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Data science techniques were used to quantify the eﬀect of alloying additions on the tensile behavior of martensitic steels. The eﬀort was undertaken to exploit the heritage data to establish the next experimental design
space for the class of 9–12 wt% Cr steels for the application of turbine rotors with an operating temperature of
650 ∘C and above. Linear, lasso, and multivariate multiple regression models were utilized to identify which
alloying elements contribute towards strength and ductility. Visualization techniques such as t-distributed stochastic neighbor embedding and pair-wire element speciﬁc comparisons were utilized to explore information
gaps that exist within the data. The study found that tantalum, recently added to improve the creep rupture
lifetime, does not show any eﬀect on tensile properties. All combined, the results suggest that the low tempering
temperature has compensated for the low alloying additions in the past, therefore, new experiments are needed
to isolate the eﬀects of tempering temperature from those of individual elements.

1. Introduction
Energy initiatives to lower carbon dioxide (CO2) emissions are
pushing the adoption of advanced ultra-supercritical (A-USC) power
plants with increased steam temperature [1]. The increase in temperature requires development of new martensitic steel alloys, in the
9–12 wt% Cr class, for various applications such as turbine and boiler
components for target temperatures ≥ 650 ∘C. These applications demand alloys with suﬃcient creep rupture strength and/or fracture
toughness with adequate tensile strength and ductility to avoid crack
formation and sustain a lifetime of 105 h at 100 MPa or above. Alloy
development programs in last decades in Japan and United States have
relied heavily on intuitive trial-and-error approaches [2], and have
resulted in alloys that can achieve operating temperature of 630 ∘C for
turbine rotors and 610 ∘C for boilers. Additionally, these programs have
resulted in a curated database of alloy compositions and properties that
can be explored and exploited for future developments.
In this paper, a data-driven approach has been taken to identify the
eﬀect of alloying elements on the tensile behavior of martensitic steels
for the application of turbine rotors operating at 650 ∘C and above. As

∗

turbine components are relatively larger in size than boiler components
[3], the application demands greater tensile toughness. The aim is to
exploit the heritage data and guide the next phase of experiments by
gaining insights from previously completed experiments to eﬀectively
reduce the time and cost for materials discovery. While there are numerous studies for creep strengthening mechanisms of 9–12 wt% Cr
martensitic steels [4,5], high temperature tensile deformation mechanisms of 9–12 wt% Cr martensitic steels are not fully explored [6].
The 9–12 wt% Cr martensitic steels show temperature-dependent
tensile deformation mechanisms, with athermal dislocation motion at
low temperature and diﬀusion mediated dislocation motion at high
temperatures [7]. Recent studies by Wang et al. [6,8], have correlated
this transition with changes in the load partitioning among the three
phases: Fe-matrix, carbides (M = Cr, Mo, W, Fe) and carbonitrides
(M = V, Nb, Ta and X = C, N), with temperature. At temperatures
signiﬁcantly below the austenitic start temperature (∼ 0.65 Ac1 [9] (∼
450 ∘C) and below), load transfers from Fe-matrix to precipitates,
thereby strengthening the material. As deformation progresses, dislocation density increases resulting in strain hardening, followed by the
formation of dislocation walls and cells [8]. Void nucleation may result
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The t-distributed stochastic neighbor embedding maps the similarities between objects of N-dimensional space as a Gaussian distribution
and provides a 2-dimensional visual projection by converting the Ndimensional Gaussian distribution to a 2-dimensional t-distribution
[29]. The goal is to ﬁnd the mapping that minimizes the diﬀerences
between Gaussian distribution and 2-dimensional t-distribution over all
data points. The technique uses the Barnes-Hut approximation [31],
and models the probability distribution of neighbors around each data
point. For this work, the R language [32] (R) package developed by
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2.1. Visualization using t-SNE: Cluster labels
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Data used for the analysis comes from two sources: 1) National
Energy Technology Laboratory (NETL) – Albany, an agency of the
United States Government; and 2) MatNavi database provided by
National Institute for Materials Science (NIMS), Japan [20–28]. The
collected dataset contains a total of 869 tensile tests results at diﬀerent
test temperatures (ranging from room temperature to 800 ∘C) and
processing parameters such as composition and heat treatment. The
compositional space comprises 18 diﬀerent elements, with 79 unique
compositions. Using t-distributed stochastic neighbor embedding (or tSNE) cluster analysis [29] (subsection 3.1) and historical naming conventions [30], alloy sub-classes were assigned to group similar compositions (Table 1). The alloy speciﬁcations ensure a fully tempered
martensitic microstructure by balancing the austenite and ferrite stabilizers. The heat treatment process comprises a solution-annealing
treatment (or normalization), a quench to form martensite, followed by
a tempering treatment.

