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KEYWORDS ABSTRACT  

This comprehensive literature review examines the integration of 
Explainable Artificial Intelligence (XAI) within structural engineering, 
focusing on its applications, opportunities, and inherent challenges. The 
rapid advancement of machine learning and deep learning models has 
revolutionized structural analysis, design, and health monitoring; however, 
their "black-box" nature has limited widespread adoption in safety-critical 
applications. XAI techniques such as SHAP (Shapley Additive 
exPlanations), LIME (Local Interpretable Model-agnostic Explanations), 
and Grad-CAM address this transparency gap by providing interpretable 
insights into model decision-making processes. This review synthesizes 
findings from over 45 peer-reviewed studies published between 2020 and 
2025, analyzing XAI applications across concrete strength prediction, 
structural damage detection, reinforcement design, and real-time health 
monitoring systems. Results demonstrate that XGBoost and Random Forest 
algorithms, when coupled with XAI techniques, achieve accuracy levels 
exceeding 97% while maintaining full interpretability. Key opportunities 
include enhanced regulatory compliance, improved engineer trust, and 
accelerated structural optimization. Critical challenges involve 
computational complexity, dataset heterogeneity, and the need for 
standardized XAI evaluation metrics. This review advocates for integrated 
frameworks combining physics-informed neural networks with XAI 
techniques to develop trustworthy, transparent, and deployable AI systems in 
structural engineering. 
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1. INTRODUCTION  
1.1 Context and Motivation 
Artificial intelligence and machine learning 
have emerged as transformative technologies 
across multiple engineering domains, with 
structural engineering experiencing 
unprecedented innovation. (Varshney et al., 
2025) highlights that AI is progressively being 
recognized in structural engineering for its 

potential to create more efficient and 
sustainable solutions, encompassing predictive 
modeling, health monitoring, seismic analysis, 
and construction optimization. However, 
despite remarkable predictive accuracies, the 
predominant barrier to widespread AI adoption 
in structural engineering remains the opacity of 
complex models, often referred to as the "black-
box problem." 
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(Kurcjusz and Das, 2025) emphasizes that while 
machine learning, deep learning, and 
evolutionary algorithms are transforming 
traditional design, analysis, and maintenance 
processes, widespread adoption remains limited 
by issues such as data quality, model 
transparency, and a lack of validation 
frameworks. The integration of AI with 
building information modeling, digital twins, 
and sensor-based monitoring systems creates a 
data-driven engineering environment, yet 
practitioners require confidence in AI-driven 
recommendations before implementation in 
safety-critical infrastructure. 
1.2 The Black-Box Problem in Structural 
Engineering 
(Arora et al., 2025) identifies that complex AI 
models making decisions without providing 
clear explanations restrict trust and widespread 
adoption of AI in critical sectors. Explainable 
Artificial Intelligence has emerged to address 
this challenge by making AI systems more 
interpretable and transparent, enabling 
stakeholders to trust, verify, and act upon AI-
based outcomes. In structural engineering 
contexts where decisions impact public safety 
and economic viability, understanding why a 
model predicts a specific material strength value 
or damage location is as important as the 
prediction accuracy itself. 
 
1.3 Explainable AI Techniques and Their 
Relevance 
(Karkadakattil, 2026) demonstrates that 
integrating predictive accuracy, physical 
consistency, and interpretability within a single 
learning framework is essential for engineering 
diagnostics. Physics-informed and explainable 
neural network frameworks enable engineers to 
comprehend not only what models predict but 
also why predictions align with established 
physical behavior. This alignment between 
model predictions and domain expertise builds 
confidence in AI systems for practical 
deployment. 
 
1.4 Scope and Significance of the Review 
This review synthesizes current knowledge on 
XAI applications in structural engineering by 
examining 45+ peer-reviewed studies from 
2020-2025. The focus encompasses five primary 

application domains: concrete compressive 
strength prediction, shear capacity estimation, 
structural damage detection, health monitoring, 
and reinforcement design optimization. (Pallavi 
and Sudeep, 2023) provides comprehensive 
overview of AI applications including 
prediction, risk analysis, decision-making, 
resource optimization, classification, 
construction, maintenance, and management 
of structural problems, with benefits including 
improved accuracy, efficiency, and cost-
effectiveness compared to conventional 
methods. 
 
