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ABSTRACT

This paper presents a results-focused comparative assessment of machine learning
approaches for seismic response and damage prediction of reinforced concrete (RC)
buildings. The analysis is based on published benchmark results documented in the thesis
source and is explicitly separated from original student-generated numerical results. For
maximum interstory drift ratio (IDRmax), the reported benchmark dataset compares Random
Forest, Bagging, Extra Trees, HistGradientBoosting, ANN, XGBoost, KNN and conventional
regression models using R?, RMSE and MAE. Random Forest reports R>=0.901, while
Bagging reports the lowest RMSE and MAE among the highlighted high-performing models.
Additional published results show prediction accuracies of approximately 90.2-96.3% for
selected six-story RC configurations and 93.4-95.3% for eight-story configurations. For real
earthquake damage validation, Random Forest reported 74.62% testing accuracy compared
with 62.68% for KNN. The paper interprets these results from an engineering perspective and
identifies the implications of nonlinear feature interactions, independent validation and model
selection. All numerical values are labelled as literature benchmarks; they are not claimed as

original Ayush Raikwar experimental or numerical results.
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1. INTRODUCTION

Seismic response prediction requires consideration of both structural characteristics and
ground-motion variability. The thesis source organizes the problem around maximum
interstory drift ratio, damage state and rapid prediction. Because the available thesis chapter
explicitly states that its reported numerical values are benchmark results from previous
studies, this paper treats them as a comparative results dataset rather than as newly generated
ETABS/OpenSees results. This distinction is important for academic integrity and allows the

results to be used for discussion without misrepresenting the source.

2. Benchmark Dataset and Evaluation Measures

The principal benchmark for continuous response prediction is the study by Kazemi et al.,
which used 92,400 data points obtained from IDA of 165 RC moment-resisting frames. The
reported feature set included structural descriptors and Sa(T1), with IDRmax as the principal
response quantity. [1] The comparison includes R?, RMSE and MAE. Higher R? indicates
stronger agreement between predicted and reference response, whereas lower RMSE and
MAE indicate smaller prediction error. A second benchmark from Bhatta and Dang addresses
categorical damage prediction using simulation data and real damage observations associated

with the 2015 Nepal earthquake. [2]

Lo Published Benchmark: IDRmax Prediction Performance
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Fig. 1. Reported R? values for selected ML models in the IDRmax benchmark.
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3. IDRmax Prediction Results.

Model R? RMSE | MAE
RF 0901 | 1.85 1.35
Bagging 0.898 | 1.44 1.04
Extra Trees | 0.890 | 1.50 1.10
HistGB 0.888 | 1.51 1.07

ANN 0.863 | 1.79 1.35
XGBoost | 0.818 | 1.61 1.24
KNN 0.795 | 1.78 1.17
Linear 0.350 | 2.60 2.05

The reported R? comparison shows that Random Forest, Bagging, Extra Trees and
HistGradientBoosting form a high-performing group in the benchmark. Random Forest has
the highest reported R? at 0.901, followed closely by Bagging at 0.898 and Extra Trees at
0.890. HistGradientBoosting reaches 0.888, while ANN and XGBoost report 0.863 and
0.818, respectively. KNN reaches 0.795. The conventional Linear Regression benchmark is
much lower at 0.350, illustrating that a simple linear mapping is insufficient for the nonlinear

relationship represented in the dataset. [1]
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Fig. 2. Reported RMSE and MAE values for the same benchmark models.

4. Error-Based Interpretation

R? alone does not determine the most useful model. The reported Bagging model has
RMSE=1.44 and MAE=1.04, both lower than the corresponding Random Forest values of
1.85 and 1.35. Extra Trees and HistGradientBoosting also show comparatively small errors.
This illustrates an important engineering point: model selection should consider both

correlation and absolute prediction error. A model can have the highest R? while another
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model produces smaller average deviations. Accordingly, a final thesis implementation
should report all three measures on the same independent test set rather than selecting a

model from a single score.

5. Generalization Across Building Configurations

Published results reported for building configurations excluded from training provide an
additional test of generalization. For selected six-story RC frames with one to five bays,
reported prediction accuracies were approximately 90.2%, 93.5%, 94.0%, 95.4% and 96.3%.
For selected eight-story configurations, reported accuracies were approximately 93.4-95.3%.
[1] These results indicate that ML can retain useful predictive capability when the model is
evaluated on structural configurations not directly used during training, provided the new

cases remain within the domain represented by the overall database.

Published Generalization Results for Unseen RC Configurations
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Fig. 3. Published prediction accuracies reported for selected unseen RC building

configurations.

