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A machine learning approach for evaluating drop impact reliability
of solder joints in BGA packaging

Abstract

The failure of solder joints of Ball Grid Array (BGA)Package under drop impact is influenced by multiple
parameters, highlighting the need for optimization during the early design stages of electronic systems. In
this paper, ensemble methods were developed to predict failure in solder joints by estimating the dynamic
responses of printed circuit board assembly (PCBA) during drop impact conditions. Finite element (FE)
simulations were carried out by varying PCB thickness, PCB modulus, solder ball diameter, and solder
ball material to obtain the dynamic responses of the PCBA during impact loading, which served as the
dataset for the predictive model. Also drop test experiments were conducted according to the JESD22-
B111A standard to validate the FEM results. XGBoost regression achieved the best performance with an
R? 0of 0.96 and the lowest error, with feature importance analysis identifying solder ball material (score:
0.447) as the most influential factor and PCB modulus (score: 0.065) as the least.The predictive model
developed in this work offers a robust tool for evaluating mechanical performance and optimizing design
parameters in PCBA structures under dynamic mechanical stresses.

1. INTRODUCTION

Advances in hardware technology have enabled the development of smaller, high-density electronic chips.
Solder joints play a critical role in these devices, providing both mechanical support and electrical connectivity
between the printed circuit board (PCB) and the chip. With miniaturization, ensuring the reliability of solder
joints is critical, as they are exposed to thermal cycling, high electrical currents, vibration, and drop impacts.
Since portable devices are prone to accidental drops, assessing their durability is critical (Gu et al., 2018). A
board-level drop test method is commonly used to evaluate the robustness of electronic assemblies under drop
impacts (JEDEC, 2024). Numerous experimental and simulation-based studies have evaluated the performance
of solder joints under drop conditions according to JEDEC-B111 standards (Muthuram & Saravanan, 2022).
The primary cause of solder joint failure is tensile stress, also referred to as peel stress , which results from the
stiffness mismatch between the PCB and the BGA (Gu et al., 2017). Several factors affect the long-term
reliability of solder joints, including copper pad size, underfill material, solder ball properties, PCB
characteristics, component placement, and solder ball geometry (Wang et al., 2021). Finite element (FE)
analysis has been widely used to evaluate the reliability of lead-free solder in thin fine-pitch ball grid array
(TFBGA) packages under various stress conditions. Research results indicate that strain rate significantly
affects the stress distribution, while temperature variations change the location of the maximum stress (Niu et
al., 2015). However, most of these studies have mainly focused on strain rate and temperature effects, while
other critical factors influencing solder joint reliability under drop impact conditions remain underexplored.

Previous studies have shown that solder joint failure tends to follow a lognormal distribution, with the
highest stress concentrations observed in the outermost solder balls, leading to crack initiation near the
intermetallic compound (IMC) layer (Chen et al., 2020; Xia et al., 2017). Several approaches, including
experimental methods, simulations, and machine learning (ML) techniques, have been employed to predict
solder joint failure under various conditions (Apalowo et al., 2024; Arriola et al., 2023; Tee et al., 2004; Wu
et al., 2018).

ML models are increasingly used in electronic packaging research because of their ability to analyze
complex, nonlinear relationships. Al-based techniques help establish relationships between design parameters,
operating conditions, and performance results (Yuan et al., 2024). Neural network-based models have been
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used to predict solder joint life under drop conditions by taking into account multiple influencing factors such
as BGA chip location and solder ball volume, achieving high prediction accuracy (Reihanisaransari et al.,
2022).

Mao et al. (2022 ) proposed a deep neural network approach to predict the stress and strain of solder joints
in printed circuit boards under various drop conditions. The model accurately predicts the mechanical
responses of solder joints in BGA packaging structures with less than 10% error.

Wang et al. (2019) used a general regression neural network model to diagnose defects in solder bumps.
Using images from a scanning acoustic microscope to train the model, they achieved an accuracy of 97.79%.

