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Abstract

A breakthrough in alloy design often requires cosh@nsive understanding in complex multi-
component/multi-phase systems to generate novedriabhypotheses. We introduce a modern
data analytics workflow that leverages high-quaditperimental data augmented with advanced
features obtained from high-fidelity models. Hereime use an example of a consistently-
measured creep dataset of developmental high-tetuperalloy combined with scientific alloy
features populated from a high-throughput companati thermodynamic approach. Extensive
correlation analyses provide ranking insights foosmimpactful alloy features for creep
resistance, evaluated from a large set of candidatares suggested by domain experts. We also
show that we can accurately train machine learmgels by integrating high-ranking features
obtained from correlation analyses. The demonstratpproach can be extended beyond
incorporating thermodynamic features, with inpanfrdomain experts used to compile lists of

features from other alloy physics, such as diffasimetics and microstructure evolution.
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1. Introduction

The design of advanced alloys for high-temperatapplications requires comprehensive
understanding in multi-component (e.g., Fe, Ni, /@n, Si, Al, Co, Mo, Nb, Ti, V, W, B, C, N,
etc.), multi-phase (e.g., austenite, ferrite, imetallics, carbides, nitrides, etc) and multi-phgsi
(e.g., thermodynamic, kinetics, and mechanics) @ & concurrent consideration of multiple
descriptors at different length scales (i.e., atonmano-, micro-, meso- and macroscale).
However, it is daunting, cost-prohibitive and tim@asuming to promote such complex
understanding solely from a series of experimantastigation as the search space is extremely
high-dimensional. Hence, the high-temperature atlegign community has been constantly
developing theoretical capabilities to accurateld aapidly predict alloy properties to narrow

down the search space.

Models used to predict materials properties camologhly categorized into physics-based
and analytical models. Physics-based models (demsity functional theory and phase-field
simulations) can promote understanding at givegtltescales (i.e., atomistic and microstructure).
With the recent remarkable progress in supercomguthe speed and scale of simulations of
physics-based models have been greatly enhan@d Hibwever, they are often limited to low-
order model systems due to the finite computing grogven with modern resources or lack of
input parameters to represent realistic higherfoslestems. Although these physics-based
models can greatly facilitate understanding of ulytteg mechanisms, they are not yet mature

enough to suggest prototypical chemistry of compielti-component/multi-phase alloys.

On the other hand, analytical surrogate modeldatter suited for alloy design as they can
better handle multi-component systems with mucls lesmputing power [3-7]. There are a

number of legacy (mainly based on neural netwofRBs}10] and recent efforts (based on

Submitted to Acta Materialia 4



machine learning) [11-14] to apply data analytiggoraaches for developing predictive
capabilities toward multi-component/multi-phasewltiesign. These approaches usually require
a large volume of experimental data to ensure idheliy of trained models. In this regard,

accumulated alloy property data over decades cwnpally be leveraged.

However, these analytics-based approaches are lbuil the assumption that the
microstructures/chemistries and the underlying raedms that control alloy properties remain
the same, thus it is risky to extrapolate outsiderange of the data which trained the algorithm.
Further, determining the level of confidence inadebmpatibility can be a significant challenge,
particularly when data for a specific type of allae obtained from multiple sources, often with
lack of adequate specificity in alloy compositionicrostructure and processing history, as well
as potential variations in approach, consistencg aocuracy in measuring and reporting
properties data. In addition, previous effortséhaged only simple and superficial descriptors
(e.g., nominal bulk alloy elemental compositionghwimited to no alloy processing condition
history descriptors) as input features. These snfighture-based data analytics approaches add
value, however, they are primarily constrainedrty ancremental improvements in alloy design.
Thus, it is necessary to develop advanced datattasabpproaches that more systematically
incorporate physically/chemically meaningful sciBatfeatures to facilitate potential alloy

hypotheses generation in the training of surrogaidels.

Herein, we demonstrate a theoretical workflow thambines consistently-obtained
experimental data and high-throughput interrogatbbmulti-component/multi-phase materials
models to populate scientific features within tlumtext of modern data analytics. We use an
example of creep properties of a developmentah-tegperature class of Fe-base, alumina-

forming austenitic (AFA) stainless-steel alloys sistently measured over the past decade [15—
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21]. Analyzed (not nominal) bulk alloy elementalngmositions and heat treatment/creep
evaluation temperatures of AFA alloys have beerd wse input for calculating alloy features
with a computational thermodynamic approach tha¢ atosely related to underlying
strengthening mechanisms. We then perform extermuelation analyses to identify features
that significantly influence creep behavior of AF#Mlloys. We scrutinize the rankings of
simple/superficial and synthetic/scientific featurebtained from correlation analyses on the
training performance of various machine learninglate. Finally, we discuss the importance of
input from domain experts (high-temperature all@gigners in this example) to identify key
feature types to be included in the correlationlymis and machine learning. We also
demonstrate interrogating the developed surrogaideta to recognize the most significant
trends and achieve new insights to permit moredrapid cost-effective development of alloys
with improved capabilities. The proven approachehesin also be extended to other types of
scientific features, for example diffusion kineti@d coarsening related behaviors which are

also well established to play an important rolerieep resistance.

