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a b s t r a c t 

Efficient seismic vulnerability and resilience assessment is essential for ultra-high-performance concrete (UHPC) 

bridges, given their distinctive mechanical and structural properties. However, existing single-parameter-based 

probabilistic seismic demand (PSD) models overlook critical bridge ‐specific characteristics and uncertainties. 

Besides, studies on seismic vulnerability and resilience assessment of UHPC bridges are scarce. Thus, this study 

proposes a hybrid machine learning (ML)-enabled multivariate bridge-specific seismic vulnerability and resilience 

assessment framework for UHPC bridges. Key design parameters and associated uncertainties are identified, and 

a Latin Hypercube Sampling (LHS) technique is employed to establish a representative UHPC bridge database, 

which is used to develop a hybrid ML model-based multivariate PSD model. A comparative analysis with the 

conventional PSD model, as well as widely used ML algorithms, demonstrated that the proposed PSD model 

achieves the highest predictive performance, characterized by the highest coefficient of determination and lowest 

prediction errors. Additionally, SHapley Additive exPlanation (SHAP) analysis is used to investigate the effect of 

different parameters on the PSD of UHPC bridges. The results of SHAP show the peak ground acceleration (PGA) 

as the most important factor, followed by bridge span and column diameter. The hybrid ML-enabled multi-variate 

bridge-specific fragility analysis results are used to investigate the functionality recovery and resilience of the 

bridge, which demonstrate the reduction in the residual functionality and overall bridge resilience with the 

increase in the ground motion intensity. 
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. Introduction 

Despite its robust properties, bridges made with ultra-high-

erformance concrete (UHPC) are not exempt from the threats posed by

arthquakes, which can lead to significant human and economic conse-

uences. This reality highlights the importance of seismic vulnerability

ssessments in UHPC bridges. Such assessment plays a key role as it

rovides data for proactive risk reduction and prioritizes structural up-

rades or retrofits [ 1 , 2 ]. A fundamental part of these assessments is seis-

ic fragility analysis, which is a probabilistic approach that estimates

he likelihood of a structure or its components meeting or exceeding a

articular limit state during an earthquake of a specified intensity mea-

ure (IM) [ 3–5 ]. This approach ensures that bridges are constructed with

dvanced materials but are also designed to endure the challenges posed

y natural disasters. 

Numerous techniques, such as analytical, empirical, experimental,

nd hybrid techniques, have been introduced for seismic fragility as-

essment of civil infrastructures, with the analytical methods being the

ost frequently used approach [ 6–9 ]. However, these methods suffer

rom either poor resolution or the need for excessive time and computa-
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ional resources [ 3 ]. The most widely used analytical fragility analysis

pproach, for instance, often necessitates substantial computational re-

ources through nonlinear time history analysis (NLTHA) to compute

he engineering damage parameters (EDPs) of concern, such as drift.

n addition, the conventional approach for fragility analysis assumes

hat structures with similar configurations will suffer comparable dam-

ge levels under a given excitation. Consequently, fragility curves are

ypically established for specific types of bridges and structural systems

ased on a chosen classification system [ 10 ]. However, this method may

ndermine the reliability of loss assessment when applied to a diverse

ange of bridges that vary significantly within a particular class, as it

oes not consider vital bridge attributes, such as geometries. Addition-

lly, classification criteria may be subjective or vary by region [ 10 ]. 

Moreover, developing a practical and effective framework for proba-

ilistic seismic demand (PSD) models [ 11 ], which are integral to deriv-

ng analytical fragility curves, presents significant challenges [ 12 ]. Lim-

tations of classical regression techniques in developing PSD models in-

lude fixed functional forms, inability to capture nonlinearity, and prior

ssumptions of lognormal distribution [ 13 ]. The inherent inflexibility

f the conventional unidimensional PSD model makes it challenging to
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ccommodate diverse sources of uncertainties, such as bridge geomet-

ics and material characteristics, which could potentially undermine the

eliability of the estimated demands [ 13 ]. Furthermore, the predefined

istribution may not be suitable for all EDPs and bridge classes, as the

istribution of demands is typically unknown in prior [ 12 ]. 

