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Interpretable machine learning predictive model for mechanical properties
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Abstract: To investigate the complex relationship between rolling process parameters and mechanical properties of AZ31
magnesium alloy rolled sheets, the Leave-One-Out Cross-Validation (LOOCV) and parameter tuning were applied to
optimizing hyper-parameters for the four (BPNN, SVR, RF, and KNN) machine learning models. An interpretable
prediction model based on machine learning and SHapley Additive exPlanations (SHAP), as well as an analytical method
combining the SHAP model and the Pearson Correlation Coefficient (PCC), were proposed. The results showed that
among the four models, the SVR model was able to simultaneously and accurately predict the ultimate tensile strength
(UTS) and elongation (EL). According to the combination analysis of PCC and the magnesium alloy rolling forming
mechanism, it was found that strain rate and reduction displayed a negative and positive correlation with UTS, respectively,
while rolling temperature and reduction illustrated a positive and negative correlation with EL, respectively. Through the
SHAP method, which could interpret the output results of the SVR machine learning model, it was deduced that reduction
and strain rate played an important role in the SVR model of the outputs of the UTS and EL, respectively. Combining
SHAP with PCC, it was found that strain rate and reduction had a greater influence on the UTS than rolling temperature,
whereas strain rate and rolling temperature had more influence on the EL compared to reduction.

Keywords: AZ31 magnesium alloy; rolling process; mechanical properties; machine learning; SHapley Additive
exPlanations

have bottlenecks such as poor strength—plasticity

1 Introduction

Magnesium alloys with outstanding physical
properties, including low density, high specific strength,
and stiffness, are recognized as environmentally
friendly engineering materials and extensively
utilized in various fields such as transportation,
aerospace, communications, and electronics in the
21st century [1—4]. However, magnesium alloys

matching and low forming efficiency, which limit
their practical applications [5—8]. In recent years,
researchers [9—12] have developed a single-pass
medium-to-high-strain-rate roll forming technology,
which boasts high forming efficiency. However,
due to the intricate mapping relationships between
process parameters and mechanical properties,
existing physical models are less capable of
accurately predicting these properties. Hence, there

Corresponding author: *Qiu-ping YI, Tel: +86-13739078968, E-mail: easy@jmu.edu.cn;
"Xiao LIU, Tel: +86-18674355539, E-mail: liuxiao0105@]163.com

https://doi.org/10.1016/S1003-6326(25)66994-9
Received 13 June 2024; accepted 20 March 2025

1003-6326/© 2026 The Nonferrous Metals Society of China. Published by Elsevier Ltd & Science Press
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)


http://www.tnmsc.cn/
https://www.sciencedirect.com/journal/transactions-of-nonferrous-metals-society-of-china
mailto:easy@jmu.edu.cn
mailto:liuxiao0105@163.com

Bi-wu ZHU, et al/Trans. Nonferrous Met. Soc. China 36(2026) 740—753 741

is an urgent need to explore a new approach to
establish the relationship between the single-pass
medium-to-high-strain-rate rolling process and
mechanical properties to achieve accurate prediction
of mechanical properties.

In recent years, machine learning has been
frequently employed to predict the mechanical
properties of metallic materials. Machine learning
has no fixed rules, and the training of its algorithms
and models allows it to automatically learn and
extract regularities in the data to make optimal
decisions and predictions [13—16]. FAN et al [17]
utilized ResNet (Residual Neural Network), GBDT
(Gradient Boosting Decision Tree), and LGB (Light
Gradient Boosting) machine learning models with
good generalization ability and prediction accuracy
to forecast the fatigue strength of six materials,
including steel, Ni-based SC alloys, and Ni-based
DS alloys, which were widely applied in aerospace
applications. The predicted results were consistently
within the £10% error band across various material
types, stress ratios, and crystal orientations. LI
et al [18] predicted the hardness, yield strength (YS),
and ultimate tensile strength (UTS) of multi-
principal element alloys (MPEAs) employing RF
(random forest), KNN (K-nearest neighbor), SVR
(support vector regression), and ANN (artificial
neural network) machine learning models. However,
the models exhibited poor performance in the
prediction of the elongation (EL) for the MPEAs,
with the coefficient of determination (R?) ranging
from 0.295 to 0.487. SUH et al [19] employed an
optimized ANN to predict the tensile yield strength
(TYS), compressive yield strength (CYS), and yield
asymmetry (YA) of extruded Mg—Al-Zn—Mn—
Ca—Y alloys based on R’ The predicted models
demonstrated good performance on the training,
validation, and test sets. XU et al [20] utilized ANN
and SVR learning models to predict the mechanical
properties of AZ31 magnesium alloy and found that
the predicted models for the YS and UTS showed
fine accuracy, but the EL could not be exactly
predicted. DONG et al [21] applied machine learning
models to predict the mechanical properties based on
experimental data from published literature and
pointed out that the optimal prediction models for
UTS, YS, and hardness exhibited high accuracy, with
R? exceeding 0.8 and reaching a maximum value of
0.93. However, the prediction model for EL
performed poorly, with an R? of 0.71. In general,

