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 A B S T R A C T

In this study, Machine Learning (ML) methods combined with Optuna hyperparameter optimization were 
investigated to predict creep strain in solder joints of multilayer chip capacitors. Material properties, geometry 
and thermal loading conditions were varied in simulations using Finite Element Modeling. Evaluated ML 
models included Random Forest, Gradient Boosting, Support Vector Regression (SVR) and Artificial Neural 
Network (ANN). The results demonstrated a prediction accuracy of 96%, particularly for SVR and ANN. The 
model performance significantly improved with increasing data size up to around 600 simulations. In the 
feature and hyperparameter importance analysis, solder stand-off height and component length most influenced 
ANN predictions, with learning rate being the key hyperparameter, while for SVR, the regularization parameter 
or kernel function was most critical.

1. Introduction

Solder joints in electronic packaging endure substantial mechanical 
and thermal stresses during operation. Due to the low strength and 
elastic modulus of solder materials, solder joints are typically the most 
vulnerable components and are highly susceptible to low cycle fatigue 
(LCF) [1,2]. The fatigue failure of a solder joint can generally be divided 
into two main stages: crack initiation and crack propagation. Crack 
initiation generally follows three stages: the formation of a microc-
rack, its nucleation, and finally, the initiation of a significant physical 
crack [3–5]. In some cases, cracks can form due to overloading, where 
an accidental force or pre-existing void in the crack region triggers their 
development. However, in fatigue testing, crack initiation primarily 
results from the cyclic deformation of the solder joint under stress [6]. 
During exposure to thermal cycling, thermomechanical stresses and 
strains are generated due to the mismatch in the coefficient of thermal 
expansion (CTE) between the printed circuit board (PCB) and electronic 
components, which drive progressive creep deformation and eventually 
result in fatigue failure of the solder joints [7,8]. Over the product’s life 
cycle, these repeated thermal cycles contribute to crack initiation and 
propagation, gradually degrading the mechanical integrity of the solder 
joints and reducing the overall reliability of the electronic assembly.

∗ Corresponding author at: Austria Technologie & Systemtechnik Aktiengesellschaft, Fabriksgasse 13, Leoben, 8700, Styria, Austria.
E-mail address: qiulin.yu@pccl.at (Q. Yu).

To assess and predict the long-term durability of solder joints under 
real-world operating conditions, accelerated thermal cycling tests are 
commonly employed [9]. These tests subject electronic components 
to rapid and extreme temperature fluctuations, replicating years of 
thermal cycling within a significantly shorter period. By analyzing the 
failure mechanisms and fatigue life observed in accelerated thermal 
cycling tests, engineers can develop predictive models to estimate the 
actual service life of solder joints and optimize material and design 
choices to enhance reliability [10]. However, experimental testing for 
electronic package typically takes 3 to 4 months to complete, requiring 
significant costs and resources. This is where Finite Element Modeling 
(FEM) comes into play, providing a more efficient way to model 
complex engineering problems. A proper Finite Element (FE) model 
with large nonlinearities of material and geometry usually requires 
specialized modeling expertise of researchers and high computational 
power of hardware device [11–13].

In order to overcome this issue, the integration of artificial in-
telligence (AI) techniques with FEM simulations has emerged as an 
effective approach for achieving reliable predictions in the microelec-
tronics industry [14–17]. This methodology, referred to Fig.  1, is known 
as the AI-assisted design-on-simulation procedure. It involves varying 
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Fig. 1. Architecture of AI-assisted design-on-simulation procedure.

geometry, material parameters and boundary conditions throughout 
the simulations to cover the design space and represent real scenarios. 
A comprehensive dataset is then generated via FEM simulations for 
AI training purposes. Once the model is developed, designers only 
need to input the required parameters to obtain the target values [18]. 
Several studies have employed this methodology for assessing solder 
joint reliability, which will be further discussed in Section 2. However, 
most existing studies use only one type of modeling approach, and 
there is a lack of comparative analysis between different machine 
learning models for predicting solder joint reliability. Additionally, the 
selection and optimization of hyperparameters present a significant 
challenge, as improper tuning can lead to suboptimal model perfor-
mance [19]. Another critical limitation is the uncertainty regarding the 
optimal dataset size for FEM-generated data. Due to this uncertainty, 
researchers often generate large datasets to ensure sufficient training 
samples. However, the marginal benefit of increasing dataset size be-
yond a certain threshold remains unclear, and excessive data collection 
may result in unnecessary computational costs without a proportional 
improvement in model accuracy. Despite these challenges, there is a 
lack of systematic investigations into how different machine learning 
models respond to varying dataset sizes and whether their predictive 
performance stabilizes beyond a certain data volume.

Therefore, this study aims to conduct a comprehensive comparison 
of various machine learning algorithms, utilizing Optuna as an efficient 
hyperparameter optimization framework. Furthermore, it systemati-
cally examines the relationship between dataset size and model per-
formance, assessing whether increasing the volume of FEM-generated 
data consistently enhances predictive accuracy or if performance gains 
diminish beyond a critical threshold. The findings of this study will con-
tribute to a deeper understanding of the trade-off between data volume 
and predictive efficiency, providing valuable insights for optimizing 
FEM-based AI modeling in the reliability assessment of solder joints.

