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Abstract
The multi-component complexity of ultra-high strength and ductility steels (UHSDS) imposes
significant challenges for physical metallurgy-guided machine learning (ML) and
CALPHAD-combined ML optimization design. Currently, the reported additively manufactured
UHSDS necessitate multi-step heat treatments and expensive alloying elements while exhibiting
poor corrosion resistance. In this study, a physicochemical feature-integrated, interpretable ML
strategy was employed to design multi-component UHSDS fabricated via laser-directed energy
deposition (LDED). SHapley additive exPlanation (SHAP) analysis was performed to reveal the
critical intrinsic factors and their effects on the tensile mechanical performance, including
ultimate tensile strength (UTS), yield strength (YS), and elongation (EL). Accordingly, the
candidate alloying elements were identified, and a simple single-step tempering heat treatment
was adopted, enabling the synchronous enhancement of strength and ductility. As a
consequence, we designed a novel cost-effective and short-process LDEDed
Fe-15Cr-3.2Ni-0.8Mn-0.6Cu-0.56Si-0.4Al-0.16C UHSDS, followed by tempering at 480 ◦C for
6 h. The as-tempered specimen mainly consisted of lath martensite, together with some
austenite, carbides and nano-precipitates (AlN, NiAl, and ε-Cu). Both striking mechanical
properties (i.e., UTS: (1 713 ± 17) MPa, YS: (1 502 ± 33) MPa, EL: (15.5 ± 0.7)%) and
excellent corrosion resistance, with a corrosion rate of 0.105 mm·a−1, have been achieved,
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superior to the reported additively manufactured UHSDS. The ultra-high strength and ductility are attributed to
solid–solution strengthening, precipitate strengthening and transformation-induced plasticity (TRIP) effects.
This work will be of great significance to provide new insights into the development of low-cost and
process-simplified UHSDS, especially for the laser fabrication of high-value-added steel components with
excellent comprehensive performance.

Keywords: additive manufacture, machine learning, physicochemical feature,
cost-effective and short process, ultra-high strength and ductility steel, corrosion resistance

Supplementary material for this article is available online

1. Introduction

Additively manufactured ultra-high strength and ductility
steel (UHSDS), owing to its exceptional mechanical proper-
ties, has demonstrated vital applicability in strategic sectors,
including aerospace, automotive manufacturing, and marine
transportation[1–4]. However, many engineering applications
have been severely restricted because of the high-content
expensive alloying elements such as Ni, Mo or Co[5–7] and
the required complex heat treatment (including solutionizing
at 800–1 200 ◦C, followed by quenching at 950–1 050 ◦C and
2–3 times tempering at 270–350 ◦C)[6–9].

To date, the applications of machine learning (ML) in
additive manufacturing have spanned material design[10–20],
process optimization[21,22], and structural design[23,24].
Specifically, the ML method has opened new avenues
for material design, which enables the construction of
data-driven models that can rapidly elucidate the com-
plex structure−property relationships inherent in material
systems[10]. Currently,ML facilitates the optimization of high-
performance steel compositions and processing parameters by
using the two following modeling methods: composition-
processing-properties (CPPs) and composition-processing-
intermediate variables-properties (CPPPs). However, the CPP-
ML model relies on the explicit mapping relationships among
composition, processing parameters, and properties, imposing
high demands on dataset quality[11]. The CPIP-ML model
incorporates intermediate variables to mitigate data scarcity
limitations for material design optimization. These interme-
diate variables are derived in the following three ways[12–20]:
physical metallurgy (PM) models[12–14], CALPHAD[15,16],
and physicochemical feature (PF) screening[18–20].

For the ML optimization design strategy integrated with
PM (PM-ML), Shen et al.[12] designed a cast Fe-13Cr-1.54Ni-
13Co-5.3Mo-0.004C ultra-high strength stainless steel fol-
lowed by a multi-step heat treatment, including 1 050 ◦C× 1 h
solutionization, 5 h cryogenic treatment in liquid nitrogen,
and 560 ◦C × 4 h tempering treatment. The equilibrium
volume fraction (V f) and thermodynamic driving force (Df)
served as key intermediate variables. However, their mod-
eling lacked the prediction of mechanical properties except
hardness and neglected the retained austenite. Similarly, He
et al.[13] designed a hot-rolled Fe-2.5Cr-0.3Cu-0.1Ni-0.13Ti-
0.05C weathering steel by employing phase transformation
critical points (Ac1, Ac3), a carbon equivalent (Ceg) and the
atmospheric corrosion resistance index (I) as intermediate

variables. Nevertheless, the model failed to account for
dynamic phase transformation phenomena, particularly the
formation of non-equilibrium bainite/martensite during the
rolling process. Cui et al.[14] improved the prediction accur-
acy of YS and EL for a hot-rolled Fe-1.35Mn-0.24Cr-0.12Ti-
0.15Si-0.05Al-0.0769C steel, by reconstructing rolling para-
meters into microstructural descriptors as intermediate vari-
ables, namely, the dislocation density, fraction and size of
the TiC precipitate and ferrite. However, the time scale of
strain-induced TiC precipitation was not fully incorporated,
leading to deviations in the prediction of precipitate size.
Although the PM-ML strategy demonstrates improved predic-
tion capability by simplifying PM principles, this methodo-
logy fails to account for dynamic multi-physics interactions
(i.e., temperature−strain−time coupling) during actual pro-
cessing and results in quantifiable systematic errors.

For the CALPHAD-informedML (CALPHAD-ML) meth-
odology, intermediate variables are integrated to derive ther-
modynamic domain knowledge constraints. Tan et al.[15]

designed an additively manufactured Fe-20.8Ni-6.2Ti-1.7Al
martensitic steel by employing CALPHAD to obtain interme-
diate variables that drive MLmodels for predicting phase con-
tent. Critical phase constraints (Max Ni3Ti, Laves < 5 wt%)
were established through coupled thermodynamic equi-
librium analysis, precipitation kinetics, and microstruc-
tural stability assessment. Similarly, Li et al.[16] designed
two cast reduced-activation ferritic/martensitic (RAFM)
steels (Fe-8.6Cr-1.3W-0.3Si-0.57Mn-0.32V-0.18Ta-0.14C
and Fe-8.4Cr-0.26W-0.15Si-0.50Mn-0.31V-0.17Ta-0.055C)
by incorporating restrictions (i.e., without δ-ferrite at the nor-
malizing temperature (NT); without coarsening phases at the
tempering temperature (TT); VMX 0.4% at TT; VM23C6 ≤ 1.5%
at TT). Nevertheless, the CALPHAD-ML approach suffers
from several inherent limitations: (i) strong reliance on empir-
ical thermodynamic constraints, requiring extensive thermo-
dynamic data; (ii) substantial computational complexity due
to high compositional dimensionality, leading to significantly
increased cost and reduced accuracy.

The PF-integrated machine learning (PF-ML) paradigm
couples interpretable material descriptors with data-driven
modeling frameworks systematically[17]. Table 1 presents
a comparison of the PM-ML, CALPHAD-ML and PF-ML
approaches. Obviously, the PF-ML methodology offers dis-
tinct advantages over the other two methods. Specifically,
it can overcome the heavy reliance on empirically derived
parameters and simplified assumptions in PM-ML, which
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Table 1. Comparison of CALPHAD-ML, PM-ML and PF-ML
approaches[12–20].

Approach

Characteristic CALPHAD-ML PM-ML PF-ML

Data efficiency Medium Medium High
Extrapolation
capability

Low Low High

Interpretability Medium High High
Model complexity Medium High Medium
Computational
cost

High Medium Low

often leads to poor extrapolation performance. Meanwhile,
the PF-ML addresses the strong dependency on the lim-
ited thermodynamic databases, triggering large uncertainties
in high-dimensional composition spaces for CALPHAD-ML.
Therefore, PF-ML is characterized by superior data efficiency,
robust mechanism-aware extrapolation, improved interpretab-
ility, and lower computational costs.