2. Experimental Data and Computational Methods

2.1. Experimental Alloy Data
Creep-resistant, AFA stainless-steel alloys areew, developmental class of Fe-base heat-
resistant structural alloys, initially targeted fe in the ~500-900°C temperature range [15-21].
They possess a combination of superior oxidati@mstance through protective alumina-scale
formation rather than conventionally used chrone@es, and high creep strength via controlled

second-phase precipitation strengthening at eldvatmperatures. Development of AFA alloys
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was pursued in the past decade [16-18,22] withnérali target for use in heat-exchanger
components in energy conversion and combustiorsyapplications [19]. The design strategy
of AFA alloys was based on (1) properly balanceditazhs of Fe, Cr, Al and Ni to maintain a
single austenite-phase matrix for high temperatoeep strength; (2) balance of Al, Cr, Ni, and
Nb additions to yield protective alumina-scalenfation; (3) use of minor alloying additions
(such as Mn, Si, Nb, Mo, W, Ti, Zr, Hf, Y, Cu, QqydaB) to improve stability of the austenite-
phase matrix, increase the effect of solution hardg maximize strengthening second-phases
(carbides, intermetallic-phases), while also mizimg any negative impacts on formation of the

protective alumina scale [16,18,20].

AFA alloys have been designed to use MC,3@4, Laves and/or L1 strengthening
precipitates in an austenite single-phase matriser@e past decade more than 100 lab-scale
arc-cast (0.1 to 0.5 kg) and pilot scale industvetuum cast (15 kg, with several compositions
at 200 kg and 4000 kg) AFA alloys were manufactuaed evaluated for creep (and oxidation)
resistance, with nominal composition range of F2{2)Ni-(12-20)Cr-(0-5)Al-(0-3.3)Nb-(0-
1)Ti-(0-1)V-(0-2)Mo-(0-2) W-(0-1)Si-(0-12)Mn-(0-3)G(0-0.5)Zr-(0-0.2) Y-(0-0.2)C-(0-0.1)B,
in wt% [15-21]. Bulk alloy compositions were anayzby a combination of inductively-
coupled plasma (ICP), inert gas fusion analysis @mbustion techniques. The analyzed alloy
compositions were used in the computational thegymanhic calculations used to populate
scientific features into the AFA dataset. Figureepresents typical microstructures of AFA
alloys after aging (Figure 1a) or creep-rupturéings(Figure 1b) at 750°C [20] which consist of
multiple second-phase particles including nanoesdatermetallic compounds and carbides
formed on the grain boundary and inside the FC@ak#ix. They are key factors to improve the

creep performance of AFA alloys, and their indiatlphase compositions, volume fractions,
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and degree of supersaturation from solutionizinghddion to precipitation at service

temperatures are considered to be the importaentsiic features in the current study.

Quantified microstructural information such asesgthening phase size, distribution, and
preferential locations, both at grain boundaried amra grain regions, were not consistently
available across the developmental AFA alloy expental dataset to include as scientific
feature inputs. Such information is clearly dedeafor understanding and predicting creep
behavior, but are not experimentally available ianyn alloy datasets. Theoretical prediction of
high-quality, quantified microstructural evolutias also not yet readily available, especially in
developmental alloy composition ranges. The higbttghput thermodynamic phase equilibria
calculations used in the present work (as describetttail in the following section), including
aspects of supersaturation (which may influenceipitate size, for example), are a good first
step beyond simple features, which can only intlydxe linked to alloy properties such as creep

behavior.

[Figure 1 about here]

The AFA alloys were hot/cold worked to sheet/plateduct using similar processing parameters,
with creep (and oxidation) evaluation usually cactdd in the as-solution treated condition,
typically 1200°C, although ranging from 1100-125@f€pending on specific alloy melting point
and strengthening design strategy. AFA alloy crtespresults that utilized cold work to enhance
strengthening precipitate formation [15,16,20,21drev specifically excluded from the AFA

dataset used for data analytics (see Figure 2epCrest sample configurations included both

Submitted to Acta Materialia 8



sub-sized and standard sized configurations acograi ASTM E8. Although foil form AFA
creep tests were also conducted, that data wasidectlfrom the AFA dataset, as foils often

exhibited deviation from sheet/plate form creepavédr due to their more extensive processing.

High-load, short duration creep test conditionsengpically used to permit rapid feedback
to the AFA alloy design effort: usually 650°C/2508P700°C/170MPa, 750°C/100MPa,
800°C/80MPa, although select additional conditi@se also occasionally used (see Figure 2).
Creep rupture lifetimes were in the range of ~2@a00 h, with most falling in the ~100-1500 h

range. We use Larson-Miller Parameters (LMP) taasgnt the creep behavior of AFA alloys:

LMP = (T [°C]+273)x(C+ logdpure[h]), C=20 (1)

It is important to note that all alloys were nosteel for all conditions. Creep testing was
pragmatically dictated by alloy performance, and tieed for rapid feedback for alloy design
efforts. Property datasets have typically not bereated with the use of data analytics in mind,
and complete history and knowledge of the souropeaty data is critical to achieving a high-
guality, consistent dataset for analysis. Thedistlements, temperature, stress and phases of the
AFA alloys’ experimental creep dataset and computat thermodynamic calculation are

summarized in Table 1.