6. Seismic Damage-State Results

Bhatta and Dang provide a complementary classification benchmark. Their study considered
35 RC buildings, 11 earthquake waves and ML models including KNN, Random Forest,
Decision Tree, SVM and ANN. The authors also used observed damage information from the
2015 Nepal earthquake for testing. Random Forest reported a training accuracy of 99.83%
and a testing accuracy of 74.62%, whereas KNN reported 62.68% testing accuracy. [2] The

difference between training and testing performance is itself a result: high training accuracy
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cannot be treated as evidence of generalization. Real or externally generated observations

provide a more demanding evaluation.

Published Real-Damage Validation Benchmark
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Fig. 4. Published testing-accuracy benchmark for real-damage validation.

7. Comparison with Recent Deep-Learning Results
More recent work extends the problem to cumulative mainshock-aftershock damage, post-
earthquake damage detection, and regional seismic risk assessment using machine learning.

[8] [25]

8. ENGINEERING DISCUSSION

The benchmark results indicate that nonlinear ensemble methods are well suited to the RC
seismic-response problem because the response depends on interacting variables rather than
one dominant linear relationship. The importance of stories, weight, number of bays,
fundamental period and spectral acceleration is consistent with basic structural mechanics.
However, the results also demonstrate why external validation is necessary. A model can
perform extremely well on a simulated training set and still lose accuracy when applied to
real earthquake damage. For a thesis-level implementation, the final result chapter should
therefore include an independent building-level split, record-level separation, residual plots,
actual-versus-predicted plots and feature-importance analysis. If the original
ETABS/OpenSees/IDA database is later generated, these literature benchmarks can be

retained only as comparison values.
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The final original-results paper should report: (i) number of structural models, (i) number
and source of earthquake records, (iii) intensity scaling procedure, (iv) response extraction
method, (v) train/validation/test split, (vi) hyperparameters, (vii) R?, RMSE and MAE for
every model, (viii) actual-versus-predicted plots, (ix) residual distribution, (x) feature
importance and (xi) independent validation on a building or record family excluded from
training. This format will allow the student's own results to be distinguished clearly from

published benchmark values.

9. Detailed Interpretation of the Benchmark Table

The benchmark table also demonstrates that different performance indicators can lead to
different impressions of model quality. Random Forest has the highest reported R? among the
listed models, but Bagging has lower RMSE and MAE. This is not a contradiction: R?
measures the proportion of variance represented by the model, whereas RMSE and MAE
describe the magnitude of prediction error. In engineering applications, a model should
therefore be evaluated using a group of indicators and not selected only because one score is
numerically highest.

The difference between ensemble methods and simple linear regression is also informative.
Linear regression assumes that the target can be approximated by a weighted combination of
the input variables. Seismic response of RC buildings does not generally follow such a simple
relationship because stiffness, mass, period, intensity and nonlinear deformation interact.
Tree ensembles can divide the feature space into regions and represent changing relationships
across those regions. This provides a practical explanation for their stronger benchmark
performance.

At high deformation levels, however, prediction becomes more challenging. Yielding,
stiffness degradation, strength deterioration and possible instability can introduce patterns
that are less represented in the training data. A model may therefore show strong average
performance while producing larger residuals near severe response states. For this reason, the
final original-results study should inspect errors separately for low, moderate and high drift
ranges.

Generalization should also be tested structurally rather than only statistically. If observations
from the same building appear in both training and test subsets, the model may learn
building-specific patterns. A stronger design is to hold out complete building configurations
or groups of earthquake records. The reported studies that evaluate unseen configurations

provide useful examples for designing such a test.
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Finally, the benchmark values should be used as comparison points rather than as substitute
results. Once the actual Ayush Raikwar thesis dataset is available, the same metrics can be
calculated using the same definitions and placed beside the published values. This will create
a transparent comparison between the student's model and earlier studies without mixing

datasets.

10. CONCLUSION

The comparative results demonstrate that machine learning can provide useful
approximations of nonlinear seismic response and damage state when the training database is
representative. In the published IDRmax benchmark, Random Forest has the highest reported
R?, while Bagging and related ensemble models show low error values. Real-damage
validation also shows that testing performance can be substantially lower than training
performance, reinforcing the need for independent validation. The present paper should
therefore be read as a literature-based results comparison. It does not claim that the reported
numerical values were generated by Ayush Raikwar. The appropriate next step for an original
result paper is to replace the benchmark tables with the student's actual structural-analysis

and ML outputs once those are available.
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