
used, while RSS is the residual sum of squares, denoting
the error made by the model. The AIC expression
rewards a model for its increasing accuracy and
penalizes it for any increasing parameterization, thus
discouraging both overfitting due to large number of

parameters used, and underfitting owing to lack of
accuracy. The lowest value of AIC is usually selected.
The Akaike criterion, though widely used, often shows
a tendency of slight over parameterization. This is taken
care of in the corrected Akaike Criterion [35] defined as

AICc ¼ AIC þ 2k k þ 1ð Þ
n� k � 1

ð2Þ

The AICc criterion allows model selection in a very
conservative way. Particularly, in case of noisy data such
as what has been used here, it never attempts a tight fit-
ting, as will be obvious for the models selected in the
subsequent sections.

RESULTS AND DISCUSSION

The ultimate tradeoff curve obtained for this
meta-modeling endeavor is shown in Fig. 3. It needs to
be emphasized here that each diamond symbol in Fig. 3
denotes a distinct optimized neural net model for the
system, with its unique topology, weights, and biases
that, though not shown, are quite precisely known. This
optimum family of neural nets was obtained using GA
through repeated crossover and mutation of thousands
of other neural nets that emerged during many genera-
tions of evolution. Such models would be impossible
to construct manually or through a brute force method.
They satisfy the condition of Pareto-optimality, imply-
ing that it is not possible to construct any other feasible
model that would be better than any one of them in the
Pareto-sense. The option here, as indicated before, is not
unique, and a suitable network is selected through the
corrected Akaike Criterion [35], which is marked in
Fig. 3. Performance of this network against the original
experimental data [7, 12] is shown in Fig. 4. It must be
noted here that in order to avoid any overfitting trend,
the EvoNN model takes a rather conservative approach

FIGURE 3.—Pareto-frontier for the time-to-rupture computed by EvoNN for the experimental data from [7, 12]. Each symbol is a separate and specific

model. The model selected by the AiCc criterion is specifically indicated.
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toward capturing any large fluctuations in the original
dataset.

Similar strategy was adopted to model the stress-to-
rupture using the same set of experimental data. The
Pareto-tradeoff between the error and complexity of
the optimum models is shown in Fig. 5. In this case,
however, the optimal model identified through AICc cri-
terion was not able to represent the data as expected.
Hence, all the models along the Pareto-frontier shown
in Fig. 6 were evaluated, selecting one with complexity
near that of the model selected for time-to-rupture
through AICc criterion. The selected model and the
one identified through AICc are both marked in Fig. 5.
Performance of the selected model is demonstrated
against the experiential data in Fig. 6. The data for the
stress-to-rupture is quite noisy. The model, expectedly,
takes a conservative approach, avoiding the large
fluctuations in the original dataset.

The selected ANN was used to qualitatively estimate
the correlation between the alloying elements and the
desired properties. This was done by SVR methodology

described before in the text. Table 3 shows the relation
between the design variables and the desired properties.
Figure 7 is a sample figure for the correlation between
stress-to-rupture and the design variables.

In order to quantitatively estimate the effect of
various design variables on various properties of the
alloy, the authors decided to use the PA.

GP is a completely different concept than GA, which
is population-based optimization algorithm. GP is an
extension of evolutionary algorithm that has emerged
as a potential competitor to ANN in developing
data-driven models. Here, randomly generated com-
puter programs represent potential solutions. GP
exempts human from designing complex algorithms for
creating programs that give desired optimal solutions.
The model is trained as symbolic branching trees, which
are evolved by evolutionary algorithm. Well-defined
structure-specific crossover and mutation operators exist
for GP trees. Two important issues that have to be mon-
itored while evolving a tree (a computer program) is the
depth of the tree and the training error associated with

FIGURE 5.—Pareto-frontier for stress-to-rupture computed by EvoNN. Each symbol is a separate and specific model.

FIGURE 4.—Comparison of AICc selected EvoNN model fit of time-to-rupture for the original experimental data of 120 alloys.
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it. As the depth of a tree (complexity of the branching) is
increased, there is improvement in the performance of
the tree on the training error part. However, beyond a
certain complexity, it may be possible that there is no
further improvement in its performance while adding
to the computational cost. Another major problem asso-
ciated with such a tree is that it will overfit the data. On
the other hand, if the complexity of the tree branching is
below a certain level, training error will increase and it
may underfit the data and thus the basic trends may
not be captured. In order to solve this problem, concept
of BioGP [34] was introduced in which a tradeoff is
achieved between the complexity of the tree and the
associated training error. An in-house developed
MATLAB code was used for this purpose.

Here we are provided with a choice to select a com-
puter program based on our problem complexity for
further use in prediction and for optimization purposes.