Currently, the PF-ML approach has been effectively util-
ized in the development of advanced materials, including
copper alloys with high conductivity[18], aluminum alloys
with high stress-corrosion resistance[19] and high entropy
alloys with high hardness[20]. For instance, Zhang et al.[18]

designed four Cu-In alloys (Cu-0.68In, Cu-0.42In, Cu-0.26In
and Cu-0.30Sn-0.27In) by incorporating key physicochem-
ical features, including E4 (absolute electronegativity), S6
(core electron distance) for UTS, and S10 (atomic radius)
for electrical conductivity (EC). Notably, the generalizabil-
ity of this methodology was further validated in aluminum
alloy systems, where the identical set of descriptors (E4, S6,
and S10) maintained robust predictive capability. Likewise,
Jiang et al.[19] developed an Al-10.50Zn-2.31Mg-1.56Cu-
0.09Ti-0.15Cr-0.10Zr alloy by integrating physicochemical
features, including G4-1 (d-orbital electron count), C2-1
(boiling point), S6-1 (nuclear−electron distance) and S14-2
(acoustic velocity variance) for UTS; S16-1 (density), E5-2
(variance in first ionization energy) and E13-1 (electrical res-
istivity) for fracture ductile (KIC); C14-1 (diffusion activa-
tion energy), E15-1 (corrosion potential) and C20-1 (Young’s
modulus) for stress corrosion resistance (ISSRT). The PF-ML
approach has been demonstrated to be an effective method-
ology; however, its application in the optimization design of
high-performance steel has rarely been reported to the best
knowledge of authors.

To address these challenges caused by factors such as the
alloying element and the complex heat treatment (HT) para-
meter, we applied the PF-ML strategy for developing cost-
effective and short-process UHSDS in this work. First, the
key features affecting the UTS, YS, and EL were determ-
ined via feature screening. Subsequently, the interpretable
Shapley additive explanation (SHAP) algorithm rooted in
game theory[25] was employed to uncover the explicit laws
of elements affecting properties. After the analysis results and
evaluation criteria were combined, the alloying elements that

can improve both the strength and ductility were determined.
Finally, NSGA-III was leveraged for multi-objective optimiz-
ation of the element contents and heat treatment parameters,
then a novel cost-effective UHSDS with a simple single-step
tempering treatment was designed. The synergistic mechan-
ism for the concurrent improvement in the strength−ductility
balance and corrosion resistance in the newly developed
UHSDS was comprehensively revealed via experimental val-
idation. This study aimed to achieve cost reduction, procedure
simplification, and comprehensive performance enhancement,
providing a new strategy for additively manufactured UHSDS
via PF-ML methodology.

2. Design strategy

Figure 1 illustrates the PF-ML methodology for the UHSDS
design framework, which consists of the following five steps:
(i) initial dataset creation, (ii) feature screening and modeling,
(iii) SHAP analysis, (iv) multi-objective optimization, and (v)
experimental validation.

First, experimental data, including UTS, YS, EL and heat
treatment parameters of UHSDSs, together with the physi-
cochemical parameters of alloying elements for constructing
alloy factors, were collected from both published literature
and authoritative databases. As a consequence, experimental
samples and element physicochemical characteristic quantity
datasets were established forML. Second, the key alloy factors
were screened to set up models for UTS, YS, and EL via
combining importance ranking with correlation screening and
exhaustive calculations. Third, the SHAP analysis method was
used to elucidate the specific influence of key physicochem-
ical features on the UTS, YS, and EL. Furthermore, this ana-
lysis allows for the examination and ranking of potential ele-
ments, enabling the identification of candidate elements that
can enhance both strength and ductility. Fourth, NSGA-III was
applied to determine the optimal alloying element contents and
heat treatment parameters. Finally, experimental verification
was conducted to elucidate themechanism underlying the sim-
ultaneous performance enhancement.

2.1. Dataset

A curated dataset was constructed by systematically collecting
data on the composition and heat treatment process parameters
of high-strength steels fabricated via laser-based additive man-
ufacturing techniques, specifically, laser powder bed fusion
(LPBF) and laser directed energy deposition (LDED), from
published literature, including the Web of Science and China
National Knowledge Infrastructure (CNKI). After screening
under the constraint conditions of UTS ≥ 1 200 MPa and
YS≥ 1 000MPa, a dataset with 106 sets of data was built, with
a focus on three key mechanical properties including UTS,
YS, and EL (see Supplementary Material 1). The interquart-
ile range (IQR) method was used to identify outliers with
data point exceeding Q1 − 1.5 × IQR and Q3 + 1.5 × IQR
for a given property, which were rigorously excluded to
ensure data reliability and reduce experimental bias[26]. The
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Figure 1. The PF-ML design strategy for cost-effective, short-process, and corrosion resistant UHSDS: (a) initial dataset construction,(b)
feature screening and modeling, (c) SHAP analysis, (d) multi-objective optimization, (e) experimental assessment.

above data collection approaches can effectively minim-
ize the interference of process parameters in performance
predictions.

2.2. Features

Quantitative analysis of the composition-property correlations
has been persistent challenges in materials science[27]. To
eliminate the impact of additive manufacturing methods (i.e.,
LPBF and LDED) on mechanical property variability, physi-
cochemical features are introduced in this work to serve as
the primary inputs of the ML models, which can dictate the
alloy’s response to the thermo-kinetic conditions of different
laser fabrication processes[28]. By connecting input features

with physical mechanisms, the statistical correlations can be
transformed into actionable design guidelines. This process is
termed as “feature interpretation”, which can explain the ML
predictions well[29]. Based on the alloy factor establishment
method developed by Zhang et al.[18], 81 physicochemical fea-
tures were extracted for each element, such as atomic num-
ber, group number, Mendeleev number, thermodynamic num-
ber, electronic structure number and size, which were classi-
fied into 6 categories in this work, see SupplementaryMaterial
2. Specifically, the mean factor fmi and the variance factor f vi
for the 81 feature quantities were calculated via Equations (1)
and (2), respectively, which are termed as alloy factors and
provide a comprehensive representation of the characteristics
of the studied samples.
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fmi =
∑

(fij×αj)/
∑

αj (1)

fvi =
∑

(fij− fmi)
2 ×αj/

∑
αj. (2)

Where fij denotes the feature quantity associated with the indi-
vidual element, i is the different feature quantity of each ele-
ment (i= 1, 2, 81), j corresponds to the different elements
present within the sample alloy (j= 1, 2…, n, n is the number
of alloy compositions), and αj represents the atomic percent-
age content of element j.

Herein, a three-step feature screening method based on
extreme gradient boosting (XGBoost) was applied to screen
the key alloy factors as follows:

Step I: importance ranking. Considering the small sample
size and high-dimensional feature of this study, the XGBoost
algorithm[30] was utilized to quantify and prioritize the con-
tribution weights of the alloy factor. For the trained XGBoost
models, the importance of the input variables (162 constructed
alloy factors) was determined by analyzing their frequency as
segmentation nodes and their corresponding node weights. A
weighted importance index was then calculated for each vari-
able to establish the final ranking.

Step II: correlation analysis. Specifically, the Pearson cor-
relation coefficient r[31] was calculated for any two alloy
factors x and y via Equation (3).

r=

∑
[(xi− xm)× (yi− ym)]√
(xi− xj)

2 ×
√
(xi− xj)

2
. (3)

Here, xi and yi denote the values of any two alloy factors
associated with the i-th sample, whereas xm and ym corres-
pond to the mean values of these two alloy factors in the prop-
erty dataset. When |r| exceeds 0.95, the alloy factors x and y
are strongly linearly correlated, demonstrating that these para-
meters provide redundant information for material properties.
To mitigate multicollinearity, the factor with lower importance
ranking was systematically eliminated, and this iterative elim-
ination process was not terminated until the top 10 most influ-
ential alloy factors were identified.

Step III: exhaustive calculation. The optimal combination
for the highest property prediction accuracy was identified
from the top 10 strongly correlated alloying parameters and
thus defined as the key factor. During modeling, a random
partition of the property dataset was performed into train-
ing and testing subsets at a ratio of 4:1. The training subset
was adopted to develop an exhaustive calculation model, fol-
lowed by the optimization of its parameters via a 10-fold cross-
validation (CV) method. The model accuracy was evaluated
via the mean absolute percentage error (MAPE)[32]. Then, the
key alloy factors influencing UTS, YS, and EL were chosen
according to the MAPE value of the exhaustive calculation
model.