Cr

2. Methods

Sub-Class

Table 1
Composition and heat treatment ranges for the alloy sub-classes of the class of 9–12 wt% Cr martensitic steels used in the analysis. Main alloying additions are shown with units in wt%. Elements such as C, Si, Al, P, N, S,
and remaining Fe content are not included in the table. Heat treatment temperature ranges are presented as TPR for tempering temperature (∘C), and NML for normalization temperature (∘C). NA represents that some of
the observations within the sub-class do not contain the element.

from de-cohesion at the precipitate/matrix interface and/or by the
breaking of precipitates [10]. At high temperatures (∼ 0.65 Ac1 and
above), dislocations in the Fe-matrix can bypass precipitates by diﬀusion-assisted climbing resulting in limited load transfer from matrix to
precipitates. As deformation progresses, the dislocation mean free path
increases and dynamic recovery coeﬃcient decreases with the annihilation of free dislocations [11]. The nature of dislocation shifts from
mainly edge type at room temperature to mainly screw type at high
temperatures.
Toughness is a measure of the ability of a material to absorb energy
without fracture, and is a product of strength and ductility. Therefore,
both properties can be exploited to enable high tensile toughness.
However, often materials suﬀer from strength-ductility trade-oﬀ and
this behavior has been seen in martensitic steels [12]. For example, at
room temperature severe plastic deformation (SPD) accompanied by
post annealing increases strength by increasing the dislocation density
and reducing the eﬀective grain size, but reduces the work hardening
capability and thus the overall ductility [13,14]. Although, recent developments [15] show that inter-pass annealing during SPD techniques
can improve the work hardening capability. The ability to use SPD
techniques for complex geometries and large parts is limited, thus requiring alternate design approaches.
Several strategies that had been proposed to obtain a combination of
high strength and good ductility focuses on 1) increasing the number of
potential deformation mechanisms [16,17], or 2) adding a soft phase
such as metastable austenite grains embedded in a highly dislocated
martensite matrix, and inducing a TRIP eﬀect [18,19]. These strategies
are beyond the scope of this work as the analysis is limited by the data
collected and does not allow tailoring of strengthening mechanism.
Most of the literature that encompasses the class of 9–12 wt% Cr martensitic steels, focuses on strength while retaining ductility, as increases
in temperature with A-USC standards decreases strength rapidly while
increasing ductility. This gives us an opportunity to explore the given
data with a focus on strength while maintaining ductility to evaluate
the possible solutions for next phase of experiments.
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The R qtlmt package [47] (function mStep) performs the exhaustive
search using AIC [48] values. These models allow the comparison of
contributors across diﬀerent response variables, and are useful where
responses are dependent (i.e., strength-ductility trade-oﬀ).

Jesse H. Krijthe [33] is applied. Within the designed function, the main
parameter “perplexity” controls the number of nearest neighbors considered when matching the original and ﬁtted distributions for each
point. For the inherently similar groups within the compositional space,
t-SNE algorithm was applied with a perplexity factor of three [34].

2.6. Outliers: Cook's distance
2.2. Change-point detection
Cook's distance [49] is a method of deﬁning outliers in a multicontributor model space and is computed with respect to a given regression model. It computes the inﬂuence exerted by each observation i
on the predicted outcome by measuring the change in ﬁtted values for
all observations with and without the presence of observation i in the
regression model. The R standard ‘stats’ package [32] was used to
calculate Cook's distance.

The change-points are coordinated where two diﬀerent linear relationships (i.e., with diﬀerent slopes) between the same variables
converge. The R segmented package [35] uses the maximum likelihood
to ﬁt a piecewise model where the method constrain the linear segments to be (nearly) continuous [36]. The function takes a generic
linear model and a best-guess estimate of the change point as its arguments, and iteratively varies these parameters to get the best ﬁt by
minimizing the overall error while keeping the segments continuous.
For the given dataset, the initial change-point best guess was 450 ∘C,
where the tensile deformation mechanism changes.

2.7. Model validation
The validation of regression models was conducted by separating
the dataset into train and test dataset. The train and test dataset was
selected randomly, where 80% data is assigned for the training of the
model and rest 20% for testing of the model. A model is assessed by
taking the ratio of the errors for test:train dataset, where a value close
to one indicates that the test error is close to training error and the
model is not overﬁtting the data. The random selection of train and test
dataset was repeated 1000 times to generate a distribution of test:train
error ratio. While this ratio is an strong indicator of overﬁtting, it do not
provide any information about the underﬁtting. The underﬁtting was
assessed during the subset selection process through increase in adj-R2
with each addition of predictor.

2.3. Contributors: subset selection
The subset selection approach involves identifying the subset of
predictors that are contributors to the maximum variation in the response, assuming a linear relationship between predictors and the response. For this study, predictors are the set x: material composition,
heat treatment, and test temperature; the responses are the set y: yield
strength (YS), ultimate tensile strength (UTS), reduction in area (RA),
and elongation to failure (El). The R leaps package [37] performs an
exhaustive search of all the subsets to ﬁnd the best subset of the predictors in x, for predicting an individual response y using a branch-andbound algorithm [38]. The algorithm returns the best subset of predictors for a ﬁxed subset size, starting with a single predictor to the
maximum number of available predictors in the set x. For the study,
adjusted-R2 (adj-R2) and Akaike information criterion (AIC) were used
to deﬁne the best subset. The subset selection process does not penalize
for model complexity, therefore, a subsequent study of trade-oﬀ between bias and variance is required to guide the selection of number of
contributors needed to minimize over-ﬁtting and under-ﬁtting [39].

