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Uncertainty quantification and composition optimization for
alloy additive manufacturing through a CALPHAD-based
ICME framework
Xin Wang 1 and Wei Xiong 1✉

During powder production, the pre-alloyed powder composition often deviates from the target composition leading to undesirable
properties of additive manufacturing (AM) components. Therefore, we developed a method to perform high-throughput
calculation and uncertainty quantification by using a CALPHAD-based ICME framework (CALPHAD: calculations of phase diagrams,
ICME: integrated computational materials engineering) to optimize the composition, and took the high-strength low-alloy steel
(HSLA) as a case study. We analyzed the process–structure–property relationships for 450,000 compositions around the nominal
composition of HSLA-115. Properties that are critical for the performance, such as yield strength, impact transition temperature, and
weldability, were evaluated to optimize the composition. With the same uncertainty as to the initial composition, and optimized
average composition has been determined, which increased the probability of achieving successful AM builds by 44.7%. The
present strategy is general and can be applied to other alloy composition optimization to expand the choices of alloy for additive
manufacturing. Such a method also calls for high-quality CALPHAD databases and predictive ICME models.
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INTRODUCTION
The ability to produce complex geometries, the capability of
processing small batches with low cost, and the capacity to
perform in situ repair, make alloy additive manufacturing (AM) a
market worth billions of dollars1. In alloy AM, the feedstock is
melted by a heat source such as a laser or electron beam to build
the parts layer by layer2. Parameters like part geometry, scan
strategy, build chamber atmosphere, and feedstock properties, are
factors that directly impact the performance of the AM
components3. The inherent uncertainties in these parameters
lead to an unavoidable variation in quality4. As a result, the
confidence in the quality of AM products is low due to a lack of
uncertainty quantification and design sensitivity analysis, which is
impeding the commercialization of alloy AM5.
Uncertainty quantification is essential for quality control in

manufacturing. Based on the given uncertainty of processing
parameters, uncertainty quantification can determine the variation
in microstructure, and mechanical properties for AM builds.
Currently, most of the uncertainty quantification studies focus
on manufacturing processes4,6,7. However, the influence of
uncertainty in the chemical composition of feedstock is often
overlooked. The cost of metal materials is the second-highest in
AM part8, and the feedstock quality plays a vital role in the AM
builds performance. Deviation from the desired composition could
lead to detrimental phase formation during solidification9 and
post-heat treatment10. It may also introduce cracks, pores, and
alter physical properties such as specific heat and melting point,
which will further influence the choice of processing parameters11.
Moreover, the composition variation in AM products is unavoid-
able, which comes from various sources. And three common
causes can be identified. First, there is a variation in the
composition of the powders manufactured in different batches12.
Second, the composition of the AM build will deviate locally from

the nominal composition of the feedstock13. Third, to improve
sustainability, a large amount of unprinted powder needs to be
recycled after the AM process, which causes degradation with
contamination. The above composition related issues propagate
uncertainty throughout the AM process and should be addressed
during the composition design of the feedstock material. This
implies that the nominal composition of an alloy needs to be well
designed to avoid the negative impact of the uncertainty on the
final build. However, the study of the correlation between alloy
composition and performance of AM builds post-treatment is
limited. Only a few studies have reported the impact of
composition variation on the AM builds with experiments14,15.
Moreover, the comprehensive modeling tool to facilitate decision-
making on the composition range in feedstock manufacturing is
yet unavailable.
The integrated computational materials engineering (ICME)

method can solve this problem by determining the allowable
variation from the intended composition based on the
process–structure–property relationships16,17. The ICME method
will reduce the dependence on experimental trials, and thus
accelerate the materials design11. In order to address the issue of
the composition uncertainty of feedstock, it is critical to establish an
ICME model framework to simulate the process–structure–property
relationships in alloys.
In this work, high-strength low-alloy (HSLA)-115 (115 corre-

sponds to minimum achievable tensile yield strength in ksi, which
is equivalent to 793 MPa) steel was chosen to demonstrate the
effectiveness of this design framework. We expected that with the
implementation of uncertainty quantification through such an
ICME model framework, the nominal composition of the cast
HSLA-115 steel could be optimized to increase the likelihood of
successful AM builds, which should meet all the property
requirements after heat treatment. Initially, we determined the
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process–structure–property relationship of HSLA steel to model
the properties as a function of composition. Further, the following
models were applied for predicting the properties: (1) CALPHAD
(Calculation of Phase Diagrams) method18 in combination with
phenomenological models for predicting the dislocation density19,
grain size20,21, impact transition temperature (ITT)22, and carbon
equivalent23; (2) data-mining decision tree model for martensite
start (MS) temperature24; and (3) physics-based strengthening
model17 consisting of the simulation of hardening effect caused
by dislocations25, grain boundaries26,27, precipitates28,29 and solid
solution atoms30,31 to predict the yield strength, low-temperature
ductility, and weldability for a given composition and heat
treatment process. Finally, high-throughput calculations were
performed for a range of compositions to optimize the nominal
composition of cast HSLA-115 steel for AM. By employing the
ICME framework developed in this work to optimize the
composition of the HSLA-115 steel powders, the probability of
achieving the desired properties in the AM build with heat
treatment increases significantly.

