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Building Research Institute, Tachihara-1, Tsukuba, Ibaraki, Japan; t-namba@kenken.go.jp 

Abstract 

This study presents a fundamental validation of an AI-based impact analysis framework for wooden 
structures, aiming to support efficient and automated engineering judgment in seismic design. 
Focusing on a single-story residential building, the proposed method quantitatively evaluates the 
influence of individual seismic elements and their spatial locations on structural response. Numerical 
time-history analyses were conducted using a detailed three-dimensional nonlinear model, and 
parametric variations of stiffness and strength were systematically generated using an orthogonal 
array. Machine learning models were then trained to capture the relationship between these 
parameters and seismic responses, and explainable artificial intelligence (XAI) techniques were 
applied to interpret parameter influence. The results demonstrated that wall elements oriented 
parallel to the target inter-story drift consistently exhibited dominant influence, which is consistent 
with structural engineering knowledge. In addition, model comparison revealed that linear 
regression achieved high accuracy in the elastic response range, while Gradient Boosting 
outperformed other models under strong excitation conditions involving plastic behavior. This 
difference reflects the transition from approximately linear to highly nonlinear structural response. 
These findings suggest that a hybrid modeling strategy combining interpretable linear models and 
flexible nonlinear models is effective for impact analysis. Overall, this fundamental study 
demonstrates that the proposed AI-based framework provides a transparent, rational, and time-
efficient tool for seismic performance evaluation of wooden structures, bridging data-driven analysis 
and practical engineering decision-making. 

Keywords: wooden structure; seismic performance; AI-based impact analysis; machine learning 
 

1. Introduction 

In recent years, achieving both sustainability and disaster resilience has become a critical 
challenge in the architectural and structural engineering fields. In Japan, approximately 60% of newly 
constructed residential buildings are wooden houses [1], making the assurance of sufficient safety 
against external forces such as earthquakes and climate change a pressing issue. At the same time, 
wood is a renewable material that has attracted significant attention for its potential to reduce 
environmental impacts over the building life cycle. Previous studies have quantitatively 
demonstrated the environmental advantages of wooden buildings, particularly in terms of life-cycle 
environmental loads [2]. Seismic performance is governed by numerous parameters related to 
material properties, geometric characteristics, boundary conditions and seismic input, and many 
shaking table tests had been conducted to clarify the seismic performance [3]. In practical engineering, 
the relative influence of these parameters is often anticipated qualitatively based on engineering 
judgment or physical reasoning. Such intuition-driven assessments have long played an important 
role in seismic design and evaluation. 

However, as structural models become increasingly complex—incorporating nonlinear material 
behavior, detailed component-level modeling, and spatially varying properties—the number of 
parameters grows rapidly. Under these conditions, it becomes difficult to quantitatively evaluate how 
individual parameters influence structural response, particularly at specific locations or for 
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individual seismic elements [3]. Conventional sensitivity analysis methods often require simplified 
models or linear assumptions, limiting their applicability to realistic wooden structures. 

In recent years, machine-learning-based models have been introduced into structural 
engineering to capture complex nonlinear relationships between input parameters and seismic 
response [4–8]. Although these models achieve high predictive accuracy, they are frequently 
criticized for their lack of interpretability, which hinders their use in safety-critical decision-making 
[9]. This “black-box” nature remains a major obstacle to their acceptance in practical structural design. 
To address this issue, XAI techniques have been increasingly explored as a means of quantifying 
parameter influence in complex models [10]. Previous studies applying XAI to structural design to 
reveal parameter importance [11,12]. 

This study presents a fundamental investigation into an AI-based impact analysis method for 
wooden structures, with a focus on the efficient and automated support of engineering judgment. 
The proposed approach quantitatively evaluates the contribution of individual structural elements 
at specific locations within a single-story residential building. By integrating numerical simulation, 
machine learning, and explainable AI, the framework enables the automatic extraction and 
visualization of parameter influence, which would otherwise require extensive manual interpretation 
by experienced engineers. 

The proposed method explicitly quantifies how each seismic element and its spatial location 
affect structural response, thereby overcoming both the black-box nature of conventional AI-based 
approaches and the inefficiency of traditional trial-and-error or expert-dependent assessments. 
Instead of relying solely on subjective judgment, the framework provides a systematic and 
reproducible means of identifying critical elements and locations, significantly reducing the time and 
effort required for engineering decision-making. By enabling automated, quantitative, location-
specific, and element-level impact assessment, the proposed framework supports efficient and 
rational engineering interpretation beyond conventional global sensitivity measures. The method 
facilitates transparent, explainable, and time-efficient seismic design processes, contributing to more 
robust and accountable structural decision-making in wooden structures. 