In recent times, GP [36–42] is increasingly becoming a
powerful alternate of ANNs [38–40, 43, 44], allowing the
users to construct a meta-model with mathematical or
logical functions of their own choice, which would be
difficult to obtain through the paradigm of neural nets
with rather restricted environment of weights, layers,
and transfer functions. In GP, the encoding is done as
a tree structure and the typical evolutionary operators
like crossover, selection, and mutation are performed
on a population of trees generated on the basis of some
user defined function and terminal sets. In conventional

GP, trees often tend to grow unmanageably with mar-
ginal or no improvement in fitness leading to a problem
known as bloat [36–42] in the GP parlance. Often, some
rogue trees develop with certain branches, returning
division by zero or other execution problems of similar
nature, rendering the implementation of GP quite com-
plicated. To circumvent such problems and also to work
out the correct fit, the BioGP algorithm has been pro-
posed recently by some of the researchers involved in
this work [17, 18] and used along with EvoNN [41].
The BioGP involves the tree encoding and the other fea-
tures of conventional GP. However, each tree evolves in
parts as a number of distinct sub-trees, which are ulti-
mately aggregated with some weights and a bias that
are optimized with a linear least square algorithm, more
in the fashion of a neural network. A parameter named
error reduction ratio is implemented in BioGP that quan-
tifies the performance of any individual sub-tree. If any
of them demonstrates bloat or any other undesirable
features, the error reduction ratio fails to reach a pre-
scribed level. The sub-tree in question can then be easily
removed and regrown without hampering the rest of the
sub-trees. In addition, up to a certain number of genera-
tions BioGP acts in a single objective fashion minimizing
only the training error. After that, like EvoNN, pred-
ator–prey GA acts on it working out a tradeoff between
the training error and complexity, where the measure of
complexity is taken as a weighted sum of the depth of
the tree and the total number of function nodes. From
the members of the Pareto-set obtained through this
procedure, usually the model with the minimum error
is selected [18]. Further details are provided elsewhere
[17, 18].

The computed Pareto-frontier between the error and
complexity for the models of time-to-rupture is shown
in Fig. 8. It needs to be emphasized here that each dia-
mond symbol in this figure is a unique GP tree, corre-
sponding to a unique mathematical expression for the
system in hand. Like the optimum models in EvoNN,
these are also the result of a vigorous evolution
process and again cannot be obtained manually or

FIGURE 6.—Comparison of the results of the selected EvoNN model for stress-to-rupture with the original experimental data.

TABLE 3.—SVR EvoNN.

Sr. No. Variable=objective Stress-to-rupture Time-to-rupture

1 Carbon Direct Mixed

2 Chromium Mixed Mixed

3 Cobalt Direct Inverse

4 Tungsten Mixed Inverse

5 Molybdenum Mixed Inverse

6 Aluminum Mixed Inverse

7 Titanium Mixed Mixed
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FIGURE 7.—Single variable response for the tensile strength (stress) values for EvoNN.
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through a brute force method. Here, the total number
of optimum models seems to be less than what has
been provided by EvoNN (Fig. 3) and the model with
the complexity value 8 (the measure of this, as indi-
cated before, is different from the complexity in
EvoNN) is accepted here, as it provided the least
amount of training error. The model prediction is
compared with the experimental data in Fig. 9. It
appears that BioGP has fitted this data even less
tightly than EvoNN (Fig. 4).

In a similar fashion, the stress-to-rupture was also
modeled. The Pareto-tradeoff between the error and
complexity is shown in Fig. 10. The model providing
the least error is provided here, following the usual
strategy of BioGP and its performance against the
experimental data is shown in Fig. 11.

The selected GP trees were used to qualitatively
estimate the correlation between the alloying elements
and the desired properties. This was done by SVR

methodology described before in the text. Table 4 shows
the relation between the design variables and the desired
properties.

Both EvoNN and BioGP use different algorithms in
order to find the correlation between the variables and
the objectives. Seeing the complexity and non-linearity
in the dataset, it is possible that the same variable may give
different correlation measures for different techniques.

A neural network PA [19] was also used for modeling
in this study to supplement and corroborate the infor-
mation generated by EvoNN and BioGP. The algorithm
is based in feed-forward neural networks of multi-layer
perceptron where a single hidden nonlinear layer com-
municates with a single linear output node. It was
demonstrated earlier [19] that a network of this type
with an arbitrary choice of weights, W, in the lower
layer, can often provide a good solution for the approxi-
mation problem, provided the upper-layer weights are
selected properly.

FIGURE 8.—Pareto-frontier for the time-to-rupture computed by BioGP. Each diamond symbol is a separate and specific model. The model with lowest

error was picked up in this study.

FIGURE 9.—Comparison of the BioGP model for time-to-rupture with the original experimental data.
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The PA strategy begins with a network of sufficient
size with random lower-layer weights. After evaluating
the fit of the initial model, it, in an exhaustive way,
removes a connection from an input to a hidden node
and re-optimizes the upper layer weights, records the
approximation error, and restores the deleted connec-
tion. After going through all (remaining) connections,
it finally determines the deletion yielding the minimum
error, and permanently deletes that connection. The
procedure is repeated until all but one connection in
the lower layer has been deleted. Since the starting
point of the algorithm applies a random weight matrix,
the procedure is repeated several times, using a unique
and randomly generated weight matrix, W, each time,
leading to a set of models with potentially significant
or essential connections. Subsequent analyses of
this model-set result in identifying the most
important inputs and connections for an efficient
model construction.

Although not designed formally for Pareto-optimality
[20, 36], the continued pruning applications here lead to
the optimum tradeoffs between the fitting error and
complexities as shown for the time-to-rupture models
in Fig. 12. Any of the dots would be a potential model;
however, the one selected contained all the inputs at the
lowest complexity. This very conservative stance was
taken so that the algorithm is prevented from picking
up any significant noise from the present dataset. The
idea behind this selection strategy was also to obtain a
model covering all the inputs. This is to ensure that
the most preferable composition would be indicated in
terms of all the variables deemed interesting in this
study. The predictions of the present model were
compared against the original data in Fig. 13.