2.3. Machine learning

To maintain methodological rigor and prevent potential
data contamination, the predictive models were system-
atically evaluated by stratifying 10-fold cross-validation

(CV) with a completely independent test set. For this
regression task with a limited sample size, six candid-
ate algorithms were systematically evaluated, including
XGBoost, Random forest regression (RFR), Gaussian pro-
cess regression (GPR), decision tree (DT), k-nearest neigh-
bors (KNN) and support vector regression (SVR). The
optimal predictive algorithm was identified through rigorous
CV analysis, with selection criterion based on minimization
of the mean absolute error (MAE) in property correlation
prediction.

To validate the accuracy enhancement achieved by integ-
rating PFs, we implemented a 10-fold CV scheme to
gauge the robustness of the ML models against overfitting.
Subsequently, we constructed three distinct ML models by
leveraging the selected algorithm to predict UTS, YS, and
EL, respectively. To ensure statistical robustness, each mech-
anical property model was trained over 1 000 independent
iterations, with each iteration utilizing a randomly sampled
80% subset of the available training data. This approach mit-
igates overfitting while ensuring reproducibility in predictive
performance.

2.4. SHAP analysis

The game-theory-derived SHAPmethod was employed to elu-
cidate the UTS, YS, and EL models, enabling quantitative
analysis of the contributions from alloying elements and heat
treatment parameters. By adopting additive feature attribution
methods, the SHAP algorithm can approximate the output of
the “black-box” model as a linear superposition of input fea-
ture functions and interpret each sample via Equation (4)[25].

f(x) = ϕ 0 +
M∑
i=1

ϕ ij (x) . (4)

Here, f(x) is the predicted tensile property value, and ϕ 0

refers to the base value, which is typically obtained as themean
predicted value over the training set, indicating the expec-
ted output of the model in the absence of any input feature
information. M indicates the number of input features, and
ϕ ij (x) represents the feature attribution value, indicating the
contribution of the i-th input feature to the property for the j-
th sample.

In this work, SHAP analysis was strategically implemented
to bridge data-driven interpretation with alloy design, focus-
ing on the following two key aspects: (i) quantitative ranking
of alloying elements. A definitive compositional hierarchy can
be established via the weight calculation method proposed by
Jiang et al.[19], providing a data-driven foundation for achiev-
ing an optimal strength−ductility balance. (ii) identification of
the dominant heat treatment parameters. The global sensitivity
analysis capability of SHAP can be leveraged to evaluate the
relative importance of all the heat treatment parameters based
on the mean |SHAP value|. Consequently, the most influential
candidate alloying elements and heat treatment parameters can
be identified via the SHAP-guided analysis for multi-objective
optimization design.

5
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2.5. Multi-objective optimization design

Based on the python multiobjective optimization (Pymoo)
framework, the multi-objective optimization design frame-
work was developed by integrating the established UTS, YS,
and EL predictive models with the non-dominated sorting
genetic algorithm (NSGA-III)[33]. The search ranges for the
element content and heat treatment parameters were estab-
lished by combining candidate elements and the required heat
treatment. The evolutionary computation parameters were
configured with an initial population size of 1 000, maximum
number of generations of 5 000, a crossover probability of
0.7, and a mutation probability of 0.2. Therefore, the Pareto
front was successfully constructed, enabling the determina-
tion of the optimal element content and heat treatment para-
meter combinations for synergistically optimized mechanical
properties.

2.6. Experimental validation

The fabrication of UHSDS specimens was performed util-
izing a FL-1500 1.5 kW fiber laser equipped with a water-
cooling and coaxial powder-feeding system. The laser pro-
cessing parameters are as follows[34]: laser beam size, 1.2 mm;
laser power, 430 W; laser scanning speed, 480 mm·s−1; over-
lap ratio, 50%; and powder feeding rate, 6.5 g·min−1. Nitrogen
(N2) of 99.999% purity was delivered as the shielding and car-
rier gas at 10 L·min−1, by which the following three main
effects could be produced via in-situ nitriding[35]: (i) intersti-
tial solid solution. The N addition can facilitate the formation
of a solid solution of interstitial C and N atoms in UHSDS;
(ii) nano-precipitation. The precipitation of nano-sized nitrides
can significantly enhance the mechanical properties and (iii)
grain refinement. The prior austenite grain and the resulting
martensite lath can be refined due to the reduction of the Ms
temperature and the peritectic reaction rate, improving both
the strength and ductility simultaneously. The as-deposited
specimen (60mm× 30mm× 4mm)was subsequently treated
via a single-step tempering under the recommended paramet-
ers derived from ML.

Flat UHSDS specimens were obtained after ∼1 mm from
the top surface by grinding. The loading axes of all the tensile
specimens were set parallel to the laser scanning direction dur-
ing machining. A constant crosshead speed of 0.2 mm·min−1

was applied during tensile testing on a universal testing
machine (PWSE100). For each condition, the tensile proper-
ties were determined by calculating the average of three separ-
ate measurements. To ensure repeatability and reliability, three
tensile specimens were tested for each condition. Furthermore,
an electrochemical workstation (CS300) was employed to test
corrosion resistance in a 3.5 wt% NaCl solution at room tem-
perature. The potentiodynamic polarization curves were recor-
ded at a scanning rate of 0.5 mV·s−1 over the potential range
from−1.0 V to+0.5 V in a standard three-electrode cell. The
UHSDS specimen, saturated calomel electrode, and platinum
electrode were functioned as the working electrode, reference
electrode, and counter electrode, respectively. The potentiody-
namic polarization curves were fitted via Zview software, and

the results for each condition are the average value calculated
from three independent test samples.

A spark optical emission spectrometer (spark-OES, M4000
CCD) was used to determine the chemical composition of the
UHSDS specimens. Phase identification was executed via X-
ray diffraction (XRD, SmartLab) by employing a Cr source.
An accelerating voltage of 40 kV and a current of 40 mA were
applied, with a scanning 2θ range of 20◦–90◦ at a constant
angular step of 2◦·min−1. The microstructure examination of
the specimens was carried out on a scanning electron micro-
scope (SEM, MERLIN) operating at an accelerating voltage
of 20 kV. Electron backscattered diffraction (EBSD) maps
were acquired on an FEI Nova NanoSEM 450 at 20 kV with
a step size of 0.15 µm and processed using Azteccrystal soft-
ware. A transmission electronmicroscope (TEM, JEOL-2100)
operated at 200 kV was employed for examining the detailed
microstructural features. The TEM specimens were punched
from mechanically ground thin foils and subsequently elec-
tropolished at 25 ◦C in a solution of 10% perchloric acid and
90% ethanol.

3. Results

3.1. Distribution characteristics of the property datasets

Figure 2 presents the data distribution in property datasets. As
seen from Figure 2(a), the statistical distribution of the ele-
mental compositions in steels exhibits the number of alloy-
ing elements spanning exclusively from 5 to 11. The compos-
itional diversity and complex elemental interactions in these
multi-component steels could expand the sample information
space, thereby enhancing the generalizability of the ML mod-
els. Meanwhile, such complexity can pose obvious challenges
in achieving the optimal steel composition and balanced prop-
erty enhancement.

Figure 2(b) illustrates the distribution map of the ele-
mental compositions within the mechanical property data-
set. Apparently, Ni has the widest concentration range (0–
19 wt%), followed by Cr and Co, with maximum concentra-
tions exceeding 15 wt%. Cu and Mo show upper limits sur-
passing 5 wt%, whereas Al displays a more restricted solu-
bility range of 0–3.4 wt%. The remaining trace elements are
primarily distributed within the 0–1 wt% range. To increase
the computational efficiency in ML applications, the search
boundary for each alloying element was constrained according
to the elemental distribution profiles, thereby mitigating the
computational burden associated with high-dimensional com-
position space exploration.

Figure 2(c) shows the distribution of heat treatment (HT)
types and parameters within the dataset. Clearly, there are
three HT categories, including multi-step HT (solid solu-
tion treatment + tempering), single-step HT (tempering), and
without HT. The temperature of the solid solution (SS) treat-
ment varies from 427 ◦C to 1 150 ◦C,with a holding time range
of 0.5–4 h. The tempering temperature changes from 200 ◦C
to 620 ◦C, with a holding time range of 0.08–12 h.