[Table 1 about here]

[Figure 2 about here]
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2.2. Synthetic/scientific alloy features via high-thrdwpgit computational thermodynamics

We wish to go beyond previously attempted cornetatoulk alloy composition and creep test
features (stress and temperature) with LMP of AHAya within the context of data analytics.
For example, individual compositions of Nb and (diaidns for a given AFA alloy can
potentially be associated with corresponding LMRi@a from the creep test in alloys primarily
utilizing NbC strengthening precipitates. Howevbulk alloy composition does not directly
control creep, rather analyzed bulk alloy composii can be used to predict phase equilibria
and, to some degree, microstructure, which morectlir control creep behavior. The more
relevant features rather than simple elemental ballky compositions would be the
phase/volume fraction and distribution of the ppaates at pertinent temperatures, grain/particle
size, location of grain boundary. It is possible dgperimentally determine such critical
microstructure-related features that are highlgvaht to mechanical properties of alloys, but it
is cost-prohibitive and time-consuming to colleatls information of every sample. Hence, we
have used a computational thermodynamics appro28h if a high-throughput manner to
rapidly generate a subset of key phase equilibr@dstructural alloy features, which could
potentially be better correlated with experimentatieasured creep data, represented as LMPs.
We have used the state-of-the-art TCFE9 databasepésmented in the Thermo-Calc software
package to compute relevant alloy features fromlyaed alloy compositions. Populated

synthetic alloy features are summarized in Table 2.

[Table 2 about here]
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The scientific alloy features for calculation weselected in consultation with the AFA alloy
design experts. The AFA alloys were originally desd primarily based on bulk alloy
composition trends associated with%, MC, Laves, and Listrengthening phases, with an
emphasis on phase/volume fractions at the intendedcreep test temperature, and degree of
supersaturation from solutionizing temperature $e temperature. These phases, as well as all
other phases either identified in alloy charactditn efforts or predicted using the TCFE9
database were included (e.g. FCC matrix, B2, sigmetal borides, etc. See Table 1). In
addition to superficial bulk alloy composition @t%), solutionizing temperature (T1), creep test
temperature (T2), dT (solutionizing minus creept tésmperature), features related to
phase/volume fraction of every predicted phaselaaid T2, the degree of supersaturation from
T1 to T2 for every phase, activity and composit{at?o) of every element in every phase were
also calculated. Two additional ‘engineered’ feasufor Nb:C ratio (at %) and phase fraction
times element concentration for every phase at badtand T2 were also provided (see Table 2).
Obviously, inclusion of these hundreds of advanieadures is beyond the capability of human
consideration without the aid of advanced dataydical However, even the present approach is
limited by the fact that a detailed microstructwhhracterization comparison between predicted
and actual phase features, fractions, and compositivas not feasible within this study. The
AFA alloys are a challenge for commercial thermawit databases to predict accurately as
they fall near the interface between Fe- and Nseballoys and have phases such as B2 apd L1
in conjunctions with metal carbides and borideg #ra not typically encountered in stainless
steels due to their relatively high Al content (8054 wt.%). That said, the observed trends from
TCFE9 database in general were usually qualitativetasonable with the available

characterization findings for selected alloys cartdd in previous work.
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2.3.Correlation analysis between considered featurdA&A LMPs

The AFA dataset used in the current work is highethsional: 82,502 data points consist of 466
input features/1 target property (LMP) and 166 \alinostances. We analyzed the correlation
between the features and experimentally measure®sLbf AFA alloys with two different
methods: conventional Pearson’s correlation caefitc (PCC) and advanced maximal
information coefficient (MIC) [24]. While the Pears correlation analysis only seeks for linear-
relationships between input features and targetpetes, MIC can identify non-linear
relationships of high-dimensional large datasel.[P&arson analysis can have negative values
when the correlation is inverse. Hence, the squaakeks of Pearson correlation analysis (BCC
have been used to compare the scores obtainedtfi@mllC analysis for the comparison. The
significance of correlation analysis is two-fold) (select features to be included in the training
of machine learning models, and (2) generate dligyotheses to reveal underlying mechanisms

and to guide developing future strategies for imptballoy design.

Selecting features for the training of machinerresy models is a multi-variant
regression/optimization problem, and thus it isical to have a numerical/statistical basis. Both
Pearson and MIC approaches can provide rankingsdl@s quantitative analysis to determine a
threshold score for feature selection. The othdrranre critical aspect of correlation analysis is
the validation/generation of materials hypothes&s].[If highly-ranked features are already
known and generally accepted, then correlationyaiglcan confirm the already established
mechanisms. On the other hand, if overlooked/hiddestures are highly ranked over
conventionally anticipated features, then theseddmd correlations can potentially enable

generation of new materials hypotheses. It shoel@fphasized here that correlation analysis
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approaches do not heuristically suggest new festtinat are anticipated to be better than
existing ones, but only rank the provided featuet. $lence, it is critically important to
incorporate input from materials domain expertedmpile an initial advanced feature list and
then iteratively improve it based on the correlatmalysis results. Herein, we have started with
the initial alloy thermodynamic features that al@sely related to microstructure of AFA alloys,
but the approach shown here can be expanded tonatodate feature group from other alloy

physics, such as diffusion kinetics and microstriceevolution.