Sha et al. (2022) used the Histogram of Oriented Gradient (HOG) feature extraction method combined with
an SVM classification model to detect defects in solder bumps used in flip chip technology, achieving a high
detection accuracy of 96.96%.

ML models have also been shown to be effective in optimizing process parameters and addressing void
problems in the underfill process of BGA chip packages (Ling et al., 2025; Nashrudin et al., 2022). Muhammad
Nagqib Nashrudin et al. (2022) proposed a neural network regression model to analyze void formation in the
no-flow underfill process and achieved high prediction accuracy (R* = 0.95159, error = 0.15885), with chip
placement speed identified as the most influential factor. Similarly, Ling et al. (2025) used supervised machine
learning to investigate void problems in BGA chip underfill, identifying valve pressure as the primary cause
of voids and achieving 88.9% accuracy.

Artificial Neural Network (ANN) models, including Recurrent Neural Networks (RNN), Long Short-Term
Memory (LSTM), and Multilayer Perceptrons (MLP), provide a robust framework for predicting solder joint
behavior, fatigue life, and damage under thermal cycling. These models are typically trained using data sets
generated by validated FE simulations, ensuring accuracy and reliability of their predictions. These approaches
increase computational efficiency and reduce reliance on experimental testing. Machine learning capabilities
to handle complex, nonlinear data sets, coupled with model calibration techniques such as Bayesian inference,
improve prediction accuracy by addressing uncertainties and incorporating prior knowledge (Muench et al.,
2022; Ross, 2023; Tauscher et al., 2024; Yuan & Lee 2020; Yuan et al., 2021).

The literature shows that different ML models can have different levels of performance when applied to
similar problems. Existing studies on electronic packaging reliability using ML models are limited to
temperature cycling or classification models to detect defects in solder bumps. In particular, there is a
significant gap in the current research as very few studies have investigated the application of ensemble
methods to evaluate the reliability of solder joints under drop impact conditions. This study highlights the
capabilities of ensemble methods, which demonstrate accurate predictive performance with moderate data sets.

This study presents a comprehensive approach to predict solder joint failure in PCBA packaging structures
using ensemble methods. FE simulations were performed using ABAQUS and validated against experimental
drop tests by correlating the dynamic responses of the PCBA during impact. Since solder joint failure is
primarily attributed to the development of peel stress in solder balls during drop impact (Gu et al., 2017; Luan
et al., 2006), this study focuses on evaluating and predicting the peel stress induced in solder joints as a key
metric for failure assessment. Parametric studies conducted on various design factors of the PCBA identified
PCB modulus, thickness, solder ball diameter and solder ball material as the major contributory factors
affecting the stress distribution in the solder joints (Yagnamurthy & Nathi, 2025). These contributing
parameters were systematically varied and the resulting dynamic responses from FE simulations were used to
generate a dataset for training ML models. In this study, ensemble methods such as Random Forest regression,
Extra tress regression, and XG Boost regression models were used to predict the dynamic responses of the
PCBA under drop impact conditions. Because the peel stress during the drop event is influenced by nonlinear
material deformation and geometric interactions, ensemble models are well suited to capture these nonlinear,
multivariate relationships. These models allow for faster design iteration and optimization, enabling parametric
studies while reducing computational costs and accelerating the development of robust packaging structures.
Thus, the study highlights the potential of ML models to replace traditional FE simulations, offering
significantly improved efficiency while maintaining high prediction accuracy.
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2. MATERIALS AND METHODS
2.1. Drop test experiments