2. Predictive modeling techniques in solder joints

Several studies have investigated methods to predict life cycles 
of solder joint in early design stage and understand how package 
design parameters affect the solder joint integrity. The most commonly 
used solder joint fatigue models are creep strain-based and energy-
based life models, which are developed by integrating finite element 
modeling with empirical reliability test data [20–23]. Schubert et al. 
demonstrated the impact of various solder interconnect alloys and 
package types on the fatigue life of solder through both simulations 
and experimental studies [22]. Liu et al. presented a hybrid method 
that combines analytical and energy-based approaches to predict solder 
joint geometry and analyze thermal stress/strain behavior in flip-chip 
packaging [24]. The results demonstrate that optimizing solder ball 
size and pad configuration can significantly reduce thermal stress, 

enhancing the reliability of solder joints in advanced electronic pack-
aging applications. Liu et al. further applied this combined method 
to predict standoff heights and geometry profiles of the solder joints, 
which is further validated by experiments [25]. Xu et al. utilized finite 
element simulations and response surface approximation to evaluate 
the thermo-mechanical performance in the design optimization proce-
dure [26]. Their findings consistently demonstrated a strong correlation 
between simulation outcomes and experimental data . This agreement 
reinforces the validity of simulation-based methodologies and pro-
vides a robust ground truth for training machine learning models in 
predictive reliability assessment.

In recent years, ML-based modeling techniques have been widely 
used in various research domains of electronics [27–29]. In particular, 
the combination of machine learning and simulation has significantly 
reduced both cost and time, demonstrating strong ability to analyze 
complex systems [15]. Yuan et al. combined both the recurrent neural 
network (RNN) and the gate-network long short-term memory (LSTM) 
with 81 FE data pairs to assess the solder joint thermal cycling perfor-
mance in Glass Wafer Level Chip Scale Package, where die thickness, 
glass thickness and PI thickness are considered [30]. Ferrando-Villalba 
et al. developed an artificial neural network to predict inelastic strain in 
PCB Assembly solder joint under thermal cycling [31]. A total of 1017 
parameterized simulations were conducted, incorporating 15 variables 
across various scenarios, including substrate/solder/die geometries, 
material properties of the substrate and solder, and pitch variations. 
The ANN predictions exhibited a standard deviation of approximately 
15% compared to the simulated strain values.

Although machine learning based techniques have been widely 
applied to predict solder joint reliability, researchers typically rely on 
extensive simulations to generate training data and spend significant 
time manually searching for optimal hyperparameters. This work aims 
to compare various models and develop a framework that simplifies hy-
perparameter tuning while also investigating the relationship between 
dataset size and model performance, ultimately reducing the resources 
required for simulation and modeling in the hyperparameter tuning.

3. Methodology

3.1. Dataset generation via finite element simulations

The primary goal of this research is to develop a machine learning 
(ML) model capable of predicting the creep strain in solder joints 
of multilayer chip capacitors (MLCC). To achieve this, a substantial 
amount of data is imperative, which is subsequently generated using 
FE simulations. We use finite-element modeling to simulate a standard 
MLCC electronics package with solder joints. The input parameters 
for these simulations include various material properties, geometric 
configurations, loading conditions, and environmental variables, all 
of which are chosen based on their significance to the solder joint 
performance. These parameters are systematically varied to create a 
comprehensive dataset. The key output variable from these simulations 
is the average creep strain measured under different scenarios, which 
serves as the target variable for our ML model.

The FEM structure was generated with a bottom-up approach using 
the commercial software MSC Marc [32]. This method involves build-
ing the model from the most basic elements such as points, lines, 2D 
planes and expanding them to a 3D structure. A parametric script is 
developed to build such FE models, which allows good control over 
the mesh and enables the definition of consistent mesh even with 
different geometry parameters. This ensures that the mesh quality 
remains high and uniform, regardless of the variations in the geometric 
configurations of the MLCC package. The parametric scripting approach 
enhances flexibility and efficiency in modeling, as it automates the gen-
eration of the mesh based on predefined parameters. This automation 
reduces the likelihood of human error and ensures consistency across 
multiple simulations. By adjusting the geometric parameters within the 
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Fig. 2. Illustration of DASC model and FOSC model with showing mesh and 
critical solder area.

script, various configurations can be quickly modeled and analyzed, 
thereby accelerating the dataset generation process. Furthermore, the 
parametric script facilitates the exploration of a wide range of scenar-
ios, as it can systematically vary input parameters to study their effects 
on the performance of the solder joints. This comprehensive exploration 
is crucial for creating a robust dataset that accurately captures the 
behavior of the components under diverse conditions. Ultimately, this 
methodological approach significantly contributes to the development 
of a reliable and predictive machine learning model by providing 
high-quality and consistent simulation data.

To reduce computational time and generate a large dataset effi-
ciently, the initial 3D model is simplified to a 2D model. This simplifica-
tion is achieved by applying structural plane strain geometry properties 
to the 2D model, which effectively provides the necessary thickness 
to the model without the need for a full 3D representation. This 
approach is particularly advantageous because it simplifies the complex 
3D problems into more manageable 2D problems, allowing for faster 
computations and easier handling of the data. By simplifying the 3D 
model to a 2D model, the initial computational time was significantly 
reduced from 4 h to just 15 min in our simulation attempts. This drastic 
reduction in computation time enabled the efficient generation of a 
large dataset, which is essential for training robust machine learning 
models.