2.4. Training of machine learning models

We have used five different representative macl@aming models in the present study: random
forest (RF), linear regression (LR), nearest nesghNN), kernel ridge (KR), Bayesian ridge
(BR) as implemented in the Python-based open salatz analytics toolkitscikit-learn [26].
The individual models are explained in detail elsere [1]. The present work intends to
demonstrate a workflow that integrates highly ral@vsynthetic/scientific data with rigorously
consistent, high-quality experimental data withie tontext of data analytics. Hence, we report
the performance of different machine learning meded a function of the number of features
used in training instead of reporting optimum numtifefeatures for a specific machine learning
model. We have used default values for hyperpaemsetf each machine learning model and
the k-fold cross validation schem&=5). We trained each machine learning model atgtten
number of features 10 times to get an averagedracgurepresented as Pearson correlation

coefficient (PCC).
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3. Resultsand Discussion
3.1.Correlation analysis

3.1.1. Smple/superficial features: compositions only

We first analyzed the correlation between simplegsficial features of AFA alloys, i.e., bulk
alloy analyzed elemental compositions (at%), crsepss and LMPs with Pearson and MIC
methods. In addition, we included an engineeredufea the at% elemental ratio between
compositions of Nb and C (denoted as NB_C). Thigirezered Nb_C feature was selected
because the longest creep-rupture lives of a seldiget of AFA alloys at 750°C 100 and 170
MPa testing was observed in alloys with near stordletric amounts of Nb and C additions
(0.6~1.0 and 0.1 wt%, respectively) [20]. The raugki and scores of features from Pearson and

MIC analyses are summarized in Figure 3 and Table 3

[Figure 3 about here]

[Table 3 about here]

As shown in Figure 3 and Table 3, both PearsonNitl analyses respectively identify stress
and T2 as the strongest feature that affects LMRFA alloys in the given alloy compositions
and vice versa for the second strongest. Thisrignds promising from a data analytics viewpoint:
both stress and T2 are obviously key factors iem&hing creep rupture life, and the correlation
analysis correctly identified this. Further, in tese of the Pearson analysis, stress was shown to
be a strong negative factor in LMP. As such, thereome reassurance that other descriptors
with high ranking correlations may provide reliabigights into alloy-LMP relationships.
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The five highly ranked features from Pearson an& Mhalyses are identical (stress, T2, dT,
XMN, and xCU). The low Ni (8 to 12% range) AFA aliin the dataset used high levels of both
Mn and Cu to help stabilize FCC (which Ni usualbed) and for Cu strengthen effect in an alloy
that would otherwise be expected to be weakeraadue to lower Ni content than many of the
other AFA alloys, which were 20, 25, or 32% Ni. Bea correlation identified a negative
dependence of both Cu and Mn to LMP, and this cbeldttributed to the “inhomogeneity” of
the dataset. The high Cu addition was applied &i-LN series (low Ni, high Mn containing
AFA alloys) which showed lower LMP than many othFA alloys in the dataset. The Cu
addition is known to promote the creep resistartt®ugh nano-scale, coherent FCC-Cu
precipitation in austenite matrix [27,28], whichshaeen applied only for supplemental purpose.
Since the majority of AFA alloys (with relativelygh LMP) did not apply the Cu addition, the
Pearson correlation might have “correctly” captutteel inhomogeneity of dataset, not the nature
of the Cu effect on creep performance. This logiayrmalso be applied for the negative

dependence of Mn to LMP.

However, there is a discrepancy between the tweelation analysis methods after top 5. For
example, MIC ranked xNB ad"@17" in Pearson), but Pearson ranked xNI 816" in MIC).

It should be noted here that the purpose of comgawo different correlation analysis methods
is not to identify a superior approach over theeotlCorrelation analysis is a topic of its own
where its objective is to study the statisticalatienship strength between two continuous
variables, in this case, a superficial feature laMdP. There are a number of correlation analysis
techniques such as rank correlation coefficient],[2fistance correlation coefficient [30],
randomized dependence coefficient [31], polychoarrelation coefficient [32], etc. Correlation

analysis techniques can be considered as a cateféegature selection approaches, which aim
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to select a subset of relevant/useful featuresuB® in machine learning models. There are
feature selection approaches such as mutual infmm#33], relief algorithms [34,35], and
stepwise regression [36] that share the similarl gdaour approach in this section. Each

technique captures different statistical relatigpsh

Rather, we wish to demonstrate that the resultdiféérent correlation analyses, PCC and
MIC, can be further analyzed to inspire domain etgoor generating alloy hypotheses. Along
this line, both elemental compositions of Nb andatiked & in Pearson and MIC, respectively,
can be associated with experimentally suggestezhgitnening mechanisms of AFA alloys
[20,21]: Nb favors the formation of NbC and,Ré, and Ni stabilizes austenite Fe matrix, B2-
NiAl, and L1,-NisAl, respectively. However, individual elemental qoositions can only
indirectly explain the underlying strengthening imeaisms of AFA alloys and does not provide
a basis for a more fundamental insight into whyytimepact LMP. As such, they are of limited
utility, and extensions to prediction of new allogmpositions as well without the feature(s) can
be used to generate hypotheses. The engineered fdatute was not highly correlated, likely in
part because this feature peaks for LMP benefit aesdoichiometric Nb:C ratio related to NbC

strengthening precipitates, and then declines.

