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Abstract: This study involved the development of an interpretable prediction framework to access the stretch formability of AZ31 mag-
nesium alloys through the combination of the extreme gradient boosting (XGBoost) model with the sparrow search algorithm (SSA). El-
even features were extracted from the microstructures (e.g., grain size (GS), maximum pole intensity ( ), degree of texture dispersion
(μ),  radius  of  maximum pole  position  (r),  and angle  of  maximum pole  position  (A)),  mechanical  properties  (e.g.,  tensile  yield  strength
(TYS), ultimate tensile strength (UTS), elongation-to-failure (EL), and strength difference (∆S)) and test conditions (e.g., sheet thickness
(t) and punch speed (v)) in the data collected from the literature and experiments. Pearson correlation coefficient and exhaustive screening
methods identified ten key features (not including UTS) as the final inputs, and they enhanced the prediction accuracy of Index Erichsen
(IE), which served as the model’s output. The newly developed SSA-XGBoost model exhibited an improved prediction performance, with
a goodness of fit (R2) of 0.91 compared with traditional machine learning models. A new dataset (four samples) was prepared to validate
the reliability and generalization capacity of this model, and below 5% errors were observed between predicted and experimental IE val-
ues. Based on this result, the quantitative relationship between the key features and IE values was established via Shapley additive explan-
ation method and XGBoost feature importance analysis. , TYS, EL, r, GS, and ΔS showed a crucial influence on the IE of 10 input
features. This work offers a reliable and accurate tool for the prediction of the stretch formability of AZ31 magnesium alloys and provides
insights into the development of high-formable magnesium alloys.

Keywords: magnesium alloy; machine learning; microstructure; mechanical property; stretch formability

  

1. Introduction

Magnesium  (Mg)  and  its  alloys  are  the  most  promising
lightweight  metallic  materials  with  broad  application  pro-
spects  in  the  aerospace,  automotive,  and  medical  industries
[1]. However, these materials frequently exhibit poor stretch
formability  at  room temperature,  which  considerably  limits
their  large-scale  applications  due  to  their  low-symmetry
hexagonal close-packed crystal structure [2]. A 2–3 mm In-
dex Erichsen (IE), which is considerably lower than that bey-
ond 15 mm in some aluminum (Al) alloys, was obtained in a
strong  basal-textured  AZ31  alloy  sheet [3–5].  Features  of
materials,  particularly  microstructural  features,  e.g.,  texture
and  grain  size  (GS),  influence  stretch  formability.  Texture
weakening is generally an effective method for the activation
of more basal slip systems, and it  provides a large strain in
the  thickness  direction [6–8].  The  influence  of  GS  on  the

formability of Mg alloys is a complex and unpredictable phe-
nomenon. Kang et al. [9] and Park and Shin [10] pointed out
that large GS is beneficial for the enhancement of formabil-
ity through the increase in the work hardening capacity. This
finding  was  mainly  due  to  the  activation  of  {1012}  tensile
twins  in  large  grains  during  the  Erichsen  cupping  test.
However, Wei et al. [11] argued that grain refinement can ac-
tivate more nonsubstrate slip systems, which improves form-
ability. Machine learning techniques offer a powerful means
of data analysis and enable the identification of potential in-
fluencing  factors  and  patterns  through  the  mining  of  large
volumes of experimental data. Nevertheless, thus far, reports
on the accurate prediction of stretch formability of Mg alloys
are limited, and quantitative analysis of the factors affecting
them remains lacking.

Machine  learning  algorithms,  e.g.,  extreme  gradient
boosting  (XGBoost),  artificial  neural  network  (ANN),  long 
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short-term memory (LSTM), support vector machine (SVM),
random forest (RF), and regression tree (RT), have been used
in  the  accurate  prediction  of  the  mechanical  and  corrosion
properties of Mg alloys and establishment of the correlations
between them and microstructures [12–18]. Zhang et al. [15]
investigated the relationship between the texture and tensile
properties of AZ31 Mg alloys using the ANN model and ob-
served  that  with  the  increase  in  maximum  pole  intensity
( ) and decrease in texture dispersion (μ), the strength was
tremendously  enhanced,  but  the  ductility  was  gradually  re-
duced for AZ31 Mg alloys. Xu et al. [14] built high-accuracy
SVM  and  ANN  models  to  predict  the  yield  strength  and
elongation  of  AZ31  Mg  alloys  and  optimized  the  alloying
process through the adjustment of the solid-solution paramet-
ers and extrusion parameters. The RF algorithm was used in
the work of Lu et al. [18] to model the calculation of corro-
sion potentials and currents in Mg alloys, and the results un-
covered the mechanism underlying the influence of chemical
composition  and  environmental  variables  on  the  corrosion
potential and corrosion current of the samples. Therefore, in
this  work,  machine  learning  was  expected  to  be  an  useful
method for the prediction of the stretch formability of Mg al-
loys  and  the  quantitative  description  of  the  relationship
between some factors and the IE value.