In a similar fashion, the stress-to-rupture was also
modeled using the PA. The output of the pruning runs
are presented in Fig. 14 and the selected model satisfied
the same criteria as the one selected for time-to-rupture.

FIGURE 10.—Pareto-frontier for the stress-to-rupture computed by BioGP. Each diamond symbol is a separate and specific model. The model with lowest

error was picked up in this study.

FIGURE 11.—Comparison of the BioGP model for stress-to-rupture with the original experimental data.
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The performance of this model against the parent data is
presented in Fig. 15.

Since the pruning model used here constructs numer-
ous models with different input variable sets, a frequency
analysis of the variables used in these models can poten-
tially provide significant information about the important
and crucial variables [44]. Frequency plots for the vari-
ables used during the current pruning runs are presented

in Fig. 16. The frequency values indicate the total number
of occurrences for the corresponding variable in the opti-
mized models obtained through the pruning approach. It
is seen that a large number of models of stress-to-rupture
have used Mo as an essential input followed by W, Al, Ti,
and Cr. For the time-to-rupture models, Cr was used pre-
dominantly, followed by Ti, Co, and C. The role played
by these essential elements is reasonably well understood
from the basic physical metallurgy of the Ni-based super-
alloy systems [1, 2]. It is encouraging to see that the algo-
rithms presented here are confirming the same
knowledge, as found for the PA results in Fig. 16. This
suggests that use of such algorithms should be expanded
in future to gain new knowledge about the fundamental
influences on multiple properties of alloys. Among the
predominant elements, Mo is known to contribute
toward solid solution strengthening of the c phase due
to its significantly different electronic structure and
atomic radius compared to Ni. Tungsten is also known
to have similar effect and as a result, the stress-to-rupture

FIGURE 12.—Optimum tradeoffs between the training error and model complexity as obtained for modeling the time-to-rupture by the PA. Each dot

denotes a separate and specific model. The model with lowest complexity containing all the inputs was picked up in this study. The RMS error here is

calculated in terms of the coded variables, while it is calculated in terms of the scaled variables in the EvoNN and BioGP codes.

TABLE 4.—SVR BioGP.

Sr. No. Variable=objective Stress-to-rupture Time-to-rupture

1 Carbon Nil Nil

2 Chromium Mixed Mixed

3 Cobalt Nil Direct

4 Tungsten Direct Inverse

5 Molybdenum Inverse Mixed

6 Aluminum Nil Direct

7 Titanium Inverse Mixed

FIGURE 13.—Comparison of the pruning algorithm (PA) model for time-to-rupture with the original experimental data for 120 alloys [7, 12].
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increases. The Al and Ti contribute toward the formation
of the c0 phase. Though both c and c0 belong to a cubic
lattice, the small mismatch between them is however
enough to impair dislocation movements, leading to
improvements in both stress and time-to-rupture. It is
also well known that Cr initially forms the primary
carbide CrC during solidification, which during heat
treatment dissociates into other carbides, and this Cr
depletion leads to further c0 precipitation at the carbide
interface, leading to additional strengthening. It needs
to be emphasized, once again, that the pruning models
could quite efficiently identify the most essential alloying
elements from the experimental data.

Using the models obtained through EvoNN, BioGP,
and the PA, a bi-objective optimization task was
undertaken using a predator–prey GA described else-
where [15] for the EvoNN and BioGP model, while a

sequential quadratic programming (SQP) algorithm
[42] was used for the PA models. The bi-objective opti-
mization problem was formulated as: maximize
stress-to-rupture and simultaneously maximize time-to-
rupture.

Since a higher stress would lead to a quicker rupture,
the objectives are mutually conflicting, leading to a
Pareto-optimal problem [4]. Initially, the optimization
runs using the PA models for stress and time were con-
ducted within the bounds in the variable space shown in
Table 1. Later on, to see if any better solutions exist
beyond these concentration limits, both the upper and
the lower bounds were relaxed by 5% of their respective
values and the optimization was conducted once again
to look for any potential differences.

This experimental dataset [12] was also earlier used [7]
to determine chemical compositions of Pareto-optimal

FIGURE 14.—Optimum tradeoffs between training error and model complexity as obtained for modeling the stress-to-rupture by the pruning algorithm

(PA). Each dot denotes a separate and specific model. The model with lowest complexity containing all the inputs was picked up in this study.

FIGURE 15.—Comparison of the pruning algorithm model for stress-to-rupture with the original experimental data [7, 12].
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new generation of Ni-based superalloys. This work
used a stochastic optimization approach known as IOSO
[45–48]. IOSO is a semi-stochastic, multi-objective opti-
mization algorithm incorporating certain aspects of a
selective search on a continuously updated multi-
dimensional response surface. The main benefits of this
algorithm are its reliability in avoiding local minima,
its computational speed, and a significantly reduced
number of required experimentally evaluated candidate
alloys as compared to more traditional semi-stochastic
optimizers such as GA. The self-organizing response
surface formulation used in IOSO allows for incorpor-
ation of realistic non-smooth variations of experimen-
tally obtained data and provides for accurate
interpolation of such data.