We want to argue that individually analyzing elemaéiulk composition to gain insight into
creep is not the best approach. The problem is dhat cannot handle the high-dimensional
complexities of interactions and levels of otheloyl additions, especially in a realistic
engineering alloy dataset. Mn, for example, shagwsn multiple phases (e.g., sigmapi)
and its impact depends on levels of the other mohditfor whether it results in an excess sigma
or in other phases. It is really an example of Howted the insight possible is by simple

elements only; it does not provide a basis forrgtfie understanding or reflect the complexity of
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the alloys or provide experimentally actionableadifons. Therefore, it is critical to incorporate
advanced scientific features that can more direb#y associated with target behavior and
properties. In this case, calculated phase stakiliof key precipitates, represented as
volume/phase fractions and individual phase elealembmpositions/activities at given

temperatures, for example, may be more closelyetaigd with alloy creep properties than

simple bulk alloy compositions.

3.1.2. Advanced synthetic/scientific features
We next analyzed the relationship between advamsmdntific features populated from
equilibrium thermodynamic calculations of AFA alynd LMP. We have considered these
calculated features in addition to simple/supeafi¢eatures discussed in the previous section.
The total number of features, both simple and s$ifienis 466. The correlation analysis results
of the top 30 features from Pearson and MIC arensamzed in Figure 4 and Table 4. The
interpretation of correlation analyses results lsarhighly sensitive to the threshold ranking. We
chose to closely investigate top 30 features. Tdmptete list of rankings for all features from

both Pearson and MIC analyses are provided inutpplementary information.

[Figure 4 about here]

[Table 4 about here]

It was encouraging that both analysis methods aga@ognized stress and T2 as the top-ranking

features among considered ones. Beyond two topethskess and T2, Pearson and MIC ranked
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a somewhat similar group of features in the topQ@erall, MIC assigns high rankings to NbC,
NiAl, FCC, M2B phases-related features, while Paarkighly ranks FCC, NbC, sigma, and
M2B phase-related features. Both analyses also degleer scores to calculated features
computed at the creep testing temperature (T2)eratan the solutionizing heat treatment
temperature (T1). Intriguingly, although the origirAFA alloy design strategy was based on
maximizing phase fractions and degree of supeta@uar from T1 to T2 of key strengthening
phases, NbC, MCs, and in selected alloys bklthe highest-ranking features in both Pearson and
MIC were dominated by individual phase elementahposition and activity features. This
finding suggests more consideration of strengthgepimase composition/activity design aspects
in future AFA alloy development efforts, as well r@visiting select AFA alloys to focus more
experimental characterization effort on measurenoérmghase compositions per highly ranked
Pearson and MIC features. It is speculated trehtph rankings of these type of features may
be secondary measures of kinetic factors relatembémsening behavior, suggesting future data
analytics in this dataset be populated with as madiffusion kinetics and microstructure

morphological features as feasible.

3.2. Training of machine learning models
Based on the rankings of features obtained from Mid Pearson correlation analyses, we
performed two rounds of machine learning trainingish and without calculated scientific alloy
features populated from high-throughput computaiidhermodynamics. Instead of optimizing
the number of features for five respective macheaening models, we wish to investigate the
performance of each model by varying the numbeeatures used within. The training results

of five machine learning models with and withoutvailced scientific features with different

Submitted to Acta Materialia 18



number of features based on the respective rankirmpg MIC and Pearson analyses are

presented in Figures 5 and 6, respectively.

[Figure 5 about here]

Figure 5 shows that the overall accuracy of allrttechine learning models, except kernel ridge,
is above 90%. In contrast to anticipated outcorti@s, was true even with simple/superficial
features. The highest accuracy was obtained witdam forest using the top 10 features from
MIC. An increase and decrease of machine learniegracy can be interpreted with respect to
noise and key features. For example, excludingipalg meaningful key features should yield
a decrease in the accuracy of machine learning Im8arilarly, rejecting noise (i.e., physically

non-relevant features) is anticipated to increagbe accuracy of surrogate models.

It is remarkable that relatively high accuracydad 90%) was demonstrated in the training
of machine learning models with only simple/supeali features, i.e., bulk alloy elemental
compositions, and stress (see Table 3 for indiliteatures and their ranking from Pearson and
MIC). We believe that consistency in the experimemAFA data, i.e., all AFA alloys
manufactured and hot/cold worked in a similar maramel tested as-solutionized, contributed to
the high accuracy of machine learning models witfals error bars. However, even with such
high accuracy in predicting LMPs only with bulk @il chemistry and stress as an input, this
approach incorporating only simple/superficial twas in training machine learning models
cannot provide insight for understanding the unaiegl creep behavior and generating new alloy

design approaches to improve the alloys. Henckoadth this approach can be used to predict
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creep properties of AFA alloys within the compasitirange of individual bulk alloying
elements, interrogation of developed surrogate madearning models will rely on exhaustive

numerical enumeration of hypothetical AFA alloys.

Next, we trained machine learning models with thé calculated scientific features
populated from the high-throughput computationarttodynamics calculations. Similarly, we
varied the number of features based on the MIC Redrson analyses for training of each
machine learning model. Accuracy (represented &8)RE five machine learning models with
respect to the number of top-ranking features aesgmted in Figure 6 Tranining results of
machine learning models with synthetic/scientifeatiires populated from high-throughput
computational thermodynamic approach: (a) accuraegresented as PCC of five different
machine learning models (RF: random forest, LRedimregression, NN: nearest neighbor, KR:
kernel ridge regression, BR: Bayesian ridge regrayas a function of number of top ranking
features, (b) actual vs predicted LMP with randares$t with top 50 features, (c) actual vs

predicted LMP with linear regression with top 3@eatures.