2. AI-Based Impact Analysis Method 

AI has attracted considerable attention as a powerful tool for supporting designers� decision-
making in both architectural design and structural design. In this study, AI-based impact analysis 
method was suggested. This chapter first outlines the overall framework of the proposed method, 
followed by the definitions of design variables and objective functions. 

2.1. General Framework and Workflow 

Figure 1 indicates the outline of suggested method. First, the target building is defined, and the 
areas for the element is specified. For the seismic elements within this area, the backbone curves are 
parameterized, and their stiffness and strength are assumed to vary within a range of ±20%. Next, 
combinations of these parameters are systematically determined using an orthogonal array, allowing 
comprehensive and efficient sampling of the parameter space. By employing this design of 
experiments approach, the number of required structural analyses can be significantly reduced while 
maintaining sufficient coverage of the interactions among parameters. Structural analyses are then 
performed for each parameter set, and the resulting response data—such as story drift, base shear, 
or energy dissipation—are collected. These data are subsequently used to train a machine learning 
model that captures the nonlinear relationship between the variations in the backbone curves of 
individual seismic elements and the global seismic response of the building. When necessary, the 
trained model is further interpreted using SHAP, which provides a quantitative and transparent 
measure of the contribution of each parameter to the predicted seismic performance as used in [13,14]. 

Through this procedure, the proposed method enables quantitative evaluation of how the 
stiffness and capacity of each seismic element at each location influence the seismic performance. The 
significance of this approach lies in its ability to bridge structural modeling and data-driven analysis, 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 31 December 2025 doi:10.20944/preprints202512.2670.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.2670.v1
http://creativecommons.org/licenses/by/4.0/


 3 of 16 

 

offering interpretable insights that support rational decision-making in seismic design, retrofit 
planning, and prioritization of structural elements, which are difficult to achieve using conventional 
manual work or sensitivity analysis. 

 

Figure 1. Outline of AI-based impact analysis approach. 

2.2. Outline of Numerical Analysis 

To analyze responses of the wooden structures, the “wallstat”[15] was used. The time-response 
analysis conducted in the “wallstat” was based on three-dimensional nonlinear time-history response 
analysis, as adopted from the extended distinct element method (EDEM) [16]. In the “wallstat”, the 
analysis model is composed of two primary components, beam-column elements and nonlinear 
lateral-load-resisting shear wall elements. Figure 2 shows the outline of the analytical model. The 
beams and columns were modeled as beam-column elements having an elastoplastic rotational 
spring at the end of the element. According to JAS, Young�s modulus was set to 9.5 kN / mm2 for the 
120 mm × 120 mm column, the other members were set to 10.5 kN / mm2, and the bending strength 
was set to 50 N/mm2 in consideration of actual performance. Each joint is modeled as an elastoplastic 
tensile compressional spring. Hysteretic characteristics of the tensile and compressional springs are 
set as one side elastic and one side slip types, respectively. 

The shear resistance of the wall and brace were modelled as shown in Figure 2(b) and (c), with 
bracing substituted by truss elements for the walls and two truss elements for the fascia walls with 
separate load-deformation relationships on the tensile and compressive sides. Each spring acts only 
in the compression and tension directions. The joints were modelled with rotational springs, 
compressional and tensile springs (rigid against shear), as shown in Figure 2(d). The skeletal curves 
were defined based on the results of flexural and tensile tests of the joints.  

Figure 4 shows the skeleton curve of the walls and braces, and the skeleton curves of the tensile 
and rotational springs to reproduce the performance of HD25kN. The resilience characteristics of the 
walls and braces are the bilinear + slip skeleton curve (Figure 5), which is used as a simple modelling 
method for walls of wooden houses, while the tensile and rotational springs are defined as slip-type 
history characteristics. 

Numerical integration was performed using the average integration method with a step of every 
10-5 seconds. Viscous damping was set to 2% with instantaneous stiffness proportional to the 
instantaneous stiffness, and zero damping was set when the instantaneous stiffness was negative. 
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Figure 2. Outline of analysis model: (a) Overview; (b) Wall; (c) Brace; (d) Joint. 