It is also important to note that FE simulations are performed in two 
essential steps to obtain accurate results. The first step involves crack 
propagation under the component area, specifically targeting the solder 
joint located below the chip component. The second step addresses 
crack propagation within the solder fillet area. To effectively implement 
this process, two distinct FE models are developed. In Dual-area Solder 
Coverage (DASC) model, solder is present both under the component 
and within the fillet. In contrast, Fillet-Only Solder Coverage (FOSC) 
model assumes a fully cracked solder joint below the component, 
thus removing the solder from beneath the component area. Fig.  2(a) 
illustrates DASC model, while Fig.  2(b) depicts FOSC model, along 
with their respective meshes. The mesh in these models is carefully 
refined in the solder joint area to accurately capture the creep strain. 

To maintain consistency across a large number of simulations, a critical 
solder area is defined. The average creep strain is calculated from this 
precisely defined area, ensuring uniformity and reliability in the data. 
This calculated average creep strain is subsequently used as the target 
variable in the machine learning model, which aims to predict the 
performance and behavior of solder joints under various conditions.

3.2. Finite element modeling of MLCC

3.2.1. Input parameter definition
The input features selected for this study encompass a variety of 

material properties, geometric configurations, and loading conditions. 
The selection of these features is motivated by their critical influence 
on the performance and reliability of solder joints in MLCCs. The cor-
responding parameter ranges were determined based on manufacturer 
datasheets, relevant industry standards, and expert knowledge drawn 
from prior studies and practical experience.

(a) Material Properties
Material properties play a crucial role in determining the me-
chanical behavior and durability of solder joints under different 
operating conditions. Key material properties considered in this 
study include the coefficient of thermal expansion, which reflects 
the mismatch between component and PCB. This mismatch can 
induce thermal stresses, leading to creep strain and eventual fail-
ure of the solder joints. Elastic/Young’s modulus (E-modulus), 
representing the stiffness of the materials involved, affects the 
stress distribution and deformation behavior of the solder joints.

(b) Geometric Configurations
Geometric parameters are crucial in defining the physical dimen-
sions and structural characteristics of the MLCC package and 
solder joints. This study includes standard MLCC sizes ranging 
from C1005 to C7563, based on manufacturer datasheets, to en-
sure model generalizability across varying capacitor dimensions. 
Variations in solder stand height impact the overall height of the 
solder joint, influencing its thermal and mechanical behavior. 
The length of the copper pads affects the fillet formation of the 
solder joints, which in turn influences the stress distribution and 
deformation behavior.

(c) Loading Conditions
Loading conditions simulate the operational environment and 
thermo-mechanical stresses experienced by the solder joints. The 
minimum and maximum temperatures are defined as critical 
input parameters, encompassing the standard thermal cycling 
conditions ranging from −55 ◦C to 100 ◦C. This range en-
compasses representative temperature windows (e.g., –40 ◦C 
to 100 ◦C, 0 ◦C to 100 ◦C) aligning with industry standards 
like ECSS-Q-ST-70-04C for space applications and AEC-Q007-
001 for automotive contexts. As such, the model ensures broad 
applicability across various real-world scenarios.

Table  1 provides a detailed list of the parameters along with the 
range of values simulated in this study. The geometric parameters, 
crucial for accurately depicting the physical dimensions and structural 
characteristics of the MLCC package, are visually represented in Fig. 
3. The design of experiments for this study was conducted using the 
Latin hypercube sampling method. This method is effective in this 
context as it ensures a comprehensive and uniform exploration of the 
design space, thereby reducing the number of simulations needed to 
achieve accurate results. As shown in Fig.  A.13, the distribution of 
all input parameters are illustrated by their histograms. A total of 
1481 simulations were conducted for each of the two models, result-
ing in an aggregate of 2962 simulations. The simulation process was 
automated using Noesis Optimus software [33], which allows setting 
up the design of experiments based on the latin hypercube method 
and performs the simulations sequentially. The study focused on 13 
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Table 1
List of input parameters used in the simulations along with their ranges.
 Type Input parameters Nominal Min Max  
 

Geometry

Component length (lc) 4.5 mm 0.6 7.5  
 Component width 

(wc)
3.2 mm 0.3 6.3  

 Component thickness 
(tc)

2.8 mm 0.3 3  

 End termination 
length (let)

0.61 mm 0.1 0.7  

 Solder stand-off 
height (tsf)

0.045 mm 0.01 0.07  

 Partial Copper pad 
length (lsf1)

0.3 mm 0.1 0.4  

 Partial Copper pad 
length (lsf2)

0.35 mm 0.2 0.6  

 

Material property

Component CTE 
(Cap_CTE)

9 ppm/◦C 5 10  

 PCB CTE X/Y 
(PCB_CTE)

15 ppm/◦C 12 18  

 PCB thickness (tpcb) 1.6mm 0.8 3.2  
 PCB young’s modulus 

(PCB_E)
23 000 MPa 23000 50000 

 
Loading profile

Min temperature 
(Tmin)

−55 ◦C −55 20  

 Max temperature 
(Tmax)

100 ◦C 80 120  

Fig. 3. Schematics of MLCC with geometrical parameters.

input variables, each significantly influencing the outcome. These input 
variables produced two main outputs: creep strain in DASC model 
and creep strain in FOSC model. By carefully selecting these input 
features, the study aims to create a comprehensive and representative 
dataset that captures the key factors influencing the creep strain in 
solder joints. This approach ensures that the machine learning model 
developed can accurately predict the performance of solder joints under 
diverse conditions, thereby enhancing the reliability and robustness of 
the MLCC electronics package.