RESULTS AND DISCUSSION
HSLA-115 steel for AM
The HSLA steels are widely used in many structural applications,
such as bridges, ship hulls, and mining equipment32–35. Due to the
excellent mechanical properties and good weldability, HSLA steel
is an outstanding candidate for AM. Unlike Inconel 718, Ti-64, and
Stainless Steel 316, there is no commercial AM powder available.
The HSLA alloy powder production is in a small batch and very
expensive. Thus, it is necessary to develop a method to optimize
the alloy composition to make sure the powder we customized
can be printed without cracks and have the desired property.
The composition and its uncertainty for typical wrought HSLA-115

steel are listed in Table 1. The composition uncertainty range was
specified by the powder vendor, Praxair, Inc., for the HSLA-115
steel powder manufactured for laser powder AM.
The process–structure–property relationships for high-

performance AM HSLA steels are summarized in the systems
design chart, as shown in Fig. 1. The systems design chart exhibits
how hierarchical structural features contribute to the mechanical
properties and how the structure evolves during different
processes and compositions17,36. Each line connecting the
process, structure, and property indicates a relationship/model
between these attributes. HSLA steel has a combination of high
strength and good low-temperature impact toughness. This is
achieved through hot isostatic pressing (HIP)/austenitization,
quenching, and tempering that leads to a dense part with a fine
martensite/bainite matrix and dispersed nano-sized Cu and M2C
precipitates. HIP aims to reduce the porosity of as-built
components for improved mechanical properties as well as
corrosion resistance37. In dense builds, austenitization helps in
achieving homogenized austenitic structure with the dissolution
of undesirable phases and elimination of segregation due to rapid
solidification. During post-heat treatment, it is expected that
enough undissolved MX particles (mainly the NbC) exist to pin the
grain boundaries and prevent excessive grain growth. Water
quenching is applied to form a fine lath bainitic/martensitic
structure that improves the strength. Lastly, the tempered
martensite formed after tempering enhances the impact tough-
ness with the reduction in dislocation density. More importantly,
the coherent Cu (3–5 nm in radius) and M2C (1.5–3 nm in radius)
will precipitate during tempering, causing the major hardening
effect38,39. The precipitation of M2C will dissolve the cementite
and avoid the decrease in impact toughness due to the formation
of coarse cementite. Other precipitates such as M23C6 may also
form while they usually have a large size and contribute negligible

Table 1. The initial composition range (wt%), screening range (wt%), and their ratio for different elements in the manufactured AM powder for
HSLA-115 steel.

Fe C Cr Cu Mn Nb Mo Ni Si Al

Initial composition range Bal. 0.053 ± 0.025 0.66 ± 0.10 1.27 ± 0.15 0.98 ± 0.20 0.03 ± 0.01 0.57 ± 0.10 3.43 ± 0.20 0.225 ± 0.125 0.03 ± 0.01

Screening composition range Bal. 0.06 ± 0.04 0.6 ± 0.5 1.25 ± 0.45 1.15 ± 0.95 0.055 ± 0.045 0.7 ± 0.5 3.5 ± 1.5 0.25 ± 0.25 0.055 ± 0.045

Ratio (screening range/Initial composition range) 1.6 5 3 4.75 4.5 5 7.5 2 4.5
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Fig. 1 Systems design chart for AM HSLA-115. A schematic diagram showing the relationship betweening key properties, structure and
process of HSLA-115. Each line represents a relationship/model between two attributes.
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strengthening effect40. Finally, the good weldability of this steel
originates from the low content of carbon and other alloying
elements41.

Process-structure-property models used in the ICME framework
In this work, an ICME framework has been established to evaluate
the yield strength, weldability, and impact transition temperature
of HSLA steels based on the systems design chart shown in Fig. 1.
As illustrated in Fig. 2, the composition and processing parameters
were taken as inputs for the decision tree model, CALPHAD-based
thermodynamic model, and Graville diagram23. The outputs from
these models, such as the dislocation density, matrix composition,
and etc. were coupled with the physics-based strengthening, ITT,
and weldability evaluation models to calculate the yield strength,
ITT, and weldability that includes the freezing range and Graville
diagram index for each composition. Finally, the calculated
properties for each composition were used to find the optimized
composition for AM that will give the highest chance of a
successful build that meets all property requirements. The explicit
description of models, the screening and analysis process can be
found in the “Method” section.