[Figure 6 about here]

Overall, random forest, neural network, and Bayesidge models exhibit high accuracy (~90%)
regardless of the number of features used withen tthining. These three models achieved
similar accuracy at any given number of featuresnfrMIC and Pearson analyses. On the

contrary, linear regression is highly sensitivéhl® number of features used in the training and it
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exhibits exactly the opposite trend: the accurdclyaoning gets better as the number of feature

decreases.

The accuracy of trained machine learning modett walculated scientific features are in
general similar to those trained only with simpletrficial features. Further improvement can
be made if hyperparameters within individual maehiearning models are further optimized.
However, such efforts may increase the accuradheprediction, without increasing scientific
knowledge to better understand underlying mechaniand providing insights for new AFA
alloy design. A more meaningful approach to imprdtie accuracy will be incorporating
features from factors beyond calculated thermodyngrhase equilibria that play an important
role affect creep, e.g., diffusion kinetics (atommcobility of individual elements) and
morphological microstructure information (such &esshape and distribution of precipitates,
etc). Such an attempt is anticipated to bring oppaties to consider features at different length
scale concurrently, and modern data analytics sgtve as an excellent wrapping planform to
realize high-level knowledge integration. Inputrfralomain experts again will play a critical to

efficiently create a feature strategy from diffdragpect of creep of high-temperature alloys.

4. Conclusion

We introduce a modern data analytics workflow thas potential to reduce the number of
prototype samples for experimental validation byelaging consistently measured high-quality
data and relevant large synthetic datasets of teelescientific features. We use an example of
the creep resistance represented as LMP of develmjainAFA alloys, of which data have been

collected over a decade and detailed metadatg émalyzed alloy composition and processing
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history) is available. We go beyond legacy datalytica approaches that only correlate
simple/superficial features (e.g., bulk alloy elenad compositions and processing temperature)
with alloy properties by augmenting raw data wittvanced scientific features populated from
high-fidelity materials models. We have interrogatestate-of-the-art computational
thermodynamic databases to compute microstructladed alloy features, such as
phase/volume fraction, chemistry, and degree oémgburation, in a high-throughput manner.
We then performed extensive correlation analyseslantify key features that affect LMP of
AFA alloys and confirmed that highly ranked featureoncur with generally accepted
strengthening mechanisms. Some additional insigbtgrding the potential importance of
individual phase chemistries not considered indhiginal AFA alloy design effort have been

also obtained.

Intriguingly, incorporating scientific featuresddnot greatly improve the accuracy in the
training of machine learning models to predict LMP it was already above 90% with only
simple/superficial features. We believe this outeocan be attributed to the consistently
measured high-quality experimental data with knametadata. Although the demonstrated data
analytics approach that combines correlation arsafysd machine learning may offer significant
opportunities to improve high-temperature alloyigesn the near future, it should be regarded
as an intermediate tool to facilitate new alloyigesnsights and approaches to guide prototype
alloy selection and experimental validation. Fipalle believe the current approach should be
expanded to accommodate additional important steféatures other than thermodynamics-
based ones, such as those related to diffusionti¢snecoarsening, and microstructure
morphology (e.g., precipitate size, shape, andibligton). Perhaps it will be possible to include

synthetic microstructures generated from phasd-Behulations in the foreseeable future. The
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role of domain experts again will be critical toeate a feature strategy that concurrently

considers the most relevant feature set at diffeaboy physics and length-scales.
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throughput computational thermodynamic approach A& of AFA alloys using MIC and
Pearson methods. Only top 30 features are showarséte feature ranking with a negative
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Table 1 List of considered elements with compositiange in wt%, temperature, stress and phasdseoAFA
experimental creep dataset and computational théynemic calculations.

Fe (Bal.), Ni (12-32), Cr (12-20), Al (0-5), Nb @3), Ti (0-1), V (O-
Elements 1), Mo (0-2), W (0-2), Si (0-1), Mn (0-12), Cu (0;Zr (0-0.5), Y(0O-
0.2), C (0-0.2), B (0-0.1)

T1 (solutionizing, °C) 1100, 1150, 1200, 1250
T2 (creep test, °C) 650, 700, 750, 800
Stress (MPa) 70, 100, 130, 170, 200, 250, 300
FCC Austenite (FCC matrix), NbC, k1
BCC (B2) (Fe,NiAl
Cl14 Laves Fg£Mo,Nb)
others M3Cs, M2B, M3By, MB5,, N:B2, NbNiz, Sigma

Phases
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Table 2 List of considered alloy features (i.en@lie/superficial and computed scientific) usedhia present work.

Features Descriptions
Simple/  Stress Creep stress
superficial Solutionizing, creep test

temperatures, temperature difference
between T1 and T2

NB_C' Ratio between Nb and C
x{Elements} Elemental composition (at %)
Synthetic/ {Temperature} NPV_{Phases} Phase fraction at T1 &ad
scientific  {Temperature} VPV_{Phases} Volume fraction at T1daR2
{Temperature} ACR_{Phases} {Elements} Activity ofemments in phases at T1
and T2

{Temperature} {Phases} X {Elements} = Composition of elements in phases

{Temperature} {Phases} CX_{Elements} atT1and T2
{Phase fraction} x {elemental
composition}

d{Phases} Degree of supersaturation
(difference in volume fraction of
each phase between T1 and T2)

"Not included in the analysis as it is embeddedNtPL
*Engineered features

Submitted to Acta Materialia 29



Table 3 Correlation analysis results between sifapfeerficial features (elemental compositions,sstréemperature
difference between heat treatment and operatiom tlaa ratio between Nb and C) and LMP of AFA allagsng
MIC and Pearson methods.