 
Figure 4. Backbone curves of springs in analysis model: (a) Wall; (b) Tensile Spring; (c) Rotational Spring for 
joint. 
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Figure 5. Hysteresis rule of the wall and brace. 

Figure 6 summarizes the input ground motion. The input wave was the Japan Meteorological 
Agency (JMA) Kobe wave observed in the Osaka-Kobe Earthquake of 1995; this type of wave is often 
used to represent an extremely severe earthquake. The maximum acceleration of the 1995 JMA Kobe 
wave was 0.87G and 100% of this was used. To compare this, to confirm the elastic behavior, 20% of 
the wave was also used.  

 

Figure 6. Outline of input waves: (a) Sa-Sd curve; (b) time history curve of acceleration of JMA KOBE EW 
component; (c) time history curve of acceleration of JMA KOBE NS component;. 

Figure 6 presents the analysis results of Shear force versus Inter-story drift. From Figure 6(a)–
(d), the elastic behaviors were confirmed. On the other hand, from Figure 6 (e), The hysteresis loops 
clearly indicate the occurrence of plastic deformation. These results are used as the reference state for 
the subsequent parametric study. As shown in Figure 1, the target parameters are varied within a 
range of ±20% from this reference condition. Accordingly, the analytical responses obtained in the 
parametric analyses are expected to fall within the range bounded by the elastic and plastic behaviors 
observed in Figure 6. 
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Figure 6. Shear force versus Inter-story drift : 20% of JMA KOBE wave (a) first story in X; (b) first story in Y; (c) 
second story in X; (d) second story in Y; 100% of JMA KOBE wave (e) first story in X; (f) first story in Y; (g) second 
story in X; (h) second story in Y. 

2.3. Input and Output Variables 

The target area are shown in Figure 7 and parameters summarized in Table 1 represent the 
seismic performance characteristics of individual structural elements distributed across the building. 
These parameters are defined to capture the spatial variability of stiffness and strength contributions 
from different types of seismic elements. Parameters J1 to J8 correspond to joint elements equipped 
with hold-down connectors (HD25 kN), assigned to Areas 1 through 8, respectively. These 
parameters primarily represent the axial stiffness and tensile capacity of the joints, which play a 
critical role in resisting uplift forces and maintaining the integrity of the load path during seismic 
loading. Parameters W1 to W8 denote plywood shear walls located in Areas 1 through 8. These 
variables represent the lateral stiffness and shear strength of the walls, which are essential for 
resisting horizontal seismic forces and controlling story drift. Parameters F1 and F2 represent the in-
plane stiffness of the floor diaphragms at the second-story floor and the roof level, respectively. By 
treating these parameters as target variables in the analysis, the proposed framework enables 
systematic evaluation of how local variations in joint, wall, and floor performance affect the overall 
seismic behavior of the structure. 

In this study, orthogonal array (OA) in the quality engineering was applied to conduct the time 
history response analysis as seen in past study [13]. OAs are balanced to ensure that all levels of all 
factors are considered equally. Therefore, the factors can be evaluated independently, despite the 
fractionality of the design. The orthogonal array, which is to examine the effects of 18 seventeen-level 
factors and called L289, were adopted. In L289, to clarify all effects of 18 seventeen-level factors, 289 
combinations are planned. The correction factors were set as 17 levels, equally spaced from minimum 
0.80 to maximum 1.20 as correction factor, to multiply the reference characteristics as shown in Figure 
4. By multiplying these values, characteristics will be varied within a range of ±20%. If we try to 
conduct all combinations, 1.41 × 1022 (= 1718) cases are simulated. Using combination of an OA, 289 
cases are needed. Then, the analyses were conducted. 
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Figure 7. Plan views and target areas: (a) First story; (b) second story. 

Table 1. Input variables. 

 Name Outline 
1 J1 Joints (HD25kN) in area 1  
2 J2 Joints (HD25kN) in area 2 
3 J3 Joints (HD25kN) in area 3 
4 J4 Joints (HD25kN) in area 4 
5 J5 Joints (HD25kN) in area 5 
6 J6 Joints (HD25kN) in area 6 
7 J7 Joints (HD25kN) in area 7 
8 J8 Joints (HD25kN) in area 8 
9 W1 Walls (plywood wall) in area 1  

10 W2 Walls (plywood wall) in area 2 
11 W3 Walls (plywood wall) in area 3 
12 W4 Walls (plywood wall) in area 4 
13 W5 Walls (plywood wall) in area 5 
14 W6 Walls (plywood wall) in area 6 
15 W7 Walls (plywood wall) in area 7 
16 W8 Walls (plywood wall) in area 8 
17 F1 Floors in second story floor 
18 F2 Floors in roof story 

In addition, the objective variables were defined as the maximum inter-story drift in each story 
and each loading direction, resulting in four target responses for evaluation. 