3. Results and analysis
3.1. Cluster labels
The evaluation of t-SNE cluster analysis for the processing variables
(composition and heat treatment) yielded 11 groups (Fig. 1). Of the 11
groups, two groups where alloy sub-class labels overlap on t-SNE map
were identiﬁed: 9Cr–2Mo (⊞) with 9Cr–1Mo (⃟); and
12Cr–Mo–2W–V–Nb–Cu–B (▲) with 10.5Cr–Mo-1.8W–V–Nb–Cu–B
(●). In both pairs, composition diﬀers with respect to a single alloying
element. One new sub-class label (Cr) (Mo)0·5W(Co)VNbB(Ta) (•) was
created to accommodate a group of compositions that did not fall into a
previously deﬁned sub-class. The alloy compositions within the (Cr)
(Mo)0·5W(Co)VNbB(Ta) (•) sub-class on t-SNE map is governed by
high variations in Ta, Co, and Cu. The visualization, together with allocation of sub-classes, highlights the limited processing space, where
91 unique combinations of composition and heat treatment cluster as
11 distinct groups.

2.4. Lasso regression
In 1970, Hoerl and Kennard [40] showed that coeﬃcient estimates
based on linear regression suﬀer if predictors are dependent. In response, they introduced “ridge trace” to show these eﬀects and to obtain model estimates with smaller mean square error by controlling the
inﬂation and general instability associated with least square estimates.
Later (1996), Tibshirani [41] introduced lasso regression with “lasso
penalty” (or “least absolute shrinkage and selection operator”), to
shrink some coeﬃcients and make other coeﬃcients zero. This method
retained the features of ridge regression and introduced an automatic
contributor selection eﬀect, which makes process less susceptible to
high variance [39,42]. The R glmnet package developed by Friedman
et al. [42,43], was utilized. It performs lasso regression using cyclical
coordinate descent methods [44].

3.2. Change-point behavior of tensile data
The visualization of tensile response variables as a function of test
temperature (Fig. 2a) indicates a linear change-point behavior. The
change-point phenomenon is associated with a transition in dominant
deformation mechanism. The legends in Fig. 2a highlight the changepoint temperature for each response for this unique composition. Due to
changes in deformation mechanisms, data separation into low vs high
temperature regions is needed prior to conduct training of regression
models. The separation of data can be done using the calculated
change-points, although separation of data using change-points for
diﬀerent responses would result in diﬀerent training sets and inhibit the
comparison of contributors among responses. Since mechanistically
there is one change-point for an unique composition for all four responses, and the diﬀerences (Fig. 2a) emerge due to variation in data on
either side of change-point, a single change-point for an unique composition can be considered for the separation of data. The residuals

2.5. Multivariate multiple regression
Multivariate multiple regression (MMR) models build upon the
foundation of linear regression model, by allowing more than one response variable in the set y to be simultaneously described by the same
set of predictors in the set x [45,46]. MMR models follow a similar
contributor selection process via a step-wise exhaustive search, although, constrained by AIC for all responses y, simultaneously. As the
selection process accounts for multiple responses, a selected predictor
at diﬀerent steps may or may not strongly correlate with an individual
response and is reﬂected in the β coeﬃcients of the resulting models.
3
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Fig. 1. Visual projection of 20-dimension processing space into 2-dimensional space using t-SNE [29,31,33] shows that the 91 unique combinations of composition
and heat treatment ﬁll the design space in a sparse manner. 11 unique clusters are identiﬁed; ten of which include previously identiﬁed sub-class labels (with two
clusters containing two diﬀerent sub-class labels) and one new sub-class deﬁned for this paper. Twenty dimensions include composition (18 elements) and heat
treatment (Table 1). Note: measuring the distances or angles between points in above plot does not give any quantitative information about the data.

indicates that 9Cr–1Mo (⃟) sub-class as inherently diﬀerent than the rest
of the sub-classes. A visualization (Fig. 4a) of the change point behavior
of the SH for the 9Cr–1Mo (⃟) and 9Cr–2Mo (⊞) (as a surrogate for all
other sub-classes) shows that the SH mechanisms as a function of
temperature are diﬀerent. There could be a variety of explanations for
this diﬀerence in behavior, for example it could indicate that tensile
tests for 9Cr–1Mo (⃟) sub-class were conducted at a diﬀerent strain rate,
or it could indicate a diﬀerence in microstructural evolution, but
without additional information these theories are conjectures. At low
temperatures, SH increases with temperature for 9Cr–1Mo (⃟), whereas
it decreases for 9Cr–2Mo (⊞) and other sub-classes (Fig. 4b). Symmetric diﬀerences are observed for high temperature region. As
9Cr–1Mo (⃟) sub-class is inherently diﬀerent, it is removedrom training/
testing of models.