IOSO is based upon a novel response surface strategy.
It uses a self-adapting response surface formulation,
where the first stage involves creating approximations
of the objective functions. Each iteration in IOSO allows
a decomposition of the initial approximation function
into a set of simple approximation functions so that
the final response function becomes a multi-level graph.
Further details of this strategy are available elsewhere
[7, 12, 45–48].

If some alloy I is at least as good as another alloy J in
terms of both stress and time-to-rupture, but strictly bet-
ter in terms of at least one of them, then I, according to
the notion of Pareto-optimality, dominates J [35].

The various approaches discussed above created their
own sets of best possible tradeoffs between the stress-to-
rupture and the time-to-rupture. The results include
those obtained by predator–prey GA [15] could provide
using the EvoNN and BioGP. The Pareto-optimized
predictions of chemical compositions of the new gener-
ation of alloys obtained from PA can be distinguished
as follows: the solutions obtained in the experimental
variable range are denoted as Pruning–EXP and those
with the extended search space are denoted as Pru-
ning Modified. The various tradeoffs discussed above
were plotted along with the results obtained using the
IOSO approach [7, 12] and the original experimental
data of 120 alloys as shown in Fig. 17.

It appears that all of these algorithms could find alloy
compositions with significantly better properties than
those originally obtained by the IOSO optimization

strategy. Finding so many newer alloys with augmented
properties using classical experimentation based upon
intuition and personal experience would have involved
an absurdly large number of expensive and time-
consuming experiments. The number of Pareto-optimal
solutions (new alloy compositions) created by both
EvoNN and BioGP is much larger than those obtained
using IOSO. EvoNN solutions dominate the solutions
obtained by BioGP and both in turn dominate most of
the IOSO solutions. IOSO method, however, identified
two alloys with very high time-to-rupture, and neither
EvoNN nor BioGP could provide any solutions in that
particular range.

It needs to be emphasized that bi-objective optimiza-
tion task accomplished here is far from trivial. Owing
to the presence of thousands of candidate (virtual)
alloys, which were evaluated during the computations
for Fig. 17, neither it can be done through manual
inspection, nor is it possible to achieve through direct
experimentation in an acceptable period of time. Many
conventional optimization algorithms are also quite
unlikely to work due to non-smooth and non-differentiable

FIGURE 17.—Pareto-frontiers between stress-to-rupture and time-to-

rupture obtained by different strategies shown against the original

experimental data.

FIGURE 16.—Frequency of occurrence of different alloying elements in the pruning models: stress-to-rupture (left) and time-to-rupture (right).
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nature of the search space. The efficacy of the present
approach is very evident in that perspective. The extensive
search power of genetic-based algorithms, backed by the
solid mathematical basis of Pareto-optimality has now
made such alloy design possible, which would be intractable
only a few years ago. Furthermore, a number of computer
predictions were confirmed through further experimen-
tation, as indicated in Fig. 17.

It is of great interest and importance to explore
further what causes these superior properties in those
optimized alloys. For this purpose, a rigorous thermo-
dynamic analysis was undertaken, as described next.

The major advantage of a data-driven modeling is
that it does not require any explicit information on the

physics of the system studied. The idea is that the
physics of the system should be implicitly manifested
in the data itself and a correct model should be readily
able to capture that, without involving any preexisting
theory. In the present case, by consulting Fig. 17, one
can easily identify several newer alloy compositions that
have superior properties, the reason for which should be
well in accord with the existing domain knowledge for
the Ni-based superalloy systems. Particularly, these
alloys should be checked for the substantial occurrences
of the c phase and also the primitive cubic c0 phase. The
c phase is an fcc cubic constituent in such superalloys
with a random distribution of the pertinent atoms. The
c0 phase is a primitive cubic, where Ni occupies the face
centers and the elements like Al are usually situated at
the corners of the cube. The c phase and the primitive
cubic c0 phase are known to provide the Ni-based super-
alloys their formidable resistance to high temperature
oxidation and creep [1, 2]. One can look for these phases
through tedious microstructural studies, but a faster and
independent confirmation of the existence of these
phases, and for that matter, the total phase distribution
can very well be obtained by computationally studying
the phase equilibria in these alloys. In the current stage
of computational thermodynamics, such calculations are
highly reliable, and at least in the present case, could
be used with high confidence. This forms the context
of calculating the phase been attempted using the
FactSageTM [49] software, as detailed below.

To obtain some representative samples of the
Pareto-frontiers, a total of 11 Pareto-optimal alloys
predicted by EvoNN were selected for thermodynamic
analysis (E1 to E11, as marked by solid triangles in

FIGURE 18.—Alloys in the Pareto-frontiers selected for thermodynamic

analysis.

TABLE 5.—Phase distribution (wt %) in the optimized alloys predicted by EvoNN.