To evaluate the dynamic response of the PCBA, drop tests were performed in accordance with JESD22-
B111A using a Lansmont P-30 shock tower. Fig. 1(a). shows the schematic diagram of the PCBA, while Fig.
1(b). shows the solder ball array of the package. A 100x100x1 mm PCB with a centrally mounted BGA
package facing down was mounted on a 135x135%x25 mm baseplate using four 3.1 mm diameter standoffs.
The base plate was then secured to the drop table as shown in Figure 1(c). The drop heights were adjusted to
produce a 1500G peak half-sine pulse acceleration for 0.5 ms duration, in accordance with Service Condition
B of the JESD22-B111A standard. A single-axis accelerometer was mounted on the baseplate to measure the
impact pulse, and two rectangular strain gauge rosettes were placed on the PCB closer to the package to capture
the longitudinal strain during the drop, as shown in Figure 1(c). The shock pulse measured by the accelerometer
during the drop event is shown in Figure 1(d). Longitudinal strain and acceleration were recorded during the
drop using a high-speed DAQ system.
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Fig. 1. a) Schematic of PCBA (b) BGA package and Solder Ball (c) Test Board (d) Acceleration pulse for 1500G

2.2. Finite element methods

A dynamic explicit analysis of the PCBA was performed using Abaqus to obtain the maximum peel stress
and longitudinal strain in the critical solder ball during the drop impact event. A finite element model of the
PCB with the BGA package mounted in the center is shown in Figure 2. The model includes a printed circuit
board (PCB) with a thickness of 1 mm and an elastic modulus of 30 GPa. Solder balls with a diameter of 0.3
mm, an elastic modulus of 35.7 GPa, and a pitch of 0.8 mm are included in the assembly. Due to the symmetry
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of the assembly, only a quarter model was considered for the simulation to reduce the computation time. The
dimensions and material properties of the components of the assembly are listed in Table. 1. The model was
meshed using C3D8R (8-node linear brick) elements with 148,610 nodes and 108,622 elements. Input-G
method was used to simulate the model, with an acceleration of 1500g applied directly to the mounting holes
in the form of a half-sine wave with an impact duration of 0.5ms.

Parametric studies conducted to optimize the design factors of the PCBA revealed that PCB thickness, PCB
modulus, solder ball diameter and solder ball material significantly influence the stress distribution in the
critical solder joints during the drop events compared to the substrate and die properties (Yagnamurthy &
Nathi, 2025). Simulations were performed by varying board thickness (0.8-1.5mm), board modulus (20-
30GPa), solder ball diameter in the range (0.2-0.5mm), along with two solder ball materials SAC105 (Sn-
1.0Ag-0.5Cu) and SAC1205N (Sn-1.2Ag-0.5Cu with nickel). A total of 250 simulation results were generated
and used as a dataset to train and validate the ML models.

Die Substrate

Solder Ball

PCB

Fig. 2. Finite Element Model of Quarter PCBA

Tab. 1. Dimensions and material properties of PCBA components

Component Dimension (mm) Youngs Modulus (GPa) | Poisson Ratio Density (kg/m?)
PCB 100x100x1 30 0.3 1780
Solder Ball (SACI105) ¢ 0.3 35.7 0.3 7300
Solder ball (SAC1205N) | ¢ 0.3 39.8 0.3 7500
Copper Pad ¢0.3, 0.02thick 130 0.3 8830
Substrate 0.75 30 0.3 1780
Underfill 0.02 20 0.3 1500
Die 0.5 160 0.3 2230

2.3. Mesh sensitivity analysis

Since the smallest mesh elements were in the solder balls, a mesh sensitivity analysis was performed by
varying their mesh size to determine the optimal balance between simulation accuracy and computational
efficiency. Figure 3 illustrates the variation of peel stress results for different solder ball mesh sizes. A finer
mesh increases the number of nodes per unit area or volume, which improves the accuracy of the stress and
deformation representation. The analysis tested element sizes of 0.04, 0.05, 0.06, 0.08, 0.1, and 0.12 mm. It
was observed that beyond a certain mesh size, the results begin to converge and become largely independent
of further mesh refinement. This convergence was observed from a mesh size of 0.06 mm, corresponding to
approximately 75,000 elements. As a result, an optimal mesh size of 0.04 mm was selected with a total of
110,456 elements. This configuration achieved convergence, required a simulation time of 2,800 seconds, and
produced a maximum peel stress of 162.12 MPa.
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3. PREDICTIVE MODEL BASED ON ENSEMBLE METHODS