This study mainly aimed to accurately forecast the stretch
formability of AZ31 Mg alloys via a suitable machine learn-
ing  model.  Through  a  comparison  with  the  traditional  al-
gorithms  mentioned  above,  a  reliable  XGBoost  algorithm
was developed by combining it  with the sparrow search al-
gorithm  (SSA).  Various  performance  metrics,  including
mean  absolute  error  (MAE),  root  mean  squared  error
(RMSE), and goodness of fit (R2), were used to evaluate the
prediction  performance  of  the  newly  developed  SSA-XG-

Boost  model.  The  quantitative  relationship  among  micro-
structures,  mechanical  properties,  testing  conditions,  and
stretch formability  of  AZ31 Mg alloys  was established and
revealed via the Shapley additive explanation (SHAP) meth-
od and XGBoost feature importance analysis. 

2. Experimental

The workflow of this work (Fig. 1) comprised data collec-
tion,  feature  extraction,  feature  filtering,  modeling,  model
evaluation, and model validation, with the six different parts
covered in Sections 2.1 to 2.6. 

2.1. Data collection

To control the variables and avoid the influence of alloy-
ing  elements  and  secondary  phase  particles  on  the  stretch
formability of Mg alloys, we collected 116 data on AZ31 al-
loy sheets from published literature and experiments.

The inputs  for  the model  included 11 parameters,  which
were divided into three categories:

Imax(1) Microstructures: GS, , μ, radius of maximum pole
position (r), and angle of maximum pole position (A) [19].

(2)  Mechanical  properties:  average  tensile  yield  strength
(TYS),  average  ultimate  tensile  strength  (UTS),  average
elongation-to-failure  (EL),  and  the  strength  difference ∆S
(∆S = UTS – TYS) between average UTS and TYS. The ∆S
indicates the work hardening capability of materials. The uni-
form formula of average TYS, UTS, and EL is expressed as
follows [8]:

x =
x0◦ +2x45◦+x90◦

4
(1)

x x0◦ x45◦

x90◦

where  represents the average TYS, UTS, or EL; , ,
and  are the corresponding data on alloy sheets tensioned

 

1. Data collection

Literatures

Experiments

116 data of AZ31 alloys

2. Feature extraction

Pole figure construction

4 texture features

3. Feature filtering

PCC, ES

SVR Regressor

11 to 10 features

4. Modeling

6 machine learning models

SSA model optimization

R
2 and RMSE test

5. Model evaluation

SHAP interpretive assessment

XGBoost importance assessment

6. Model validation

Microstructures

Mechanical properties

Testing conditions

Stretch formability

Fig. 1.    Flowchart of the prediction of the stretch formability of AZ31 Mg alloys showing six steps, including data collection, feature
extraction, feature filtering, modeling, model evaluation, and model validation.
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along  the  0°,  45°,  and  90°  inclination  toward  the  extrusion
direction (ED) or rolling direction (RD), respectively.

(3)  Test  conditions:  sheet  thickness  (t)  and  punch  speed
(v). Other test conditions, e.g., cup punch diameter, load, and
deformation temperature, were constant in the collected liter-
ature. Thus, these factors were not considered as variables.

The model output is stretch formability, which is repres-
ented by the IE. The values of all the parameters roughly fol-
lowed a Gaussian distribution (Fig. 2). 

2.2. Feature extraction

The four  texture  features  were  obtained from the (0001)
pole  figure  of  each AZ31 alloy  sheet,  and the  detailed  fea-
ture-extraction process, with the work of Suh et al. [20] as an
example, is shown in Fig. 3. The extraction method is as fol-
lows:

1000×1000

I0(x,y)

(1) Image dimensions were uniformly set to 
pixels (px). With the use of legends, the original pole intens-
ity  was determined for each pixel point. Subsequently,
the  (0001)  pole  figure  was  normalized  to  eliminate  dimen-
sional  differences  between  data  (Fig.  3(a)  and  (b))  through

Eq. (2):

I1 =
I0− Imin

Imax− Imin
(2)

I1 Iminwhere  and  represent  the  normalized  and  minimum
pole intensities, respectively.