2.4. Outline of Machine Learning 

In this study, 80% of the total dataset was used for model training, while the remaining 20% was 
reserved for validation. To capture both linear and nonlinear relationships between the input 
variables and the target structural responses, four representative regression models were employed: 
Linear Regression, Random Forest, Gradient Boosting, and Light Gradient Boosting Machine 
(LightGBM). These models differ in their learning mechanisms, underlying assumptions, and levels 
of interpretability, enabling a comprehensive comparison of predictive accuracy and explanatory 
capability. 
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2.4.1. Gradient Boosting 

Gradient Boosting [17] is an ensemble learning technique that constructs decision trees 
sequentially, with each new tree trained to correct the residual errors of the preceding ensemble. 
Model optimization is achieved by minimizing a specified loss function through gradient descent in 
function space. By iteratively emphasizing samples that are difficult to predict, Gradient Boosting can 
achieve high predictive accuracy and strong modeling flexibility. However, its performance is 
sensitive to hyperparameter selection, and the computational cost may increase for large datasets. 

2.4.2. Light Gradient Boosting Machine (LightGBM) 

LightGBM [18] is an optimized implementation of gradient boosting decision trees, designed to 
efficiently handle large-scale and high-dimensional datasets. Unlike conventional level-wise tree 
growth, LightGBM adopts a leaf-wise growth strategy, which allows faster convergence and 
improved predictive performance. In addition, it employs histogram-based feature discretization and 
memory-efficient algorithms, significantly reducing training time. These characteristics make 
LightGBM particularly suitable for complex engineering datasets that require both computational 
efficiency and high accuracy. 

2.4.3. Linear Regression 

Linear Regression [19] is a classical statistical learning method that models the target variable as 
a linear combination of input features. Model parameters are estimated by minimizing the residual 
sum of squares under the assumption of linearity between predictors and response. Owing to its 
simplicity and transparency, Linear Regression is used as a baseline model in this study. Although 
its predictive capability is limited when strong nonlinearities or complex interactions are present, it 
provides high interpretability and allows direct assessment of the influence of individual input 
variables. 

2.4.4. Random Forest 

Random Forest [20] is an ensemble learning method consisting of multiple decision trees 
constructed using bootstrap sampling and random feature selection. Each tree is trained 
independently, and the final prediction is obtained by averaging the outputs of all trees. This 
approach effectively reduces overfitting and enhances generalization performance. Random Forest is 
well suited for capturing nonlinear relationships and feature interactions without requiring explicit 
model formulation. Furthermore, it provides intrinsic measures of feature importance, which are 
valuable for model interpretation. 

Overall, the selected models span a spectrum from simple and highly interpretable linear 
approaches to advanced nonlinear ensemble methods. This combination enables systematic 
evaluation of prediction accuracy, robustness, and interpretability, and provides insights into the 
relative effectiveness of different machine learning strategies for structural and engineering-related 
regression problems. 

Figure 8 presents the loss curves for the training and validation datasets, indicating that no 
overfitting occurred during the learning process. For iterative ensemble models, loss convergence 
behavior was visualized to assess training stability. Specifically, for LightGBM, the root mean square 
error (RMSE) trajectories for both training and validation datasets were plotted, while for Gradient 
Boosting, the validation RMSE was tracked across boosting iterations. 
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Figure 8. Model loss curves; (a) GradientBoosting; (b) LightGBM. 

3. Results 

In this chapter, the contribution of each structural element in each area is quantified and 
discussed based on feature importance. 

3.1. Prediction Accuracy and Feature Importances 

Figure 9 presents graphs of true and predicted values with RMSE values, and the feature 
importances for the maximum first-story inter-story drift under the 20% excitation condition. Among 
the examined models, Linear Regression exhibited the smallest prediction error. This result is 
considered to be attributable to the elastic nature of the deformation, which allows the response to be 
well approximated by linear relationships between the input parameters and the target response. 