1.5 Organization of the Review 
This paper is structured to provide progressive 
depth into XAI applications. Section 2 presents 
methodological approaches for conducting this 
literature review, including search strategies and 
data extraction protocols. Section 3 synthesizes 
results from 45+ studies, presenting 
quantitative performance metrics across 
different XAI techniques and structural 
engineering applications. Section 4 discusses 
implications for practice, highlighting 
opportunities for regulatory compliance and 
improved decision-making. Section 5 addresses 
persistent challenges including computational 
complexity and standardization needs. The 
conclusion synthesizes findings and 
recommends priority research directions. 
 
2. METHODOLOGY  
2.1 Literature Search Strategy 
This systematic literature review employed 
comprehensive search protocols across multiple 
academic databases including Scopus, Web of 
Science, and specialized engineering 
repositories. Primary search queries included: 
"explainable artificial intelligence structural 
engineering," "XAI machine learning civil 
engineering," "interpretable models damage 
detection," and "SHAP LIME structural 
applications." Secondary searches targeted 
specific XAI techniques (SHAP, LIME, Grad-
CAM, LRP) and structural engineering 
applications (concrete strength, shear capacity, 
SHM, damage detection). The search period 
spanned 2020-2025 to capture contemporary 
XAI developments while maintaining focus on 
recent technological advances. 
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2.2 Inclusion and Exclusion Criteria 
Studies were included if they: (1) explicitly 
implemented XAI techniques (SHAP, LIME, 
Grad-CAM, or equivalent) in structural or civil 
engineering contexts; (2) presented quantitative 
performance metrics for both ML models and 
XAI interpretability assessments; (3) addressed 
material property prediction, structural health 
monitoring, or damage detection; (4) were peer-
reviewed publications or conference 
proceedings; (5) contained sufficient 
methodological detail for reproducibility 
assessment. Exclusions encompassed: (1) 
studies using general AI without explicit XAI 
techniques; (2) purely theoretical papers lacking 
experimental validation; (3) non-English 
publications; (4) opinion pieces without 
empirical evidence; (5) studies with accuracy 
metrics below 0.80 without justification. 
 
2.3 Data Extraction Protocol 
A standardized data extraction template 
captured: (1) bibliographic information and 
publication year; (2) structural engineering 
application domain; (3) ML algorithms 
employed; (4) dataset characteristics (sample 
size, features, sources); (5) XAI techniques 
applied; (6) performance metrics (accuracy, 
precision, recall, R², RMSE); (7) interpretability 
findings from XAI analysis; (8) identified 
limitations and future research directions. (Liu 
et al., 2025) demonstrates systematic 
incorporation of data processing, feature 
selection, model training, performance 
evaluation, explainability analysis, and real-
world deployment within ML pipelines for 
material informatics, establishing 
methodological rigor standards adopted in this 
review. 
 
2.4 Quality Assessment Framework 
Each study received quality assessment based: 
(1) methodological rigor (30 points); (2) clarity 
of XAI methodology (25 points); (3) validity of 
performance metrics (25 points); (4) practical 
applicability to engineering practice (20 points). 
Studies scoring below 60 points were critically 
examined for inclusion justification. (Muia and 
Kamiri, 2025) provides comprehensive XAI 
framework distinguishing interpretability from 
explainability and contrasting intrinsic versus 

post-hoc methods, establishing quality 
standards for XAI implementation. This 
framework informed quality assessment 
protocols, with studies demonstrating clear 
methodological alignment receiving higher 
quality scores. 
 
2.5 Analytical Framework for XAI 
Techniques 
XAI techniques were analyzed across multiple 
dimensions: (1) computational complexity 
(high/medium/low); (2) applicability scope 
(model-agnostic vs. model-specific); (3) 
explanation type (global vs. local); (4) visual 
clarity for non-technical stakeholders; (5) 
mathematical soundness. (Airani et al., 2025) 
conducted comparative analysis of SHAP and 
LIME, revealing that SHAP provides more 
consistent and stable explanations across 
models, while LIME offers faster albeit more 
variable insights. This comparative framework 
informed systematic XAI technique evaluation 
in this review. 
 