I2 = 0.8 I2 = 0.4 I2 = 0

(2)  The  normalized  pole  figure  was  reconstructed  based
on  various  color  thresholds,  which  were  defined  as  high-
( ),  medium- ( ),  and low-density ( )  re-
gions (Eq. (3)):

I2 =


0.8, if I1 ≥ 0.8

(
high density

)
0.4, if 0.4 < I1 < 0.8

(
middle density

)
0, if I1 ≤ 0.2

(
low density

) (3)

(3)  The  texture-related  parameters  displayed in Fig.  3(c)
were calculated to  describe the texture  characteristics  using
Eqs. (4)–(7):

Imax =max
[
I0(x,y)

]
(4)

μ =

√∑n
i=1

(
I2− I2

)2

n−1
(5)
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Fig. 2.    Distribution maps of parameters in the dataset: (a) GS; (b) Imax; (c) μ; (d) r; (e) A; (f) TYS; (g) UTS; (h) EL; (i) ΔS; (j) t;
(k) v; (l) IE.
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Fig. 3.    Texture feature–extraction process: (a) (0001) pole figure; (b) reconstructed (0001) pole figure; (c) high-magnification view
of the dotted white circle (b) (0.8, 0.4, and 0 denote high, medium, and low texture density, respectively).
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r =
√

x2
max+ y2

max (6)

A = arctan
(

ymax

xmax

)
(xmax , 0) (7)

xmax

ymax

I2 I2

where n refers to the total number of pixels (1000000), 
and  indicate  the  positions  of  the  pixel  with  maximum
texture  intensity,  and  represents  the  average  of  all
pixels. 

2.3. Feature filtering

Feature  filtering was conducted to  remove noisy and re-
dundant irrelevant candidate features from the feature space
while  maintaining  important  information  about  the  model,
which  reduced  the  dimensionality  of  inputs  without  losing
crucial  information  for  model  construction [21].  Given  the
small initial variable dimensions, a two-step feature filtering
process was performed on the candidate features. The Pear-
son correlation coefficient (PCC) method, which is an indic-
ator of the linear correlation between two features, was ini-
tially performed to eliminate redundant features based on Eq.
(8) [22]:

rab =
[c

∑
(aibi)−

∑
ai

∑
bi]√[

c
∑

ai
2− (

∑
ai)2

] [
c
∑

bi
2− (

∑
bi)2

] (8)

ai bi

rab

rab

rab

where c represents the sample size;  and  represent the ith
observed  values  of  two  variables,  respectively;  denotes
the value of the two fixed-distance variables.  The  value
was between (–1, 1). The feature filtering threshold was set at
0.95 [22].  When  >  0.95,  the  highly  correlated  features
were separately removed from the feature space, and the re-
maining ones were used as inputs for further screening.

Subsequently,  exhaustive screening (ES) was implemen-
ted  for  the  systematic  evaluation  and  selection  of  various
possible combinations of features as inputs via a support vec-
tor regression (SVR) model for a given modeling task. The
combinations of key features with the greatest effect on the
stretch  formability  of  alloy  sheets  were  further  used  in  this
work. 

2.4. Modeling

The  inputs  comprised  the  key  features  obtained  through
the aforementioned screening process,  and the IE served as
the output. The regression prediction models were trained us-
ing six conventional machine learning algorithms, including
XGBoost, ANN, LSTM, SVM, RF, and RT. The model ac-
curacy was evaluated using Eqs. (9)–(11) [23]:

MAE =
1
m

∑m

i=1
|yi− ŷi| (9)

RMSE =

√
1
m

∑m

i=1
(yi− ŷi)2 (10)

R2 = 1−
∑m

i=1(yi− ŷi)2∑m
i=1(yi− yi)

2 (11)

yi ŷi

yi

where  represents  the  true  values;  denotes  the  model’s
predicted values; indicates the mean of all true values, and
m is the number of samples. The best algorithm was selected
after  model  evaluation.  The  SSA was  introduced  to  further

optimize the prediction model accuracy. The SSA exhibits a
strong  optimization  capability  and  fast  convergence  speed,
and it has been widely applied in fields such as power system
optimization,  medical  image  processing,  and  mechanical
design optimization [24]. 