# T (�C)
Ni3Al

(s)
Ni4W

(s)
Ni3Ti

(s) Co (s1) Co (s2) Cr (s) Cr4C (s)
NbCo3

(s)
NbCo2

(s)
Ni,fcc

(s) Mo (s)
Mo2B

(s) ZrC4 (s) Ce, b (s) Ce, c (s) Y, a (s)

1 25 41.50 22.90 12.36 7.17 5.12 3.50 3.19 2.37 1.34 0.47 0.06 0.02 0.01

1 975 41.50 22.90 12.40 7.86 5.12 3.50 2.50 2.37 1.34 0.47 0.06 0.02 0.01

2 25 40.78 22.65 11.58 7.17 5.44 4.14 3.19 3.17 1.34 0.47 0.06 0.02 0.01

2 975 40.80 22.60 11.60 7.86 5.44 4.14 3.17 2.50 1.34 0.47 0.06 0.02 0.01

3 25 38.90 22.50 11.70 7.17 6.09 5.55 3.19 3.05 1.30 0.47 0.06 0.02 0.01

3 975 38.90 22.50 11.70 7.86 6.09 5.55 3.05 2.50 1.30 0.47 0.06 0.02 0.01

4 25 37.90 22.40 11.60 7.29 7.17 5.63 3.19 2.96 1.27 0.47 0.06 0.02 0.01

4 975 37.90 22.40 11.60 7.86 7.29 5.63 2.96 2.50 1.27 0.47 0.06 0.02 0.01

5 25 37.90 22.10 11.30 8.07 7.17 5.88 3.19 2.70 1.17 0.47 0.06 0.02 0.01

5 975 37.90 22.10 11.30 8.07 7.86 5.88 2.70 2.50 1.17 0.47 0.06 0.02 0.01

6 25 37.90 22.10 11.30 8.11 7.17 6.01 3.19 2.60 1.10 0.47 0.06 0.02 0.01

6 975 37.90 22.10 11.30 8.11 7.86 6.01 2.60 2.50 1.10 0.47 0.06 0.02 0.01

7 25 37.90 22.10 11.30 8.05 7.17 6.02 3.19 2.65 1.08 0.47 0.06 0.02 0.01

7 975 37.90 22.10 11.30 8.05 7.86 6.02 2.65 2.50 1.08 0.47 0.06 0.02 0.01

8 25 37.90 22.10 11.30 8.03 7.17 6.10 3.19 2.63 0.98 0.47 0.06 0.02 0.01

8 975 37.90 22.10 11.30 8.03 7.86 6.10 2.63 2.50 0.98 0.47 0.06 0.02 0.01

9 25 37.90 22.60 11.30 7.65 7.17 6.20 3.19 2.64 0.78 0.47 0.06 0.02 0.01

9 975 37.90 22.60 11.30 7.86 7.65 6.20 2.64 2.50 0.78 0.47 0.06 0.02 0.01

10 25 37.90 22.30 11.30 8.01 7.17 6.20 3.19 2.61 0.78 0.47 0.06 0.02 0.01

10 975 37.90 22.30 11.30 8.01 7.86 6.20 2.61 2.50 0.78 0.47 0.06 0.02 0.01

11 25 37.90 22.10 11.30 8.21 7.17 6.21 3.19 2.60 0.78 0.47 0.06 0.02 0.01

11 975 37.90 22.10 11.30 8.21 7.86 6.21 2.60 2.50 0.78 0.47 0.06 0.02 0.01
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Fig. 18). Similarly, a total of 13 Pareto-optimal alloys
predicted by BioGP were selected (B1 to B13, as
marked by plus signs in Fig. 18). Three alloys, PE1 to
PE3 were selected from the pruning models (denoted
by solid circles and Pruning Exp in Fig. 18), and
PM1 and PM2 were two alloys that were found by
extending the search space of the pruning models
(denoted by crosses and Pruning Modified in Fig.).
Two alloys predicted by IOSO (depicted by solid
squares) were also selected as those were very close to
the results obtained by other methods.

The phase equilibria studied through FactSageTM

software provided detailed information about the
phase distribution in all the selected alloys. Table 5 pre-
sents the major constituents present in the alloys selec-
ted from the EvoNN results at 25�C and 975�C. Table 6
presents the same for the BioGP results. In both tables,
the alloys, which are similar to the predictions of IOSO,
are underlined and boldfaced. Similar information
obtained from the pruning models is shown in Table 7
and those from pruning model with an extended search
space are presented in Table 8.

A close examination of Tables 5–8 clearly reveals that
all the optimized alloys contain a very high level of
Ni3Al (s) phase and that Ni3Ti (s) is also quite signifi-
cant. Together, these two phases constitute well over
51 wt% in most cases and that explains the superior
properties of these optimized alloys. It is well-known
[1–3] that in Ni-based superalloys, both Ni3Al (s) and

Ni3Ti (s) constitute the c0 phase that form in the FCC
Ni (c) matrix and lead to the superior strengthening
of these alloys. Thermodynamic calculations confirm
that this is happening in the optimized alloys, and the
strengthening is further aided by the presence of the
remaining alloying elements. The obtained results
are thus meaningfully corroborated by the existing
theory.

Once the major reason for the superior properties of
the optimized alloys was established, it was deemed
appropriate to determine how exactly the phase compo-
sition changes with temperature. Since the superalloys
used in real life may actually encounter a varying
temperature field, such information could be considered
crucial.