3.2.2. Output parameter definition
The study identifies two primary output parameters: average creep 

strain from DASC model and average creep strain from FOSC model. 
In Fig.  4, the results of the finite element (FE) simulation are depicted, 
showcasing the creep strain observed in each FE model for a full ther-
mal cycle of −55 ◦C to 100 ◦C. The Average creep strain is calculated 
from the critical areas defined for each model, as previously illustrated 
in Fig.  2. The average creep strain obtained from these simulations 
serves as the target parameter in the subsequent ML models.

3.3. Dataset visualization and preprocessing

3.3.1. Correlation matrix
A correlation matrix is a tabular representation that displays cor-

relation coefficients, indicating the strength and direction of linear 

Fig. 4. FE analysis results showing average creep strain for a thermal cycle of 
−55 ◦C to 100 ◦C.

Fig. 5. Correlation matrix of input features to outputs of DASC model and 
FOSC model.

relationships between variables in a dataset [34]. Correlation values 
close to 1 or −1 indicate a strong relationship, while values near 0 
suggest a weak or no relationship. Positive values mean both variables 
increase together, while negative values show one rises as the other 
falls. Fig.  5 shows the correlation between the input feature and the 
average creep strain in DASC model and FOSC model. It shows that the 
length of capacitor (lc) and CTE of PCB (PCB_CTE) positively impact 
both targets. Solder stand-off height (tsf) is a strong negative predic-
tor, especially for FOSC model. The capacitor’s coefficient of thermal 
expansion (Cap_CTE) also has a negative effect on both models, though 
to a lesser extent. Tmin show s a weaker correlation with both models, 
especially FOSC model, indicating lower minimum temperatures lead 
to lower average creep strain. Tmax has a weak positive correlation 
with both models, suggesting higher maximum temperatures slightly 
increase average strain. Features like capacitor width (wc), Partial 
copper pad Length (lsf1 and lsf2) might be less important due to weak 
correlations.

3.3.2. Min-max scaler
The Min-Max Scaler is a data pre-processing technique that scales 

each feature to a given range, usually [0, 1]. It adjusts each value based 
on the feature’s minimum and maximum using the formula [35]:

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑋 −𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 −𝑋𝑚𝑖𝑛

where 𝑋 denotes the original value, 𝑋𝑚𝑖𝑛 and 𝑋𝑚𝑎𝑥 are the minimum 
and maximum of the feature column, 𝑋𝑠𝑐𝑎𝑙𝑒𝑑 are the scaled value 
between 0 and 1. In this work, the Min-Max Scaler was applied to 
normalize the input features.

Following data normalization, the dataset was split into training and 
test subsets. For each simulation group, a consistent test set comprising 
113 data points was employed to ensure comparability. The training set 
was used for hyperparameter optimization through Optuna (referred 
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Fig. 6. Architecture of the modeling procedure.

Table 2
Hyperparameters of the RF model tuned in this study [36–39].
 Hyperparameter Description Search range  
 n_estimators Number of trees in the 

forest.
[10, 200]  

 max_depth Maximum depth of each 
tree.

[50, 100]  

 min_samples_split Minimum number of 
samples to split an internal 
node.

[2, 10]  

 min_samples_leaf Minimum number of 
samples required at a leaf 
node.

[1, 15]  

 max_features Method to select features 
at each split.

[‘sqrt’, ‘log2’, None] 

to Section 3.4.2), resulting in an optimized model trained on the 
same training set. Finally, the performance of this trained model was 
evaluated on the test set to facilitate comparison with other models.

3.4. Machine learning models

The ML models used in this study are trained on labeled datasets, 
where input parameters (input data) and corresponding output val-
ues (output data) are provided. This approach, known as supervised 
learning, encompasses techniques such as Random Forest (RF), eXtreme 
Gradient-boosting (XGB), Support Vector Regression SVR and Artificial 
Neural Network (ANN). Fig.  6 illustrates the schematic architecture of 
the ML models employed for predicting average creep strain.

3.4.1. Evaluated machine learning models
The first technique employed in this study is the random forest 

(RF). RF is an ensemble learning method that consists of several tree 
predictors where each tree is generated using a random vector sampled 
independently from the input vector [40]. In regression analysis, RF 
model computes the average predictions from multiple decision trees 
to generate the output [41]. Consequently, as the number of trees 
increases, the generalization error approaches a stable limit [42]. Table 
2 indicates the hyperparameters and search ranges of the decision tree 
model used in this study [36–39]. As shown in Table  2, hyperparam-
eters contain the number of trees in the forest (n_estimators), the max 
number of levels in each decision tree (max_depth), and the number of 
data points placed in a node before the node is split (min_samples_split).