2.5. Model evaluation

ϕi (x)

To  further  explain  the  mechanism  underlying  the  influ-
ence  of  key  features  on  stretch  formability,  we  used  the
SHAP method to analyze the contribution of each feature to
the prediction value, which was characterized by the SHAP
value. The formula for the SHAP value  of the i-th key
feature on the stretch formability is as follows [25]:

ϕi (x) =
∑

S⊆F\{i}

|S |!(|F| − |S | −1)!
|F|!

[
gS∪{i} (x)−gS (x)

]
(12)

S⊆F\{i}

gS (x)
gS∪{i} (x)

[
gS∪{i} (x)−gS (x)

]
|S |! (|F| − |S | −1)!/ |F|!

ϕi (x)

where F indicates  the  set  containing  all  key  features, |F|
refers  to the total  number of  key features;  repres-
ents a subset of all nonzero subsets excluding the i-th key fea-
ture; |S| denotes  the  number  of  key  features  in  that  subset;

 is the prediction value of the performance model built
on the S subset;  corresponds to the prediction value
of the performance model built on the S subset plus the i-th
key feature;  stands for the contribution of
the i-th  key  feature  to  the  performance  prediction;

 means the weight coefficient related
to the number of key features. A positive or negative 
value indicates the upward or downward effect of the feature
value on the model’s prediction value, respectively.

In  addition,  feature  importance  analysis  of  the  optimal
XGBoost  model  was  described;  this  model  can  automatic-
ally  evaluate  the importance of  each feature  to  the model’s
prediction result [26]. The frequency of use of each feature in
the model was determined, and the higher the frequency of
use, the greater the importance of the corresponding feature. 

2.6. Model validation

To verify the reliability and generalization performance of
the  model,  we  prepared  tensile  samples  and  Erichsen  cup-
ping samples from a new dataset prepared from commercial
AZ31  as-rolled/as-annealed  alloy  sheets  (Fig.  4).  Initially,
3 mm thin pieces were cut at the angles of 0° and 30° away
from the normal direction (ND) to the RD of the as-rolled and
as-annealed  (530°C@3  h)  plates  (Fig.  4(a))  and  labeled  as
R0,  R30,  RA0,  and  RA30.  Subsequently,  the  dog  bone-
shaped tensile samples were machined at angles of 0°, 45°,
and 90° from these thin sheets (Fig. 4(b)). Fig. 4(c) shows the
size of each tensile sample with a gauge length of 14 mm and
a width of 6 mm. In addition, the square samples with dimen-
sions  of  50  mm × 50  mm × 1  mm were  fabricated  for  the
Erichsen  cupping  tests  involving  the  R0,  R30,  RA0,  and
RA30 samples (Fig. 4(b) and (c)). Tensile tests were conduc-
ted on a CMT6305-300 KN universal testing machine with a
strain rate of 10−3 s−1 at room temperature. Erichsen cupping
tests  were  performed  to  ascertain  the  stretch  formability  of
the samples on a GBW-60Z automatic cupping testing ma-
chine with a hemispherical punch of a diameter of 20 mm at a

1946 Int. J. Miner. Metall. Mater. , Vol. 32, No. 8, Aug. 2025



speed of 0.05 mm/s and at room temperature. Each test con-
dition necessitated the use of three tensile samples and Erich-
sen cupping samples to guarantee the reproducibility of ex-
periments.

Electron backscatter  diffraction technique (EBSD, JEOL
JSM-7800F)  was  performed  to  observe  the  microstructures
of all samples in this new dataset. The preparation of EBSD
samples  comprised  grinding,  washing,  blow-drying,  and
electropolishing at a voltage of 20 V and an electric current of
0.03 A for 90 s at a temperature of −25°C using a specialized
electrolyte  called  AC2.  The  step  sizes  for  EBSD  scanning
were set at 0.5 μm. All EBSD data were subsequently ana-
lyzed using Channel 5 software. 

3. Results and discussion 

3.1. Feature engineering

Fig. 5(a) displays the results of correlation analysis of in-
dividual  features  via  the  PCC  method.  For  individual  fea-
tures,  PCC was used to  demonstrate  the correlation screen-
ing process among 12 features. The findings indicate a strong
positive correlation between ΔS,  UTS, and TYS, given that
ΔS directly reflects the relationship between UTS and TYS.
However, no features had a PCC value beyond 0.95, which

implies the presence of strong multicollinearity; thus, the re-
moval of any variable at this stage is unnecessary [27].