From feature importances, for the LightGBM model, which achieved the highest predictive 
accuracy, W3, W4, and W1 were identified as the most influential factors. Although the ranking of 
importance differed among the other models, the same set of parameters was consistently highlighted 
as influential.  

W1 and W3 contain the largest number of seismic shear walls acting in the X direction, and 
therefore this result can be regarded as reasonable results from a structural engineering perspective. 
W4 also includes a few number of walls oriented in the X direction, making its contribution expected; 
however, the fact that its influence was quantitatively identified demonstrates the effectiveness of the 
proposed approach. 

Figure 10 presents the results for the maximum first-story inter-story drift in the X direction 
under the 100% excitation. In this case, Gradient Boosting achieved the highest predictive accuracy, 
which differs from the results obtained under the 20% excitation. This difference is considered to be 
attributable to the increased nonlinearity of the structural response, making linear interpolation less 
effective. 

The most influential parameters were identified as W1, W3, and W4, and this result was 
consistent across all examined machine learning models. Notably, this set of influential parameters 
is identical to that obtained under the 20% excitation condition. In wooden residential buildings, 
shear deformation of walls is generally the dominant deformation mechanism, and therefore these 
results can be regarded as reasonable from a structural engineering perspective. 
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Figure 9. True and predicted values and Feature Importances (Maximum Inter-story drift of X direction in 1st 
story in JMA KOBE 20%): True and predicted values based on (a) GradientBoosting; (b) LightGBM; 
(c)LinearRegrassion; (d) RandomForest; Feature Importances based on (e) GradientBoosting; (f) LightGBM; 
(g)LinearRegrassion; (h) RandomForest. 

Figure 11 presents the results for the maximum first-story inter-story drift in the Y direction 
under the 100% excitation. Among the examined models, Linear Regression achieved the highest 
predictive accuracy, exhibiting the smallest prediction error. Similar to the results obtained under the 
20% excitation condition, this outcome is considered to be attributable to the elastic nature of the 
deformation, which allows the response to be effectively approximated by linear relationships. The 
second-best performance was achieved by LightGBM. According to the feature importances, W2 was 
identified as the most influential parameter, and this result was consistent across all models. 
Although variations were observed in the ranking of the lower-order parameters, W1, W4, and F2 
were commonly identified as influential factors among the models. 

Based on feature importances, this method enables the automatic identification of structural 
components and their locations that significantly influence seismic performance, without the need 
for prior engineering judgment. 
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Figure 10. Feature Importances (Maximum Inter-story drift of X direction in 1st story in JMA KOBE 100%): True 
and predicted values based on (a) GradientBoosting; (b) LightGBM; (c)LinearRegrassion; (d) RandomForest; 
Feature Importances based on (e) GradientBoosting; (f) LightGBM; (g)LinearRegrassion; (h) RandomForest. 
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Figure 11. Feature Importances (Maximum Inter-story drift of Y direction in 1st story in JMA KOBE 100%): True 
and predicted values based on (a) GradientBoosting; (b) LightGBM; (c)LinearRegrassion; (d) RandomForest; 
Feature Importances based on (e) GradientBoosting; (f) LightGBM; (g)LinearRegrassion; (h) RandomForest. 

3.2. SHAP Results 

First, to use SHAP [21], 289 analysis cases were learned by machine learning method Light 
GradientBoosting, which showed high accuracy in first-story inter-story drift in 100 % excitation. 
SHAP is often used as XAI, which is proposed to solve the long criticized black-box issue of ML 
models. SHAP is a collection of explainers based on a game theory approach that estimates Shapley 
values from an absolute average of the feature contributions over several simulations. Since the 
original ML model is complex, this approach uses additive feature importance measures based on a 
linear explanation model that is a linear combination of binary variables expressed by Equation (1). 

𝑓ሺ𝑥ሻ ൎ 𝑔ሺ𝒛ᇱሻ ൌ 𝜑଴ ൅෍𝜑௜𝒛ᇱெ
௜ୀଵ  (1)

where 𝑓ሺ𝑥ሻ is the original model and 𝑥 is the original input feature. The explanation model uses 𝑥ᇱ as a simplified input feature and links it with a mapping function 𝑥 ൌ ℎ௫ሺ𝑥ᇱሻ , while local 
methods attempt to guarantee that 𝑔ሺ𝒛ᇱሻ ൎ 𝑓൫ℎ௫ሺ𝒛ᇱሻ൯ whenever 𝑧ᇱ ൎ 𝑥ᇱ. The value 𝜑௜  is the 
Shapley value which is expressed by Equation (2). 
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𝜑௜ሺ𝑓, 𝑥ሻ ൌ ෍ |𝑧ᇱ|! ሺ𝑀 െ |𝑧ᇱ|െ 1ሻ!𝑀! ሺ𝑓௫ሺ𝑧ᇱሻ െ 𝑓௫ሺ𝑧ᇱ ∖ 𝑖ሻሻ௭ᇲ⊆௫ᇲ  (2)