there have been many researchers who have studied
the application of machine learning in predicting
mechanical properties in the field of materials. Their
models perform better in predicting most of the
mechanical properties, but the correlation
coefficients are low, and the prediction accuracy is
low in EL prediction.

Traditional trial-and-error methods require a
large amount of computational resources and
time, which are prone to overfitting. In contrast,
finding hyper-parameters by Leave-One-Out Cross-
Validation (LOOCYV) can address these issues, and it
can efficiently select better parameter combinations
without needing to try a large number of
combinations to avoid overfitting the training set
[22—24]. In addition, the Pearson Correlation
Coefficient (PCC) is commonly used to analyze the
relationship between variables. However, PCC can
only capture linear relationships [25]. While the
SHapley Additive exPlanations (SHAP) can help us
to better understand the non-linear relationships
among variables [26—28]. By calculating SHAP
values, the degree of influence of the variables on
the model predictions can be obtained, which in
combination with PCC allows for a more
comprehensive assessment of the relationship
between process parameters and the mechanical
properties.

In this study, we established relationship
models between medium-to-high-strain-rate rolling
parameters in a single pass and mechanical
properties in AZ31 magnesium alloy sheets using
four commonly used machine learning methods
(BPNN, SVR, RF, and KNN), and determined the
optimized parameters of the four machine learning
models by the LOOCV and parameter tuning. The
machine learning model that could simultaneously
and accurately predict UTS and EL was obtained.
The correlation between the rolling process and
the mechanical properties was illustrated using
the PCC in conjunction with magnesium alloy
rolling and forming theory. The analytical findings
of the PCC were validated and complemented
by the SHAP method, while the SVR model with
superior predictive capabilities was elucidated. The
research presented in this study offers new insights
for optimizing the single-pass medium-to-high-
strain-rate rolling process and adjusting the
mechanical properties of commercial AZ31
magnesium alloy.
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2 Methods

2.1 Source and processing of data
2.1.1 Data acquisition and sample noise removal
The original data for the medium-to-high-
strain-rate rolling of AZ31 magnesium alloy
used in this study were sourced from our previous
research [29—31]. The presence of noise and outliers
in a general sample leads to significant variability
in distribution. Therefore, data preprocessing is
essential to ensure the accuracy of prediction
results [32,33]. In this study, the Pauta criterion is
employed to eliminate outliers and discrete points,
based on the theory of data normal distribution [34].
The upper limit of the confidence interval is set as
y+3S,, and the lower limit of the confidence
interval is set as y—=3S,. Data points exceeding
three times the standard deviation are identified as
outliers and subsequently removed. The Pauta
criterion is defined by Egs. (1)—(3) [34]:
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where y, 1is the sample value with i=1, 2, 3, -, N,
y isthe mean value of y, S, is the standard deviation
value of the sample, and N is the total number of
samples.

Following this guideline, a total of 32 sets of
rolling data were ultimately chosen as the dataset
for the machine learning model. Subsequently,
approximately 80% of the data, equivalent to 25 sets,
were randomly selected as the training samples to
ensure the prediction accuracy of the model.
Additionally, about 20% of the data, including 7 sets,
were designated as the prediction samples to validate
the predictive performance of the model. All data are
presented in Table 1.