The emergence of advanced machine learning (ML) techniques

riven by advances in computer technology provides an efficient alter-

ative to conventional statistical procedures owing to their efficacy in

anaging complex data. ML techniques facilitate the development of

ore accurate fragility functions. As a result, various ML techniques

ave been explored to improve the fragility assessment of buildings

 14 , 15 ] and conventional bridges [ 16–21 ]. For instance, Lagaros and

ragiadakis [ 22 ] and Mitropoulou and Papadrakakis [ 15 ] utilized ANN

or the fragility assessment of steel frames and buildings, respectively.

n addition, Mangalathu et al. [ 10 ] used ANN for the development

f PSD models and fragility functions of conventional bridges. Pang

t al. [ 17 ] and Mo et al. [ 19 ] utilized ANN and support vector ma-

hines, respectively, for the fragility assessment of conventional high-

ay bridges. However, the full potential of ML models in enhancing the

ragility assessment of bridges remains to be fully explored despite their

idespread use in various fields. Moreover, a recent comprehensive re-

iew by Soleimani and Hajializadeh [ 12 ] underscores the limited extent

f research conducted on the application of ML techniques for seismic

ragility analysis of bridges. Furthermore, the scope of existing studies is

enerally limited as they typically concentrate on a limited set of input

eatures and favor certain ML models without thoroughly investigating

he potential of other ML models [ 12 ]. Besides, there is currently a lack

f research on the bridge-specific multivariate seismic fragility assess-

ent of UHPC bridges. 
93
Therefore, this study introduces a novel framework for multivariate

nd bridge-specific seismic fragility and resilience assessment of UHPC

ridges based on the hybrid ML model optimized with Optuna. Different

arameters that characterize the uncertainties in geometry, material,

nd ground motion are considered. The efficacy of the hybrid ML model

s then assessed against a conventional PSD model as well as a diverse

pectrum of ML models of varying complexity levels. Furthermore, this

esearch investigates the influence of these factors on the PSD for UHPC

ridge columns using the SHAP approach [ 23 ]. 

. Methodology 

.1. Hybrid ML model 

Inspired by the error reduction strategy inherent in the boosting al-

orithm, the hybrid ML model is capable of providing an improved and

tronger final model. The training procedure for the hybrid ML model

egins with the establishment of a primary ensemble model. This model

nitially predicts the target variable using the selected primary ensem-

le model, with residuals calculated from the observed discrepancies be-

ween actual values and predictions. These residuals serve as the train-

ng foundation for secondary models. The type and number of the sec-

ndary models, as well as the hyperparameters of all the secondary and

rimary models, are tuned using Optuna, which is a state-of-the-art hy-

erparameter optimization algorithm. The working mechanism of the

ybrid ML model is summarized below: 
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Table 1 

Drift ratio capacity uncertainty parameters 

for UHPC bridge piers [ 30 ]. 

Damage state 

Parameters 

𝑆𝐶 𝛽𝐶 

DS1 1.93 0.27 

DS2 3.14 0.26 

DS3 5.04 0.33 

DS4 6.19 0.36 
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As outlined in the algorithm above, a key strength of the hybrid ML

odel is its adaptability in selecting optimal secondary models through

n iterative process. The system employs advanced hyperparameter op-

imization, specifically Optuna, to identify the most effective model con-

gurations. This ensures that each newly added model meaningfully

ontributes to reducing predictive error, thereby enhancing the over-

ll predictive performance of the model. Additionally, the hybrid ap-

roach improves model robustness and generalizability by mitigating

verfitting and effectively capturing complex data relationships. By in-

egrating multiple models, the framework ensures a more reliable and

calable solution applicable to diverse datasets. Further details of the

ybrid ML algorithm can be referred to elsewhere [ 24 ]. 