RF is a basic tree-based machine learning algorithm, while eXtreme 
Gradient-boosting (XGB) is an advanced model of gradient-boosting 
decision trees [43]. XGB combines two key techniques for ensemble 
learning: bagging and boosting. Bagging trains multiple models in par-
allel, with each model generated from independently sampled subsets 
of the data. This approach reduces variance and improves model stabil-
ity and accuracy by combining the predictions of all models. Boosting 

Table 3
Hyperparameters of the XGB model tuned in this study [46,47].
 Hyperparameter Description Search range 
 n_estimators Number of trees in the ensemble. [30, 400]  
 max_depth Maximum depth of each tree. [3, 12]  
 learning_rate Step size shrinkage during training. [0.01, 0.1]  
 subsample Subsample ratio of training instances. [0.6, 0.9]  
 colsample_bytree Subsample ratio of columns per tree. [0.6, 0.9]  
 reg_alpha L1 regularization term on weights. [0.01, 10]  
 reg_lambda L2 regularization term on weights. [0.01, 10]  

Table 4
Hyperparameters of the SVR model tuned in this study [48].
 Hyperparameter Description Search range  
 kernel Kernel function used to 

map input data to a 
higher-dimensional space.

[‘linear’, ‘poly’, ‘rbf’, ‘sigmoid’] 

 C Regularization parameter 
controlling the trade-off 
between smoothness and 
accuracy.

[1e−3, 50]  

 epsilon Tolerance margin for error 
in the insensitive loss 
function.

[1e−7, 1e−3]  

 gamma Defines the influence of a 
single training example in 
non-linear kernels.

[‘scale’, ‘auto’]  

builds models sequentially, where each tree is constructed to address 
the errors of the previous one. This iterative process refines the model 
by focusing on the poorly learned patterns, thereby enhancing overall 
predictive performance [44,45]. Table  3 presents the hyperparameters 
and the search ranges of the XGB model in this study [46,47].

Support vector regression (SVR) is a supervised machine learning 
algorithm that uses the principles of Support Vector Machines (SVM) to 
perform regression tasks by finding a function that predicts continuous 
values while maintaining a margin of tolerance around the predicted 
value and minimizing model complexity [49]. It identifies support vec-
tors (data points closest to the margin) to define the decision boundary, 
enabling robust predictions even in high-dimensional spaces or with 
non-linear relationships when combined with kernel functions [50]. 
Table  4 illustrates hyperparameters and the search ranges of the SVR 
model in this study [48].

An Artificial Neural Network (ANN) is a machine learning model 
inspired by the human brain, designed to learn and map complex rela-
tionships in data [51]. It consists of an input layer that receives data, 
hidden layers where neurons compute weighted sums of inputs, add 
biases, and apply activation functions to capture non-linear patterns, 
and an output layer that produces predictions. During training, the 
network minimizes the error between predictions and actual values us-
ing backpropagation, where gradients are computed to update weights 
and biases iteratively through an optimization algorithm [51–53]. This 
iterative process enables ANNs to learn from data, making them highly 
effective for tasks like image recognition, natural language processing, 
and predictive analytics [54]. Table  5 illustrates hyperparameters and 
the search ranges of the ANN model in this study [55,56].

3.4.2. Optuna for selecting hyper-parameters of machine learning models
Hyperparameter tuning is essential for getting the best performance 

from machine learning models, as effective tuning can greatly improve 
both accuracy and robustness [19,57]. However, traditional tuning 
methods (Grid Search and Random Search) often require users to define 
a static search space in advance, which limits flexibility [58]. Optuna, 
proposed by Akiba et al. [59], is a hyperparameter optimization frame-
work designed to address these limitations through a dynamic ‘‘define-
by-run’’ application programming interface (API). This API allows users 
to build search spaces interactively during the optimization process [59,
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Fig. 7. The basic procedure for hyperparameters selection in Optuna.

Table 5
Hyperparameters of the ANN model tuned in this study [55,56].
 Hyperparameter Description Search range  
 num_layers Number of hidden layers in 

the network.
3  

 hidden_dim1 Number of neurons in the first 
hidden layer.

[16, 256]  

 hidden_dim2 Number of neurons in the 
second hidden layer.

[32, 128]  

 hidden_dim3 Number of neurons in the 
third hidden layer.

[16, 128]  

 dropout_rate Dropout rate to prevent 
overfitting.

[0.0, 0.4]  

 batch_norm Whether to apply batch 
normalization after each layer.

[True, False]  

 learning_rate Learning rate controlling the 
update step in training.

[1e−5, 1e−2] 

 weight_decay Regularization to penalize 
large weights.