Since the drop simulation is a dynamic event, the peel stress in solder joints is strongly influenced by
nonlinear material behavior and geometric interactions. Ensemble models effectively capture complex
nonlinear and multivariate relationships without prior assumptions, and they generalize well when applied to
moderate-sized datasets (Chen & Guestrin, 2016 ). Therefore, in this study, ensemble methods were chosen to
predict the peel stress in the critical solder joint. Extra Trees reduces overfitting by averaging multiple
randomized decision trees, while Random Forest uses bagging to accomplish the same. XGBoost minimizes
both bias and variance through boosting and regularization (Bentéjac et al., 2021). Eighty percent of the
simulation data was used for training, and the remaining 20% was reserved for testing. The test data was
evaluated using ten randomized validation cycles to ensure robustness. The regression models were
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Raw data from
FE model are collected

|The data is prepared and sorted |

| The prepared data is normalised for training process (80:20)

l

L 3

Extra tree
Regression

Random forest
Regression

|

|

XGBoost

Regression
]

Y

‘Choose the best model based on R? and error |

.

| Feature importance and correlation from the best model I

Fig. 4. Flowchart of the study

63



3.1. Random forest regression

Random forest is an ensemble learning algorithm that constructs multiple decision trees using different subsets
of the data and combines their predictions to improve accuracy and reduce overfitting (Wang & Wang, 2020).
Each tree is trained on a different random subset of the data using bootstrap sampling, and each split considers
only a random set of features. This reduces the similarity between trees and improves the model's ability to
generalize. Figure 5(a). shows the graphical representation of Random Forest regression. By aggregating
multiple decision trees, Random Forest mitigates the risk of overfitting that a single deep tree might face,
resulting in a more robust and reliable model. Increasing the number of trees increases stability and further
improves predictive performance, making random forest a widely used tool in machine learning (Shehadeh et
al., 2021).

3.2. Extra tree regression

Extra Trees regression is an extension of the Random Forest algorithm designed to improve predictive
performance while reducing the risk of overfitting. Extra Trees uses an ensemble of decision trees and uses
random feature selection to improve model generalization. However, it randomly selects both the feature and
its split value based on the optimization criterion. This additional randomness increases the variance of the
model while maintaining strong predictive accuracy (Ahmad et al., 2018). A graphical representation of the
Extra Trees regression is shown in Figure 5(b).

3.3. XGBoost regression

XGBoost regression is a powerful and scalable ML algorithm widely used for regression and classification
tasksthatoutperforms Random Forest and Extra Trees, running more than 10 times faster on a single machine
while efficiently handling large datasets in distributed and memory-constrained environments (Bentéjac et al.,
2021). XGBoost builds an ensemble of decision trees sequentially, with each new tree correcting the errors of
the previous trees, as shown inFigure 5(c). It uses gradient boosting principles while incorporating key
optimizations such as regularization to prevent overfitting, shrinkage to control learning rates, and parallel
processing for increased efficiency. These features make XGBoost effective for managing large datasets,
capturing complex relationships, and handling high-dimensional data while maintaining exceptional predictive
accuracy (Huang et al., 2021).

In order to evaluate the effectiveness of the regression models mentioned above, several mathematical
evaluation metrics were calculated. These metrics include Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), and Coefficient of Determination (R2). MAE is a metric commonly used in regression analysis
to measure the accuracy of a predictive model. It calculates the average of the absolute differences between
the predicted and actual values from the data set. Here, m is the total number of observations, Xi is the predicted
value for theith data point, and Yi is the actual value of theith data point. Equation 1 illustrates the calculation
of the MAE (Chen & Guestrin, 2016).