When three desirable properties (local accuracy, missingness, and consistency) are satisfied. |zʹ 
| is the number of non-zero entries in zʹ, and all zʹ vectors are a subset of xʹ. In this study, python 
library “SHAP” published in github was used [21]. 

Figure 12 shows the outline of SHAP results for Maximum Inter-story drift of X direction in 1st 
story in JMA KOBE 100%. From the summary plot, it can be confirmed that W1, W3, and W4 are the 
parameters with the greatest influence on the structural response. Although this result is consistent 
with that shown in Figure 10, the present analysis can be regarded as a quantitative decomposition 
of parameter influence. Furthermore, Figures (b) and (c) provide insight into the individual 
contribution of each parameter, enabling a more detailed evaluation of their respective impact. 
Figures (b) and (c) show that as the correction factor increases, the SHAP value decreases, indicating 
a reduction in inter-story drift. Although this trend is consistent with engineering expectations, in 
more complex analytical models the relationship may not necessarily follow this intuitive behavior. 
The present results therefore demonstrate that the proposed method can automatically and 
quantitatively identify such relationships, even in highly complex structural systems. 

 

Figure 12. SHAP values for Maximum Inter-story drift of X direction in 1st story in JMA KOBE 100%; (a) 
Summary plot, (b) dependency plot of W1 (Plywood walls in area 1); (c) dependency plot of W3 (Plywood walls 
in area 3). 

4. Conclusions 

This study presented a fundamental validation into an AI-based impact analysis framework for 
wooden structures, focusing on the quantitative and automated evaluation of parameter influence at 
the level of individual seismic elements and their spatial locations. By integrating numerical 
simulation, machine learning, and explainable artificial intelligence (XAI), the proposed method 
overcomes the black-box nature of conventional AI approaches and enables explicit engineering 
interpretation of complex structural behavior. 
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The results demonstrated that the proposed framework can successfully identify dominant 
parameters, such as walls palarell to target inter-story drift, and quantitatively decompose their 
contributions to seismic response. While these findings are consistent with conventional engineering 
intuition, the AI-based analysis provided additional value by enabling element-wise and location-
specific interpretation that cannot be obtained from traditional response plots or global sensitivity 
analyses alone. The SHAP-based visualization clarified not only the relative importance of 
parameters but also the direction and magnitude of their influence on inter-story drift. 

And in elastic range, linear regression showed high accuracy. On the other hand, in plastic range 
such as 100 % excitation of JMA KOBE, gradientBoosting showed high accuracy. This difference can 
be attributed to the underlying structural response characteristics in each regime. These results 
suggest that combining interpretable linear models in the elastic range with more flexible nonlinear 
models in the plastic range provides an efficient and rational approach for seismic response analysis. 
This hybrid modeling perspective is particularly valuable for impact analysis and engineering 
decision-making, as it balances predictive accuracy, interpretability, and computational efficiency 
across different levels of structural nonlinearity. 

Furthermore, the analysis confirmed that increasing correction factors generally led to reduced 
SHAP values and smaller inter-story drifts, reflecting expected structural behavior. Importantly, the 
framework demonstrated its ability to automatically and quantitatively reveal such relationships, 
even in complex analytical models where intuitive assumptions may not always hold. This capability 
highlights the potential of the proposed method to support efficient and objective engineering 
judgment without relying solely on expert experience or manual trial-and-error processes. 

In summary, this study verified the feasibility of an AI-based impact analysis approach for 
wooden structures as a transparent and rational tool for seismic performance evaluation. The 
proposed framework provides a foundation for future developments, including AI-assisted 
structural design, performance-based seismic assessment, and systematic validation of empirical 
design knowledge. As a fundamental study, the present work demonstrates the potential of AI to 
bridge the gap between data-driven analysis and practical engineering decision-making in wooden 
structural design. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 
paper posted on Preprints.org, Figure S1: title; Table S1: title; Video S1: title. 
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