[1e−6, 1e−3] 

 epochs Number of training epochs. [50, 200]  

60]. Meanwhile, it features efficient sampling and pruning algorithms 
with support for user customization. Sampling involves two types: 
independent (e.g., Tree-structured Parzen Estimator) and relational 
(e.g., Covariance Matrix Adaptation Evolution Strategy), enabling flex-
ible and dynamic search space exploration. Pruning saves resources 
by monitoring intermediate results and terminating unpromising trials 
early, with Optuna implementing the state-of-the-art Asynchronous 
Successive Halving Algorithm (ASHA) for asynchronous and scalable 
pruning. By combining efficient sampling to identify promising areas 
and pruning to focus resources, Optuna optimizes performance while 
reducing computational overhead [59]. Optuna’s final design feature 
is its easy set-up, making it simple to use for everything from small 
experiments to large-scale distributed tasks, supported by its flexible 
and adaptable architecture [59,61,62].

Fig.  7 illustrates the key steps involved in hyperparameter opti-
mization for machine learning models using Optuna. The process starts 
with selecting the hyperparameters for each model and defining their 
respective search spaces. Next, the objective function is configured, fol-
lowed by specifying the optimization direction. Finally, the number of 
Optuna trials is determined. In this study, hyperparameter optimization 
is performed over 100 trials with the objective of minimizing the MSE, 
evaluated through 5-fold cross-validation. This approach helps mitigate 
overfitting and ensures model robustness and generalizability.

3.5. Evaluation metrics

To assess the prediction accuracy of different machine learning 
models, three statistical metrics are employed: Mean Squared Error 
(MSE), Root Mean Squared Error (RMSE), and the Coefficient of De-
termination (R2). These metrics provide complementary insights into 
model performance, from error magnitude to variance explanation.

The Mean Squared Error (MSE) is defined as the mean of the 
overall squared prediction errors [63]. When the MSE is zero, the 
estimator precisely predicts the parameter’s response. As the MSE 
decreases, the model’s accuracy improves, reducing the discrepancy 
between predicted and actual values. It is defined as:

𝑀𝑆𝐸 = 1
𝑁𝑡𝑒𝑠𝑡

𝑁𝑡𝑒𝑠𝑡
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2

, where 𝑦i represents the actual value, 𝑦i denotes the predicted value 
obtained from the constructed surrogate model and 𝑁 test indicates the 
total number of verification samples. In this study, identification of 
optimal model parameters using Optuna is conducted by minimizing 
the MSE of cross validation data.

The Root Mean Squared Error (RMSE) is derived from the MSE and 
provides a more easily interpretable measure of prediction error, due 
to having the same units as the target variable. It reflects the standard 
deviation of the residuals and is useful for understanding the typical 
magnitude of prediction errors. A lower RMSE suggests a better fit 
of the model to the data [63], and it is used here to compare the 
performance of the four machine learning models under consideration. 
It is defined as

𝑅𝑀𝑆𝐸 =

√

√

√

√
1

𝑁𝑡𝑒𝑠𝑡

𝑁𝑡𝑒𝑠𝑡
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2

The Coefficient of Determination (R2) evaluates how well the pre-
dicted values approximate the actual data by quantifying the pro-
portion of variance in the target variable that is explained by the 
model [64]. R2 takes values within the range [0, 1], with higher 
values indicating better predictive performance. In this work, R2 is used 
alongside RMSE to compare the effectiveness of the different models, 
providing insight into how well each model captures the underlying 
patterns in the data. It is mathematically defined as

𝑅2 =
∑𝑁𝑡𝑒𝑠𝑡

𝑖=1 (𝑦𝑖 − 𝑦̂𝑖)2
∑𝑁𝑡𝑒𝑠𝑡

𝑖=1 (𝑦𝑖 − 𝑦̄𝑖)2

, with the term 𝑦i referring to the mean of the true values [65].

4. Results and discussions

4.1. Model performance comparison

After hyperparameter optimization with Optuna, the optimal pa-
rameters for each model were identified, and models configured with 
these optimal parameters were subsequently applied to the test set 
to evaluate their performance. Four regression models were assessed 
and compared based on their performance on DASC model, using 
RMSE, and R2 as evaluation metrics. The results, including fitted locally 
weighted scatterplot smoothing trends, are presented in Fig.  8. As the 
number of simulations increases, all models generally improve, with 
lower prediction errors (RMSE) and higher accuracy (R2). The results 
show that ANN performs best in the small sample regime, with a 
rapid increase in R2 and a steep decrease in RMSE, indicating strong 
nonlinear modeling capacity and good generalization. As the training 
size increases, SVR demonstrates robust and steadily improving perfor-
mance, ultimately slightly outperforming ANN in the larger datasiye 
regime, making it one of the most stable models overall. XGBoost shows 
moderate and consistent performance throughout, while RF underper-
forms significantly, especially with small datasets, and continues to 
fall behind other models even as more data is introduced. Notably, 
all models exhibit diminishing returns in performance improvement 
as the training data size increases. Specifically, when the number of 
training samples reaches approximately 700, the R2 values for ANN 
and SVR plateau and RMSE reduction slows, indicating that further 
improvements are limited. Therefore, focusing resources on ANN or 
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Fig. 8. Comparison of 4 models on test set, for DASC model.

Fig. 9. Comparison of 4 models on test set, for FOSC model.

SVR and maintaining simulation counts around or slightly above 700 
would provide optimal balance and efficiency.