1
MAE = =%, [Xi —Yil )

Equation (2) displays the RMSE, which is the root mean square difference between the actual and predicted
values, while Equation (3) displays the coefficient of determination,R2, which can be interpreted as the
proportion of the variance in the dependent variable that can be predicted from the independent variables
(Chicco et al., 2021).

1
RMSE = \/; XX —Y)? 2)
The optimal model is identified by its high predictive accuracy and low error.

i (Xi=Y;)?

R? = 1 — 2%
Zizl(Y_Yi)z

A3)
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4. RESULTS AND DISCUSSION

4.1. Finite element simulation

The simulation results show that the maximum peel stress occurs at the interface between the PCB and the
solder joint, in the cornermost solder ball closer to the PCB mounting hole. Figure 6. shows the peel stress
(S33) and longitudinal strain (LE11) in the most critical solder ball for both SAC105 and SAC1205N. The
peel stress for SAC105 is 164.8 MPa, while that for SAC1205N is 138.3 MPa. Similarly, the longitudinal strain
is 1360 microstrain for SAC105 and 837 microstrain for SAC1205N.

s, 533
(Ava: 75%) S, 833
+1.648e+02 (Avg: 75%)

-4.985e+02
-5.814e+02
-6.643e+02
-7472e+02

-6.648e402
-8,301e+02

-7.378e+02

SAC105 SAC105N

(a)

LE, LE11
(Avg: 75%)
+1.362e-03

LE, LE11
(Avg: 75%)
+8.375e-04

-3.458e-03
-3.896e-03

1129603
1:308e-03

SAC105

SAC105N

(b)

Fig. 6. (a) Peel stress in the most critical solder joint of SAC105 and SAC1205N
(b) Longitudinal Strain (LE33) in the most critical solder joint of SAC105 and SAC1205N

Figure 7. shows the variation of peel stress for SAC105 and SAC1205N solder joints under different design
parameters: PCB modulus, PCB thickness and solder ball diameter. Figure 7(a). shows that increasing the PCB
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modulus reduces the peel stress in the critical solder joint for both SAC105 and SAC1205N. The maximum
stress of 266.5MPa for SAC105 and 210.4MPa for SAC1205N occurs at the lowest modulus of 7.5GPa, with
the stress decreasing more gradually and linearly above 30GPa. A stiffer board improves solder joint reliability
by minimizing peel stress and resisting dynamic deformation. Figure 7(b). shows that peel stress decreases
with increasing board thickness, from 253.9MPa to 57.7MPa for SAC105 and from 201.5MPa to 87MPa for
SACI205N. Figure 7(c). shows that larger solder ball diameters result in lower peel stress. The smallest
diameter, 0.075mm, results in maximum stress (270.47MPa for SAC105, 210.45MPa for SAC1205N), which
decreases significantly to 56.15MPa and 42.34MPa, respectively, for a solder ball diameter of 0.9mm. Larger
diameter improves contact area and mechanical strength, which reduces shock-induced stress.
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4.2. Experimental validation

Drop test experiments measured the longitudinal strain in the critical solder joint using a strain gauge
mounted on the PCB closer to the BGA package. To ensure repeatability, each experiment was performed
under identical conditions for three consecutive drops from the same height. The dynamic strain obtained from
the simulations is validated against the experimental results. Figure 8. shows a good correlation between the
experimental and simulated longitudinal strain during drop impact for both solder materials. A positive peak
in the dynamic strain along the longitudinal direction of the board indicates upward bending, while a negative
peak indicates downward bending. The amplitude of PCB bending gradually decreases over time.
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Fig. 8. Comparison of experimental and simulated longitudinal strain in
(a) SAC105 solder joint (b) SAC1205N solder joint

4.3 Predictive model based on ensemble methods

After validating the FE simulations with experimental results, an ML-based predictive model was
developed using three ensemble methods: Extra Trees regression, Random Forest regression, and XGBoost
regression. The models were trained on data generated by varying the contributing parameters that influence
peel stress.