Figures 2(d)–(f) depict the distributional characteristics of
the mechanical properties within the dataset, with UTS values
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Figure 2. Data distribution in property datasets. (a) Distribution map of steel composition. (b) Distribution map of element and their contents.
(c) Distribution map of heat treatment parameters, Pie chart distribution of properties range, (d) UTS, (e) YS, and (f) EL.

ranging from 1 218 MPa to 2 217 MPa, YS values ranging
from 1 005 MPa to 2 092 MPa, and EL values ranging from
1.2% to 25.5%. Notably, 69.8% of specimens exhibit UTS and
YS values within the range of 1 200–1 800 MPa and 1 000–
1 600 MPa, respectively. Furthermore, 41.5% of the samples
achieved EL values exceeding 10%.

3.2. Key alloy factor screening

Figure 3 presents the screening procedure and key alloy
factors. After the importance ranking, the top 15 alloy factors
were identified, as shown in Figures 3(a)–(f). Among them,
a strong correlation exists between A8-1 and S21-1 for UTS,
along with a similarly strong linear interdependence among
A5-1, C3-1, and S22-1. In the case of the YS, there is a
strong correlation between C16-2 and A8-1, whereas S22-1,
C16-2, E11-1, E14-1 and A5-1 constitute another interconnec-
ted group. Regarding EL, the data indicates a linear depend-
ence between C16-2 and A8-1, while E9-1, A8-1 and C11-
1 exhibit a separate strong correlation. Based on the afore-
mentioned criteria, the lower-ranking alloy factors within the
strongly correlated groups were eliminated, and the remain-
ing 10 alloy factors selected for exhaustive analysis are listed
in Table 2.

Figures 3(g)–(i) show the results of the exhaustive screen-
ing process, indicating that the error level can be minimized
by combining 2-5 alloy factors. Clearly, the reduced variable
dimension and improved design efficiency can be achieved via
the exhaustive method. When the number of alloying factors
is three, the error for the UTS model is minimized at 7.6% for
the combination of S17-2, C12-1, and C14-1. Conversely, the
smallest error of 9.9% for the YS model is achieved by con-
sidering two alloy factors, with the combination of E11-1 and
S17-2. Additionally, the EL model shows the lowest error of
20.9%, with two alloy factors corresponding to E9-1 and C9-1.

In this work, we define {S17-2, C12-1, C14-1}, {E11-1, S17-
2}, and {E9-1, C9-1} as the key alloy factors influencing the
UTS, YS, and EL, respectively. These key alloying factors are
related to the atomic and electronic size, lattice constant and
electrochemical characteristics of the material (see Table 3).

3.3. Machine learning algorithm selection and model estab-
lishment

Figures 4(a)–(c) present the preliminary results of algorithm
screening. The XGBoost algorithm clearly has the lowest
MAE during 10-fold cross-validation for the three mechan-
ical properties, with values of (125 ± 22.9) MPa for the
UTS, (138.0 ± 34.2) MPa for the YS and (2.5 ± 0.4)%
for the EL. The dispersion of the prediction errors was
assessed via the coefficient of variation (CV = standard devi-
ation/mean × 100%), a metric adopted to normalize the data
spread for comparative analysis[36]. The calculated CVs for
the MAEs of the UTS, YS and EL are 18.32%, 24.78%
and 16.00%, respectively. This moderate level of variability
is acceptable, given that the model is in preliminary status
without hyperparameter optimization[37]. These results indic-
ate that the XGBoost algorithm exhibited the highest predict-
ive accuracy among the evaluated models and was therefore
chosen for subsequent analyses. The prediction errors are illus-
trated in Figures 4(d)–(f), with an R2 of 0.914, an MAE of
57.344 MPa and an RMSE of 77.861 MPa for the training set
of the UTSmodel, an R2 of 0.939, anMAE of 40.467MPa and
an RMSE of 61.216 MPa for the training set of the YS model,
an R2 of 0.886, an MAE of 1.071% and an RMSE of 1.602%
for the training set of the EL model. Comparatively, the values
of R2, MAE and RMSE for the training set are close to those
for the test set, with R2 differences of less than 0.05. Therefore,
the constructed models for UTS, YS, and EL demonstrate
good predictive accuracy and generalization capability[38].
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Figure 3. Screening process and results of key alloy factors. (a)–(c) Pearson correlation of the top 15 alloy factors in importance ranking,
(d)–(f) The top 15 alloy factors in importance ranking, and the alloy factors shown in blue are those that are excluded in the correlation.
screening; (g)–(i) Exhaustive calculation results of alloy factors.

Table 2. The top 10 alloy factors for exhaustive calculation.

Properties UTS YS EL

No strong
linear
correlation,
ranking the top
10 alloy factors

S17-2, S22-1,
A10-2, N7-1,
A8-1, C12-1,
C13-1, C9-1,
S3-1, C14-1

S17-2, C16-2,
C13-1, S3-1,
S22-1, E11-1,
A10-2, E14-1,
N7-1, C17-1

S17-2, E9-1,
S11-1, S5-1,
S3-1, C13-1,
C9-1, C15-2,
C4-1, S18-1

3.4. Selecting elements and postheat treatment based on
SHAP analysis

SHAP analysis was applied to elucidate the underlying mech-
anisms of the three PF-ML models for UTS, YS and EL, with
the results shown in Figures 5(a)–(c). Each numerical point
represents an individual sample, with its color indicating the
key alloy factor value. A positive SHAP value indicates that
this key alloy factor contributes positively to the property,
whereas a negative value denotes an adverse effect. A SHAP

value close to zero suggests that the corresponding key alloy
factor has a negligible influence on the property.

Based on the weight calculation method proposed by Jiang
et al.[19], the coefficient Kni (key alloy factor influence coef-
ficient) was estimated from the slope of the best-fit line
between the key alloy factor values and their correspond-
ing SHAP values. The element ranking weight coefficients
Zni, associated with each key alloy factor are summarized in
Table 4.

The sign of Kni dictates the orientation (positive/negative)
of the monotonic correlation between the critical steel char-
acteristic and the target property, while the absolute mag-
nitude of Kni quantifies the intensity of such a correlation’s
influence[19]. Figures 5(a)–(c) illustrate the explicit associ-
ations between key alloy factors and the corresponding prop-
erties. By considering these associations alongside the influ-
ence coefficients in Table 4, the significance of elements on
properties can be analyzed systematically. There are 13 ele-
ments available for designing UHSDS, including C, Cr, Ni,
Si, Mn, Co, Mo, Al, Nb, V, Cu, and Ti. Figures 5(d)–(j) rank
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Table 3. The key alloy factors obtained by recursive elimination.

Properties Key alloy factors Description

UTS S17-2 The square of the deviation from sound propagation
rate in the element compared with iron C2

C12-1 The thermal conductivity k
C14-1 The diffusion activation energy of elements in iron Ei

YS E11-1 The number of effective nuclear charge Ze
S17-2 The square of the deviation from sound propagation

rate in the element compared with iron C2

EL E9-1 The number of work function ϕ
C9-1 The compression modulus Mc
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Figure 4. Algorithm screening and ML model predictions. (a)–(c) The mean cross-validation results of different ML algorithms, (d)–(f) the
model predictions with the key alloy factors as inputs.

Table 4. Key alloy factors, key feature quantity influence coefficient Kni, and element ranking weight coefficient Zni.

Properties UTS YS EL

Key alloy factors S17-2 C12-1 C14-1 E11-1 S17-2 E9-1 C9-1

Kni −198.08 −56.02 −48.13 190.19 −182.52 2.13 −9.74
Zni 0.218 0.062 0.053 0.245 0.255 0.096 0.404

the importance of the above 13 elements on the three target
properties based on key alloy factors, respectively.

Table 4 provides the elemental importance ranking corres-
ponding to the seven key factor quantities via the calculation of
the weight coefficients. Accordingly, the comprehensive ele-
mental importance ranking affecting the overall alloy proper-
ties is presented in Figure 5(k). A lower comprehensive ele-
ment ranking value corresponds to a greater influence on com-
prehensive properties. As shown in Figure 5(k), the influence
of alloying elements on the enhancement of the overall prop-
erties follows a descending order. Considering the high cost of
Ti and Nb, we selected Si,Cu and Al as the candidate alloying

elements to enhance the comprehensive properties of UHSDS.
In addition, Mn is typically contained in carbon steels, and Cr
with a content above 12 wt% was designed to ensure the cor-
rosion resistance. Furthermore, Ni was introduced as an addi-
tional candidate element to balance the phase fractions.