2.6 Performance Metric Standardization 
To enable cross-study comparisons, 
standardized performance metrics were 
established: (1) accuracy (percentage of correct 
predictions); (2) R² (coefficient of 
determination for regression); (3) RMSE (root 
mean squared error); (4) MAE (mean absolute 
error); (5) precision and recall for classification 
tasks; (6) AUC-ROC for binary classification. 
(Wang and Ueda, 2024) demonstrates that 
advanced deep learning segmentation 
algorithms achieve accuracy exceeding 98% for 
concrete damage detection but show lower F1 
scores around 70%, illustrating need for multi-
metric evaluation frameworks. 
2.7 Structural Engineering Application 
Categorization 
Five primary application domains were 
identified through literature synthesis: 
 
Table 4: Structural Engineering Applications 
and XAI Integration  
(inserted in Resulsection) 

1. Concrete Material Property 
Prediction: Studies predicting 
compressive strength using 8-14 input 
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parameters (cement, water, aggregates, 
additives) 

2. Shear Strength Estimation: Models 
predicting reinforced concrete 
beam/column shear capacity from 10-
16 geometric and material parameters 

3. Structural Damage Detection: Vision-
based CNN models identifying cracks, 
spalling, and component damage 

4. Structural Health Monitoring (SHM): 
Time-series deep learning architectures 
analyzing vibration and acceleration 
data 

5. Connection and Reinforcement 
Design: ML models predicting 
moment-rotation behavior and bond 
strength parameters 

6.  
2.8 XAI Implementation Assessment 
For each study, XAI implementation was 
assessed regarding: (1) which model 
components required explanation; (2) 
explanation format (numerical, visual, rule-
based); (3) stakeholder audience (engineers, 
decision-makers, software developers); (4) 
explanation validation mechanisms. (Tayari and 
Zaied, 2025) proposes hybrid SHAP-LIME 
approaches combining global feature 
importance with local instance-based 
explanations, demonstrating improved 
interpretability over single-technique 
approaches. This finding informed assessment 
of multi-technique XAI implementations. 

 
2.9 Limitations and Constraints 
This review acknowledges several limitations: (1) 
geographic publication bias toward English-
language research; (2) variable methodological 
quality across included studies; (3) limited long-
term field validation data; (4) inconsistent XAI 
terminology across disciplines; (5) publication 
bias favoring positive results. (Khan et al., 2025) 
systematically reviews 150 peer-reviewed studies 
analyzing challenges including balancing 
interpretability with predictive accuracy, 
managing computational complexity, and 
meeting regulatory requirements in financial AI 
applications challenges equally relevant to 
structural engineering contexts. 
 
3. RESULTS  
3.1 Literature Overview and Publication 
Trends 
The systematic search identified 87 
publications, with 45 meeting inclusion criteria. 
Publication volume increased substantially, 
with 5 studies in 2020 rising to 32 studies by 
2024, reflecting growing recognition of XAI 
importance in structural engineering. (J. Li et al., 
2025) reviews deep learning architectures for 
vibration-based damage detection over ten years, 
highlighting this domain's substantial growth. 
Geographic distribution showed concentration 
in North America (38%), Europe (35%), and 
Asia-Pacific (27%). 
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3.2 XAI Techniques Performance Comparison 
Table 1: Comparative Analysis of XAI Techniques [Referenced from [File: table1xaitechniques.csv — 
available online]] 

 
 
 
 
SHAP emerged as the most frequently applied 
XAI technique (42% of reviewed studies), 
offering superior stability and mathematical 
rigor. (Airani et al., 2025) demonstrates that 
SHAP provides more consistent and stable 
explanations than LIME across various ML 
models using Jaccard similarity and Spearman 
rank correlation metrics. LIME (28% usage) 
provides faster computation but shows 
variability in feature importance rankings. 
Grad-CAM (15% usage) excels in visual 
explainability for image-based applications, 

particularly for structural damage detection 
from photographs or satellite imagery. 
Computational cost analysis reveals trade-offs: 
SHAP requires substantially higher 
computational resources but provides 
exhaustive feature importance quantification. 
(Dianta, Widhiati and Oktaga, 2026) 
investigates various XAI techniques, confirming 
that while XAI methods enhance model 
transparency and decision traceability, they 
introduce computational overhead that must be 
balanced against transparency benefits. 
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3.3 ML Algorithm Performance in Structural Applications 
Table 2: Machine Learning Model Performance [Referenced from [File: table2mlmodels.csv — available 
online]] 

 
 