To understand the general behavior, typical predicted
alloys, each taken from a particular strategy, were stud-
ied in detail over a temperature range using FactSageTM

software, as shown in Fig. 19. While computing the
information presented in Tables 5 and 6, a few minor
phases were neglected for the ease of computation and
those were now brought in for further accuracy. The
major phase variations in those selected alloys are now
presented in Fig. 19: (i), (ii), (iii), and (iv), as a function
of temperature. A major observation in these phase dia-
grams is that the equilibrium fraction of both Ni3Al (s)
and Ni3Ti (s) remain quite steady over a wide range of
temperature, particularly at the high temperature. Due
to cost and experimental limitations, the property

TABLE 6.—Phase distribution in the optimized alloys predicted by BioGP.

#
T

(�C)
Ni3Al

(s)
Ni4W

(s)
Ni3Ti

(s)
Co
(s1)

Co
(s2)

Cr
(s)

Cr4C
(s)

NbCo3

(s)
NbCo2

(s)
Mo
(s)

Mo2B
(s)

Ni fcc
(s)

Co3W
(s)

ZrC
(s)

Ce, b
(s)

Ce, c
(s)

Y, a
(s)

1 25 44.6 21.5 11.3 7.93 6.15 3.5 3.19 0.776 0.469 0.447 0.061 0.015 0.01

1 975 44.6 21.5 11.3 8.63 6.15 3.5 2.5 0.776 0.469 0.447 0.061 0.015 0.01

2 25 44.6 21.7 11.3 7.98 6.08 3.5 3.19 0.776 0.469 0.341 0.061 0.015 0.01

2 975 44.6 21.7 11.3 8.68 6.08 3.5 2.5 0.776 0.469 0.341 0.061 0.015 0.01

3 25 44.6 21.8 11.3 8.05 6.5 3.19 2.99 0.776 0.469 0.189 0.061 0.015 0.01

3 975 44.6 21.8 11.3 8.75 6.5 2.99 2.5 0.776 0.469 0.189 0.061 0.015 0.01

4 25 44.6 21.9 11.3 8.07 6.4 3.19 3.06 0.776 0.469 0.161 0.061 0.015 0.01

4 975 44.6 21.9 11.3 8.77 6.4 3.06 2.5 0.776 0.469 0.161 0.061 0.015 0.01

5 25 44.6 22 11.3 8.13 6.99 3.19 2.4 0.776 0.469 0.044 0.061 0.015 0.01

5 975 44.6 22 11.3 8.82 6.99 2.5 2.4 0.776 0.469 0.044 0.061 0.015 0.01

6 25 44.6 22.1 11.3 8.15 6.57 3.19 2.77 0.776 0.469 0.019 0.061 0.015 0.01

6 975 44.6 22.1 11.3 8.84 6.57 2.77 2.5 0.776 0.469 0.019 0.061 0.015 0.01

7 25 44.6 22.1 11.3 8.15 6.39 3.19 2.95 0.776 0.469 0.015 0.061 0.015 0.01

7 975 44.6 22.1 11.3 8.84 6.39 2.95 2.5 0.776 0.469 0.015 0.061 0.015 0.01

8 25 44.6 22.1 11.3 8.15 5.82 3.48 3.19 0.776 0.469 0.059 0.061 0.015 0.01

8 975 44.6 22.1 11.3 8.84 5.82 3.48 2.5 0.776 0.469 0.059 0.061 0.015 0.01

9 25 44.6 22.1 11.3 8.15 6.26 3.19 2.93 0.776 0.469 0.175 0.061 0.015 0.01

9 975 44.6 22.1 11.3 8.84 6.26 2.93 2.5 0.776 0.469 0.175 0.061 0.015 0.01

10 25 44.6 22.1 11.3 8.15 6.17 3.19 2.91 0.776 0.469 0.283 0.061 0.015 0.01

10 975 44.6 22.1 11.3 8.84 6.17 2.91 2.5 0.776 0.469 0.283 0.061 0.015 0.01

11 25 44.6 22.1 11.3 7.83 5.52 3.5 3.19 0.776 0.647 0.469 0.061 0.015 0.01

11 975 44.6 22.1 11.3 8.53 5.52 3.5 2.5 0.776 0.469 0.647 0.061 0.015 0.01

12 25 44.6 21.3 11.3 7 6.19 2.73 3.19 0.776 0.469 2.34 0.061 0.015 0.01

12 975 44.6 21.3 11.3 7.7 6.19 2.73 2.5 0.776 0.469 2.34 0.061 0.015 0.01

13 25 44.6 20.9 11.3 6.44 5.76 3.04 3.19 0.776 0.469 3.47 0.061 0.015 0.01

13 975 44.6 20.9 11.3 7.14 5.76 3.04 2.5 0.776 0.469 3.47 0.061 0.015 0.01
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measurements that form the backbone of this study were
done at a single temperature and the newer alloys are
all predicted based upon those single temperature
measurements. However, as it is thermodynamically
obvious that the wt % of the c0 phase remains quite
steady over a large temperature range, the computa-
tionally designed alloys are expected to exhibit the simi-
lar augmented mechanical properties at temperatures

other than where the property measurements were
carried out.

The Pareto-solutions obtained in this study show the
non-dominating tradeoffs between the two objectives,
the stress-to-rupture and time-to-rupture. Out of numer-
ous alternatives along a Pareto-front [20, 36], a
decision-maker (DM) can apply some external consid-
erations to arrive at the preferred final solutions. Here,

TABLE 7.—Phase distribution in the optimized alloys predicted by pruning algorithm.