Figure 5(l) shows the comprehensive normalized Mean
|SHAP value| of heat treatment, revealing that the tem-
pering temperature and holding time are the predomin-
ant factors governing the overall mechanical properties.
Consequently, a single-step tempering was selected as the
post heat treatment, and its parameter ranges are detailed in
Table 5.
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Figure 5. SHAP analysis. SHAP values of inputs affecting properties. (a) UTS, (b) YS, and (c) EL, ranking the importance of elements.
affecting properties based on different alloy factors, (d) S17-2, (e) C12-1, (f) C14-1, (g) E11-1, (h) S17-2, (i) E9-1, (j) C9-1, (k) comprehensive
rank of element after weighted calculation, (l) comprehensive normalized Mean |SHAP value| of heat treatment.

Table 5. Search scheme for the alloy composition (wt%) and heat treatment parameters.

Search space Si Cu C Al Mn Ni Cr
Tempering

temperature/◦C
Tempering
time/h

Lower limit 0 0 0 0 0 0 12 400 0
Upper limit 1 1 0.3 1 1 4 16 600 12
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Figure 6. Multi-objective optimization results via machine learning. (a) Three-dimensional Pareto front of UTS, YS, and EL, (b) two-
dimensional Pareto front of UTS and EL, (c) two-dimensional Pareto front of UTS and YS.

3.5. Novel ultra-high strength and ductile steel

Leveraging the Pymoo framework, the predictive models for
UTS, YS and EL were embedded prior to implementing a
multi-objective optimization system viaNSGA-III integration.
With SHAP analysis, the optimization ranges for the chemical
composition and heat treatment parameters were determined
as input variables (Table 5). Subsequently, The Pareto front
characterizing the strength and ductility trade-offs was gener-
ated via the NSGA-III. Within this optimized solution space,
the recommended compositions and processing parameters are
demarcated by blue dots in the three-dimensional Pareto front
(Figure 6(a)). In general, the spatial distribution of these points
map out a well-defined performance boundary surface[39].
Figure 6(b) illustrates the UTS-YS projection by green dots,
revealing a significant synergistic relationship between the
UTS and YS. In contrast, the UTS-EL relationship is mapped
via orange dots in Figure 6(c), demonstrating the character-
istic strength−ductility trade-off. A confined “knee” region is
recommended, where a minimal sacrifice in strength is offset
by a considerable improvement in ductility[40]. To reconcile
high ELwith the requisite strength, an optimal solution corres-
ponding to a novel UHSDS sample exhibitingmodel-predicted
properties of UTS 1 757 MPa, YS 1 449 MPa and EL 13.9%
was selected for experimental validation.

Herein, a 480 ◦C × 6 h single-step post-heat treatment
was predicted, which is consistent with our design concept

(Figure 1). In fact, the ML models were employed to pre-
dict the mechanical properties after a multi-step tempering
heat treatment (not shown here), demonstrating that the much
more complex tempering processes cannot provide a decis-
ive improvement in tensile properties compared with single-
step tempering. Additionally, the experimental work of Tan
et al.[41] demonstrated that a 490 ◦C × 4 h single-step
tempering process achieved a balanced property profile (UTS:
1 656 MPa, YS: 941 MPa and EL: 18.3%), which was slightly
inferior to that (UTS: 1 732 MPa, YS: 1 153 MPa and EL:
16.5%) after a 472 ◦C × 2 h + 490 ◦C × 4 h multi-step
tempering process for the AISI 420 alloy. Given the inherent
advantages of process simplicity, reproducibility and indus-
trial viability, single-step tempering was conclusively jus-
tified as the superior choice for the designed composition.
Accordingly, the predicted and experimentally measured com-
positions, along with the corresponding mechanical proper-
ties, are tabulated in Table 6.

The tensile curves of the UHSDS specimens are presented
in Figure 7(a). The as-deposited specimen exhibits a UTS of
(1 370 ± 21) MPa, a YS of (934 ± 26) MPa and an EL of
(8.7± 0.5)%. In contrast, a simultaneous enhancement in both
strength and ductility was achieved after a 480 ◦C× 6 h single-
step tempering heat treatment, with a UTS of (1 713 ± 17)
MPa, a YS of (1 502 ± 33) MPa and an EL of (15.5 ± 0.7)%.
This corresponds to an approximately 30% increase in UTS,
accompanied by a twofold improvement in ductility. Notably,
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Table 6. Predicted vs measured chemical composition (wt%) and tensile properties of the developed UHSDS.

Steel Si Cu C Al Mn Ni Cr UTS/MPa YS/MPa EL/%

UHSDS-Pre. 0.56 0.60 0.16 0.40 0.76 3.20 15.01 1 757 1 449 13.9
UHSDS-Exp. 0.58 0.62 0.15 0.37 0.82 3.15 15.16 1 713 ± 17 1 502 ± 33 15.5 ± 0.7

Figure 7. Mechanical properties and fractography of the as-deposited and as-tempered UHSDS specimens. (a) Engineering stress−strain
curves, (b) strain work-hardening rate curves, (c) comparison of tensile properties among the reported laser additively manufactured steels
after a single-step HT and a multi-step HT, (d) fracture morphology of as-deposited specimen, (e) fracture morphology of as-tempered
specimen.
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all measured tensile properties exhibit exceptionally low CVs
of <5%, indicating the high consistency and reliability of the
experimental process.

To understand the deformation behavior, the strain harden-
ing rates of the UHSDS specimens were calculated, as presen-
ted in Figure 7(b). Apparently, the strain hardening rate of
the as-tempered sample is greater than that of its as-deposited
counterpart throughout both stage I (elastic deformation)
and stage II (plastic deformation). This superior hardening
behavior of the as-tempered UHSDS, in good agreement with
the twofold enhancement of ductility, could be correlated with
the profuse formation of precipitates, whichwill be further dis-
cussed hereinafter.

Figure 7(c) compares the tensile properties of the as-
tempered UHSDS designed in this work with those of previ-
ously reported additively manufactured steels after a single-
step[42–48] or a multi-step[7–9,43–45,47,49,50] postheat treatment.
The as-tempered UHSDS exhibits superior tensile proper-
ties over all the single-step heat treated steels, and demon-
strates higher elongation at the equivalent strength level rel-
ative to multi-step heat treated counterparts. In addition,
SupplementaryMaterial 3 provides a comparison of the chem-
ical composition, post-heat treatment and mechanical prop-
erty of the newly developed UHSDS and additively manufac-
tured commercial ultrahigh-strength steels. Apparently, this
work achieves an excellent strength−ductility balance, exhib-
iting overwhelming superiority in cost effectiveness and pro-
cess simplicity over other steels.

Figures 7(d) and (e) present the fracture surfaces of the
UHSDS specimens, showing apparent necking deformation
with respect to the fiber area and shear lip. The fracture sur-
face morphology of the as-deposited specimen features large
cleavage planes, cracks, and tearing ridges, demonstrating
a typical mixed-mode fracture (Figure 7(d)). Comparatively,
the as-tempered specimen is characterized by ductile frac-
ture with massive dimples and a larger fiber area, demon-
strating an overall increasing trend in ductility, as shown
in Figure 7(e). The dimple size and density of the speci-
mens were quantified by ImageJ software, yielding values
of 0.79 µm and 7 × 109 dimples·µm−2 for the former and
1.02 µm and 6.3 × 1010 dimples·µm−2 for the latter. It is
widely accepted that the dimple areal density on a fracture
surface is governed by the population of nucleation sites and
the ductility of the material[51,52]. Therefore, the ductility was
evidently enhanced after a single-step tempering HT for the
LDED UHSDS, which is in good agreement with the ductility
enhancement, as demonstrated in Figure 7(a).

3.6. Microstructure analysis

Figure 8 presents the phase constituents, microstructural
morphology, and dislocation characteristics of the LDED-
fabricated UHSDS specimens. As seen from the XRD spec-
tra (Figure 8(a)), the as-deposited specimen is predominantly
composed of martensite (M), austenite (A), M23C6 carbide,
and AlN phase. In comparison, stronger M peaks together
with the occurrence of NiAl and ε-Cu are detected in the as-
tempered specimen. SEM micrographs (Figures 8(b) and (c))

confirm the presence of high-density precipitates within the
martensite laths of the UHSDS specimen after the single-step
tempering treatment.