MIC MIC Pearson

Features strength PCC PCC Ranking Ranking
T2 0.775 0.871 0.871 1 2
Stress 0.735 0.898 -0.898 2 1
dT 0.570 0.682 -0.682 3 3
XMN 0.333 0.256 -0.256 4 4
xCU 0.320 0.252 -0.252 5 5
XNB 0.314 0.051 0.051 6 17
xY 0.296 0.056 0.056 7 16
xMO 0.293 0.080 0.080 8 13
Nb C 0.286 0.011 0.011 9 20
XZR 0.283 0.194 0.194 10 7
xC 0.275 0.069 -0.069 11 15
xB 0.253 0.008 0.008 12 21
xSl 0.246 0.081 0.081 13 12
xXW 0.241 0.076 0.076 14 14
XAL 0.233 0.090 0.090 15 11
XNI 0.229 0.219 0.219 16 6
XCR 0.216 0.019 -0.019 17 19
T1 0.209 0.023 -0.023 18 18
xV 0.204 0.160 -0.160 19 10
XFE 0.183 0.162 -0.162 20 9
XTI 0.182 0.185 0.185 21 8
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Table 4 Correlation analysis results between syiutlseientific features populated from high-thropgh
computational thermodynamic approach and LMP of Adlldys using MIC and Pearson methods. Only top 30
features are shown. Pearson feature ranking wiggative impact on LMP is presented in parenthesis.

MIC Pearso Pearso MIC

Features . . Features ) .
Ranking Ranking Ranking Ranking

T2 1 2 Stres D 2
Stres 2 1 T2 2 1
T2 NbC_ACR_Al 3 5 T2 FCC_ACR_AI 3 12
T2 NIAL_ACR B2 AL 4 86 daT 4 10
T2 NbC_ACR_S 5 124 T2 NbC_ACR_Al 5 3
T2 FCC_ACR_S 6 104 T2 SIGMA_X_ V (6) 121
T2 NIAL_ B2 X FE 7 157 T2 SIGMA_X W @) 12z
T2 NIAL_B2_X_NI 8 76 T2 SIGMA_X_FE (8 11¢
T2 NbC_X_ AL 9 9 T2 NbC_X_ AL 9 9
daT 10 4 T2 M2B_CB_X CF (20 32
T2 FCC_X_E 11 94 T2 M2B_CB_CX MC (11) 29
T2 FCC_ACR_AI 12 3 T2 M2B CB_X_E (12 31
T2 FCC_CX_I 13 92 T2 NbC _CX Al 13 14
T2 NbC_CX Al 14 13 T2 SIGMA_X _CF (14) 11¢
T2 NbC X N 15 3C T2 M2B _CB_X MC (15) 35
T2 NbC CX E 16 12C T2 NbC X MC 16 50
T2 NbC X E 17 12¢€ T2 M2B_CB_X FE ()] 33
T2 NIAL_ACR B2 FE 18 47 T2 NbC_CX_ MC 18 39
T2 NIAL B2 X CF 19 35¢ T2 M3B2_D5A X N 19 72
T2 M2B_CB_ X N 20 20¢€ T2 _SIGMA_X_ AL (20 114
T2 FCC_ACR_M( 21 61 T2 _SIGMA_X_MC (22) 117
T2 NbC_ACR_M( 22 62 T2 LAVES C14 X Al 22 23
T2 LAVES C14 X Al 23 22 T2 VPV_M2B CE (23) 37
dm2B_CE 24 32 T2 M2B_CB_CX_CF (24) 26
T2 M2B_CB_CX_E 25 25 T2 M2B_CB_CX_E (25) 25
T2 M2B_CB_CX _C¥F 26 24 T2 NP_M2B _Ct (26) 36
T2 M2B_CB_CX_FlI 27 31 T2 LAVES C14 ACR_AI 27 51
T2 M2B_CB_CX_ MM 28 79 T2 NbC CX_N 28 44
T2 M2B_CB_CX_MC 29 11 T2 _SIGMA_X_MN (29 99
T2 M2B CB CX N 30 213 T2 NbC X N 30 15
Submitted to Acta Materialia 31



List of Figures

Figure 1 Typical microstructure in AFA alloys; (8M backscattered electron images of Fe-
12Cr-4Al-20Ni base AFA alloy after aging at 750°@ £,000h, and (b) TEM bright field image
of Fe-14Cr-2.5Al-20Ni base AFA alloy after creeptieg of at 750°C and 100 MPa for 2,000 h
[20]. Other AFA alloy variations use M23C6 p¥rNi3Al strengthening precipitates.

Figure 2 Experimentally measured Larson-Miller iReeter (LMP) of AFA alloys plotted with
respect to creep stress (open circles) and the thrag¢shave been used in the present study
(closed circles). Data from the cold-worked samplage been excluded as they have different
strengthening phase precipitation behaviors. Ratloely data involving as-solutionized
microstructures were used for data analytics.

Figure 3 Correlation analysis between superficggtdires and LMP of AFA alloys from (a)
Pearson correlation represented as PCC, and (i) MtC. The MIC result has been compared
with PCC2.