#
T

(�C)
Ni3Al

(s)
Ni4W

(s)
Ni3Ti

(s)
Co
(s1)

Co
(s2)

Cr
(s)

Cr4C
(s)

NbCo3

(s)
NbCo2

(s)
Ni, fcc

(s)
Co3W

(s)
Mo
(s)

Mo2B
(s)

ZrC4

(s)
Ce, b

(s)
Ce, c

(s)
Y, a
(s)

1 25 44.63 21.75 11.28 7.12 5.29 3.33 3.19 2.09 0.78 0.47 0.06 0.02 0.01

1 975 44.63 21.75 11.28 7.82 5.29 3.33 2.50 2.09 0.78 0.47 0.06 0.02 0.01

2 25 43.28 23.36 11.28 7.17 5.76 3.15 3.19 1.49 0.78 0.47 0.06 0.02 0.01

2 975 43.28 23.36 11.28 7.86 5.76 3.15 2.50 1.49 0.78 0.47 0.06 0.02 0.01

3 25 41.29 23.48 11.28 7.17 5.89 3.05 3.19 3.31 0.78 0.47 0.06 0.02 0.01

3 975 41.29 23.48 11.28 7.86 5.89 3.05 2.50 3.31 0.78 0.47 0.06 0.02 0.01

TABLE 8.—Phase distribution in the optimized alloys predicted by pruning algorithm with extended search space.

# T (�C) Ni3Al (s) Ni4W (s) Ni3Ti (s) Co (s1) Co (s2) Cr (s) Cr4C (s) NbC3 (s) NbCo2 (s) Ni,fcc (s) Mo (s) Mo2B (s) ZrC4 (s) Ce, b (s) Ce, c (s) Y, a (s)

1 25 42.28 23.77 10.71 6.70 5.51 3.37 3.19 3.19 0.72 0.47 0.06 0.02 0.01

1 975 42.28 23.77 10.71 7.40 5.51 3.37 2.50 3.19 0.72 0.47 0.06 0.02 0.01

2 25 39.62 23.75 10.71 6.70 5.81 3.16 3.19 5.80 0.72 0.47 0.06 0.02 0.01

2 975 39.62 23.75 10.71 7.40 5.81 3.16 2.50 5.80 0.72 0.47 0.06 0.02 0.01

FIGURE 19.—Phase composition change with temperature for the typical optimized alloys predicted by BioGP, EvoNN, pruning algorithm, and pruning

algorithm with extended search.
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we have performed the classification based upon the
following well-known characteristics of the Ni-based
superalloys [1, 2]:

(a) Cr and Co help in oxidation resistance and prevent
environmental degradation.

(b) Mo and W induce creep resistance properties.
(c) Al and Ti help in hardening the alloys.

The objective was to identify how many of the com-
puted Pareto-optimum solutions are actually most desir-
able in terms of the three characteristics, and
simultaneously rupture at a very high stress after a long
time. In order to examine those attributes, some (i) low,
(ii) medium, and (iii) high ranges were defined, as shown
in Table 9 for each of the pertinent variables, which
might be considered as a DM’s preferences. The best
solutions obtained through all the strategies used in this
study were now classified in these three ranges, as shown
in Table 10.

It should be noted at this stage, that for each of the
five criteria (i.e., creep resistance, oxidation resistance,
hardening, stress-to-rupture, and time-to-rupture),
numerous solutions have been provided by each of the
methods that fall in the designated ‘‘high’’ ranges. How-
ever, the moment one seeks to obtain ‘‘high’’ values in
all the counts, the number of options drastically
diminishes as presented in Table 9. Though the IOSO
results are not included in this table, it should be noted

that IOSO strategy also could not deliver solutions with
all the five attributes in the ‘‘high’’ range. It is interesting
to note that while optimizing the stress and time-to-rup-
ture, the BioGP solutions were dominated by most of
the remaining strategies (Fig. 18). However, it appears
that when all the five attributes are considered together,
BioGP outperforms the rest by producing a total of 176
solutions in the ‘‘high’’ range for all the five attributes,
while the pruning method could produce only 5 such
solutions and none came from the other strategies. In
a real world scenario, as these findings demonstrate, a
slightly suboptimal solution could also be beneficial at
some points and the method adopted here for the alloy
design provides ample scope to implement any such
choices. The above findings are presented in Table 11.

It should be further pointed out for the sake of com-
pleteness of information that the pruning method with
an extended search space could locate only two solutions
in the ‘‘high’’ range of the four attributes, if oxidation
resistance was excluded, and none when all the five

TABLE 9.—Variable ranges considered in classification work.

C (wt %) Cr (wt %) Co (wt %) W (wt %) Mo (wt %) Al (wt %) Ti (wt %) Ni (wt %)
Stress-to-rupture

(N=mm2)
Time-to-

rupture (h)

Low <0.17 <8.77 <9.59 <10.10 <1.41 <5.34 <2.57 <59.46 <950 <47.57

Medium 0.17–0.19 8.77–9.12 9.59–9.91 10.10–10.52 1.41–1.59 5.34–5.63 2.57–2.74 59.46–60.46 950–994 47.57–69.98

High >0.19 >9.12 >9.91 >10.52 >1.59 >5.63 >2.74 >60.46 >994 >69.98

TABLE 10.—Results of classification analyses (numerical entries denote the number of optimum solutions).