Composition screening analysis
Figure 3 shows the model predicted yield strength against the
experimental measurements for several HSLA steels38,42,43 with
different compositions and tempering temperature ranges from
450 to 650 °C (for alloys heat treated with the same temperature
and different time, the closest value to prediction was chosen in
Fig. 3). The ICME model prediction and experimental results show
a good agreement. These results indicate that the strengthening
model within the ICME framework is capable of predicting the
yield strength of HSLA steels.
Figure 4 shows the variation of all properties as a function of

carbon content. The same procedure is also applied to other
elements. It allows us to assess the influence of each element on
the strength, low-temperature ductility, and weldability. Each
column represents the model prediction for one set of composi-
tions with the same range of carbon content, i.e., 0.0025 wt%
carbon. The number under each bin corresponds to the smallest
carbon content in the bin. For example, bin 0.05 contains all
compositions that have the carbon content between 0.05 and

0.0525, i.e., [0.050, 0.0525) and other elements in their initial
composition range, which is listed in Table 1. Evidently, with the
increase in carbon content, the yield strength, as shown in Fig. 4a,
initially increases and then decreases, which is different from
Saha’s44 work on the high-strength steels that the strength will
continuously increase with the addition of carbon content. The
contradiction is from the incorrect assumption in Saha’s work that
carbon only forms the M2C. However, carbon will also dissolve in
the martensite matrix, and form other carbides. Furthermore, the
fraction of M2C will change with different compositions. Based
on our calculation (Supplementary Fig. 1), when the carbon is
increasing, the fraction of M2C will increase first and then
decrease. Moreover, even if the carbon content is similar, the
fraction of M2C will also change with different alloying elements.
For low-temperature ductility, as the carbon content increases, the
ITT increases and then decreases (see Fig. 4b), indicating
worsening of low-temperature ductility at the first stage and
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Fig. 2 ICME modeling workflow for HSLA-115 steel composition design. The pink box denotes structure models predicting features such as
phase fraction of different phases, dislocation density based on composition and heat treatment process; the blue box denotes the property
models which can simulate the strength, freezing range, etc. based on structure and compositions; the green box denotes the calculated
property or structural information from the models; the yellow box denotes the target properties.

Fig. 3 Comparison of the yield strength by model prediction and
the experiments. The model-predicted value is equal to the
experimental value if the symbol is located on the dashed
diagonal line.
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improvement in the later stage. Further, as more carbon is added
to an alloy, the freezing range increases, as shown in Fig. 4c, which
indicates a higher probability of hot cracking. Similarly, the
location of the composition in the Graville diagram will move out
of Zone I when the carbon content is around 0.085 wt%, and the
susceptibility to cold cracks increases, as shown in Fig. 4d. These
results are consistent with the expected influence of carbon
content on the weldability of HSLA steels.
The influence of carbon content on the yield strength and

different hardening effects are shown in Fig. 5a. The increase in
carbon content leads to an increase in strengthening effects from
grain boundaries and dislocations since carbon introduces the
formation of Zener pinning particle NbC, and promotes higher
dislocation density after quenching. However, the strength
achieved from the precipitation hardening increases initially and
then decreases, which results in a peak hardening with the carbon
content between 0.06–0.065 wt%. Precipitation hardening is
critical, and it depends on the formation of nano-size M2C and
Cu particles in the HSLA-115 steel. According to Fig. 5b, the
addition of carbon has no apparent influence on Cu precipitation,
while it has a significant impact on the precipitation of M2C.
Figure 6 provides an overview of the qualified composition

range with all the considered properties as the selection criterion.
In such a histogram, the composition sets of every single bin are
categorized into different groups based on the number and type
of criterion the composition meets. The percentage of composi-
tions in the group with no pattern and in pink (compositions
meeting all property requirements) continues to increase with the
increase in carbon content, displaying a maximum at 0.06 wt%
carbon, which is higher than the initial nominal composition of

0.053 wt% carbon that is determined based on the cast HSLA
steel. However, when the carbon content is higher than 0.085 wt
%, only a few compositions can satisfy the weldability require-
ment. Since the uncertainty in carbon content is ±0.025 wt%, it is
better to avoid the targeted average carbon content higher than
0.0575 wt%. The insufficient strength in this composition range
can be made up by tuning the composition of other elements to
increase the hardening effects.
Other elements were screened and analyzed using the same

method that was implemented for carbon. In total, 450,000
compositions sampled using the strategy mentioned in the
“Method” section were calculated and analyzed. Table 2
summarizes the elemental influence on structure and strengthen-
ing effects within the composition range listed in Table 1. For
instance, when molybdenum increases from 0.2 to 1.2 wt%, the
weldability continue to decrease. While the yield strength
increases at first due to the improvement in precipitation
hardening from M2C particles, solid solution strengthening, and
dislocation hardening effects, and then decreases due to the
reduction in the phase fraction of M2C when Mo reaches a
threshold value. The low-temperature ductility will firstly decrease
and then increase. The influences of other elements can be
explained based on Table 2 and following the same method.
Table 3 lists the initial and optimized composition in wt%. In