Fig. 5(b) illustrates the outcome of the ES process. With
the increase in the number of feature variables, the RMSE of
the model displayed a downward trend and then an upward
trend. When the number of input features exceeded 2, the op-
timal curve (marked by the red line) demonstrated a substan-
tial  reduction  in  the  RMSE  because  additional  features
provided  diverse  and  supplementary  information  about  the
dataset,  which  enhanced  the  model’s  predictive  capability
and  reduced  the  error.  When  the  number  of  features  in-
creased to 11, the RMSE increased sharply due to the intro-
duction of redundant features. When the number of features
was  10,  the  corresponding  model  achieved  the  minimum
RMSE of 1.306 through the removal of UTS. This result in-
dicates that the ES method can effectively determine the key
features and improve the screening efficiency. 

3.2. Model construction and optimization

Fig. 6(a)–(f) shows the results obtained using the training
and  testing  sets  for  six  different  algorithms,  including  XG-
Boost, ANN, LSTM, SVM, RF, and RT, and the correspond-
ing MAE, RMSE, and R2 values of the testing set of the mod-
els are summarized in Fig. 6(g)–(i). Comparison of the XG-
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Boost model with the other five machine learning models re-
vealed that the XGBoost model had the highest performance
prediction accuracy, with the MAE, RMSE, and R2 values of
0.44, 0.57, and 0.87, respectively. This finding was observed
because  the  XGBoost  model  can  handle  high-dimensional

feature  spaces  effectively  by  integrating  multiple  decision
trees [28]; thus, it demonstrated superior performance in pre-
dicting  the  stretch  formability  of  AZ31  Mg  alloys.  On  the
contrary,  the  other  algorithms,  such  as  SVM,  RF,  and  RT,
struggled to capture these interactions.
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Fig. 6.    Model performance of (a) XGBoost, (b) ANN, (c) LSTM, (d) SVM, (e) RF, and (f) RT machine learning algorithms in the
prediction of the IE value; evaluation metrics of (g) MAE, (h) RMSE, and (i) R2.
 

In the implementation of the XGBoost regression, the cor-
rect selection of parameters played a crucial role in ensuring
the reliability of prediction results. In general, these paramet-
ers,  including  num_trees,  max_depth,  eta,  and  alpha,  are
manually  adjusted  during  calculations  to  obtain  high  good-
ness-of-fit  results.  However,  the  subjective  influence  intro-
duced by manual control is unavoidable and results in the en-
trapment of the model in a local optimum [29]. The SSA was
introduced to the XGBoost  model  to address the subjective
influence  and  local  optimum  problems  caused  by  manual
parameter adjustment.  Table S1 (see the Supplementary In-
formation)  shows  the  hyperparameters  optimized  through
SSA and their corresponding values. Fig. 7(a) shows the op-
eration process of the SSA-XGBoost model, with the specif-
ic steps as follows:

(1) Random data split: the dataset was randomly divided
into a training (80% of the data) and a test  set  (20% of the
data).

(2) Fitness function construction: the fitness function used
to optimize the XGBoost parameters was constructed based
on the RMSE of the prediction model under various optimiz-
ation  iterations.  The  RMSE  value  was  used  as  the  fitness
evaluation metric.

(3)  SSA  optimization  of  XGBoost  parameters:  the  SSA

was  used  for  the  iteratively  optimized  selection  of  optimal
XGBoost  hyperparameters.  The  fitness  of  parameter  selec-
tion was evaluated, and optimization was continued until the
iteration  conditions  were  satisfied.  The  optimal  hyperpara-
meters were outputted.

(4)  Establishment  and  evaluation  of  the  SSA-XGBoost
model:  the  SSA-XGBoost  model  was  established using  the
optimized hyperparameters and evaluated.

The  results  of  the  model  iteration  are  presented  in
Fig. 7(b). The model was run 10 times to prevent accidental
errors  and  ensure  the  reliability  of  results.  The  shaded area
represents  the  error  range.  Compared  with  the  XGBoost
model, the SSA-XGBoost model exhibited a higher R2 from
0.87 to 0.91, with a relative error of less than 2% across 10
runs.  In  addition,  the  RMSE  decreased  from  0.54  to  0.53,
with a relative error of less than 3% across the 10 runs. This
finding indicates that the SSA-XGBoost model possesses en-
hanced  capabilities  for  fitting  nonlinear  relationships  and
controlling the dispersion of prediction results. Consequently,
the integration of the SSA and XGBoost algorithms validly
addressed  the  limitations  of  manual  parameter  adjustment
and provided a reliable and efficient approach for the optim-
ization of the XGBoost model parameters and improving the
prediction model accuracy. 
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3.3. Model interpretation
 