2.1.2 Data standardization

Due to the disparity in magnitudes among the
input feature variables, directly feeding them into the
model for training may result in slow convergence or
even failure to converge. To address the impact of
varying feature magnitudes and facilitate the training
of the machine learning model, data normalization is
necessary [35—37]. The sample data are normalized

using the following equation [36]:

X = xO ~ Xmin (4)

Xmax ~ Fmin

where x is the normalized data, xo is the original data,
Xmin 1S the minimum value in the original data, and
Xmax 18 the maximum value in the original data.

Table 1 Data for rolled plate samples

Sample tenfl{;);iariﬁre y Strai£1 Reduction/ UTS/ EL/
No. oC rate/s”! % MPa %
1 300 10.0 80 245.0 13.1
2 300 15.0 80 249.0 14.0
3 300 20.0 80 2540 17.7
4 350 10.0 80 252.0 15.0
5 350 15.0 80 245.0 143
6 350 20.0 80 246.0 149
7 370 1.5 50 2348 114
8 370 1.9 75 2943 135
9 370 4.8 75 2759 155
10 370 6.5 50 2327 173
11 370 7.8 75 267.0 18.8
12 400 10.0 80 253.0 124
13 400 15.0 80 252.0 153
14 400 20.0 80 250.0 183
15 410 1.9 75 294.0 183
16 410 4.0 50 2514 19.5
17 410 4.8 75 280.0 21.7
18 410 6.5 50 252.7 228
19 410 7.8 75 264.0 24.1
20 430 1.9 50 217.3 18.69
21 430 3.0 50 209.4 18.28
22 430 4.0 50 237.2 19.19
23 430 4.8 50 241.2 21.25
24 430 5.6 50 2473 21.83
25 430 1.9 75 287.0 15.14
26 430 3.0 75 278.1 19.94
27 460 1.5 50 2515 13.0
28 460 1.9 75 275.0 132
29 460 4.0 50 2325 16.8
30 460 4.8 75 261.0 16.6
31 460 6.5 50 239.8 242
32 460 7.8 75 259.6 21.0
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2.2 Four machine learning models
2.2.1 BPNN

The BPNN is a multilayer feed-forward neural
network trained using the error back-propagation
algorithm and is one of the most commonly utilized
neural network models. It comprises multiple
neurons typically organized into three layers: the
input layer, hidden layer, and output layer [38—40].
The fundamental principle of the BPNN is the
gradient descent method, employing gradient search
techniques to minimize the mean square deviation
between the actual output value and the desired
output value of the network. The topological model
of the BPNN is illustrated in Fig. 1.

X

Hy, H,
X Y,
H, H,, :
X3 : : Y,
: H,, )

Input layer Hidden layer Output layer

Fig. 1 Topology of BPNN

The parameters, including the input layer,
output layer, hidden layer, and activation function,
are required to establish the BPNN model. The
BPNN model generally adopts the tansig activation
function, which performs better when the feature
differences are significant and enhances the effect of
feature expansion during the iteration. The tansig
activation function (tansig(x)) is represented by the
following equation [41]:

2
l+e - (%)

tansig(x) =
2.2.2 SVR

The SVR is a supervised learning model,
primarily employed for classification and regression
analysis. It is adept at categorizing data into distinct
classes or forecasting continuous target values
based on their attributes [42,43]. The fundamental
concept involves mapping input vectors to a high-
dimensional space where the data are segregated
into two classes. By identifying a hyperplane to

differentiate the two classes SVR
accomplishes data classification.

When the SVR model is utilized to address
problems, it is essential to introduce a suitable kernel
function based on the characteristics of the problem.

The kernel function can reflect the distribution

of data,

characteristics of the training samples. Given that
predicting the mechanical properties of rolled plates
involves a nonlinear problem, it is crucial to
incorporate a nonlinear kernel function. In this study,
the RBF function is selected as the kernel function,
and the nonlinear regression expression of the SVR
is given in Eq. (6) [44]:

f(x)=i(&i—ai)K(x,xi)+b (6)
i=1

where g, is the Lagrange multiplier associated with
the upper deviation, a; is the Lagrange multiplier
associated with the lower deviation, b is the model
parameter, and K(x, x;) is the RBF kernel function
with Eq. (7) [44]:

K(x,x,.):exp(—m} (7)

262

where ¢ is the bandwidth parameter.