To further elucidate the spatial distributions of crystallo-
graphic orientations, interphase boundary characteristics, and
dislocation-induced lattice distortions, the EBSD analysis was
performed, as shown in Figures 8(d)–(i). Inverse pole figure
(IPF) maps and pole figures (PFs) are presented in Figures 8(d)
and (g), respectively. The as-deposited specimen exhibits a
local<001> texture, as evidenced by a maximum multiple of
uniform density (MUD) of 5.29 (Figure 8(d)). Interestingly,
this texture slightly intensified after the tempering treatment,
with the MUD value increased to 5.61 for the as-tempered
specimen (Figure 8(g)). Although the texture is generally
weakened by dislocation recovery and recrystallization during
tempering, the observed increase in <001> texture intensity
indicates the preferential growth of grains with<001> orient-
ation. This anomalous phenomenon may be attributed to the
pinning effects of the precipitated phases. As indicated by the
phase distribution map (Figure 8(e)), the as-deposited sample
is composed of 75.7% α-Fe (red) and 24.3% γ-Fe (blue).
After the tempering treatment, the α-Fe content increased to
82.3%, whereas the γ-Fe is reduced to 17.7%, which is con-
sistent with the change in the XRD peak intensities ofM and A
(Figure 8(a)). Figures 8(f) and (i) compare the geometrically
necessary dislocation (GND) distributions, indicating a GND
density of 1.93 × 1015 m−2 and 1.86 × 1015 m−2 for the as-
deposited and the as-tempered specimens, respectively. This
phenomenon is closely associated with the dislocation anni-
hilation after tempering heat treatment[53].

To elucidate the detailed microstructural characteristics,
TEM characterization of the LDED-fabricated UHSDS spe-
cimens with different states was carried out, as shown in
Figure 9. The as-deposited specimen consists predominantly
of a lath-shaped M matrix, with sparsely distributed A as well
as nano-precipitates M23C6 and AlN identified by selected-
area electron diffraction (SAED) analysis (Figures 9(a)–(d)).
In comparison, M and A retained with slightly coarsened size,
whereas a much larger volume fraction of nano-sized particles
can be observed in the as-tempered specimen (Figures 9(e)–
(g)). Specifically, the NiAl and ε-Cu phases, which precip-
itated during the tempering treatment, have been detected in
Figure 9(h). The remarkably high coherence between NiAl
and α-Fe, as demonstrated in previous studies regardless of
heat treatment conditions[54–56], was further verified by SAED
pattern analysis.

3.7. Corrosion resistance

Figure 10 presents the potentiodynamic polarization results
and electrochemical impedance spectra of the specimens in a
3.5 wt% NaCl solution. Comparative analysis reveals a clear
performance hierarchy: the as-tempered specimen > AISI
420 steel specimen > as-deposited specimen. The polariza-
tion curves and fitting results revealed that the as-tempered
specimen exhibited a 0.167 V increase in corrosion potential
(Ecorr), a 2.5 × 10−5 A·cm−2 reduction in corrosion current
density (Jcorr) and an over order of magnitude in corrosion
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rate decrease (Figures 10(a) and (b)). The high reproducibility
of these electrochemical measurements is quantified via CV,
with key parameters such as Jcorr for the as-tempered speci-
men showing an extremely low CV value of only 2.01%. This
remarkably low data dispersion across triplicate tests attests to
the high consistency and reliability of our experiment. In gen-
eral, the elevated Ecorr value can be interpreted as an enhanced
passivation capability, which effectively suppresses the ini-
tiation of localized corrosion reactions[57]. Meanwhile, the
reduced Jcorr confirms the inhibitory effect of the temper-
ing treatment on the charge-transfer kinetics, thereby retard-
ing the overall corrosion process[58].The impedance spectra
were fitted and analyzed using ZView software, as shown in
Figures 10(c) and (d). Both specimens are characterized by a
single capacitive arc, indicating similar electrochemical beha-
vior. Compared with the as-deposited specimen and AISI 420
steel, the as-tempered specimen has a markedly larger capacit-
ive arc radius, demonstrating greater charge-transfer resistance
and thus superior corrosion resistance[59].

As illustrated in Figure 10(d), the impedance modulus
in the mid-frequency range (102–104 Hz) exhibits a lin-
ear relationship with frequency, indicating capacitive beha-
vior. Therefore, corrosion resistance was enhanced by the
impediment of electron transfer and the accumulation of
ions on the sample surface. Furthermore, the as-tempered

sample has a significantly greater phase angle across
the 100–102 Hz frequency range in contrast to the as-
deposited sample. It has been reported that a larger phase
angle is attributed to enhanced charge transfer resistance
in NaCl solution, further confirming improved corrosion
resistance[60].

Figure 10(e) presents the quantitative analysis results of the
EIS data by employing an equivalent circuit model. The model
consists of solution resistance (Rs), charge-transfer resistance
(Rt), and a constant phase element (CPE1). The Rs values of all
three specimens were found to be comparable, which is con-
sistent with the similar impedance modulus trends observed
in the high-frequency region (104–105 Hz) (Figure 10(d)).
The Rt value of the as-tempered specimen was measured as
17 253 Ω·cm2, representing approximately 5-fold and 3-fold
increment compared with those of the as-deposited specimen
(3 704Ω·cm2) and AISI 420 steel (6 236Ω·cm2), respectively.
Furthermore, a significantly higher CPE1 value was observed
for the as-tempered specimen relative to both the as-deposited
specimen and the AISI 420 steel. These results collectively
indicate that tempering promotes the formation of a passive
film on the as-deposited specimen, which exhibits higher sta-
bility in 3.5 wt% NaCl solution and effectively suppresses
electrochemical reactions between the corrosive medium and
the specimen surface.
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Figure 9. TEM results of the LDEDed as-deposited and as-tempered specimens. (a), (e) bright-field (BF) image and SAED pattern of M, (b),
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Figure 10. Potentiodynamic polarization results and electrochemical impedance spectra of the specimens. (a) Polarization curves, (b)fitting
results, (c) Nyquist scatter plots and fitted curves, (d) bode plots, (e) equivalent circuit diagram and schematic diagram.

4. Discussion

4.1. Model accuracy and methodology generalizability

In general, an ideal ML model can demonstrate high perform-
ance and maintain consistent behavior across training and test-
ing datasets[10]. Such consistency under elevated accuracy can
signify effective mitigation of overfitting, ensuring robust gen-
eralization to unseen datasets and model reliability. As shown
in Table 7, for the UTS model, the predicted value is 1 757

MPa versus the experimentally determined average value of
1 713 MPa, with a deviation of 2.63%. For the YS model,
1 449MPa is predicted compared to the experimentalmeasure-
ment of 1 502 MPa, yielding a deviation of 3.66%. For the EL
model, the predicted and experimental values are 13.9% and
15.5%, respectively, with a deviation of 10.32%. Both the UTS
and YS models exhibit deviations below 5%, while the abso-
lute difference between the experimental and predicted values
for EL is constrained within 3.5%, suggesting the high pre-
dictive accuracy of these three models.
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Table 7. Comparison of predicted and experimental mean values
with R2

Train, R
2
Test and “over-fitting” index (R2

Test/R2
Train) of UTS, YS

and EL model.

Performance
metrics UTS YS EL

Pre. value 1 757 MPa 1 449 MPa 13.9%
Exp. mean value 1 712 MPa 1 502 MPa 15.5%
Bias/% 2.63 3.66 10.32
R2

Train 0.914 0.939 0.886
R2

Test 0.861 0.904 0.843
R2

Test/R2
Train 0.942 0.963 0.951

To minimize overfitting for the ML models, we implemen-
ted amulti-pronged strategy including the aforementioned fea-
ture screening, algorithm selection, and independent iteration.
According to the overfitting index (R2

Test/R2
Train), the val-

ues for the UTS, YS, and EL models are 0.942, 0.963, and
0.951, respectively. These near-unity values close to 1.0 con-
firm comparable predictive accuracies across the training and
testing datasets, demonstrating the outstanding generalization
capability[37]. Hence, the developed models are sufficiently
robust and accurate for designing alloys excluded from the
training set.