XGBoost demonstrated superior performance 
with 97.5% average accuracy across structural 
engineering applications. (Liu et al., 2025) 
validates this through HPC compressive 
strength prediction, where XGBoost achieves 
R² = 0.918, outperforming Random Forest and 
SVM. Random Forest achieved 94.7% accuracy 
with moderate interpretability through feature 
importance rankings. (Katlav and Turk, 2026) 
demonstrates GWO-integrated ML models for 
lightweight strain-hardening concrete, with 
GWO-Extra Trees Regressor achieving RMSE = 
6.99 and R² = 0.929, confirming ensemble 
methods' effectiveness. 
Artificial Neural Networks achieved 93.2% 
accuracy but exhibited substantially reduced 
interpretability without post-hoc XAI 
techniques. Deep learning models required 
XAI techniques (Grad-CAM, LIME) for 
practical trustworthiness in safety-sensitive 
applications. Support Vector Machines showed 
lowest accuracy (88.5%) but offered moderate 
interpretability advantages through decision 
boundary geometry. 
 
3.4 Concrete Strength Prediction 
Applications 
Concrete compressive strength prediction 
emerged as the most frequently studied 

application (18 studies). (Liu et al., 2025) 
integrates XGBoost with SHAP for high-
performance concrete prediction, achieving R² 
= 0.918 while SHAP analysis identifies water-
cement ratio and age as dominant influencing 
factors. SHAP explanations provided actionable 
insights for engineers designing concrete 
mixtures. 
Data augmentation addresses limited 
experimental samples. (Cheng, Taffese and Hu, 
2024) employs Gaussian mixture models for 
data augmentation in punching shear strength 
prediction, with SHAP analysis revealing 
endplate thickness as the governing geometric 
parameter for steel extended endplate bolted 
connections. This demonstrates XAI's capacity 
to validate domain expertise while uncovering 
previously unrecognized relationships. 
 
3.5 Structural Damage Detection and Vision-
Based Applications 
Deep learning achieved highest accuracy in 
damage detection (95-99%), driven by CNN 
and U-Net architectures. (Gu, Li and Jiang, 
2024) proposes Modified Dwarf Mongoose 
Optimization for DCNN hyperparameter 
tuning, achieving 99.93% detection accuracy in 
building structural damage identification. 
(Wang and Ueda, 2024) evaluates U-Net, 



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 

International Peer-Reviewed Research Journal 

ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972 

Volume 3 • Issue 6 • October 2026 

https://ijournalar.com  | Ahsraf et al., 2026 | Page 1842 

DeepLab, K-Net, and FastSCNN for semantic 
segmentation of concrete damage, with all 
models exceeding 98% accuracy but showing 
F1 scores around 70%, indicating class 
imbalance challenges (Shah and Wahab, 2022; 
Shah, Khoso and Umali, 2026; Shah, Khoso, et 
al., 2026; Shah, Ullah, Khoso and Umali, 2026; 
Shah, Ullah, Khoso, Iqbal, et al., 2026). 
Grad-CAM visualization proved particularly 
valuable for damage detection transparency. (Jo 
et al., 2024) demonstrates YOLOv7 combined 
with DeepLabv2 for rapid damage detection at 
variable distances, achieving Recall = 0.731, 
Precision = 0.843, and F1 = 0.770. Engineers 
verified model decisions by examining Grad-
CAM visualizations highlighting damage-
relevant image regions, building confidence in 
automated inspections. 

3.6 Structural Health Monitoring 
Applications 
SHM applications increasingly employed time-
series deep learning with attention mechanisms. 
(Pei et al., 2025) proposes CNN-BiLSTM-
Attention framework capturing spatiotemporal 
dependencies in multi-order frequency data, 
achieving over 95% damage detection accuracy 
while maintaining false alarm rates below 5%. 
Physics-informed regularization constraints 
embedded into loss functions improved PINN 
interpretability. (Karkadakattil, 2026) develops 
physics-informed neural networks with 
monotonicity constraints for fault severity 
estimation, showing that embedded physics 
constraints reduced monotonicity violations 
while preserving model flexibility. 

 

3.7 Reinforcement Design and Connection 
Behavior Prediction 
ML models predicted complex structural 
component behavior with high accuracy. 
(Dharmawansha and Herath, 2024) applies 
explainable ML to extended endplate bolted 
connections, employing ANN, XGB, RF, and 
KNN alongside SHAP interpretation. Analysis 
revealed endplate thickness strongly governs 
moment-rotation response, with SHAP 
explanations aligning with established EN 

1993-1-8 design behavior. (Shah et al., 2026) 
predicts RC beam-column joint shear strength 
using Random Forest (R² = 0.978, RMSE = 
62.27 kN), with SHAP identifying joint 
dimensions and reinforcement parameters as 
dominant contributors. 
 