comparison with the initial composition, the contents of C, Cu, and
Mo have increased to ensure that the yield strength is higher than
115 ksi (793 MPa), while the contents of Cr, Mn, and Si have
decreased to balance the deterioration of weldability. The Nb
content is increased to introduce a higher phase fraction of MX
during the austenitization process to effectively avoid excessive
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grain growth, improve the low-temperature ductility, and increase
the strength. Elements such as Mo, Ni, and Al do not change since
their initial content is sufficient for the required properties, or they
do not have a pronounced influence on critical properties.

Verification of composition optimization
In comparison with the calculated properties of the initial and
optimized nominal composition (Table 4), it is evident that the
optimized one has much higher yield strength and lower ITT from
model prediction. This indicates that by slightly tuning the initial
composition, HSLA steel could achieve a higher strength while
remaining ductile at low temperatures. For example, less M23C6
and more M2C precipitates form at the tempering temperature
with the optimized composition, as shown in Fig. 7. Also, a higher

fraction of NbC remains stable at the high temperature and hence,
retard the grain growth and coarsening. Importantly, the
optimized alloy has achieved a small freezing range, and it is
located in Zone I of the Graville diagram. This indicates that the
printability for AM of alloy with initial composition is similar to the
one after composition optimization.
To further verify the improvement after optimization in terms of

the composition uncertainty, 50,000 compositions were randomly
sampled from the initial and optimized composition spaces listed
in Table 3, respectively. The yield strength, ITT, freezing range, and

Fig. 5 Predicted yield strength and the contribution from different strengthening mechanisms versus carbon content. a Average strength
from different strengthening effect versus carbon content, precipitation strengthening effect from b Cu precipitation, cM2C precipitation, and
d sum of Cu and M2C precipitates.
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understood in a similar way based on the table in the figure, and
groups smaller than 0.1% are not listed for better illustration.

Table 2. Summary of the influence of elements in HSLA-115 on the
key properties1,2, for each screening range.

C Cr Cu Mn Nb Mo Ni Si Al

Resistance to cold cracking ↓ ↓ O ↓ O ↓ ↓ O O

Resistance to hot cracking ↓ O O ↓ ↓ ↓ ↑ ↓ ↓

Ductility at low temperature ↓↑ ↓↑ ↓ ↑ ↑ ↓↑ O ↑ O

Yield strength ↑↓ ↑↓ ↑ ↓ ↑ ↑↓ O ↓ O

Cu hardening O O ↑ ↓ O O ↓ ↑ O

M2C hardening ↑↓ ↑↓ O O ↓ ↑↓ O ↓ O

Solid solution hardening ↓ ↑ O ↓ ↑ ↑ ↑ O O

Dislocation hardening ↑ ↑ O ↑ O ↑ ↑ O O

Grain boundary hardening ↑ O O O ↑ O O O O

1: Notations in the table are:
↑: The increase in the component is beneficial to the property;
↓: The increase in the component is detrimental to the property;
O: The increase in the component has no obvious effect on the property;
↑↓: The increase in the component is beneficial to the property first, and
then detrimental to the property;
↓↑: The increase in the component is detrimental to the property first, and
then beneficial to the property.
2: Examples of analysis have been illustrated in Fig. 4 and Fig. 5 for carbon.
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Graville diagram location were calculated for each data point. The
same criteria listed in the previous sections were used to evaluate
whether the composition meets the property requirements.
According to Fig. 8, the optimized composition exhibits higher
strength and lower ITT without sacrificing the weldability. Most
importantly, the lowest strength and highest ITT among the
50,000 samples taken from the optimized composition with
uncertainty are still higher than 115 ksi (793 MPa) and lower than
0 °C, respectively. As a result, the optimized composition shows a
higher chance of achieving successful builds (99.996%) compared
with the initial composition (55.266%). Figure 9 illustrates how the
composition was shifted to gain the highest success rate with a
fixed composition uncertainty. In the composition space, there is a
subspace that can meet all the required properties. However, all
the initial composition with variation may not be present in that
subspace, i.e., with the deviation from nominal composition, the
AM build may not have the required properties. After the
optimization, the nominal composition is shifted, and as a result,
all the possible compositions meet the requirements taken into
account with composition uncertainty.
In summary, our goal of maximizing the chance of a product

meets all performance requirements in the presence of uncer-
tainty is achieved. It is noted that this work is a reliability-based
design optimization45, while the robust design optimization that
makes the product performance insensitive to the input
uncertainties is beyond the scope of this study46. However, the
mean and standard deviation of optimal composition determined
using surrogate models are available in the supplementary files,
which can be used to perform the robust design optimization.