Noteworthily, the PF-ML approach has been applied
in designing high-performance copper alloys[18], aluminum
alloys[19] and high-entropy alloys[20], exhibiting potential gen-
eralizability in diverse alloy systems. Howbeit, there are two
main limitations for the PF-ML approach. (i) Data restric-
tion. The datasets obtained from extremely different fabric-
ation processes are inherently incompatible due to the appar-
ent discrepancy in the correspondingmicrostructural evolution
behavior. (ii) Feature identification. The re-screening of key
features must be carried out for each alloy system and its tar-
get outputs.

4.2. Essential intrinsic attributes of key alloy factors

Based on the aforementioned results, there are 6 key alloying
factors affecting the UTS, YS, and EL. Among them, the key
alloy factors S17-2, C14-1, and C12-1 are all negatively asso-
ciated with the UTS. For S17-2, the variance in the acoustic-
wave propagation velocity among different elements is quan-
tified. In solid materials, the characteristics of sound transmis-
sion are fundamentally determined by the interatomic bonding
configurations[61]. At the atomic scale, the longitudinal acous-
tic wave velocity νl is directly governed by the elastic con-

stants of the lattice, following the relationship of νl =
√

C11
ρ ,

where ρ is the density and the constantC11 is the second deriv-
ative of the interatomic potential energy curve with respect
to atomic displacement, which physically represents the bond
stiffness[62,63]. The higher the acoustic wave velocities are,
the stronger the interatomic bonding forces. Consequently,
the macroscopic strength is substantially elevated because of
the dislocation glide hindrance under the bond strengthening
mechanism.

For C14-1, the parameter quantifies the mean diffusion
activation energy of alloying elements within iron (Fe), rep-
resenting the energy barrier for atomic diffusion through the
Fe lattice[61]. It is well known that atomic diffusion in alloys
primarily occurs via vacancy mechanisms, with the activa-
tion energy including the formation energy and the migra-
tion energy of vacancies[64]. The migration energy is critic-
ally influenced by the atomic size mismatch between solute
and solvent (Fe) atoms according to the Zener strain field
theory[65]. A larger solute atom can introduce greater lattice
distortion upon moving into a vacant lattice site, leading to
a higher energy barrier. Supersaturated solid solutions can
be retained at room temperature for elements with low dif-
fusion activation energies, resulting in the matrix strength-
ening induced by lattice distortion. Furthermore, the reduced
diffusion activation energy facilitates the rapid formation of
high-density nanoscale precipitates, prompting a pronounced
increase in the Orowan strengthening[66]. Therefore, the syn-
ergistic effect of solid–solution strengthening and Orowan
strengthening contributes to a significant increase in tensile
strength.

For C12-1, it represents the mean number of thermal
conductivity, which is primarily determined by the lattice
vibrations and the free electrons’ movement[61]. For metal-
lic systems, the electronic contribution to thermal conduct-
ivity dominates, described by the Wiedemann–Franz law[67]:
Ke = L0σT, where L0 is the Lorenz number, σ is the elec-
trical conductivity, and T is the temperature. According to
Matthiessen’s additivity rule for resistors[68], the defect res-
istivity (inverse of conductivity) includes contributions from
solute atoms, grain boundaries, and precipitates, all of which
can scatter conduction electrons and thus reduce both σ and
Ke. The strength can be enhanced due to the formation of solid
solutions and grain refinement, but the thermal conductivity is
reduced because an increase in grain boundaries can intensify
the interfacial scattering effect[69]. Given that an indirect neg-
ative correlation exists between strength and thermal conduct-
ivity, ultrahigh-strength steels strengthened via multi-phase
precipitation usually exhibit low thermal conductivity.

The YS reflects the capacity of materials to resist plastic
deformation. The key alloy factor E11-1 serves as a descriptor
of the mean effective nuclear charge (Zeff), quantifying the
net attractive force between the atomic nuclei and valence
electrons[61], and exhibiting a positive correlation with the
YS. An elevated effective nuclear charge is correlated with
intensified nuclear binding forces, resulting in reduced atomic
radii and increased ionization energies. A higher ionization
energy can suppress the electron delocalization, promote the
strengthened bonding cohesion and stabilize the precipitated
phases. Consequently, the enhanced effective nuclear charge
density enables the efficient atomic packing combined with
the intensified precipitation strengthening. Elements with high
Zeff (e.g., Mo, V, and Nb) have a strong chemical affinity for
C, favoring the formation of stable, coherent, or semi-coherent
carbides. These carbides possess high cohesive energy and
low interfacial energy with the Fe matrix, resulting in excep-
tional resistance to coarsening by Ostwald ripening at elevated
temperatures[70]. Therefore, the macroscopic yield strength is
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improved via the effective dislocation pinning owing to the
increase in the dislocation motion resistance. The key alloy
factor S17-2 has a similar effect on the YS as that observed for
the UTS, demonstrating consistent negative correlations with
both strengths.

In terms of EL, the key alloy factor E9-1 exhibits a positive
correlation with EL, whereas C9-1 shows a negative correla-
tion with EL. The descriptor E9-1 denotes the average work
function, defined as the minimum energy required for electron
emission from a material surface[61]. This property is funda-
mentally determined by the bulk electron density distribution
and the formation of a surface dipole. From a bonding per-
spective, a high work function often correlates with stronger
metallic bonding because of the higher energy required to
remove an electron from the Fermi level[71]. The enhancement
of the work function can be achieved by incorporating high-
work function elements, resulting in increased free electron
density and strengthened interatomic bonding[72]. Meanwhile,
the multiple slip systems can be activated by the introduc-
tion of nanoscale precipitates, which promote the disloca-
tion multiplication and delay the necking effectively, thereby
enhancing the uniform elongation. The latter C9-1 represents
the compression modulus, quantifying the ability for resist-
ing the compressive deformation of a material. This parameter
is fundamentally determined by the atomic bond strength and
phase transformation energy barriers[61]. A higher compres-
sion modulus indicates that a larger force is needed to change
the degree of atomic separation. Therefore, a low compres-
sion modulus generally implies a low shear modulus, which
directly influences the dislocation behavior through the dislo-
cation line tension[73]. The elevated compression moduli are
associated with deeper interatomic potential wells, requiring
significant energy barriers to be overcomed during compres-
sion. Conversely, the reduced compression moduli can dimin-
ish the resistance to dislocation motion, promoting dislocation
glide and thereby enhancing ductility.

4.3. Microstructural mechanism for achieving striking com-
prehensive properties

4.3.1. Mechanical properties. In contrast to the as-
deposited UHSDS, the as-tempered UHSDS mainly consists
of the martensite laths together with nanoscale precipitates
NiAl and ε-Cu, exhibiting striking comprehensive mechanical
properties. To assess the mechanical contributions of strength
of the lath martensite (σmart), solid-solution strengthening
(σsss) and precipitate strengthening (σpss)[74], the strengthen-
ing mechanism of the UHSDS is expressed by Equation (6):

σYS = σ0 +σmart+σsss+σps (6)

where σYS represents the yield strength and σ0(50 MPa) rep-
resents the lattice friction stress. The strength of the martensite
matrix is attributed primarily to the augmented grain bound-
ary area and dislocation density. The block size is defined
as the effective grain size, the grain boundary strengthening
is quantified via the Hall−Petch equation for dbolck[75], and

the strengthening induced by the increased dislocation density
is described via the Taylor equation[76]. Therefore, the mag-
nitude of the strength increment contributed by lath martensite
is determined by Equation (7)[77]:

σmart =
300√
dbolck

+βMµb
√
ρ (7)

where dbolck(1.71 µm for the as-deposited UHSDS and
1.75 µm for the as-tempered UHSDS) can be obtained
from the EBSD pattern (Figure 8), β (0.23) is a constant
coefficient[78], and M (2.9 for BCC) represents the Taylor
orientation factor. Additionally, b (0.249 nm) denotes the
Burgers vector[41]. µ (71 GPa) corresponds to the matrix’s
shear modulus[79]. ρ is defined as the dislocation density, and
based on the established relation 0.9ρ = ρGND (1.93 × 1015

m−2 for the as-deposited UHSDS and 1.86 × 1015 m−2 for
the as-tempered UHSDS)[80], the value of ρ is calculated to be
2.14× 1015 m−2 for the as-deposited UHSDS and 2.07× 1015

m−2 for the as-tempered UHSDS.
Solid-solution strengthening (σsss) is evaluated via the

Fleischer equation (Equation (8)), which quantifies the
increase in critical resolved shear stress caused by substitu-
tional solute atoms[81].