3.3.1. SHAP interpretive assessment
Fig.  8(a)  and  (b)  illustrates  the  summary  plot  of  SHAP

values  and the  radar  chart  of  feature  contributions,  respect-
ively.  The x-position  of  scatter  points  represents  the  influ-
ence of feature values on the model’s prediction, and the col-
or of scatter points indicates the magnitude of feature values.
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Imax

The most significant features that influence the IE regres-
sion prediction model include , TYS, EL, r, GS, and ΔS.
The effects of t, μ, A, and v were relatively smaller. Among
these microstructural features, , r,  and GS exhibited the
most significant effect on material anisotropy and strain loc-
alization,  which led to a more pronounced effect  on stretch
formability. TYS, EL, and ΔS directly depend on , r, and
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GS in Mg alloys [6–10], which make them the main influen-
cing factors. By contrast, the effect of test conditions (t and v)
on stretch formability was relatively less significant, and this
finding  may  be  attributed  to  the  minor  variations  in  both
factors within the scope of testing, as documented in the col-
lected literature.

Imax

Imax

Fig.  8(c)–(h)  displays  the  SHAP  values  of  the  highest
ranking features and their respective feature values.  Certain
critical  values  at  which  the  SHAP  values  were  predomin-
antly positive (red points) or negative (blue points) on either
side  can  be  identified.  When  <  6.1,  the  SHAP  values
were positive (Fig. 8(c)), and with the decrease in , a high
contribution  to  the  enhancement  of  stretch  formability  was
observed. This result is highly consistent with those of repor-
ted works indicating that the formation of weak texture is be-
neficial for reducing the plane anisotropy of Mg sheets dur-
ing deformation through the  launch of  more  basal  slip  sys-
tems  and  extension  twins  to  accommodate  thickness-direc-
tion strains [6–8,30]. As TYS < 150 MPa and EL > 22.6%,
the corresponding SHAP values were also positive (Fig. 8(d)
and (e)). A low TYS and a high EL indicate a reduced low
deformation resistance and a high work hardening capacity,
which can delay the appearance of microcrack initiation dur-
ing the Erichsen cupping tests [9,31]. Furthermore, at r > 127
px, with the increase in r, the SHAP value was in direct pro-
portion to it (Fig. 8(f)). Thus, as r increased, the basal texture
feature  gradually  changed  to  the  off-basal  texture  feature,
which greatly enhanced the basal slip activity and further im-
proved  the  IE  during  the  Erichsen  cupping  test [32–33].
Compared with the abovementioned features, GS and ΔS ex-
hibited minimal influence on the SHAP value, which implies

that both parameters are not the primary determinants of the
stretch formability of Mg alloys. As reported by Nakata and
Kamado [34],  although  the  difference  in  GS  was  depicted
differently  in  various  Mg series  alloys,  evident  evidence of
grain  refinement  effect  was  not  observed  on  the  enhanced
stretch  formability.  Based  on  the  above  critical  values,  we
can adjust the microstructural features to guide the design of
high-formable Mg alloys. 

3.3.2. XGBoost feature importance assessment

Imax

Imax

Imax

Meanwhile, the XGBoost feature importance analysis was
also performed. Fig. 9(a) shows the overall importance rank-
ing characterized by a pie chart. The analysis results are con-
sistent  with  those  obtained via  the  SHAP method,  with  the
top six screening factors ( , TYS, EL, r, ΔS, and GS). The
next features were t, A, v, and μ. As a consequence of dispar-
ate  measurement  standards,  the  ranking  of  feature  import-
ance varied between the two analysis methods. The former is
typically  based  on  the  evaluation  of  the  overall  model  per-
formance, and the latter relies on the evaluation of the local
interpretability for each sample. Fig. 9(b)–(k) provides a de-
tailed  view of  the  relationships  between  individual  features
( , TYS, EL, r, ΔS, GS, t, A, v, and μ) and IE, offering in-
sights  into the mechanism underlying the influence of  each
feature on the target variable. Evidently, with the gradual de-
crease in  and TYS and increase in EL, r, ΔS, and GS, the
IE value showed an upward tendency. Compared with the top
six screening factors, t, A, v, and μ showed a weak effect on
the IE.  Therefore,  the integration of  the SHAP method and
XGBoost feature importance analysis confirmed the pivotal
features and their quantitative influence on the stretch form-
ability of AZ31 alloy sheets in this study. 
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3.4. Verification via experiments