.2. Seismic fragility 

Seismic fragility defines the conditional probability of a structure ex-

eeding a predetermined limit state when subjected to various ground

otion intensity levels [ 25 ]. The fragility curve, in this context, repre-

ents the conditional probability of failure. Here, the term failure does

ot exclusively denote a complete structural collapse; rather, it implies a

cenario in which the structural demand surpasses a predefined limit of

apacity. Seismic fragility models employ this principle to calculate the

onditional probability of exceeding a given damage state (DS) follow-

ng an earthquake event of a specific intensity measure level (IM = 𝛼),

s defined in Eq. (1) : 

 𝒇 ( 𝜶) = 𝑷 
(
𝑫 𝑴 > 𝑫 𝒔 |𝑰 𝑴 = 𝜶

)
(1) 

A critical step in the fragility curve development of bridges involves

mplementing the PSD model to probabilistically compare the demands

nd capacities of different bridge components. This model estimates the

ikelihood of meeting or surpassing a specified demand level under a

iven intensity of ground motion. The conventional PSD model is based

n a single parameter, namely, the ground motion intensity measure, as

iven in Eq. (2) [ 26 ], where 𝑆𝐷 denotes the median value of the EDP: 

𝐧 
(
𝑺 𝑫 

)
= 𝒂 + 𝒍 𝒏 ( 𝑰 𝑴 ) (2) 

In this study, the drift ratio, which is the most widely used engineer-

ng damage parameter, is used as a key indicator of seismic demand of

ridge column considering four distinct damage states; namely, slight

minimal damage), moderate (damage that can be repaired), extensive

extensive damage), and complete (probable replacement). 

Fig. 1 summarizes the methodology adopted in this study to develop

 novel hybrid ML-based framework for multivariate and bridge-specific

ragility assessment of UHPC bridges. The proposed method involves the

ollowing steps: 

(a) Generation of database : This step involves the identification of

important input parameters that influence the seismic vulnera-

bility of UHPC bridges, the identification of the distribution of

each parameter, and the generation of a database of M bridge

samples using Latin hypercube sampling (LHS) technique. Each

bridge sample is then paired with specific ground motion based

on the site where the bridge is located to form 𝑀 database of in-

put parameters ( 𝑋𝐾 
𝑀 

), as given in Eq. (3) , where K is the number

of input parameters. In this study, the bridges are assumed to be

located in Vancouver, British Columbia, Canada. 

𝑿 

𝑲 
𝑴 

=

⎡ ⎢ ⎢ ⎢ ⎢ ⎣ 

𝑿 

1 
1 𝑿 

1 
2 … 𝑿 

1 
𝑴 

𝑿 

2 
1 𝑿 

2 
2 … 𝑿 

2 
𝑴 

⋮ ⋮ ⋮ 
𝑿 

𝑲 
𝑴 

𝑿 

𝑲 
𝑴 

… 𝑿 

𝑲 
𝑴 

⎤ ⎥ ⎥ ⎥ ⎥ ⎦ 
(3) 

In the next step, a 3D finite element model of highway bridges

is developed for this purpose. An NLTHA is then conducted for

each bridge sample to determine the seismic demand, which is

used as a response variable in the next step. Furthermore, it is

necessary to integrate the fragility functions with respect to the
94
ground motion IMs to determine the probability of exceedance

at each damage state. In this study, peak ground acceleration

(PGA) is adopted as the IM for demand modelling. This choice

is supported by previous research, which has demonstrated the

effectiveness of PGA in developing fragility curves for bridges

[ 27–29 ]. 

(b) PSD model development using hybrid ML : In this step, the in-

put parameters are paired with each seismic demand to form a

database for training different ML models, including hybrid ML

model and other widely used ML models. The ML models are

trained and tested on 80 % and 20 % of the complete dataset,

respectively. 

(c) Evaluation of the model : The proposed model is then evalu-

ated and compared against a wide range of ML models varying

in their degree of complexity as well as the conventional single

parameter-based PSD model. 