Fig.  9 shows the same comparison of FOSC model with DASC model. 
The results indicate that SVR consistently outperforms other models, 
achieving the highest R2 and the lowest RMSE across most training 
sizes, especially in the large-data regime. ANN performs competitively, 
particularly excelling in small to medium training sizes, and remains 
close to SVR as the data size grows. XGBoost shows moderate per-
formance, improving steadily with more data but falling short of SVR 
and ANN. Random Forest performs the worst, especially in low-data 
scenarios, and exhibits limited improvement even with increased data. 
A clear stabilization point is also observed: SVR and ANN reach per-
formance saturation around 500–600 training samples, with marginal 
gains beyond that point. XGBoost stabilizes closer to 700–800 samples, 
while Random Forest shows no distinct saturation trend. This suggests 
that, for the FOSC task, a training size of approximately 600 samples 
is sufficient for achieving near-optimal model performance.

An important observation across all models is the phenomenon of 
diminishing returns. While all models benefit from an initial increase 
in training data (especially from 10 to 400 samples), the fitted curves 
show that beyond approximately 600 samples, the performance gains 
begin to plateau. The slope of the performance curves becomes in-
creasingly shallow, indicating that additional data points contribute 
less and less to improving model accuracy. This trend is particularly 
evident in ANN and SVR, whose performance metrics approach their 
asymptotic limits. It means that simply increasing the dataset size does 
not indefinitely lead to significant improvements in performance [66].

Numerically in Figs.  8 and 9, SVR consistently achieves the best 
performance across both models, with RMSE near 0.004 and R2 con-
sistently around or exceeding 0.96, especially at higher simulation 
counts. ANN closely follows SVR, performing strongly with the but 
slightly behind with RMSE near 0.005 and R2 about 0.94. All models 
were trained on a local machine equipped with an Intel® Core™ i7 
CPU and 32 GB RAM, using CPU-only computation. Under this setup 
(dataset size = 1200), the average optimization time for 100 trials was 
approximately 2 min for RF, 9 min for SVR, 3 min for ANN, and 1 min 
for XGBoost.

4.2. Interpretation of results

4.2.1. SHAP analysis in ANN
The SHapley Additive exPlanations (SHAP) framework is considered 

to explain the machine learning models [67,68]. It assigns each feature 
an importance value, called a SHAP value, based on the concept of 
Shapley values from cooperative game theory [68,69]. A SHAP value 
indicates how much each input feature contributes, positively or neg-
atively, to creep strain predictions. In this study, SHAP values were 
computed using the KernelExplainer from the SHAP Python library, 
which is model-agnostic and well-suited for explaining non-tree-based 
models such as the ANN used here [70]. The explainer estimates 
feature contributions by perturbing input values and observing the 
corresponding changes in the model’s output. The magnitude of a SHAP 
value reflects the strength of the feature’s influence on the prediction, 
while the sign indicates whether the feature increases (positive) or 
decreases (negative) the predicted output. In summary plots, the color 
represents the actual value of the feature, providing insight into how 
high or low feature values affect the model’s output.

Fig.  10 depicts the SHAP analysis of ANN on both models. In both 
models, solder stand-off height (tsf) and component length (lc) are con-
sistently the most influential predictors, showing wider distributions of 
SHAP values. Higher values of solder stand-off height (tsf) generally 
increase predictions significantly in both models. Features such as CTE 
of capacitors (Cap_CTE) and CTE of PCB (PCB_CTE) maintain relatively 
high importance in both models, reflecting stable influence. Specially 
in DASC model, Max temperature (Tmax) and end termination length 
(let) are relatively more influential, indicating that peak temperatures 
and horizontal structure are more critical for solder cracking below 
component (in the solder standoff area). In FOSC model, minimum 
temperature (Tmin) becomes notably more influential than maximum 
temperature (Tmax), suggesting that low temperature effects (e.g., con-
traction, stress recovery) play a larger role after cracking. Partial copper 
pad length at filler area (lsf2) gains significance, consistent with the 
focus shifting to the outer solder region. End termination length (let) 
in FOSC model becomes less important, indicating reduced influence as 
FOSC model assumes full fracture at solder below component. Overall, 
PCB thickness (tpcb), PCB young’s modulus (PCB_E), partial copper 
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Fig. 10. SHAP values of each feature in the ANN model.

Fig. 11. Comparison of SVR performance across two datasets: DASC and FOSC.

pad length under component (lsf1), component width (wc) are lower 
ranked and have little influence on the solder joint creep strain in 
our current loading scenarios. This result is consistent with that of 
correlation matrix in Section 3.3.1.

4.2.2. Hyperparameter importance analysis in SVR and ANN
Optuna’s hyperparameter importance feature helps to identify

which hyperparameters have the most impact on model performance
[59]. It analyzes completed trials and calculates each parameter’s 
influence on the objective value. It helps save time and resources by 
focusing optimization on important parameters. Fig.  11 present the 
hyperparameter importance for SVR models trained on the DASC and 
FOSC datasets, respectively. In the DASC model, the most influential 
hyperparameter is C (0.57), indicating that regularization strength 
significantly affects model performance. The kernel parameter also 
plays a moderate role (0.25), while gamma and epsilon have relatively 
minor impacts (0.11 and 0.08, respectively). In contrast, the FOSC 
model is most sensitive to the kernel choice (0.55), making it the key 
factor in tuning. epsilon and C follow with moderate importance (0.17 
and 0.15), and gamma remains the least impactful (0.12).