To validate the reliability and generalization performance
of the SSA-XGBoost model, we prepared a new dataset com-
prising four samples (labeled by R0, R30, RA0, and RA30),
and their corresponding microstructural features are shown in
Fig.  10.  All  samples  exhibited  a  relatively  uniform  grain
structure. The R0 sample was a typical basal-oriented feature
with the c-axis of the majority of grains exhibiting a slight in-
clination of approximately 7° from the ND to the RD in the
(0001) pole figure (Fig. 10(a)), and its mean GS was approx-
imately 22.1 μm (Fig. 10(e)). For the R30 sample, the c-axis

Imax

Imax

of most grains located at around the 37° position away from
the ND toward the RD in the (0001) pole figure (Fig. 10(b)).
The mean GS showed no change (about 22.3 μm, Fig. 10(f))
compared with the R0 sample. No difference was observed in
the texture type between the samples before and after anneal-
ing.  However,  the  was  weakened  from  14.1  (R0)  and
11.5 (R30) to 12.0 (RA0) and 10.3 (RA30), as shown in Fig.
10(a)–(d).  Meanwhile,  the  mean  GS  increased  to  37.2  and
36.9  μm for  the  RA0 and  RA30  samples  displayed  in Fig.
10(g) and (h), respectively. In addition to GS and , other
characteristics, e.g., μ, r, and A, for all samples are summar-
ized in Table 1.

  

GS: 22.1 μm

R0(e)
40

0

30

10

20

20

10

30
0

40 50 60 70 80 90 100

F
re

q
u
en

cy
 /

 %

GS / μm

GS: 37.2 μm

RA0(g)
40

0

30

10

20

20

10

30
0

40 50 60 70 80 90 100

F
re

q
u
en

cy
 /

 %

GS / μm

GS: 22.3 μm

R30(f)
40

0

30

10

20

20

10

30
0

40 50 60 70 80 90 100

F
re

q
u
en

cy
 /

 %

GS / μm

GS: 36.9 μm

RA30(h)
40

0

30

10

20

20

10

30
0

40 50 60 70 80 90 100

F
re

q
u
en

cy
 /

 %

GS / μm

RD

(a) (b) (c) (d)R30 RA0 RA30R0

Max: 14.1 Max: 11.5 Max: 12.0 Max: 10.3

TD 200 μm 200 μm 200 μm 200 μm

(011
−

0)

(0001) (1
−

21
−

0)
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Table 1.    Input and output parameters of validation samples

Sample GS / μm Imax
r /
px μ A /

(°)
TYS /
MPa

EL /
%

ΔS /
MPa

t /
mm

v /
(mm·s–1)

IE (Experimental) /
mm

IE (Prediction) /
mm

R0 22.1 14.1 85.60 0.008 52.60 117.77 14.29 116.47 1 0.05 2.81 3.06
R30 22.3 11.5 302.29 0.011 85.46 69.39 23.48 151.07 1 0.05 6.54 6.32
RA0 37.2 12.0 112.80 0.009 60.95 107.63 14.73 121.23 1 0.05 3.36 3.32
RA30 36.9 10.3 300.43 0.010 86.95 61.62 25.34 152.13 1 0.05 6.92 6.73

 
Fig. 11(a)–(d) shows the engineering tensile stress–strain

curves  of  each  sample  measured  at  0°,  45°,  and  90°  away
from the ND to the RD. Table 1 provides the corresponding
average tensile properties. A strong basal texture resulted in
the  high  TYS  and  low  EL  of  the  R0  sample  (Fig.  11(a)).
However, given the tensile “soft” orientations (especially for
those at 0° and 45°), which are conducive to the activation of
the basal slip system, the R30 sample showed a low TYS and
a high EL (Fig. 11(b)). After annealing, further weakening of
the basal texture contributed to a lower TYS and a higher EL
of  the  RA0  and  RA30  samples  (Figs.  11(c)  and  (d))  com-

pared  with  the  R0  and  R30  samples,  which  abided  by
Schmid’s  law  very  well [31,35–37].  In  spite  of  the  grain
growth in the RA0 and RA30 samples, the positive effect of
texture  weakening  on  the  enhanced  EL value  exceeded  the
negative influence of grain coarsening on them.