(diﬀerence between predicted and observed values) (Fig. 2b) for each
ﬁt of the four tensile property variables show UTS change point model
as the best ﬁt (least deviation from the solid horizontal line) among all
four ﬁts for a single composition within 9Cr–1Mo–V–Nb ( ) sub-class.
This is consistent, but not visualized, for all other compositions. This
suggests that the change-point calculated using the UTS versus temperature curve is stable and least subject to errors due to nonlinearity
on either side of change-point (i.e., RA and El ﬁt). Therefore changepoints calculated from UTS versus temperature curves for all 79 compositions led to the separation of data (Fig. 3) into high (open triangles)
and low (ﬁlled circles) temperature regions.
3.3. Strain hardening
The ratio of UTS to YS is a measure for the degree of strain hardening (SH), where values 1.4 are considered relatively high SH, and
those < 1.2 indicate relatively low SH [50]. The calculation of SH

Fig. 2. (a) Variation in tensile test outcomes with test temperature for one alloy composition in 9Cr–1Mo–V–Nb sub-class. The visualization highlights a changepoint phenomenon associated with mechanism change with increase in temperature. Legend in each plot represents a calculated change-point temperature. (b)
Residuals after ﬁtting a change-point model for each response. Residuals were scaled with respect to ﬁtted values for comparison among diﬀerent models.
4
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Fig. 3. Variation in tensile test outcomes with test temperature for all 869 observations shows properties as a function of composition and heat treatement. The ﬁgure
highlights how all sub-classes exhibit the change point behavior, indicated by the low (ﬁlled circles) and high (open triangles) temperature regions.

correlated with composition and therefore NML might be a dependent
design variable. The NML model showed three outliers from 9Cr1.5Mo–VNb–B (⊠) sub-class, which contain 12 observations, where 9
observations have the same composition while NML is diﬀerent for each
observation. All three outliers belong to these 9 observations, where
one outlier has the highest value of the range and the other two have
the two lowest values. The outliers highlight that a composition and its
resulting NML temperature might have been chosen independently for a
previous study, although high adj-R2 values suggests otherwise for rest
of the sub-classes in the dataset.

3.4. Lasso corrected contributors
After the separation of the data into low and high temperature regimes, the spread in an observed tensile property at a particular test
temperature in Fig. 3 is indicative of variations in composition and heat
treatment that collectively form the 20-dimensional predictor (or processing) space. The t-SNE cluster analysis (Fig. 1) has shown limited
variation in this high-dimensional space, which indicates that there are
potentially multiple dependencies that exist between predictors. The
cluster analysis, without a priori knowledge, indicates predictor dependencies that are not surprising to a materials engineer. Since the
composition governs the stable thermodynamic ranges of diﬀerent
phases, it put constraints on subsequent selection of heat treatment
temperatures. In other words, this suggests that tempering and normalization temperatures might be dependent on composition. Similarly,
balancing of austenite and ferrite stabilizers for fully martensitic
structure puts constraints on individual elements [51]. Therefore, lasso
regression was applied before contributor selection to identify dependent predictor pairs, and pick one of the dependent predictor and discard the other. The contributor selection was done on the remaining
independent predictors, providing an open design space where heat
treatment and composition can be explored together for better properties.

3.4.2. Tensile test responses
To identify the contributors governing the tensile behavior, lasso
regression followed by subset selection was applied. Subsequently, the
evaluation of Cook's distance and visualization of residuals for the
diﬀerent models highlighted 5 outliers: 3 from (Cr) (Mo)0·5W(Co)
VNbB(Ta) (•), and 2 from 9Cr-1.5Mo-1.3Co–VNb–B (□) sub-class. All
5 of them exhibit relatively high strength compared to the rest of the
data with moderate ductility. The RA high temperature model highlighted 7 observations from 12Cr–1Mo–1W–Co–V–Cu (▽), which
were misclassiﬁed as a result of using the UTS versus temperature curve
for separation of data. The ﬁve outliers were removed, the mislabeled
observations were reclassiﬁed as low temperature responses, and contributors were re-evaluated for both temperature regions (tabulated in
Table 3). Of all the models, El model for both regions shows a low adjR2 value.

3.4.1. Heat treatment
The uni-response models of tempering temperature (TPR) and normalization temperature (NML), presented in Table 2, were the result of
lasso regression, followed by subset selection on the composition predictor set. The TPR model has a low adj-R2 value (0.71), which suggests
that TPR selection (design) is not strongly correlated with composition
variables. The evaluation of Cook's distance and visualization of residuals [52] for the model highlighted one observation from 9Cr–2Mo
(⊞) sub-class as an outlier with high tempering temperature. The NML
model's high adj-R2 value (0.92) highlights that NML is strongly

3.5. MMR: Constrained contributor selection
The tensile data, after removing outliers in previous sections (i.e.,
section 3.3: 9Cr–1Mo (⃟) sub-class, and section 3.4.2: reclassiﬁed
12Cr–1Mo–1W–Co–V–Cu (▽) observations from high temperature to
low temperature), were used for MMR constrained contributor selection
(tabulated in Table 4). The constrained selection process resulted in few
5
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Table 4
Rank-ordered contributors for tensile test outcomes for low (428 observations)
and high (326 observations) temperature regions using multivariate multiple
response model. “+” and “–” sign indicates that the coeﬃcient is positive and
negative, respectively. Temp, TPR, and NML represent test temperature, tempering temperature, and normalization temperature, respectively.
Low