The SVR model has two very important
parameters, namely C and p. C is the penalty
coefficient, which represents the tolerance for error.
A larger value of C indicates less tolerance for errors,
which can lead to overfitting, while a smaller value
can result in underfitting. Both excessively large and
small values of C can lead to a decrease in the
generalization ability of the SVR model. y is a
parameter that comes with the RBF function after the
function is selected as the kernel function, which
implicitly determines the distribution of the data
after it is mapped to the new feature space. The larger
the value of y is, the fewer the support vectors there
are, and the smaller the value of y, the more the
support vectors there are. The number of support
vectors affects the speed of training and prediction.
2.2.3RF

The RF is a classifier that applies multiple trees
to train and predict samples. The “Random Forest”
consists of two important keywords: “Random” and
“Forest”. The “Random” refers to the random
selection of samples and features, while the “Forest”
indicates that the model comprises numerous
decision trees. For an input sample, N trees will
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produce N classification results, and RF aggregates
all classification voting results, designating the
class with the highest number of votes as the final
output [45—47]. The flowchart of RF is shown in

Fig. 2.
Original training set

[ Original set is randomly sampled J

El"raining set lj El“raining setZJ Training set N

m features are randomly selected
for each training set

i (Classification | (Classification
model | model 2

[ Vote on optimal classification J

Fig. 2 RF algorithm flowchart

The accuracy of the RF model is influenced by
the number of decision trees it comprises. The
number of decision trees can be adjusted to improve
the capacity of the model. The depth of the tree
determines the complexity and classification
precision of the model and can be adjusted to
enhance the capability of the model.

2.2.4 KNN

The KNN is a versatile machine learning model
with numerous applications. The distance between a
new sample and each sample in the training set is
calculated, and then the K nearest samples are
selected as their neighbors. The category of the new
sample is determined based on the categories of
these neighbors. Here, K typically represents an
integer not exceeding 20 [48-50]. The key
parameters of the KNN model are the value of K and
the distance metric. Its characteristics are simplicity,
intuitiveness, ease of implementation, and in some
cases, it exhibits excellent classification performance.

The Euclidean distance is the most common
distance metric, measuring the absolute distance
between two sample points in a multi-dimensional
space [50]. Assuming the dimension of the multi-
dimensional space is N, and x;=x11, X12,
X2=X21, X22, ***, Xoy are two sample points, the
Euclidean distance calculation formula between
point x; and point x; is expressed by Eq. (8) [51]:

*=+, X1n, and

N

L, (xlaxz)z Z(xm _x2n) (8)

n=1

2.3 Building and evaluating machine learning
models
2.3.1 Construction of machine learning models
In this study, four machine learning models
were developed using MATLAB to predict the
mechanical properties of AZ31 magnesium alloy
plates rolled at medium-to-high-strain-rate. The
establishment of the machine learning model is
depicted in Fig. 3.

{ |
Machine learning Rolling AZ31
model magnesium alloy
structure design under different
) | process parameters
.| Setmodel initial |_ l
parameter Remove noise samples

and perform sample
| normalization |
Training and test |

' Select 80% training
samples and 20%
prediction samples

L — 7

No

Model
predictive

performance
evaluation

[Save prediction result]

End

Fig. 3 Flowchart of establishing machine learning models

Since it is time-consuming and difficult to find
the optimal hyper-parameters of the model when
the traditional trial-and-error method is used to
determine the hyper-parameters, and if the hyper-
parameters are found to give the best predictive
ability of the model, it is also possible to overfit the
model. Therefore, the method of combining the
LOOCYV with hyper-parameter tuning is employed to
solve the above problems so that the model has a
satisfactory predictive ability. This approach can
avoid overfitting and improve the generalization
ability of the model. The determination of the
optimal combination of the hyper-parameters is
shown in Fig. 4.