Trend lines comparing peel stress from FE simulations and predictive models are plotted. Each regression
produced a unique peel stress prediction that influenced the trend and slope. Regression methods demonstrated
strong predictive capabilities for continuous variables such as peel stress. The regression line indicates that the

66



data points in Figure 9(a) are more out of line with the trend line, while Figure 9(b) and Figure 9(c) are more
closely aligned, indicating that all three models generalize well across different combinations of PCB
parameters.

Model prediction accuracy was evaluated using MAE and RMSE as performance metrics. However,
evaluating regression model performance using these metrics alone can be misleading, as each captures
different aspects of prediction error and does not provide a complete picture of model effectiveness (Chicco et
al., 2021). Therefore, R? values were also considered. R? represents the proportion of variance in the dependent
variable explained by the model, while MAE and RMSE reflect the size and distribution of the prediction
errors. The model with the highest R? was selected as the optimal model. An R? value between 0 and 1 indicates
partial prediction of the outcome, while a value of 1 indicates perfect prediction (Rengasamy et al., 2022). Tab.
2 presents the interpretation of the R? values. A higher R? indicates a stronger correlation between predicted
and actual values, demonstrating the effectiveness of the model in explaining the observed variation (Chen &
Guestrin, 2016).

Tab. 3 presents the performance metrics of the three regression models. The XGBoost regression achieved
the highest R? value of 0.9606, along with the lowest error metrics, with MAE and RMSE values of 8.89 and
13.79, respectively. The Random Forest regression model achieved an R? value of 0.950, with MAE and RMSE
values of 11.55 and 14.17, respectively. The Extra Trees regression achieved an R? of 0.945, with MAE and
RMSE of 10.39 and 16.60, respectively. These results indicate that all three regression models have high
predictive accuracy, with R? values above 0.94. Among them, XGBoost showed the best performance with the
highest R? and the lowest prediction errors, making it the most suitable for accurate data prediction.

Tab. 2. Interpretation of coefficient determination (Chen & Guestrin, 2016)

R? Value Interpretation
R>=1 Perfect fit
0.85<R*<1 Strong fit
0.5<R?<0.85 Moderate fit
0.2<R?<0.5 Weak fit
0.2<R?<0.5 Very weak fit
& Simulated vs Predicted o Simulated vs Predicted ) -
== Trend line == Trend line y 4 .
200 200 “
é ﬁ - .
n a
150
2 e 9150 -
$ e 3 et
g0 L © 100 e
2 S X
.. &
g ‘!/ E R
® 50 b & s0 P
.- R* 0.9583 e et
o RMSE: 14.1768 ¥ g %5 ]
’ MAE: 11 55‘“7] & FMAE. 10,3984
50 100 150
. . 50 100 150 200
Simulated Peeling Stress Simulated Peeling Stress
(a) (b)

200+

1504

1004

Predicted Peeling Stress

504

@ Simulated vs Predicted

\
"

R*: 0.9606
RMSE: 13.7910
MAE: B.5942

100 150 200
Simulated Peeling Stress

(©

Fig. 9. Graph of predicted peeling stress vs. simulated peeling stress:
(a) Random forest regression, (b) Extra tree regression, and (c) XGBoost regression

67




Tab. 3. Performance metrics of different regression models

Algorithm Model MAE RMSE R2

Random Forest Regression 11.5547 14.1768 0.9583
Extra trees Regression 10.3984 16.2195 0.9455
XG Boost Regression 8.8942 13.791 0.9606

4.4. Feature importance analysis

The feature importance analysis across the three regression models, shown in Figure 10, highlights the
importance of each input parameter in influencing the model predictions. Solder ball material emerged as the
most influential feature, with importance values ranging from 0.4475 in XGBoost (the most accurate model)
to 0.4700 in Extra Trees. This was followed by PCB thickness, which ranked second, with values ranging from
0.3529 in XGBoost to 0.3899 in Random Forest. Solder ball diameter showed moderate importance, ranging
from 0.1339 in XGBoost to 0.0952 in Random Forest. PCB modulus consistently ranked as the least influential
feature, with importance values of 0.0657 in XGBoost and 0.0611 in Extra Trees. These rankings underscore
the dominant role of solder ball material and PCB thickness in driving predictive performance, indicating their
stronger influence compared to the other features analyzed.