(d) Fragility curve generation : In this step, a new set of bridge

samples (106 in this study) are generated using LHS. The seis-

mic demands of each sample are then determined using the op-

timized hybrid ML model. Once seismic demand estimates are

obtained, fragility analysis necessitates capacity estimates that

serve as thresholds at each limit state. The distribution and pa-

rameters of this distribution for the capacity of UHPC bridge

columns, namely, the median estimate value for structural ca-

pacity ( 𝑆𝑐 ) and measure of dispersion around the median ( 𝛽𝑐 ) are

obtained from a previous study by the authors [ 30 ], as listed in

Table 1 . The seismic demand is then compared with the structural

capacity of the bridges to determine whether the corresponding

damage states have been reached, and a value of 0 and 1 are as-

signed to represent the reached damage state or no, respectively.

The fragility curve is then constructed using logistic regression

based on the probability of failure at different intensity measures.

(e) Functionality recovery and resilience curves generation :

Based on the results of the fragility analysis, the functionality

recovery and resilience curves are generated, as discussed in the

following subsection. 

The application of the hybrid ML-based fragility model in this

study enables the generation of multivariate and bridge-specific

fragility curves at different damage states. The fragility curves

derived from the methodology described above offer critical in-

formation for efficient seismic vulnerability assessment of UHPC

bridges and enable informed decision-making in bridge design

and retrofitting. 

.3. Seismic resilience 

Fig. 2 shows the schematic representation of resilience. In seismic

ngineering, resilience is defined as the ability of a system to maintain

r rapidly restore functionality after an earthquake. Functionality, in the

ontext of a structure or infrastructure, can be described as its ability to

rovide adequate service to the users [ 31 ]. The functionality at time

 (measured from the end of the occurrence of seismic event) under a

iven IM level is denoted 𝑄 (𝑡 ∕𝐼𝑀 ) , which can range from 0 (completely
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Fig. 1. Hybrid ML-enabled multivariate seismic vulnerability and resilience assessment of UHPC bridges. 

Fig. 2. Graphical representation of seismic resilience [ 31 ]. 
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on ‐functional) to 1 (fully functional), as shown in Fig. 2 . 

 ( 𝒕 ∕𝑰 𝑴 ) =
4 ∑

𝒌 =0 

[
𝑸 

( 𝑫 𝑺 𝒌 ) ( 𝒕 ) 
(
𝑷 ( 𝑫 𝑺 𝒌 ) ( 𝑰 𝑴 ) − 𝑷 ( 𝑫 𝑺 𝒌 +1 ) ( 𝑰 𝑴 ) 

)]
(4) 

Where 𝑃 (𝐷𝑆𝑘 ) (𝐼𝑀 ) denotes the probability of being in the kth damage

tate ( 𝐷𝑆0 : no damage, 𝐷𝑆1 : slight damage, 𝐷𝑆2 : moderate damage,

𝑆 : extensive damage, and 𝐷𝑆 : complete damage) and 𝑄(𝐷𝑆𝑘 ) ( 𝑡 ) is
3 4 

95
he functionality of the bridge for damage state 𝐷𝑆𝑘 , as given below: 

 

( 𝑫 𝑺 𝒌 ) ( 𝒕 ) =
⎧ ⎪ ⎨ ⎪ ⎩ 

𝑸 𝒓 , 𝑖𝑓 𝑡 < 𝒕 𝒊 
𝑸 𝒓 + 𝐻( 𝝉) 𝑹 𝒇 ( 𝝉) 

(
𝑸 𝒕 −𝑸 𝒓 

)
, 𝑖𝑓 𝒕 𝒊 < 𝑡 < 𝒕 𝒇 

𝑸 𝒕 , 𝑖𝑓 𝑡 ≥ 𝒕 𝒇 

(5) 

here 𝐻( . ) is the Heaviside unit step function, 𝑄𝑟 is the residual func-

ionality at the initial time 𝑡 at which restoration starts (see Fig. 2 ), 𝑄
𝑖 𝑡 
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Table 2 

Distribution of parameters that describe the evolution of functionality over time across various damage states [ 31 ]. 