Limitation of current study and discussion on the uncertainties
sources
The uncertainty involved in this work includes the aleatory and
epistemic uncertainty6. The aleatory uncertainty refers to natural
variation and is hard to be avoided, while the epistemic
uncertainty is originated from the lack of knowledge and
approximations made in the modeling method47. In this work,
our primary goal is to study the influence of the aleatory
uncertainty of composition in the performance of post heat-
treated AM builds and optimize the composition to gain higher
chances of a successful build. We believe that based on the widely
accepted physical models and the reliable databases developed
several decades, such as the TCFE steel database released by the
Thermo-Calc software company48,49, the ICME model-prediction is
effective to guide the composition optimization. However, it is
noteworthy that the accuracy of ICME model-prediction relies on
the quality of the CALPHAD database. Therefore, instead of
performing a composition design based on the model-prediction
with absolute values, we would rather aim at composition
optimization by predicting the alloying effects with the trend
analysis.
Due to the lack of experimental studies of the influence of

composition change on AM build property, the uncertainty
quantification for other uncertainties sources is challenging and
is not performed in this work50. Other aleatory uncertainties from
the processing parameters play an important role in the
performance of AM. It should be further studied by coupling the
CALPHAD-based ICME framework with the existing AM simulation
models to address the process uncertainties in the future4,51,52.

Table 3. Comparison of initial composition and optimized composition (wt%).

Element Fe C Cr Cu Mn Nb Mo Ni Si Al

Initial composition Bal 0.053 ± 0.025 0.66 ± 0.1 1.27 ± 0.15 0.98 ± 0.2 0.03 ± 0.01 0.57 ± 0.1 3.43 ± 0.2 0.225 ± 0.125 0.03 ± 0.01

Optimized composition Bal 0.057 ± 0.025 0.525 ± 0.1 1.55 ± 0.15 0.5 ± 0.2 0.08 ± 0.01 0.57 ± 0.1 3.43 ± 0.2 0.125 ± 0.125 0.03 ± 0.01

Table 4. Comparison of model-predicted key properties of the initial and optimized nominal compositions.

Calculated properties Yield strength ITT Freezing range Graville diagram

Initial composition 873 MPa −15 °C 10.10 K Zone I

Optimized composition 1076 MPa −100 °C 10.24 K Zone I
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Epistemic uncertainty includes data uncertainty and model
uncertainty53. Data uncertainty is originated from the limited
information of data and is reduceable by collecting more data. In
this study, only the composition uncertainty range is available,
while the composition distribution is yet unknown. As a result, we
have assumed that the distribution of composition is uniform.
Since provided the composition within the uncertainty range
meets the property requirement, the manufactured component
should meet the property requirement regardless of the distribu-
tion. However, the calculated success rate may vary with different
distributions. In the future, if massive production and chemical
analysis are performed to gain the composition distribution, a
more representative result can be obtained.

The other epistemic uncertainties that represent the difference
between model prediction and experimental observation is called
model uncertainty, which includes the model form uncertainty,
solution approximation, and model parameter uncertainty4. Model
form uncertainty stems from the assumption/simplification in the
model. For example, it is assumed that the precipitate size is a
fixed value in this work, while the real precipitate size is within a
range and follows a specific distribution. It is possible to further
increase the model accuracy by simulating precipitate size
distribution54 and incorporating the size distribution into the
strengthening model55. Moreover, the porosity also determines
the strength and ductility, while the influence of porosity is not
considered in the current model framework. The model bias can
be further reduced by integrating the porosity prediction into the
ICME model framework56.
The model parameter uncertainty is originated from the fact

that some parameters used in the model are not accurate enough.
For example, the Hall–Petch coefficient used in this work is
determined from references57, while it may not be precisely the
same for the alloy composition studied in this work, and it may
lead to a discrepancy between the model output and experi-
ments. Such uncertainties can be minimized by performing
experiments to measure the parameters or collecting more
literature to gain a more robust understanding of the value of
these parameters. The last one is solution approximation. As
shown in the supplementary files (Tables S2 and S3), there are
discrepancies between the surrogate models and original models.
Such uncertainties can be reduced by generating more and
unbiased training data, optimizing the hyper-parameters, etc.
Finally, it is possible to calibrate models by experiment design and
use the framework proposed by Kennedy and O’Hagan58–60.
During the calibration process, the difference between model
prediction and experiments can be modeled as a Gaussian process
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model, and the unknown model parameters shall be studied using
the Bayesian calibration method60.
In summary, the present study establishes an ICME framework for