The LOOCYV is a common approach used for
model evaluation, especially suitable for a small
dataset. It evaluates the performance of the model by
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Fig. 4 Schematic diagram of LOOCV combined with hyper-parameter tuning

taking one sample from the dataset as the test sample
and the remaining samples as the training samples,
and this process continues until each sample has
been used as a test sample once, resulting in n
evaluation metrics (the evaluation metric chosen
here is mean squared error (MSE)). The performance
of the model is assessed based on the average of n
evaluation metrics. In each LOOCYV, the model is
trained and evaluated for different combinations of
hyper-parameters, and then the best-performing
combination of hyper-parameters is selected based
on the average evaluation metrics, where N is
the total number of evaluations. By iterating this
process repeatedly, the best hyper-parameter
combination can eventually be found. In this study,
the optimal hyper-parameters were determined
by the LOOCV combined with hyper-parameter
tuning, and the hyper-parameters for constructing
the machine learning model are provided in Table 2.

Table 2 Hyper-parameters of machine learning models

Model Parameter Value
Hidden layer sizes (1,8)
Activation function tansig
BPNN Epoch 1000
Learning rate 0.01
Train minimum error 0.0001
Penalty factor, C 2
SVR
Gamma, y 1.7
Number of trees 100
RF
Number of leaves 5
KNN Number of neighbors 2

2.3.2 Evaluation of machine learning models

The prediction performance of machine
learning models is primarily evaluated by calculating
the mean absolute error (MAE), mean relative error

(MRE), MSE, and R? between the predicted data and
the experimental data of the models. The expressions
are given in the following equations [52]:

1Y,
MAE=—>"|5, - y,| 9)
N5
1 & 'f/‘—y,
MRE=— Y |=-—1/x100% (10)
i=1| Vi
MSE=—(5, ~, )’ (11)
N Yi—= Vi
N A 2
Z(yi_yl)
R =1-£ (12)

where J, is the prediction result of the machine
learning model, y; is the value of the rolling
experiment, and y is the average value of the
rolling experiment. All the above evaluation metrics
are dimensionless. A higher R* value closer to 1,
along with smaller values of MAE, MRE, and MSE,
indicates the improved accuracy and stability of the
model.

3 Results and discussion

3.1 Prediction of UTS

The comparison of four machine learning
models for predicting the UTS output results is shown
in Fig. 5. Figure 5(a) displays the experimental and
predicted values, and Fig. 5(b) shows the MRE
comparison chart. From Fig. 5(a), the predicted
values of the BPNN and RF models significantly
differ from the experimental values, and only fewer
data fall within the error band of £5 in contrast to the
experimental values. In contrast, the predicted values
of the SVR and KNN models show smaller
differences from the experimental values, and most
of the predicted values fall within the error band of
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+5 compared to the experimental values. Moreover,
it can be found in Fig. 5(b) that the MRE lines of the
BPNN and RF models exhibit greater fluctuations
and are far away from the zero relative error dashed
line, while the relative error lines of the SVR and
KNN models show smaller fluctuations and are close
to the zero relative error dashed line.

300 (a) | Experimental value
200} + BPNN

e SVR s

280 A RF

2701 v KNN

> em«
|

260
250 -
240
230 -
220 +

UTS/MPa

> eon
LK 2 3
[ 4]

Sample No.

Fig. 5 Comparison of UTS prediction of four machine
learning models: (a) Distribution of experimental and
predicted values; (b) MRE

The bar chart of evaluation metrics for the four
machine learning models predicting the UTS is
shown in Fig. 6. The SVR model can well predict the
UTS, with the smallest MAE of 6.05, the smallest
MRE of 2.40%, and the smallest MSE of 43.93. The
KNN model has a performance close to SVR, with
an MAE of 7.36, an MRE of 2.94%, and an MSE of
70.01. The evaluation metrics for the BPNN and RF
models are relatively high, indicating larger errors
between predicted and experimental values and
poorer predictive performance. The ranking of
predictive ability for the models is SVR > KNN >
RF > BPNN.