Creep resistance Oxidation resistance Hardening

Stress (N=mm2) Time (h)Mo (wt %) W (wt %) Co (wt %) Cr (wt %) Al (wt %) Ti (wt %)

BioGP

High — 176 1544 759 1544 — 1544 753

Medium — 107 — 616 — — — 517

Low 1544 1261 — 169 — 1544 — 274

EvoNN

High 292 — — — 14 — 442 683

Medium 202 15 — — 97 6 85 25

Low 214 693 708 708 597 702 181 —

Pruning algorithm

High — 20 31 — 44 — 53 38

Medium — 43 — 16 10 — 9 22

Low 64 1 33 48 10 64 2 4

Pruning algorithm with extended search

High — 28 31 — 46 — 67 4

Medium — 46 — 16 12 — 6 22

Low 75 1 44 59 17 75 2 49

TABLE 11.—Solutions in the high range for all the attributes.

Strategy # of solutions satisfying all criteria

BioGP 176

EvoNN 0

Pruning 5

Pruning with extended search 0

20 R. JHA ET AL.

D
ow

nl
oa

de
d 

by
 [

Fl
or

id
a 

In
te

rn
at

io
na

l U
ni

ve
rs

ity
],

 [
R

aj
es

h 
Jh

a]
 a

t 1
1:

52
 0

2 
M

ar
ch

 2
01

5 



attributes were considered together. Therefore, the vari-
able ranges in which the original experiments were
designed appear satisfactory and further expensive
experimentation with more flexibility in composition
may not lead to any drastic improvements.

CONCLUSIONS

Data-driven models have been constructed for the
mechanical properties of multi-component Ni-based
superalloys based on a set of evolutionary approaches.
Novel alloys were designed on the basis of these models
simultaneously maximizing both stress-to-rupture and
time-to-rupture, using a GA-based multi-objective opti-
mization method. The optimum tradeoffs between these
two conflicting objectives were convincingly obtained,
leading to the design of several alloys with better proper-
ties and newer compositions. This study successfully
demonstrated the efficacy of evolutionary data-driven
modeling and optimization in the highly convoluted task
of designing Ni-based superalloys. The presence of a
number of strategic chemical elements in these superal-
loys [50], Co and Cr, for example, definitely justifies
the elaborate computations aiming at predicting the
complex interplay between the composition and mech-
anical properties, as attempted in this study, where the
optimum choice is not unique but multiple. A large
number of hitherto unknown alloys of superior proper-
ties were evolved in this process and the representative
ones were thermodynamically examined for the proper
phase distributions, justifying their compositions as
potential source for superior mechanical properties that
are considered here. This would be impossible to achieve
through experiments alone, and thus the relevance of the
novel approach is quite overwhelming. The process of
decision-making [20], traditionally plays a major role in
multi-objective optimization, where additional domain
knowledge can be brought into examining the results
of optimization by a DM who is familiar with the sys-
tem, in order to pick up some of the most appropriate
Pareto-optimum solutions, out of several alternates.

A demonstration is also provided here to elaborate a
typical procedure for classifying the optimum solutions
into different categories. Such analyses, though exten-
sively used in many other disciplines, still remain a virgin
area in materials research, and there is an enormous
scope for further extension of what has been initiated
here.

The variable alloying elements were carefully chosen
along with the essential constituents to ensure desired
partition between the c and c0 phases. Generally, Co,
Cr, and Mo report to the c phase and Al and Ti belong
to c0 and W is partitioned in both. In addition, Mo and
W help in the secondary carbide formation and Al and
Cr, the two oxide formers passivate the surface at high
temperature, preventing further degradation.

The ever-increasing presence of the genetic and
evolutionary algorithms in the materials domain, as ela-
borated in some recent overviews [44, 51], suggests that
this constitutes a step in the right direction. Despite their

enormous practical importance, reported GAs applica-
tions in this area are few and far between despite some
renewed interest in the recent times [7–9, 52], although
computational studies on the superalloys are being quite
vigorously pursued [53]. The present work significantly
enhances the scope of what has been achieved earlier
[8, 9, 52] by attempting a coupling of evolutionary
meta-models of controlled complexity with judiciously
designed limited experimentation, and successfully using
them in a predictive mode to arrive at hitherto unknown
alloys with simultaneously enhanced multiple physical
and mechanical properties.

Pareto-optimized predictions from conceptually dif-
ferent data-driven approaches prove the efficacy of use
of computational tools in alloy design. Obtained results
dominated most of the experimentally confirmed predic-
tions obtained from IOSO and a few results were in the
vicinity of the results obtained from IOSO. This suggests
that the new alloys can have improved properties. The
thermodynamic analysis of the critical phases and their
stability over a range of temperatures that was
performed here will be helpful to experimentalists when
designing the heat treatment protocol for these alloys.

Further classification in terms of other properties such
as creep, oxidation, corrosion resistance, specific weight,
and cost of raw materials will help users in determining
the most suitable alloys for a specific application. The
various correlations obtained in this work can be further
coupled with the theoretical knowledge, the experi-
mental knowhow, and its limitations to determine new
bounds for concentrations of various alloying elements
that will offer further improvements of macroscopic
properties of such alloys.
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