Temp

YS
UTS
RA
El
High
YS
UTS
RA
El

–
–
+
–
Temp
–
–
+
+

C

P

TPR

Ni

B

Ta

V

Co

–

–
–
+
+
Mn

+
+
–
–
V
+
+
–
–

+
+
–

+
+

+
+
–
–

+
+
–

TPR
–
–

P
–
–

+

+

+
–
B
+
+
–
+

Ni
+
+
–

+
+

NML

+

adj-R2
0.93
0.94
0.83
0.61
adj-R2
0.93
0.93
0.79
0.67

diﬀerences in comparison with lasso corrected contributors (Table 3),
where most contributors overlapped for each respective model and similar adj-R2 values were observed. For high temperature region, the
diﬀerences in the MMR constrained model highlight the NML dependency on B and V (Table 2).
3.6. Validation
The validation of linear models presented in Table 3 was done by
partitioning the data into train and test dataset and looking at the ratio
of errors. Table 5 shows that the ratio of test to training error is close to
one for all models, except for El models where they have low adj- values.
4. Discussion
The motivation behind this study is to provide a new composition
with an appropriate heat treatment route for the next generation of the
class 9–12 wt% Cr martensitic steels for turbine rotors by addressing the
strength-ductility trade-oﬀ. This can be translated to 1) identifying
contributors which govern strength and ductility, 2) identifying contributors which govern strength but not ductility, or vice-versa, and 3)
identifying whether these contributors should be decreased or increased
(qualitative estimates) and by how much (quantitative estimates). In
the results section, ﬁrst two points were presented, the discussion section will focus on last point and move towards quantitative measures of
individual elements while evaluating the credibility of results against
domain knowledge and statistical measures.

Fig. 4. (a) Strain hardening as a function of test temperature for a single alloy
composition in 9Cr–1Mo sub-class with 9Cr–2Mo sub-class. (b) Strain hardening for diﬀerent sub-classes as a function of temperature. Diﬀerent shapes
represent sub-classes as shown in Fig. 1 and Table 1. The ﬁgure highlights that
9Cr–1Mo sub-class is inherently diﬀerent than the rest of the data.
Table 2
Rank-ordered contributors for tempering (TPR) and normalization (NML)
temperature; with # representing the number of observations.
adj-R2

#
TPR
NML

76
73

N
B

−Ni
V

0.71
0.92

−P

4.1. Data limitations
The limitations of the data for statistical analysis must be discussed
prior to using the models for quantitative design choices. Most of the

Table 3
Rank-ordered contributors for tensile test outcomes for low (428 observations)
and high (326 observations) temperature regions as determined by uni-response lasso regression coupled with subset selection. Temp, TPR, and NML
represent test temperature, tempering temperature, and normalization temperature, respectively.
adj-R2

Low
YS
UTS
RA
El
High
YS
UTS
RA
El

Table 5
Ratio for test to training error for diﬀerent models, computed over 1000 different random allocations of test and training datasets. # Test/Training represents the number of observations in test/training dataset. Temp represents
the low and high temperature regions.

−TPR
−TPR
−Ni
−Ni

Ni

−Temp
−Temp
Temp
Temp

NML
NML
−B
−V

−B
−Temp

−Temp
−Temp
TPR
−TPR
−TPR
TPR

V
V
−V
−V

Ta
Ta
−P
NML

−Si
Ni
−Ni
−N

−V
Mn

Co
Co
−Co

−Mn
Ni
TPR

0.93
0.93
0.82
0.61
adj-R2
0.92
0.91
0.79
0.69

Response
YS
UTS
RA
El
YS
UTS
RA
El

6

Temp

# Training

# Test

Low

342

86

High

260

66

adj-R2

ratio

0.93
0.93
0.82
0.61

1.04
1.04
1.01
0.91

±
±
±
±

0.19
0.21
0.18
0.13

0.92
0.91
0.79
0.69

1.04
1.03
1.00
0.96

±
±
±
±

0.22
0.19
0.18
0.17
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the low temperature region, TPR is the ﬁrst ranked contributor for YS,
and it is the last for RA; while this information is missing from MMR
constrained selection.

historical design choices, which dictate the scope of the data, were
made in an attempt to maximize the creep lifetime of martensitic steels,
while other properties such as toughness and ductility were secondary.
This suggests that the data may be inadequate for data-driven modeling
of the tensile strength-ductility trade-oﬀ as the data negative space
might be hiding valuable information. Also, the historical data from
multiple independent sources does not strictly follow any statistical
assumptions (e.g., homoscedasticity). For example, the fact that all
observations with Ta went through homogenization treatment [53],
presents a clear case of data convolution. Similar cases can be found
across the available data, however identifying the bias in the data allows for interpretation of the models resulting in design insights. For
example, understanding the deformation mechanisms and bias and in
the existing space might lead to reasons to run physics-based microstructure studies in the negative space to remove bias and test additional hypotheses. The next few sections discuss what the data-driven
models suggest about the mechanisms and responses.

4.4. Tensile strengthening mechanism
In general, metallic alloys derive their strength from the interaction
of dislocations with obstacles such as other dislocations, boundaries,
solutes, and particles. Therefore, strength can be deﬁned as the cumulative sum of individual obstacle strengthening mechanisms [55].
Considering the wide rage of compositions within the study, the same
element could contribute to diﬀerent obstacle mechanisms for diﬀerent
sub-classes and test environments. For example, Mo contributes to
strength as a solute obstacle at low temperatures, but precipitates out at
higher temperatures and contribute as a particle obstacle [34]. Therefore, the ranked contributors in Tables 3 and 4 represent an average
behavior of each element. The following sections discuss ranked contributors using diﬀerent obstacle mechanisms listed above.