Figure 4 Correlation analysis between all the allégatures (simple/superficial and
microstructure-related synthetic/scientific featugenerated from high-throughput Thermo-Calc
computation) and LMP of AFA alloys from (a) Pearsmmrelation represented as PCC, and (b)
from MIC. The MIC result has been compared with RCTop 15 and bottom 15 ranking
features out of 466 features are shown in (a),ceagltop 30 ranking features from MIC analysis
and correpsonding features from Pearson correlatiatysis are shown in (b), respectively.

Figure 5 Training results of machine learning medeith simple/superficial features, i.e.,

elemental compositions, stress, solutionizing teatpee, and the ratio between Nb and C: (a)
accuracy, represented as PCC of five different madearning models (RF: random forest, LR:
linear regression, NN: nearest neighbor, KR: kemeétje regression, BR: Bayesian ridge
regression) as a function of number of top ranKeegures, (b) actual vs predicted LMP with

random forest with top 5 features, (c) actual \edpted LMP with kernel ridge regression with

top 15 features.

Figure 6 Tranining results of machine learning medwith synthetic/scientific features
populated from high-throughput computational thedgr@mic approach: (a) accuracy,
represented as PCC of five different machine legrmhodels (RF: random forest, LR: linear
regression, NN: nearest neighbor, KR: kernel ridggession, BR: Bayesian ridge regression) as
a function of number of top ranking features, (bbual vs predicted LMP with random forest
with top 50 features, (c) actual vs predicted LMiEhvinear regression with top 300 features.
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Figure 1 Typical microstructure in AFA alloys; (8EM backscattered electron images of Fe-12Cr-4Ali2fase
AFA alloy after aging at 750°C for 2,000h, and T®M bright field image of Fe-14Cr-2.5A1-20Ni basd-A alloy
after creep testing of at 750°C and 100 MPa fof@,0 [20]. Other AFA alloy variations use,¥s or y'-NizAl

strengthening precipitates.
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Figure 2 Experimentally measured Larson-Miller Peeter (LMP) of AFA alloys plotted with respect toeep
stress (open circles) and the ones that have bseth in the present study (closed circles). Datenftbe cold-
worked samples have been excluded as they hardiiffstrengthening phase precipitation behavitasher, only
data involving as-solutionized microstructures were used for data analytics.
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Figure 3 Correlation analysis between superfi@atdres and LMP of AFA alloys from (a) Pearson&ation
represented as PCC, and (b) from MIC. The MIC tdsas been compared with PEC

Submitted to Acta Materialia



Pearson

g o4 -0 001 Buww
A R R EE R
s oof 4 HHHEEREREHR

&

[

()

o

s 6

A DN
[ s s |

| | |

MO O DDA D D RRRO MEOR VO NN KL o
T N A A S O N OH AT G €0 8
¥ Y6 08, R R0 SESRG T2 9@&»@%‘%@@/0290 R
S 0 20 PP FN 00 2, AR T 2P0
QU2 S G ka0 R o0 S B & Vo, A0 DY 9o S

* > ROMSAZZN D PAZIR P
&@/&q’/ N ,\Q/&

(b)** Poerson e

MIC Strength/PCC?

(PAE EEEEREEREEEREEEEEEEEEEEEEEEE S

0.0
DD A XMWY D VLR D OL WP RSO D
) 7 e R9S 09 e o

(@) QA To0R)
/ Of G IR
S TY AL (TGS IR NG 0 2 0 R
& WO %/OOQéO ) Q,/V\/Q?C)/O// Q)/O [SX(ege)
R g S R NG e &@@‘3’&?&@3’/
/«%@Z‘ﬁy«v

29,7 N
PNZ é\‘?‘ <V &(Kq, P « \‘?,{Q, NS & <& {7/
U Qs A

Figure 4 Correlation analysis between all the all@atures (simple/superficial and microstructuletesl
synthetic/scientific features generated from higlotighput Thermo-Calc computation) and LMP of AFRfoys
from (a) Pearson correlation represented as PQLC(@rfrom MIC. The MIC result has been comparethwCC.
Top 15 and bottom 15 ranking features out of 4@fuiees are shown in (a), and only top 30 rankirduiees from
MIC analysis and correpsonding features from Peacsorelation analysis are shown in (b), respebtive
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Figure 5 Training results of machine learning medeith simple/superficial features, i.e., elemewt@ipositions,
stress, solutionizing temperature, and the rattawden Nb and C: (a) accuracy, represented as P@@eddifferent
machine learning models (RF: random forest, LRedinregression, NN: nearest neighbor, KR: kerndgeri
regression, BR: Bayesian ridge regression) as etitmof number of top ranking features, (b) actuslpredicted

LMP with random forest with top 5 features, (c)umdtvs predicted LMP with kernel ridge regressiathvwop 15
features.
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Figure 6 Tranining results of machine learning medeith synthetic/scientific features populatednfrdigh-
throughput computational thermodynamic approach:atxuracy, represented as PCC of five differenthime
learning models (RF: random forest, LR: linear esgion, NN: nearest neighbor, KR: kernel ridgeesgion, BR:
Bayesian ridge regression) as a function of nurob&wp ranking features, (b) actual vs predictedR_With random
forest with top 50 features, (c) actual vs predidt®P with linear regression with top 300 features.
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