the composition optimization of AM HSLA steel powder. The major
conclusions are as follows: an ICME framework supported by the
CALPHAD model-prediction, phenomenological models, and
physics-based models have been established for predicting the
weldability, yield strength, and low-temperature ductility of AM
HSLA with a given composition and post-treatment process without
many structural information from experiments. In total, 450,000
compositions have been calculated using the ICME framework to
identify the optimum composition, while taking into account the
uncertainty, that can maximize the rate of a successful AM build.
The proportion of alloys that meet the requirements for weldability,
yield strength, and low-temperature ductility increased from 55.266
to 99.996% after optimization. This method can help transform the
commercial alloys manufactured by conventional methods to the
AM process. This optimization process is established for a general-
purpose of composition optimization for AM, but it can be further
customized for a specific manufacturing process by integrating
more process–structure–property models due to different types of
processing. Although some of the ICME models adopted in this
framework may be further improved depending on the alloy
systems, the optimization strategy and concepts can be readily
extended to other case studies. The composition range generated
using this ICME framework is expected to be more reliable than the
arbitrary range proposed by the powder vendor based on their
experience.

METHODS
ICME model framework
All the models were implemented using the TC-Python toolkit from
Thermo-Calc software61,62 and Python63. The following section will
introduce the model framework in detail.
As illustrated in Fig. 2, the alloy yield strength, σY

17, arises from the
combined strengthening effects of Peierls–Nabarro (P–N) stress σ0,
dislocation strengthening σd, solid solution strengthening σss, precipitation
strengthening σppt, and grain boundary strengthening σH-P:

σY ¼ σ0 þ σd þ σH�P þ σppt þ σss; (1)

where σ0= 50MPa is the P–N stress of α-Fe21, the details of calculation for
other strengthening effects are given as below.
The martensitic/bainitic structure in the HSLA-115 steel, with high

dislocation density, forms due to rapid cooling. Takahashi and Bhadeshia19

proposed a phenomenological equation to describe the relationship
between the MS temperature, dislocation density, and the strengthening
effect from dislocations in the as-quenched steel σ0DS)

19,25

σ0DS ¼ Mτ0DS ¼ 0:38MGb
ffiffiffi
ρ

p
; (2)

log ρð Þ ¼ 9:2848þ 6880:73=T � 1; 780; 360=T2; (3)

where temperature T is max (570 K, MS), and M is the Taylor orientation
factor to convert the shear stress to normal stress which ranges from 2.6 to
3.06 in bcc materials, and M is 2.75 in this study64, G= 80 GPa is the shear
modulus65, b= 0.25 nm is the Burgers vector in α-Fe66, ρ is the dislocation
density. The MS temperature can be either predicted using theoretical
modeling or determined using experiments such as dilatometry. In this
work, we apply a data-mining generated decision tree model24 for the
prediction of MS temperature. The dislocation density will decrease during
the tempering heat treatment, and it is related to the ratio of the
precipitate fraction formed during the heat treatment process to the
equilibrium value fppt

67

σDS ¼ MτDS ¼ Mðτ0DS �
ffiffiffiffiffiffiffi
0:8

p
τ0DSfpptÞ: (4)

Since the fraction of precipitates does not increase significantly after a
certain aging time38,68, it is assumed that the ratio fppt is 1 after tempering.
The contribution from solid solution strengthening arises from the size

and elastic modulus misfit between the solvent and the solute atoms.
Fleischer’s equation30 is adopted to evaluate the strengthening effects in

multicomponent solid solutions69

σss ¼
X
i

β2ss;i ci

" #0:5

; i ¼ Ni; Mn; Cr; Al; Mo; Cu; (5)

where kss,Ni= 708 MPa atomic fraction−1 (MPa at−1), kss,Mn= 540MPa
at−1kss,Cr= 622MPa at−1, kss,Al= 196 MPa at−1, kss,Mo= 2362MPa at−1, kss,
Cu= 320 MPa at−1are the strengthening coefficients31, and ci is the atomic
fraction of the strengthening element in the matrix at the tempering
temperature obtained using the CALPHAD method.
The most critical strengthening mechanism in HSLA-115 steel is the

precipitation hardening due to Cu and M2C precipitates at the tempering
temperature (550 °C). For predicting the strengthening effect of Cu
precipitates, the Russel–Brown model is valid28,70. This model is based on
the interaction between the dislocations and Cu precipitates, which originates
from the difference in elastic modulus between the matrix and precipitates28

σCu ¼ 0:8M
Gb
LCu

1� Ep
Em

� �2
" #1

2

; sin�1 Ep
Em

� �
� 50�; (6)

σCu ¼ M
Gb
LCu

1� Ep
Em

� �2
" #3

4

; sin�1 Ep
Em

� �
� 50�; (7)

where Ep and Em are the dislocation line energy in the Cu precipitates and the
matrix, respectively. LCu is the mean planar spacing of Cu precipitates, and