4.2. Measure of ductility
4.4.1. Contribution of grain boundaries
The tempered martensitic microstructure of the class 9–12 wt% Cr
steels is a hierarchical structure with martensitic laths at smallest scale,
followed by packet boundaries, and prior-austenite grain boundaries
(PAGBs). In general, packets within a prior austenitic grain are considered a single grain and a linear dependency exists between PAGBs
size and packet size (∼ 1/3 of PAGB size) [56]. However, multiple
methods (explored in Ref. [12]) exist to further reﬁne the packets by
breaking up the alignment of laths resulting in diﬀerent blocks of laths
with similar orientation. Morito et al. [56], established that these blocks
exhibit a Hall-Petch type eﬀect on the YS at room temperature. For
example, high NML increases PAGBs size [57], although Fig. 5a indicates no such dependence, indicating that YS might be the function of
block size, not PAGB size within the studied dataset. Further, both
Fig. 5a and b show no dependence between NML and YS/RA, indicating
why NML is not a strong contributor in Tables 3 and 4. Although, NML
do show up for the YS model in Table 3 due to its dependency with B
and V (Table 2).
The martensitic transformation results in the formation of subboundaries and an inherent dislocation density, and the transformation
is strongly dependent on the amount of C and N in the alloys. The
amount of C and N is strongly tied to packet size, where packet size
decreases with increase in N and C content [58]. Nitrogen has a greater
hardening eﬀect on austenite than C which suppresses microstructure
growth in high-N alloys resulting in low dislocation density [58].
Table 2 captures this dependency, where TPR and N show a strong
positive correlation, suggesting that low dislocation density due to N
prior to tempering may correlate with a need for an increased tempering temperature as recovery is slower for microstructures with lower
dislocation density (i.e., less driving force). An increase in tempering
temperature results in an increase in lath width [57] and toughness
[59] at the expense of strength (Fig. 5c) (Table 3/Table 4).

The ability of a material to accommodate plastic deformation
without breaking can be expressed through two measures: percent reduction in area (% RA) and percent elongation to failure (% El). The %
RA is the ratio of the change in the sample area at the fracture point to
the initial sample area, and is therefore a measure of the highest plastic
strain. In contrast, % El is calculated as the ratio of the change in gauge
length to the initial gauge length. Even though test standards specify
the gauge length as a multiple of the test section diameter or width, the
initial gauge length is dictated by the arbitrary dimensions of the extensometer used to measure the change in sample length. For example,
American Society for Testing and Materials (ASTM) speciﬁes a ratio of
gauge length to diameter (Li/di) equal to four for specimens with round
cross sections. Although, a ratio of Li/di equal to ﬁve has been employed
internationally [54]. Since the data under study comes from multiple
countries and laboratories, with no information about gauge length, the
comparison of El data is restricted. Low adj- value for El models
(Table 3, Table 4) may be the result of this mismatch. The RA is not
aﬀected by the arbitrary selection of Li/di, and is therefore a more
fundamental measure of ductility. Conceptually, this has implications
for the community of researchers developing databases for future studies. As a community, we need to update the mechanical testing standards to comply with the needs of the database developers. This could
be requiring the reporting of % RA, or the reporting of the necessary
metadata about the chosen initial gauge length as dictated by the
equipment. For the rest of the paper, only the % RA models are considered as a stable predictor of the ductility for design insights.
4.3. Strength-ductility trade-oﬀ
The strength-ductility trade-oﬀ has been captured in Tables 3 and 4
distinctly. The comparison of ranked contributors between YS and RA
for the low temperature region highlights contributors such as Ni, V,
and Co, where each of the contributors exempliﬁes the trade-oﬀ between strength and ductility. Similar comparison for the high temperature region highlights contributors such as Ni, V, and B. The
comparison also highlights contributors which do not follow the commonly observed trade-oﬀ between strength and ductility. In the low
temperature region, addition of Ta only increases strength but does not
contribute to ductility. Similarly, in the high temperature region, reducing TPR independently increases strength without changing ductility. While there are few contributors which alter strength without affecting ductility, there are no contributors which alters ductility
without aﬀecting strength. Further examination of these contributors
against domain knowledge is needed for design insights. The diﬀerences between Tables 3 and 4 also highlight the beneﬁt of lasso corrected contributors over MMR constrained selection. For example, in