Parameter 

Distribution Damage state 

Distribution 

type 

Distribution 

parameters 

No 

damage 

Slight 

damage 

Moderate 

damage 

Extensive 

damage 

Complete 

damage 

Residual functionality, 𝑄𝑟 Triangular Minimum 1 0.5 0 0 0 

Maximum 1 1 0.5 0.2 0 

Mode 1 0.75 0.25 0.1 0 

Idle time, 𝜑𝑖 in months Uniform Minimum – 1 1 1 1 

Maximum – 2 2 2 2 

Recovery duration, 𝜑𝑟 in 

months 

Triangular Minimum – 0.333 0.667 2 2.5 

Maximum – 5 6.667 8.333 10 

Mode – 2.667 3.667 5.167 6.25 

Target functionality, 𝑄𝑡 Triangular Minimum – 1 1 1 1 

Maximum – 1 1 1 1 

Mode – 1 1 1 1 

Fig. 3. Recovery functions. 
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s the target functionality at the end of the recovery time 𝑡𝑓 , 𝑡 is the cur-

ent time (after the earthquakes), 𝜏 = (𝑡 − 𝑡𝑖 )∕(𝑡𝑓 − 𝑡𝑖 ) , and 𝑅𝑓 ( . ) is the

ecovery function. 

After the idle time ( 𝜑𝑖 = 𝑡𝑖 − 𝑡0 ) ends where 𝑡0 is the time at which an

arthquake occurs, the functionality of the structure ramps up from 𝑄𝑟 

oward 𝑄𝑡 , as shown in Fig. 2 . However, the shape of this recovery can

ary depending on the damage severity. Thus, it is important to imple-

ent distinct recovery strategies [ 32 ]. In this study, three types of recov-

ry functions; namely, negative-exponential recovery (often assigned to

light damage, DS1), sinusoidal recovery (often assigned to moderate

amage, DS2), and positive-exponential recovery (often assigned to ex-

ensive, DS3, and complete damage, DS4) are used for different damage

tates, as given in Eqs. (6a) –( 6c ) and Fig. 3 , respectively [ 31 ]. 

 𝒇 ( 𝝉) = 1 − 𝒆 −𝒌 𝝉 (6a)

 𝒇 ( 𝝉) =
1 − cos ( 𝝅𝝉) 

2 
(6b) 

 𝒇 ( 𝝉) = 𝒆 −𝒌 ( 1−𝝉) (6c) 

here 𝑘 is the shape parameter often set to 10 [ 32 ]. 

The residual functionality, idle time, recovery duration ( 𝜑𝑟 = 𝑡𝑓 − 𝑡𝑖 ),

nd target functionality are random variables with the distribution given

n Table 2 . In this study, LHS is used to generate 100,000 combinations

f these variables, and the mean functionality of the bridge over time at

 given intensity measure is determined. The overall functionality of the

ridge at a given intensity measure, 𝑄 (𝑡 |𝐼𝑀 ) , can then be determined by

eighting the random samples with the fragility probabilities. Finally,
96
he resilience index at a given intensity measure 𝑅 can be calculated as

he area under the functionality curve ( Fig. 2 ), as given below [ 31 ]. 

 ( 𝑰 𝑴 ) = 1 
𝒕 𝒉 − 𝒕 0 

𝒕 𝒉 

∫
𝒕 0 
𝑸 ( 𝒕 |𝑰 𝑴 ) 𝒅 𝒕 (7) 

. Case study 

.1. Bridge description and ground motion characteristics 

Concrete box girder bridges, which constitute the majority of the

ridge inventory in British Columbia, Canada [ 33 ], were selected to

emonstrate the proposed hybrid ML-based procedures in this study.

s discussed earlier, the analysis considers multiple sources of uncer-

ainty of bridge attributes, as presented in Table 3 [ 10 , 25 , 35 ], along

ith uncertainties in ground motion. The distribution and parameters

f UHPC’s compressive strength were established based on the recently

ptimized sustainable UHPC [ 34 ]. For the remaining parameters, their

istribution and the characteristics of their distribution were identified

hrough a thorough literature review [ 10 , 25 , 35 ] with characteristics

epresentative of those found in British Columbia, Canada. Highway

ridge columns with an aspect ratio that ranges between 4 and 10, thus

epresenting flexural dominated bridge piers [ 36 ], are considered in this

tudy. The diameter of the bridge column ( 𝐷𝑐 ) is determined as a ratio of

he pier height and aspect ratio. LHS is employed to generate 1520 statis-

ically significant samples of bridges using the parameters’ distributions

n Table 3 . The LHS offers a method for efficient sampling from the vari-

ble distributions [ 37–41 ] and guarantees that each derived bridge class

ample set accurately reflects the range of all parameters. Therefore, it

s important to note that the developed model for this case study is most

pplicable and generalizable to bridge configurations within the param-

ter ranges specified in Table 3 . However, its accuracy may be limited

or bridge structures with significantly different characteristics, and fur-

her validation is recommended for applications beyond this range. 