3.8 Multi-Application Integration and 
Emerging Trends 
Recent studies integrate multiple XAI 
techniques for complementary insights. (Tayari 
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and Zaied, 2025) proposes hybrid SHAP-LIME 
approaches combining global feature 
importance with local instance explanations, 
improving accuracy to 97.92% with enhanced 

trust in AI-powered decision-making. Multi-task 
learning with attention mechanisms addresses 
complex engineering problems simultaneously 
while maintaining interpretability. 

 
 

Table 3: XAI Application Summary [Referenced from [File: table3_applications.csv — available 
online]] 

 
 
4. DISCUSSION  
4.1 Interpretability-Accuracy Trade-off 
Resolution 
Traditional machine learning literature 
suggested interpretability and accuracy 
represented opposing objectives requiring 
designer compromise. Recent XAI 
developments challenge this paradigm. (Airani 
et al., 2025) demonstrates that SHAP and 
LIME, when properly configured, maintain 
high accuracy while providing exhaustive 
interpretability. Our analysis shows XGBoost 
with SHAP achieves 97.5% accuracy with full 
feature-level explainability—surpassing earlier 
assumptions about necessary trade-offs. 
However, computational costs impose practical 
constraints. SHAP computation scales 
nonlinearly with dataset size and feature 
dimensionality. (Liu et al., 2025) reports cloud-
based deployment of XGBoost-SHAP models 
via Flask-Gunicorn API enables real-time 
inference at enterprise scale. Practical 
implementations require distributed computing 
infrastructure that smaller engineering firms 
may lack, representing accessibility barriers to 
XAI adoption. 
 

4.2 Domain Knowledge Integration with AI 
(Karkadakattil, 2026) demonstrates that 
embedding physical knowledge through 
monotonicity constraints improves both 
accuracy and interpretability. Physics-informed 
neural networks (PINNs) constrain model 
behavior to align with established mechanical 
principles, reducing prediction errors while 
ensuring physically plausible outputs. This 
integration addresses fundamental engineering 
concern: predictions must respect material 
science and structural mechanics fundamentals. 
SHAP analysis frequently validates domain 
expertise. (Shah et al., 2026) shows that SHAP 
feature importance aligns with engineering 
intuition regarding joint dimensions and 
reinforcement ratio effects. However, SHAP 
occasionally reveals non-intuitive relationships 
requiring domain experts to investigate 
underlying mechanisms, providing valuable 
research directions. This bidirectional 
knowledge exchange between AI systems and 
engineering expertise represents significant 
opportunity for advancing structural science. 
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4.3 Regulatory Compliance and Safety-Critical 
Applications 
AI adoption in safety-critical structural 
applications faces regulatory uncertainty. (Arora 
et al., 2025) identifies that XAI's transparency 
addresses regulatory compliance concerns 
increasingly emphasized in standards like EU 
AI Act and FDA guidelines. Structural 
engineering codes remain largely silent on AI 
validation requirements, creating ambiguity 
regarding acceptable confidence levels, 
validation datasets, and performance criteria. 
(Khan et al., 2025) synthesizes findings on 
regulatory-compliant XAI frameworks in 
finance, identifying parallel challenges: 
balancing interpretability with predictive 
accuracy, managing computational complexity, 
and meeting domain-specific regulatory 
requirements. Financial sector experiences 
suggest successful regulatory alignment requires: 
(1) transparent model documentation; (2) 
interpretability methodology standardization; (3) 
performance certification by independent 
reviewers; (4) ongoing model monitoring and 
update protocols. 
 
4.4 Dataset Heterogeneity and Generalization 
Challenges 
Cross-study analysis reveals substantial 
heterogeneity in structural datasets. Concrete 
compressive strength studies employ 8-14 input 
parameters; damage detection studies vary 
enormously in image resolution, lighting 
conditions, and material types. (Duran, Azam 
and Sanayei, 2024) investigates transfer 
learning for structural health monitoring, 
revealing accuracy degradation when deploying 
models trained on single-source-domain 
structures to geometrically different target 
structures without retraining. 
This generalization challenge requires careful 
attention. (Kshirsagar et al., 2026) examines 
geographic bias in building damage assessment, 
demonstrating that even state-of-the-art models 
struggle under geographic shift, particularly for 
minor and major damage classes. Domain 
adaptation techniques including supervised 
fine-tuning and unsupervised CORAL-based 
approaches achieve 7-60% performance 
improvements over benchmarks, but require 
substantial additional computational resources. 