4.4.2. Solute strengthening
Solute atoms generate a local stress ﬁeld due to a mismatch in
atomic size and shear modulus. In 9–12 wt% Cr steels, the largest stress
ﬁelds are created by the Mo and W solute atoms, although other elements such as Cr, Mn, & Ni (high lattice mismatch), and Si (modulus
mismatch) provide additional solute strengthening [55]. Contrary to
the literature, Mo and W do not show up in Table 3 or Table 4. This is
explained by Fig. 6a where 12-Cr (△) sub-class and 12Cr–Mo1.8W–VNb–B–Cu (▲) sub-class have equal YS at room temperature,
indicating that other variables such as low NML and low TPR compensate for low alloying additions for 12-Cr (△) sub-class. A similar
correlation is observed, but not shown, with Cr content where low TPR
compensate for the absence of alloying additions, explaining the absence of Cr from Tables 3 and 4. This reﬂects that the design choices
7
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Fig. 5. (a)–(b) Eﬀect of normalization temperature
(NML) on yield strength (YS) and reduction in area
(RA) for 9Cr-1.5Mo–V–Nb–B (⊠) sub-class. Figure
highlights why NML is not a strong contributor to YS
and RA. Legends indicate diﬀerent NML values in ∘C.
(c)–(d) Eﬀect of tempering temperature (TPR) on YS
and RA for 9Cr-1.5Mo–V–Nb–B (⊠) sub-class.
Figure highlights that increase in TPR reduces YS
consistently at all test temperatures, while it has no
consistent eﬀect on RA. Legends indicate diﬀerent
TPR values in ∘C.

solution. The dependencies between C/N and carbide forming elements
eliminate C/N from Tables 3 and 4, although they determine various
aspects of ﬁnal microstructure.
Both Tables 3 and 4 capture V as a ranked contributor, although Nb
is absent. This is due to the lack of variation for Nb in all observations
(0.05–0.07 wt%), except for 9Cr–1Mo–VNb ( ) sub-class (Nb >
0.07 wt%). Tantalum looks promising to increase strength without affecting ductility in the low temperature region (Table 3/Table 4). Although, a simple scatter plot (Fig. 7) shows that there is no signiﬁcant
change in YS or RA at room temperature with Ta concentration, which
illustrates that Ta-rich carbides do not aﬀect strength or ductility (same
is observed at 650 ∘C). Only ∼15% of the data contains compositions
with Ta, therefore the association between Ta and YS (in Table 3/
Table 4) may be the result of the presence and absence of Ta. Klueh
et al. [69], concluded that Ta plays an important role in reﬁning the
PAGBs because most of the Ta remains in solid solution after heat
treatment, with very small amount of Ta-rich carbides when Ta is
0.07 wt%. Recent studies [70,71] have extended this range to
0.078–0.28 wt% Ta. These results highlight that the PAGBs size does
not change with additions beyond 0.15 wt% Ta and most of the Ta
precipitates, with increase in particle size with amount of Ta. Further,
no signiﬁcant diﬀerence in mechanical properties were found with
precipitation of Ta–C carbides at the expense of other particles [70,71].
This literature corroborate with our interpretation that the contribution
of Ta to the YS is due to the presence/absence of Ta within the dataset.
In the low temperature region, Co shows up as a moderate contributor (Table 3/Table 4), although literature suggests that Co does not
increase YS by solute strengthening as its atomic size and shear modulus are similar to those of Fe atoms [55]. This suggests that Co could
be contributing as a precipitate strengthener [72], as precipitates
govern strength at low temperatures.

were made in an attempt to maximize the creep lifetime, and not to
evade the strength-ductility trade-oﬀ.
Other solutes such as Ni, Mn and Si do show up in Table 3 or
Table 4, although Mn and Si are not strong contributors and their
coeﬃcients are negative. The negative coeﬃcient for Mn in Table 3 can
be attributed to its dependency on Ni (correlation coeﬃcient of 0.65)
and a similar distribution of data as of Mo, W, and Cr with YS. On the
other hand, Si's negative coeﬃcient is associated with its dependency
on low alloying additions and high impurities (Fig. 6b). Silicon was
added to decrease the oxidation rate for 9-Cr steels above 600 ∘C, where
Cr content is insuﬃcient for oxidation resistance [60,61], and also as an
impurity getter [62].

4.4.3. Precipitate strengthening
The strengthening via precipitates is due to pinning of dislocations
(Orowan strengthening), and it depends on mean inter-particle spacing
and particle radius. Small atoms such as B, C and N predominantly form
carbides and carbonitrides, instead of remaining in solution as interstitials. Carbon aﬀects microstructural properties in Fe–C steels, where
dislocation density increases with increasing C content [63] due to the
decreasing block and lath width [58]. Boron reduces carbide spacing
via formation of a ﬁner distribution of more thermally stable carboboride [64,65], and eﬀectively works to strengthen precipitate-matrix interfaces (Table 4). Although, high temperature normalization
(Table 2) is needed to dissolve borides and to promote the segregation
of B to the grain boundaries [66] for the enrichment of carbides. Nitrogen is important, as nitrides are more stable than carbides and
borides [67], although excessively strong nitride-forming elements,
e.g., Al [68] and B [5] can result in and , respectively, at the expense of
(M = V, Nb, Ta) carbonitrides. The amount of C and N determines the
amount of precipitates, thereby the amount of carbide formers in solid
8
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Mo, W, Cr, Nb and Mn, a new design space needs to be explored;
though literature indicates that these elements increase strength
through multiple mechanisms. The dependency of normalization temperature on B, V, and P (Table 2), along with Fig. 5, highlights the
similarities between Tables 3 and 4, and shows how B and V determine
the ﬁnal properties. The addition of Ta showed no change in YS or RA.
The amount of C and N govern dislocation density and sub-grain
structure, therefore, special attention is needed to assess their optimized amount.