L�1
Cu ¼ f

1
2
Cu=1:77rCu, fCu is the volume fraction of Cu precipitates, and rCu is the

mean radius of the Cu precipitates. The fCu is calculated using the Thermo-Calc
software with the TCFE9 database. In order to simplify the model, we assume
that the rCu is 4 nm since the radius of the Cu-rich precipitate in aged HSLA
alloy is usually 3–5 nm40,43,68. The Ep/Em ratio can be calculated with the
following equations:

Ep
Em

¼ E1P log r
ro

E1m log R
ro

þ log R
r

log R
ro

; (8)

where Ep
∞ and Em

∞ denote the energy per unit length of dislocation in an
infinite medium, and their ratio is 0.62, R= 1000r0 is the outer cut-off radius,
r0= 2.5b is the inner cut-off radius or dislocation core radius70.
The strengthening mechanism of M2C precipitates in HSLA steels or

similar alloys should follow the Orowan–Ashby dislocation strengthening
effect, provided the precipitate size is larger than 1.1 nm29. For HSLA steel
aged at 550 °C, the mean radius of M2C precipitate rM2C is usually less than
2.5 nm38,68, and it is assumed that rM2C= 2 nm in this work. The Orowan
equation can be written in the following format71:

σM2C ¼ MY
G

4πð1� vÞ0:5
2b

ωLrM2C
ln

2ωDrM2C

b

� � ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ln 2ωDrM2C

b

� �
ln ωLrM2C

b

� �
s

; (9)

ωL ¼ πωq

fM2C

� �0:5

�2ωr; (10)

1
ωD

¼ 1
ωL

þ 1
2ωr

; (11)

where ν= 0.3 is the Poisson’s ratio, Y= 0.85 is the M2C spatial-
distribution parameter for Orowan dislocation looping, fM2C is the
volume fraction of M2C, ωr is the constant to convert the mean particle
radius of M2C to the effective radius that intersects with the glide plane,
and ωq establishes the relationship between the mean area of precipitate
intersecting with the glide plane. A detailed discussion about ωr, ωq, and
Y can be found in ref. 38.
The following equation is used to evaluate the overall strengthening due

to precipitation with two different sets of precipitates

σppt ¼ σkCu þ σkM2C

� �1
k ; (12)

where k= 1.71 is the superposition exponent to superpose the
strengthening effects of two different strengthening particles29.
The strengthening effect due to the grain size refinement can be

estimated using the Hall–Petch equation26,27

σH�P ¼ kyffiffiffiffiffiffiffiffiffiffiffiffiffi
dpacket

p ; (13)

where ky= 600 MPa μm−0.5 is the Hall–Petch coefficient57, dpacket is the size
of the martensite packet or bainite which is closely related to the size of
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prior austenite Dg
21. In lower bainite/martensite matrix materials, the

martensite block size will be even smaller72,73. As a result, we assume the
grain size relationship is similar in martensitic steel, which can be written in
the form of the following equation21:

dpacket ¼ 0:40Dg: (14)

The NbC phase in HSLA steels remains undissolved at the austenitization
temperature (950 °C), which can pin the austenite grain boundary to
prevent excessive grain growth. The maximum austenite grain size after
austenitization is a function of the size and volume fraction of pinning
particles20

Dg ¼ 8rMX= 9f 0:93MX

� �
; fMX < 0:1

3:6rMX= f 0:33MX

� �
; fMX > 0:1

(
; (15)

where rMX is the average radius of the MX (M= Nb, X= C, N) in HSLA
steels, and it is reported to be around 13 nm in different HSLA steels with
various compositions and heat treatment parameters74,75, fMX is the
volume fraction of MX at austenitization temperature (e.g., 950 °C) which
can be obtained using the Thermo-Calc software with TCFE9 database.
As shown in Fig. 2, the ITT is used as an evaluation criterion for the low-

temperature ductility. The ITT corresponds to the ductile–brittle transition
temperature or fracture appearance transition temperature, which are
close to each other. At a temperature above the ITT, the material is ductile;
otherwise, it is brittle. The phenomenological equation to calculate 50%
ITT22 (°C) for the ferritic–pearlitic steels after the calibration with reported
HSLA ITT76 is given below