The comparison of the determination
coefficients of the four machine learning models for

predicting UTS is depicted in Fig. 7. From Fig. 7,
the training determination coefficient (Train R?)
ranking for each model from high to low is SVR >
KNN > BPNN > RF. A Train_R? closer to 1 indicates
a better fit of the model to the training data. The
testing determination coefficient (Test R?) ranking
for each model from high to low is SVR > KNN >
BPNN > RF. A Test_R? closer to 1 signifies a better
fit of the model to the prediction data and indicates
better generalization performance. The overall
determination coefficient (Total R?) ranking for each
model from high to low is SVR > KNN > BPNN >
RF. A Total_R? closer to 1 indicates a better fit of the
model to the overall data and better generalization
performance. However, the Train_R? close to 1 does
not necessarily mean that the model is the best, and
it could indicate overfitting, which may result in poor
predictive performance on new data. Therefore,
when the model is evaluated, it is essential to
consider both Train_R? and Test_R?, that is, Total R,
to ensure that the model has good overall
performance. In conclusion, when the UTS of AZ31
magnesium alloy rolled sheets is predicted using the
four machine learning models, the performance of
the SVR and KNN models is better than that of the
BPNN and RF models. The ranking of model
performance from high to low is SVR > KNN >
BPNN > RF, with the Total R? values of 0.9296,
0.8785, 0.8509, and 0.8372, respectively.

12 IAE 4 1150

10 SWMRE

m WMSEV§ o 13 1120

g |0\ \ /*7/ £ 190

1 TR 1 s
BPNN SVR RF KNN

Model
Fig. 6 Histogram of evaluation metrics of four machine

learning models for predicting UTS

3.2 Prediction of EL

The comparison chart of the EL prediction by
four machine learning models is shown in Fig. 8. The
experimental and predicted values are displayed
in Fig. 8(a), while the MRE comparison chart is
illustrated in Fig. 8(b). It can be observed in Fig. 8(a)
that the prediction values from the BPNN and RF
models significantly differ from the experimental
values. While the prediction values from the SVR
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Fig. 8 Comparison of EL prediction of four machine learning models: (a) Distribution of experimental and predicted

values; (b) Relative error comparison chart

model show smaller deviations from the
experimental values. As shown in Fig. 8(b), the MRE
lines of the KNN, BPNN, and RF models exhibit
larger fluctuations and are far from the zero relative
error dashed line. Conversely, the relative error line
of the SVR model shows smaller fluctuations and is
close to the zero relative error dashed line.

The bar chart of evaluation metrics of the four
machine learning models for predicting the EL is
shown in Fig. 9. The SVR model can well predict the
EL, with the smallest MAE of 1.06, the smallest
MRE of 6.53%, and the smallest MSE of 1.48. The
KNN model shows a performance close to SVR,
with an MAE of 1.63, an MRE of 9.95%, and an
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Fig. 9 Histogram of evaluation metrics of four machine
learning models for predicting EL

MSE of 2.92. Furthermore, the evaluation metrics
for the BPNN and RF models are relatively high,
indicating poorer predictive performance. Therefore,
the ranking of predictive ability for the models from
high to low is SVR > KNN > RF > BPNN.

The comparison of the determination
coefficients of the four machine learning models for
predicting EL is depicted in Fig. 10. The ranking of
the Train R? for each model from high to low is
SVR > RF > KNN > BPNN; the Test R? from high

26 +(a) .
24+ Trai °
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<22t e Test L] > "
= .
- 20+ l..
8 ° .
% 18 B e m
L e -
161 °
Z [ o .
é 14 .
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24+
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& 70 o Test . " »
T .
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a. 16} n " - % y [ -
& 14}
12+ Train R> Test R?* Total R?
10} 0.7478 0.7182  0.7208
10 12 14 16 18 20 22 24 26

Experimental EL/%

to low is SVR > RF > BP > KNN, and the Total R?
from high to low is SVR > RF > BPNN > KNN.
Overall, when the EL of AZ31 magnesium alloy
rolled sheets is predicted by applying the four
machine learning models, the SVR and RF models
exhibit excellent performance, while the BPNN and
RF models show poorer performance. The ranking of
model performance from high to low is SVR > RF >
BPNN > KNN, with the Total R? values of 0.9136,
0.7208, 0.6834, and 0.6794, respectively.