At given Erichsen cupping test conditions, e.g., t of 1 mm
and v of 0.05 mm/s, the Erichsen results of the R0, R30, RA0,
and  RA30 samples  were  obtained  (Fig.  11(e)  and  (f)).  The
corresponding IE acquired in the experiment and model pre-
diction is labeled in Table 1. The RA30 sample exhibited the
highest  IE  of  6.92  mm,  followed  by  R30,  RA0,  and  R0

X. Qin et al., Interpretable machine learning-based stretch formability prediction of magnesium alloys 1951



Imax

Imax

samples,  with  values  of  6.54,  3.36,  and  2.81  mm,  respect-
ively.  The  discrepancy  between  the  experimental  and  pre-
dicted IE was minimal, with a difference below 5%. This res-
ult  indicates  considerable  potential  for  the  quantitative  pre-
diction of the stretch formability of AZ31 alloy sheets via the
newly developed SSA-XGBoost model. Combining the mi-
crostructural  features  and  mechanical  properties,  we  ob-
served that with the decrease in  and average TYS, the IE
showed a rising tendency, but it decreased with the decrease
in the average EL. Thus, the , TYS, and EL are the three
key factors in this dataset that influenced the stretch formab-
ility  of  AZ31  alloy  sheets,  consistent  with  results  of  the
SHAP  method  and  XGBoost  feature  importance  analysis
(Figs. 8 and 9).

101̄2
In addition, other features, such as r and GS, contributed

to the overall effect. As the r increased, more { } exten-
sion  twins  were  activated,  as  revealed  by  the “S”-shaped
stress–strain curves of the R30 and RA30 samples tensioned
along the angles of 0° and 45° (Fig. 11(b) and (d)), providing
better  coordination  for  the  thickness-direction  strains.
However, given the formation of off-basal texture, an evid-
ent  tensile  planar  anisotropy,  which  is  harmful  to  the  en-
hancement of IE, was observed [38]. If we consider the ef-
fect of individual GS on stretch formability, twins can be eas-
ily  activated  in  large  grains  to  compensate  for  extra  strains
and increase the IE [9–10], which is also confirmed in the R0
and RA0 samples (Fig. 11(a) and (c)). Once other factors, ex-
cept for GS, appear, such a proportional relationship may be
invalid [39–41].  As  shown  in Fig.  10(a)  and  (b),  despite  a
comparable average GS between the R0 and R30 samples, a
notable discrepancy in the IE value was evident due to vari-
ation in the r value.

The  developed  SSA-XGBoost  algorithm  exhibited  con-
siderable  potential  in  forecasting  the  stretch  formability  of
AZ31 alloy sheets and quantitatively analyzing the key fea-
tures of the IE value. This work offers insights into the devel-

opment of high-formable Mg alloys. 

4. Conclusions

This  work  involved  the  development  of  an  interpretable
prediction framework that comprehensively considers micro-
structures,  mechanical  properties,  and testing conditions for
the accurate prediction of the stretch formability of AZ31 Mg
alloys. In addition, the relationship between some key vari-
ables  and  the  IE  was  quantitatively  analyzed.  The  findings
are expected to provide guidance on the design of Mg alloys
with high formability via this model. The main conclusions
are as follows:

(1) The inputs for the model included 11 features, which
were divided into three categories: (a) microstructures, e.g.,
GS, Imax, μ, r,  and A;  (b)  mechanical  properties,  e.g.,  TYS,
UTS, EL, and ∆S; (c) test conditions, e.g., t and v. Through
the PCC and ES methods, ten key features (excluding UTS),
as  the  final  inputs,  were  determined to  improve the  predic-
tion accuracy of the model.

(2)  Compared  with  the  conventional  XGBoost,  ANN,
LSTM, SVM, RF, and RT algorithms, the newly developed
SSA-XGBoost model exhibited a higher prediction accuracy
with an R2 value of 0.91 while ensuring the model robustness.

Imax

Imax

Imax

(3) As revealed by the SHAP method and XGBoost fea-
ture importance analysis,  the ,  TYS, EL, r,  GS, and ΔS
significantly influenced the stretch formability of  input  fea-
tures. When  < 6.1, TYS < 150 MPa, EL > 22.6%, and r
> 127 px, the IE displayed an upward tendency. Compared
with , TYS, EL, and r, GS and ΔS exhibited a relatively
weak effect on the IE.

(4) The SSA-XGBoost model was further validated under
actual experimental conditions, with the error of IE value re-
maining within 5%. The predicted results demonstrated good
agreement with the experimental data, which confirms the ef-
fectiveness  and  potential  application  of  the  SSA-XGBoost
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Fig. 11.    Engineering tensile stress–strain curves of (a) R0, (b) R30, (c) RA0, and (d) RA30 samples; (e) Erichsen cupping test curves
and (f) Erichsen cupping appearances of the samples.
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