Fig.  12 shows a detailed analysis comparing the ANN hyperparam-
eter importance for DASC model and FOSC model. In both, learning 
rate is the most influential parameter—especially in DASC Model (0.63 
vs. 0.39). DASC model is also moderately affected by weight decay and 
batch normalization, while architectural parameters have little impact. 
In contrast, FASC model is more influenced by batch normalization, 
number of neurons in hidden layer 3, and dropout rate, indicating 
greater sensitivity to architecture and regularization.

Through SHAP analysis, we can identify the most influential design 
features affecting model performance. In this case, solder stand-off 
height (tsf) and the capacitor length (lc) are the most important fea-
tures, thus avoiding unnecessary experimental designs in future studies. 

Additionally, hyperparameter importance analysis reveals which hy-
perparameters significantly impact model performance in SVR and 
ANN. SVR models show model-dependent sensitivity to either the 
regularization parameter C or the kernel function, while ANN models 
are consistently driven by the learning rate, with FOSC additionally 
influenced by architectural factors like batch normalization, enabling 
a more efficient optimization process.

4.3. Limitations and future work

A key limitation of this study is the absence of experimental valida-
tion. The proposed framework relies exclusively on high-fidelity finite 
element analysis data to train and test the machine learning models. 
This synthetic data approach enables efficient exploration of parameter 
spaces and facilitates the construction of accurate and computationally 
efficient surrogate models. However, it inherently lacks direct corre-
lation with physical test results. Although simulation data provide a 
consistent and controlled environment for model development, they 
may not fully capture the variability and complexity of real-world 
thermal cycling behavior.

To mitigate this concern, we emphasize that the FEA modeling 
approach adopted in this study builds upon well-established simulation 
methodologies that have previously demonstrated excellent agreement 
with experimental observations in similar contexts [71–74]. Nonethe-
less, we fully acknowledge that simulation-based predictions, regardless 
of their fidelity, cannot substitute for experimental validation. Criti-
cal factors such as material variability, process-induced defects, and 
environmental uncertainties are difficult to capture fully in numerical 
models alone. As such, experimental correlation remains an essential 
next step. In future work, we aim to collaborate with industrial partners 
to obtain accelerated thermal cycling test data, which will enable 
direct comparison and validation of the surrogate model’s predictive 
capability under real-world operating conditions.
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Fig. 12. Comparison of ANN performance across two datasets: DASC and FOSC.

Fig. A.13. Histogram plots of input parameter distributions.
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Another limitation of this study is the scope of applicability. The 
current framework is validated for MLCCs under thermal cycling condi-
tions. Its extension to other package types, such as BGAs or QFNs, poses 
considerable challenges due to fundamental differences in package 
geometry, solder joint morphology, and material characteristics [31]. 
These factors significantly alter the thermo-mechanical behavior of 
the assembly, thereby requiring specialized modeling strategies for 
each package type. As such, the current framework is not intended to 
be universally applicable, and future work may focus on developing 
tailored models for other package families.

5. Conclusions

This study employed four advanced machine learning approaches. 
Each method was integrated with Optuna for hyperparameter optimiza-
tion. The objective was to predict the average creep strain of solder 
joints in multilayer chip capacitors. Predictions were made under a 
range of simulation scenarios, which included variations in material 
properties, geometric configurations and thermal loading conditions. 
Two distinct finite element models were investigated: DASC model 
assumed crack propagation beneath the component area, whereas FOSC 
model presumed crack propagation within the solder fillet area.

The prediction results indicated that the four evaluated machine-
learning models, optimized with Optuna, demonstrated feasibility and 
high accuracy for forecasting target creep strain values. Among these, 
the Support Vector Regression and Artificial Neural Network models ex-
hibited superior predictive performance. Additionally, it was observed 
that the accuracy of the predictions improved significantly with increas-
ing dataset size; however, after approximately 600–700 simulations, 
the rate of accuracy enhancement notably decreased.

In the ANN feature importance analysis, solder stand-off height 
and component length consistently emerged as the most influential 
parameters affecting prediction accuracy. Furthermore, the hyperpa-
rameter optimization analysis identified the learning rate as the most 
influential parameter for the accuracy of ANN model prediction, while 
the regularization parameter C or the kernel function plays the most 
critical role in for SVR model predictions.

The demonstrated predictive capabilities of machine learning mod-
els, particularly the Support Vector Regression and Artificial Neural 
Network optimized via Optuna, underscore their potential for advanc-
ing reliability assessments of multilayer chip capacitors. Future re-
search should focus on expanding these models to enable full life-
time prediction by incorporating time-dependent material degradation 
and cyclic thermal-mechanical loading conditions. By incorporating 
degradation histories and failure criteria, the predictive models could 
evolve from single-point strain forecasts to comprehensive lifetime 
estimations. Such developments would enable more efficient reliability 
assessments and provide a foundation for proactive design and material 
selection strategies in electronic packaging.
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