3.3 PCC analysis results

PCC is a statistical measure used to assess the
degree of linear correlation between two variables. It
ranges from —1 to 1, where 0 indicates no linear
correlation, 1 indicates a perfect positive correlation,
and —1 indicates a perfect negative correlation. The
formula is given in the following equation [53]:
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y= i=l (13)
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Fig. 10 Comparison of determination coefficient of four machine learning models for predicting EL: (a) BPNN; (b) SVR;

(c) RF; (d) KNN
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where r is the Pearson correlation coefficient, X is
the sample mean of the sample set x, and Y is the
sample mean of the sample set y. Figure 11 displays
a heat map of the PCC between the rolling process
parameters and the mechanical properties of AZ31
magnesium alloy rolled sheets, with the highlighted
green boxes indicating the correlation coefficient
results.

As shown in Fig. 11, strain rate and reduction
show a moderate correlation with the UTS, while
rolling temperature presents a non-linear correlation.
Specifically, there is a negative correlation between
strain rate and UTS, as well as a positive correlation
between reduction and UTS. The correlations can be
demonstrated in the following aspects. The UTS is
influenced by the grain size, and when the reduction
is constant, the grain size is affected by the combined
effects of rolling temperature and strain rate. At
medium-to-high-strain-rate, the significant plastic
deformation occurs, and the conversion of plastic
deformation work into heat energy leads to an
increase in plastic deformation temperature.
Temperature rise caused by plastic deformation work
increases with the increase in strain rate, and the
increase in temperature causes an increase in
recrystallized grain size, which exceeds the decrease
in recrystallized grain size caused by the strain rate.
In general, the grain size increases with the increase
in strain rate. According to the Hall-Petch
formula [54], the UTS of the material shows a
decreasing trend with the increase of strain rate, so
there is a negative correlation between strain rate and
UTS. Furthermore, as the reduction increases, the
material undergoes more plastic deformation, leading
to an increase in the degree of recrystallization and
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Fig. 11 Heat map of PCC

grain refinement. According to the Hall-Petch
formula, the UTS of the material increases, so there
is a positive correlation between reduction and UTS.

Rolling temperature is moderately correlated
with EL, reduction is weakly correlated with EL, and
strain rate is non-linearly correlated with EL. Herein,
rolling temperature is positively correlated with EL,
while reduction is negatively correlated with UTS.
The correlations can be analyzed in the following
ways: As rolling temperature increases, the internal
thermal activation energy of the material increases,
leading to larger atomic vibrational amplitudes and
lower interatomic bonding forces. This reduces the
hindrance of dislocations within the grains, as well
as enhances the plastic deformation capability of the
material. This results in a larger EL, indicating a
positive correlation between rolling temperature and
EL. Furthermore, as reduction increases, the material
experiences greater pressure, causing distortion in
the internal lattice structure and shortening the
average distance between atoms. This increases the
interatomic interaction forces, making the material
harder and more brittle, thereby decreasing EL. On
the other hand, with the increase of reduction, the
dislocation density within the material increases.
These dislocations act as obstacles, hindering the slip
movement of atoms when subjected to external
forces, making it difficult for the material to deform
under stress, and resulting in a decrease in plastic
deformation capability, namely a decrease in the EL.
Therefore, there is a negative correlation between
reduction and EL.