Feature Importance- XGBoost Feature Importance- Extra Trees Regression

PCB modulus Parameter Feature Important Score PCB modulus Parameter Feature Important Score

Solder Ball Material 0.472
PCB Thickness 0.365
Solder Ball Diameter 0.1
PCB Modulus 0.0611

Solder Ball Material 0.447
PCB Thickness 0.352
Solder Ball Diameter 0.133
PCB Modulus 0.065
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Fig. 10. Feature significance results (a) XGBoost regression
(b) Extra tree regression (¢) Random forest regression

4.5. Limitations of the study

The proposed approach is limited to the four dominant contributing factors, namely solder joint chemical
composition, solder ball diameter, PCB thickness, and PCB modulus. The current approach can be further
improved by expanding the database to include additional parameters such as solder joint geometry, solder
ball pitch, substrate properties, and underfill effects. The present work relies exclusively on finite element (FE)
simulations to train the predictive models. Incorporating experimental results could further improve accuracy
and expand the data set. In addition, exploring alternative machine learning approaches, such as deep learning
methods, may offer potential improvements in model performance.

4.6. Model evaluation and cross-validation

Figure 11. illustrates the performance of the Random Forest, Extra Trees, and XGBoost regression models
at different training sample sizes for predicting solder joint peel stress. The plot highlights how each model
scales with training data. The trend shows their strong learning ability even with modestly sized datasets. The
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consistent performance across methods justifies the selection of ensemble methods for this study, demonstrates
their strong generalization ability, and justifies their use for predicting dynamic responses for the reliability of
electronic packages.
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Fig. 11. Learning curves of ensemble regression models

5. CONCLUSIONS

The failure of solder joints under drop impact was analyzed by incorporating various contributing factors

through FE simulations and ML models. Based on the results, the following conclusions were derived:

1. The simulation results showed a strong correlation with the experimental results and indicated that the
corner-most solder ball of the BGA package on the PCB side was the most vulnerable region,
experiencing the highest stress due to the differences in stiffness and material properties of the
components. SAC205N outperformed SAC105, showing 16% lower peel stress (138.3 MPa vs. 164.8
MPa) and 38.5% lower strain (837 microstrain vs. 1360 microstrain) due to improved bonding from the
nickel content.

2. Of the three ensemble methods evaluated (Random Forest, Extra Trees, and XGBoost Regression), all
demonstrated high predictive accuracy with R? values greater than 0.94. The predictive models showed
strong learning capabilities even with modestly sized datasets. The XGBoost regression outperformed
the others in predicting peel stress during drop impact, achieving the highest R? value of 0.96 and the
lowest error rates, with an MAE of 8.89 and RMSE of 13.79.

3. The most accurate model, XGBoost, identified solder ball material as the most influential factor with an
importance value of 0.4475, followed by PCB thickness with 0.3529. Solder ball diameter showed a
moderate influence with an importance value of 0.133, while PCB modulus was the least influential
with an importance value of 0.065. These results emphasized the significant role of solder ball material
and PCB thickness in model prediction performance.

6. FUTURE SCOPE

Future work can explore alternative predictive models, including deep learning and hybrid approaches, to
capture more complex interactions. The current approach can also be further explored by expanding the
database to include additional parameters such as solder ball shape, height and pitch, substrate properties, and
underfill effects.
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