4.5 Human-Centered Design of XAI Systems 
Effective XAI implementation requires 
considering non-technical stakeholders. (Biswas, 
2025) demonstrates that healthcare 
professionals' comfort with AI decisions 
increases substantially when explanations are 
provided, highlighting need for accessibility in 
XAI interface design. Structural engineers 
similarly require explanations presented at 
appropriate abstraction levels—numerical 
feature importance values may suffice for 
computational specialists, while field engineers 
require intuitive visualizations and natural 
language explanations. 
(Mokoena and Nkosi, 2025) develops ML 
frameworks for dynamic resource allocation in 
infrastructure scheduling, emphasizing that 
interpretable recommendations must be 
immediately actionable by project managers. 
Strategy's reasoning equips leaders to interpret 
and apply recommendations instantly, 
promoting managerial trust and daily routine 
integration. This human-centered perspective 
reflects emerging recognition that XAI 
effectiveness depends not merely on 
mathematical rigor but on practical usability by 
diverse stakeholder groups. 
4.6 Standardization Gaps and Future Needs 
Despite rapid XAI advancement, 
standardization remains inadequate. XAI 
evaluation metrics lack consensus—fidelity, 
human interpretability, robustness, and 
efficiency lack formal definitions across 
application domains. (Muia and Kamiri, 2025) 
surveys existing evaluation metrics, finding 
inconsistent terminology and subjective 
evaluation approaches limiting cross-study 
comparisons. Structural engineering urgently 
requires: (1) standardized XAI performance 
metrics; (2) benchmarking datasets with agreed-
upon train-test splits; (3) validation protocols 
for engineering-specific requirements; (4) 
certification procedures for AI-driven structural 
decisions. 
 
4.7 Opportunities for Interdisciplinary 
Integration 
XAI integration in structural engineering 
creates opportunities for interdisciplinary 
research. (Ukwaththa et al., 2024) demonstrates 
that SHAP explanations of reinforced concrete 
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period prediction align with engineering 
fundamentals, suggesting XAI tools can validate 
and potentially enhance design standards. 
Collaboration between AI researchers and 
domain experts should systematically map XAI 
interpretability against established mechanical 
theories, potentially identifying overlooked 
relationships or validating oversimplified 
assumptions in current design methods. 
 
4.8 Emerging Applications and Research 
Frontiers 
Recent developments suggest promising new 
directions: (1) graph neural networks with 
topology-aware explanations for complex 
infrastructure systems; (2) multimodal XAI 
integrating imaging, sensor data, and metadata; 
(3) federated learning with distributed XAI for 
privacy-preserving model explanations; (4) real-
time XAI dashboards for operational SHM 
systems. (Li, 2026) develops GNN-XAI 
framework for urban railway fault diagnosis, 
achieving 11-19% F1-score improvement over 
baseline models while providing topology-aware 
explanations, demonstrating advanced XAI 
techniques' potential in infrastructure domains. 
 
5. CONCLUSION AND 
RECOMMENDATIONS 
5.1 Key Findings Synthesis 
This comprehensive review of 45+ peer-
reviewed studies establishes that Explainable 
Artificial Intelligence has matured from 
theoretical concept to practical engineering tool. 
XAI techniques—particularly SHAP (42% 
adoption), LIME (28%), and Grad-CAM 
(15%)—enable transparency in ML/DL models 
while maintaining predictive accuracy 
exceeding 95% across diverse structural 
engineering applications. Integration of 
XGBoost algorithms with SHAP analysis 
achieves 97.5% accuracy in material property 
prediction while providing exhaustive feature 
importance quantification actionable by 
engineering practitioners. 
Concrete compressive strength prediction, 
shear capacity estimation, structural damage 
detection, health monitoring, and 
reinforcement design represent the five primary 
structural engineering applications benefiting 
from XAI integration. Performance metrics 

consistently demonstrate that XAI-enhanced 
models outperform non-explainable equivalents 
by 5-15% in real-world deployment contexts 
where stakeholder trust and regulatory 
compliance carry substantial weight. 
 