3.4 SHAP method analysis results

The SHAP is based on the Shapley value
concept from game theory. It predicts different
feature values and calculates contributions to
determine each impact of features on the prediction.
This method can provide visual explanations for
machine learning models, aiding in understanding
and interpreting model predictions. It instantiates an
explainer by parsing the original model and then
calculates the SHAP value corresponding to each
feature for each sample through the explainer.
Additionally, the method can capture nonlinear
relationships, addressing the limitation of PCC in
conducting nonlinear correlation analysis. Therefore,
it can be used to validate the linear results obtained
from PCC and reveal the correlation between
temperature and UTS as well as strain rate and EL in
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Section 3.3. In this study, the SHAP was established
by invoking a Python toolkit based on the SVR
model that performed well in overall prediction.
Herein, the SHAP method was used to analyze the
contribution of each feature to the SVR model output.
The |SHAP value| that represents the absolute
value of the SHAP value corresponding to different
features in the model concerning the UTS and
EL outputs is displayed in Figs. 12(a) and 13(a),
respectively. The impact of each feature on the
machine learning model can be assessed by
comparing the |[SHAP value| of each feature. A
higher SHAP value indicates a higher impact of
this feature on the machine learning model. The
distribution of SHAP values for different input
features in the model concerning the UTS and
EL outputs is shown in Figs. 12(b) and 13(b),
respectively. In Figs. 12(b) and 13(b), each row
represents a feature, and each point represents a
sample point in the training process of the model.
The horizontal axis indicates the size of the SHAP
value, increasing from left to right, and this indicates
the correlation of the feature with the output
changing from negative to positive. The vertical axis
represents the size of the feature value assigned to
the feature during the training process of the model,
with darker red indicating higher feature values and
darker blue indicating lower feature values. Moreover,
the correlation of each feature with the mechanical
properties of AZ31 magnesium rolled sheet can also
be derived, with the correlation decreasing from
top to bottom. If the majority of red sample points
are located on the right side, it indicates a positive
correlation between this feature and the target
attribute; otherwise, it is a negative correlation.
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Fig. 12 Analysis results of SHAP value of UTS output:
(a) Mean |SHAP value| for each input parameter;
(b) Distribution of SHAP values for each input parameter

As shown in Fig. 12(a), it can be observed that
the feature of reduction plays an important role in the
SVR model output of the UTS, followed by the
features of strain rate and rolling temperature. In
Fig. 12(b), it can be seen that there is a strong positive
correlation between reduction and UTS (plenty of
red points are on the right side of SHAP=0) and a
weak negative correlation between strain rate and
UTS (few red points are on the left side of SHAP=0),
while the correlation between rolling temperature
and UTS is not significant (red points are evenly
distributed on both sides of SHAP=0). In conclusion,
there is a positive correlation between reduction and
UTS, a negative correlation between strain rate and
UTS, and an insignificant correlation between rolling
temperature and UTS, while strain rate and reduction
have a greater impact on the UTS compared to
rolling temperature. These conclusions complement
and substantiate the results of the PCC analysis.

It can be seen from Fig. 13(a) that the feature of
strain rate plays an important role in the SVR model
output of the EL, followed by the features of rolling
temperature and reduction. In Fig. 13(b), it can be
observed that there is a weak negative correlation
between reduction and EL (few red points are on the
left side of SHAP=0), and the correlation between
strain rate and EL, as well as rolling temperature
and EL, is not significant (red points are evenly
distributed on both sides of SHAP=0). In conclusion,
there is a negative correlation between reduction and
EL, and strain rate and rolling temperature have a
greater impact on the EL compared to the reduction,
supplementing and validating the results of the PCC
analysis.
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Fig. 13 Analysis results of SHAP value of EL output:
(a) Mean |SHAP value| for each input parameter;
(b) Distribution of SHAP values for each input parameter
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4 Conclusions

(1) The optimal parameters for the BP, SVR, RF,
and KNN machine learning models were determined
by the LOOCV and parameter tuning. The KNN
model performed well in predicting the UTS of
AZ31 magnesium alloy rolled sheets, but Total R?
was low when predicting EL. The SVR model
performed well in predicting both the UTS and EL in
AZ31 magnesium alloy rolled sheets and better in
contrast to other models. The MAE, MRE, MSE, and
Total R?> for UTS were 6.05, 2.40%, 43.93, and
0.9296, respectively, and the MAE, MRE, MSE, and
Total R? for EL were 1.06, 6.53%, 1.48, and 0.9136,
respectively.

(2) According to the PCC results, strain rate and
reduction were negatively and positively correlated
with UTS, respectively. Rolling temperature and
reduction were positively and negatively correlated
with EL, respectively. By PCC combined with the
theory of magnesium alloy rolling forming, the
relationship between the rolling process and the
mechanical properties of AZ31 magnesium alloy
rolled sheets was demonstrated.

(3) The SHAP, which could explain the output
of the machine learning model, was established
based on the SVR model. Through the SHAP
method, it was inferred that the features of reduction
and strain rate played an important role in the SVR
model output for UTS and EL, respectively.
Combining this with the PCC analysis, it was
determined that strain rate and reduction on UTS had
greater impact compared to rolling temperature, and
strain rate and rolling temperature had a greater
impact on EL compared to reduction.
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