σsss =
∑
i

(βixi)
1/2 (8)

where xi signifies the atomic fraction of i-th solute element,
while βi refers to the corresponding strengthening constant
related to its lattice and modulus mismatch with Fe, as detailed
in Table 8[81].

In accordance with the Orowan-Ashby mechanism[4], pre-
cipitation strengthening is quantified by Equation (9) as the
additional stress necessary for dislocation bypass of fine pre-
cipitates:

σps = 0.538
µb
rp
f1/2p ln

(
fp
2b

)
(9)

where fp (0.09% for the as-deposited sample and 2.48% for
the as-tempered sample) signifies the volume fraction of the
precipitates, and rp (6.13 nm for the as-deposited sample and
3.56 nm for the as-tempered sample) corresponds to the mean
radius of the precipitates. The values for fp and rp are statist-
ical averages derived from 15 TEM images processed by the
“Analyze Particles” feature in ImageJ. Specifically, fp is calcu-
lated via Equation (10)[82]:

fp =
Ap
Af

× 100% (10)

where Ap represents the overall area occupied by the precip-
itates, while Af represents the area of the complete viewing
field.

Figure 11(a) schematically illustrates the strengthening
mechanism for the LDEDed UHSDS. The as-deposited
UHSDS exhibits a combination of primarily martensitic
strength (including grain boundary strengthening and disloca-
tion strengthening), solid-solution strengthening from solute
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Table 8. Solid solution constants for the different solute elements.

Element Cr Ni Si Al Cu

βi(MPa/at) 434 334 732 129 220

As-tempered

(a) (b)

σ0

σmart

σsss

σps

σ0

σps

σmart

σ0

σsss

σps

σmart

As-deposited

Exp. value

YS
/M

Pa

(Cr23C6, AlN)

Dislocation
AM Nano-precipitates

(Cr23C6, AlN,
NiAl, ε-Cu)

480 °C × 6 h
tempering

Solid solution

1 600

1 200

800

400

    0

Figure 11. Strengthening mechanism and contribution analysis for UHSDS under different conditions. (a) Strengthening mechanisms, (b)
strength contributions.

atoms, and moderate precipitate strengthening. In compar-
ison, the as-tempered UHSDS is contributed by the domin-
ant precipitate strengthening and martensitic matrix due to a
much higher number density of nano-precipitates, accompan-
ied by a slight reduction in dislocation density and essentially
unchanged grain boundaries.

Based on the above analysis and quantitative evaluations,
the individual strengthening contributions to the YS are clearly
displayed in Figure 11(b). Specifically, the strength contri-
bution values from σsss, σmart and σps were calculated to be
173.4 MPa, 660.5 MPa, and 115.3 MPa, respectively, for
the as-deposited UHSDS. In contrast, the corresponding con-
tributions from σmart and σps for the as-tempered UHSDS
were determined as 649.1 MPa and 827.6 MPa, respectively.
Therefore, the YS values of the as-deposited and as-tempered
UHSDS are calculated via Equation (6) as 999.2 MPa and
1 526.7 MPa, respectively, which are in good agreement with
the experimental average values of 934 MPa and 1 502 MPa,
respectively (Figure 7(a)).

Noteworthily, the ductility of the as-tempered UHSDS
doubled without compromising strength, which can be attrib-
uted to the following four main factors. (i) Transformation-
induced plasticity (TRIP) effect. Reverted austenite, primarily
located at martensite lath boundaries, can progressively trans-
form into martensite during deformation. The resulted TRIP
effect can dissipate energy and delay the onset of localized

necking, significantly enhancing ductility[83]. (ii) Tempered
martensite. The content of martensite increased from 75.7
vol% to 82.3 vol% after tempering treatment. The tempered
martensite matrix can facilitate the uniform plastic deforma-
tion, synergistically enhancing ductility in combination with
the reverted austenite[84]. (iii) Reduced dislocation density.
A lower degree of dislocation accumulation can diminish the
stress concentration and thereby has a beneficial effect on
preventing crack initiation and improving ductility[85]. (iv)
Reduced residual stress. After tempering heat treatment, the
stress distribution was homogenized, and thus, the macro-
scopic ductility can be enhanced by enabling more coordin-
ated deformation across all the regions. Meanwhile, the reduc-
tion of residual stress has been demonstrated to synergist-
ically improve the plastic deformability of the material via
crack suppression, microstructural softening and deformation
homogenization[86].

4.3.2. Corrosion resistance. After a single-step tempering
treatment, the LDEDed specimen exhibits enhanced mechan-
ical properties simultaneously with improved corrosion res-
istance. This can be attributable to the inhibition of Cr deple-
tion. On the one hand, a homogeneous Cr distribution network
can be formed through Cu segregation at the core of the ε-Cu
phases[87]. Herein, nano-sized ε-Cu phases can expel Cr atoms
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from the surrounding matrix during the precipitation, thereby
reducing Cr-depleted zones caused by carbide precipitation.
This effectively reduces Cr depletion around grain boundar-
ies or precipitated phases, thus lowering the local corrosion
susceptibility. On the other hand, Cr consumption at grain
boundaries can be reduced by the intragranular precipitation
of nano-sized NiAl phases[88]. Nano-sized ε-Cu phases can
effectively suppress the precipitation of coarse NiAl phases at
grain boundaries while promoting the intragranular precipit-
ation of nano-sized NiAl phases. As a consequence, the dif-
fusion and loss of Cr to the grain boundaries was inhibited.
The massive distribution of nanoscale ε-Cu phases and NiAl
phases can also create multiple pinning points to obstruct the
diffusion paths of Cr, thus preventing local fluctuations in the
Cr concentration[89].

5. Conclusion

This work opens a new pathway for developing ultrahigh
strength and ductility steels (UHSDS) by applying an inter-
pretable PF-ML design approach. This strategy has dramatic-
ally accelerated the discovery process and enabled the intro-
duction of a low-cost, short-process strategy for additively
manufacturing UHSDS with exceptional corrosion resistance,
thereby overcoming critical limitations in current additively
manufactured steels. In this study, we successfully designed
a novel cost-effective and corrosion-resistant Fe-15Cr-3.2Ni-
0.8Mn-0.6Cu-0.56Si-0.4Al-0.16C UHSDS, achieving out-
standing comprehensive properties after a 480 ◦C× 6 h single-
step tempering treatment. Some critical findings have been
obtained and are illustrated below:

(i) PF-ML-guided alloy design concept. The PF-ML strategy
is highly effective in exploring the intricate relationships
among the alloying elements, processing parameters, and
target properties. Key insights derived from SHAP ana-
lyses reveal that elements such as Cr, Ni, Cu, and Al
are crucial for synergistically enhancing the strength and
ductility of UHSDS, guided by fundamental physical
chemistry principles.

(ii) Optimized microstructure via single-step tempering. After
the optimized single-step tempering heat treatment, the
as-tempered UHSDS exhibits an extremely homogen-
eous microstructure dominated by lath martensite, along
with retained austenite, reversed austenite, and nano-
precipitates (AlN, NiAl, and ε-Cu), contributing to the
exceptional properties of the UHSDS.

(iii) Breakthrough comprehensive performance. The designed
UHSDS exhibits a striking strength−ductility com-
bination, with a UTS of (1 713 ±17) MPa, a YS
of (1 502 ± 33) MPa, and an EL of (15.5 ± 0.7)%.
Meanwhile, the enhanced corrosion resistance was
achieved dramatically, as evidenced by an exceptionally
low corrosion rate of 0.105 mm·a−1, which is much lower
than that of AISI 420 stainless steel.

This study has demonstrated the effectiveness of the novel
PF-ML design strategy in advancing the additive manufactur-
ing of UHSDS components, achieving synergistic enhance-
ments in both mechanical properties and corrosion resistance.
This strategy is also applicable to other alloy systems for addit-
ive manufacturing.
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