4.5. Impurities
Phosphorus (P) and sulfur (S) tend to segregate to regions of high
lattice misﬁt, or to PAGBs in martensitic steels [73], causing impurityinduced embrittlement. With low test temperature, as the matrix becomes stronger, a tendency towards intergranular failure increases with
P concentration [74], and a PAGB grain size limits the segregation over
a smaller boundary area per unit volume [75], resulting in a greater
concentration of impurities at PAGBs. The traditional way to avoid this
embrittlement involves reducing the impurity concentration and adding
substitutional solutes (i.e., Si, Al) which pull the impurities from the
matrix [62]. The former can be observed on average within the data
studied (Table 3, Table 4), where the eﬀect is stronger in the low
temperature region. The YS on average is signiﬁcantly higher when P
content is ≤ 0.003 wt%, in comparison to the rest of the data where P is
≥ 0.005 wt% (mean value of 0.007 wt%).

4.6. New design space
Collectively, the insights and bias highlighted in sections 4.3, 4.4,
and 4.5, along with domain study, highlight that a new design space is
needed for the quantitative estimates of alloying elements for the application of turbine rotors. The diﬀerence between the correlations that
are captured in Table 3/Table 4, and those that are suggested by domain study, reﬂects the presence of high-dimensional dependencies that
exist among predictors/contributors and further supports the need for
new design space. The historical design space was tailored for maximizing the creep rupture life, therefore, analysis captures the contributors which maximize creep rupture life [34] for YS/RA too (i.e., V,
B, Co), reﬂecting the problem of multi-objective optimization [76].
An important heuristic that can be derived from the analysis is that
dislocation density, a function of martensitic transformation and subsequent tempering treatment, determines the ﬁnal strength of the material at high temperatures. Within the studied dataset, the eﬀect of
individual elements (e.g., Mo, W, Cr, Mn) on martensitic transformation, ergo on dislocation density, was masked by the often contradictory
eﬀect of tempering treatment on the dislocation density. Therefore to
deconvolute the design space, the eﬀect of tempering treatment and the
eﬀect of alloying additions on dislocation density needs to be separated.
This could be done by designing the input space where tempering
temperature and alloying additions are varied orthogonally/independent of each other.
Two compositions that are proposed in the literature for high
toughness for an operating temperature of 630 ∘C are as follows:
MTR10A (10Cr-0.7Mo-1.8W–3Co–VNb–B) and HR1200 (11Cr2.6W–3Co–Ni–VNb–B) [2]. Both compositions have V, Nb, and B,
which agree with the results obtained through this study, although the
role of Co, Mo, and W, are not captured within the studied dataset.
Once the eﬀect of alloying additions and tempering treatment is separated, the same compositional space should be explored for new compositions, specially the eﬀect of W, Mo, and Co within the (0–3) wt%
range. The addition of Ni with the high Cr content supports the design
objective of balancing austenite and ferrite stabilizers, while the absence of Ta from both compositions supports the results shown in Fig. 7.

Fig. 6. (a) Variation in yield strength (YS) with Mo-equivalent (Mo + 0.5*W)
for room temperature data (23.9 ∘C). Figure shows the distribution of data with
respect to Mo and W, highlighting why Mo/W is not a ranked contributor in
Table 3/Table 4. (b) Variation in P with Si. Figure shows that Si increases with
the amount of impurity P, leading to a negative coeﬃcient in Table 3. Diﬀerent
shapes represent diﬀerent sub-classes from Fig. 1/Table 1.

Fig. 7. Variation in Yield Strength (YS) and Reduction in Area (RA) with Ta for
observations where Ta is present for room temperature data. Figure highlights
that there is no sighniﬁcant change in YS or RA with Ta content.

4.4.4. Summary of tensile strengthening mechanism
The assessment of the models against domain knowledge under
subsection 4.4 provided insights about the potential mechanisms each
contributor present in Table 3/Table 4 imposes on the system, and
highlighted bias that was not captured. In summary, low tempering
temperature, high dislocation density, solute atoms (Ni) and ﬁne precipitates (governed by V & B) are desirable for high strength, although
solute atoms and precipitates reduces ductility. Low tempering temperature does not eﬀect ductility, therefore, it can be exploited for increasing strength while maintaining ductility. To assess the eﬀect of
9
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5. Conclusions
[6]

The data driven approach successfully identiﬁed the major contributors towards tensile properties, and highlighted the sparse nature
of the design space considered in the data. The visualization using tSNE showed that the 91 unique combinations of composition and heat
treatment do not contain suﬃcient variability among all 20 predictors
resulting in several observed dependencies. The bias invoked in the
alloy design space to maximize creep rupture life supervised the subset
selection process and provided major contributors for YS and RA. The
comparison of Lasso corrected contributors and MMR contributors
highlighted the dependency between predictors, and provided a more
ﬂexible design space. The visualization of various attributes further
elucidated the bias and showed dependencies among elements. The
study highlights the limitations of the design space considered in the
past and suggests that the deconvolution of the eﬀect of tempering
temperature and alloying additions on dislocation density is needed.
This could be done by designing the input space where tempering
temperature and alloying additions (especially W, Mo, and Co) are
varied orthogonally/independent of each other.
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