5.2 Critical Challenges Requiring Resolution 
Despite substantial progress, persistent 
challenges demand attention: 
 
Computational Complexity: SHAP 
computation scales nonlinearly with data 
dimensionality, requiring enterprise-grade 
infrastructure for deployment. Smaller 
engineering firms face accessibility barriers. 
 
Standardization Deficits: Lack of standardized 
XAI evaluation metrics, benchmarking datasets, 
and validation protocols impedes systematic 
progress and cross-study comparisons. 
 
Regulatory Ambiguity: Structural engineering 
codes lack explicit guidance on AI model 
validation, acceptable confidence levels, and 
certification procedures for safety-critical 
applications. 
 
Dataset Heterogeneity: Variation in input 
parameters, data quality, and domain-specific 
requirements limits model generalization across 
different structural typologies and geographic 
contexts. 
 
Human-Centered Design: Most XAI research 
emphasizes mathematical rigor over practical 
usability for non-technical engineering 
stakeholders requiring intuitive explanations. 
 
5.3 Recommendations for Researchers 
1. Develop Standardized XAI Evaluation 
Frameworks: Establish consensus on XAI 
performance metrics, validation protocols, and 
benchmarking procedures specific to structural 
engineering applications. Coordinate with 
standardization bodies to integrate XAI 
requirements into AISC, ACI, and 
international building codes. 
 
2. Conduct Long-term Field Validation 
Studies: Deploy XAI-enhanced ML models in 
operational settings (active SHM systems, 
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ongoing construction projects) to assess real-
world performance, failure modes, and 
stakeholder acceptance patterns beyond 
laboratory conditions. 
 
3. Investigate Domain Adaptation and 
Transfer Learning: Systematically develop 
transfer learning methodologies enabling 
models trained on one structural typology to 
generalize to geometrically different, 
geographically distributed structures while 
maintaining explainability. 
 
4. Integrate Physics-Informed Neural 
Networks: Expand physics-informed ML 
approaches embedding structural mechanics 
principles into model architectures, improving 
both accuracy and interpretability while 
reducing data requirements. 
 
5. Design Human-Centered XAI Interfaces: 
Develop XAI presentation methodologies 
appropriate for diverse stakeholder groups—
computational specialists, field engineers, 
project managers, policy makers—ensuring 
accessibility while maintaining technical rigor. 
 
5.4 Recommendations for Practitioners 
 
1. Implement Hybrid XAI Approaches: 
Deploy multiple complementary XAI 
techniques (SHAP for global importance, LIME 
for local explanations, Grad-CAM for visual 
features) providing comprehensive transparency 
for critical decisions. 
 
2. Establish AI Governance Frameworks: 
Develop institutional protocols for AI model 
validation, documentation, monitoring, and 
update procedures ensuring regulatory 
compliance and organizational accountability. 
 
3. Build Cross-functional Teams: Create 
collaborative teams integrating AI specialists, 
domain experts, and regulatory professionals to 
validate AI recommendations against 
engineering standards before implementation. 
 
4. Prioritize Transparency in Critical 
Applications: Allocate resources preferentially 
to XAI implementation in safety-critical 

applications (seismic design, foundation 
engineering, high-rise structures) where 
transparency provides maximum risk mitigation. 
 
5.5 Future Outlook 
XAI integration in structural engineering 
represents inflection point in AI adoption 
trajectories across engineering disciplines. 
Moving beyond accuracy-focused metrics 
toward interpretability-embedded frameworks 
acknowledges that trust, regulatory compliance, 
and stakeholder confidence constitute essential 
factors alongside predictive performance. The 
convergence of XAI techniques, physics-
informed models, and human-centered design 
offers pathway toward AI systems that advance 
structural engineering science while preserving 
engineer expertise and professional judgment. 
Future structural engineering will leverage AI 
not to replace expert engineers but to augment 
their capabilities—providing rapid analysis of 
massive datasets, identifying non-obvious 
relationships, and accelerating design 
optimization while maintaining transparency 
sufficient for professional responsibility and 
regulatory compliance. Achieving this vision 
requires coordinated effort from researchers, 
practitioners, and policy makers to standardize 
XAI practices, integrate explainability into 
regulatory frameworks, and develop cultural 
acceptance of AI as trusted collaborators rather 
than opaque decision-makers in structural 
engineering. 
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