50% FATT ¼ 112t0:5 � 13:7d�0:5 þ 0:43Δy � 54; (16)

where t is the cementite thickness in μm, d is the grain size in mm, Δy is
the strength contributed from the precipitation hardening in MPa that can
be obtained through the precipitation strengthening model and Zener
pinning effect as shown in Fig. 2. However, this model should be used with
low confidence because it was originally designed for ferritic–pearlitic
steels, and it is reported that the error from this model can be up to 34 K77.
Thus, the ITT criterion for this design to select composition with good
ductility at low temperature is set to be 0 °C to avoid over-filtering.
The chemical composition determines the weldability by influencing the

hardenability and phase transformations during the welding process.
Carbon plays a crucial role in weldability and has two major effects. Firstly,
high carbon content leads to carbide precipitation during the AM process
and increases the freezing range (the difference between the liquidus and
solidus temperatures), which may initiate cracking through hot tearing
effects78. Secondly, it causes an increase in hardenability and thus lowers
the ductility79. The low carbon content of HSLA steel makes it a suitable
candidate material for AM. In this study, the ability to avoid hot and cold
cracking for different compositions is evaluated by calculating the freezing
range and the location in the Graville diagram23, as shown in Fig. 2.
Hot cracking occurs near the solidus temperature where the liquid

exists. A reduced freezing range is desirable to avoid hot cracking during
AM80,81. In this study, the freezing range is T80%liquid− T20%liquid (the
difference between temperatures with 80 and 20% liquid), and the
equilibrium freezing range is calculated based on the TCFE9 database of
the Thermo-Calc software. The allowable maximum freezing range for
compositions with good weldability is set to be 13 K.
Cold cracking occurs when the weld has cooled down to room

temperature, which is also called hydrogen-induced cracking (HIC). As a
phenomenological method, the Graville diagram is very useful in
determining the ability to avoid HIC23. If the alloy composition locates in
Zone I of the Graville diagram, cold cracking only occurs when the
hydrogen content is very high, and weldability is good. In contrast,
compositions in Zone II or Zone III have a medium or high susceptibility to
HIC, respectively82, and the details of the Zone in Graville diagram and the
location of different steels are illustrated by Caron82. An alloy with good
weldability should satisfy the following equation to avoid cold cracking

0 � �0:0515 � CEþ 0:127� C; (17)

where C is the carbon content of steel in weight percent, CE= C+ (Mn+
Si)/6+ (Ni+ Cu)/15+ (Cr+Mo+ V)/5 is the carbon equivalent (CE) of the
steel in wt%.

Screening strategy, analysis, and verification
The initial composition range and the screening range listed in Table 1 are
employed for high-throughput calculations. The screening range spans a

broader composition space in comparison with the initial composition
range provided by the vendor. The screening composition range was
determined to ensure that in the screening range, the percent of
compositions meeting all property requirements exhibit a peak or plateau
for each composition screening range so that we do not miss the possible
optimized composition space. Since there are nine elements whose
composition needs to be optimized, it implies that there are nine variables
with a certain range that needs to be considered in the mathematical
space for sampling. The sampling space will have an exponential increase
associated with a broad composition range for each element and thus
require a huge sampling size to ensure that the analysis is based on a
sufficient number of calculations. For example, if we discover the
optimized composition for all components in the screening range that
we defined in one time, it is found that such a multi-dimensional
composition space is 1.7 × 106 times larger than the initial composition
space, and 1.7 × 106 is the product of the ratios listed in Table 1. As a
result, it is challenging to screen a sufficient number of compositions to
represent the whole screening space. As a mitigation method to reduce
the computational load, we optimized the composition for each element
one by one. Take carbon as an example, we sampled 50,000 compositions
from the screening range of carbon and initial composition range for the
rest of the elements using the Latin hypercube sampling (LHS) approach83

with a uniform distribution. The same procedure was repeated for all
elements, and finally, 450,000 compositions were sampled. This method
requires much fewer calculations during the screening process, while still
effectively cover the required composition space for discovering the
optimized composition. The yield strength, ITT, and weldability of these
samples were calculated with the aforementioned ICME framework to
identify the influence of each element on the microstructure–property
relationship. During the optimization process, we utilized nine cores and
finished the simulation in less than 2 days, which proves that the
efficiency of this computational framework is high. Further, the composi-
tion was optimized such that it maximized the possibility of a successful
build, which could satisfy all the requirements for yield strength,
weldability, and low-temperature ductility after post-heat treatment.
Once the optimized composition was determined, 50,000 compositions

within the uncertainty range of the initial nominal composition and the
optimized nominal composition were sampled using the LHS approach83

following a uniform distribution, respectively. Later, the probability analysis
on successful AM was performed, and the improvement in the optimized
composition compared with the initial composition was evaluated.
Moreover, building surrogate models to overcome the computational

challenge in optimization has been proved successful and efficient84,85. As
a result, the machine learning approach was used to build surrogate
models to optimize the alloy composition86,87, all models were evaluated
using tenfold cross-validation88, and the statistical analyses, such as
Spearman’s rank correlation and Sobol’s indices, were performed to
understand the influence of elements on the properties89–93. An optimal
composition set with 69 compositions was found, and some compositions
are close to the composition determined in this work. The details are given
in the Supplementary Note.
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