Twenty near-fault ground motion records from the PEER strong mo-

ion database [ 42 ] were selected for this study. The characteristics of the

elected ground motion are presented in Table 4 . These records feature

riginal PGAs ranging from 0.11 to 0.85 g and are located within 10 km

f the epicenter and, thus, are representative of near-field seismic ef-

ects [ 43 ]. The selected ground motions were spectrally matched to the

niform hazard design response spectra of Vancouver, British Columbia,

anada [ 30 ]. Additionally, the ground motion records are scaled with a

caling factor ranging from 0.25 to 4.0 at 0.05 increment, resulting in a

otal of 1520 varied ground motions. Each bridge sample was randomly

ssociated with a distinct ground motion. Subsequently, a 3D model of

he bridges was developed in OpenSees, and NLTHA was conducted on

ll the combinations of bridge samples. The maximum column drift de-

and was recorded at the end of shaking for each excitation. 
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Table 3 

Uncertainty of bridge characteristics considered in this study [ 10 , 25 , 35 ]. 

Input features Distribution type 

Distribution parameters ∗ 

𝜇∕𝐿 𝜎∕𝑈

Span length, S (m) Normal 41.15 10.61 

Column height, 𝐻𝑐 (m) Lognormal 7.13 1.15 

Compressive strength of UHPC, 𝑓𝑈𝐻𝑃𝐶 (MPa) Normal 181.95 27.43 

Volume fraction of fibers, 𝑉𝑓 ( %) Uniform 1.0 3.0 

Transverse reinforcement ratio, 𝜌𝑡 ( %) Uniform 0.4 1.3 

Longitudinal reinforcement ratio, 𝜌𝑙 ( %) Uniform 1.0 3.0 

Yield strength of reinforcement bars, 𝑓𝑦 (MPa) Normal 475.7 37.9 

Width of the deck, 𝑤𝑑 (m) Normal 12.8 0.61 

Deck mass multiplication factor, 𝑚𝑓 Uniform 0.9 1.1 

Foundation translational stiffness ratio, 𝐾𝑓𝑟 ( %) Uniform 0.5 1.5 

Foundation rotational stiffness ratio, 𝐾𝑓𝑡 ( %) Uniform 0.5 1.5 

Damping ratio, 𝑑𝑟 ( %) Normal 4.5 1.25 

∗ 𝜇: Mean for normal distribution; 𝜎: standard deviation for normal distribution; 𝐿 : lower value 

for uniform distribution; and 𝑈 : upper value for uniform distribution. 

Table 4 

Characteristics of selected ground motions. 

S.N. Earthquake Year Station Distance to fault (kN) Magnitude PGV (cm/s) PGA (g) 

1 Chi-Chi 1999 CHY101 9.9 7.6 65 0.34 

2 Northridge 1994 Newhall-Fire Sta 9.4 6.7 7 0.11 

3 Imperial Valley 1940 El Centro Array #9 6.1 7 30.9 0.28 

4 Kobe, Japan 1995 KJMA 1 6.9 91.1 0.83 

5 Coalinga 1983 Oil City 9.5 5.2 13.6 0.37 

6 Northridge 1994 Sepulveda Hospital 8.4 6.7 77.7 0.75 

7 Imperial Valley 1979 Westmorland Fire 9.8 6.5 12 0.11 

8 Northridge 1994 Arleta-Nordhoff Fire 8.7 6.7 41.1 0.35 

9 Landers 1992 Lucerne 2.2 7.3 133.4 0.73 

10 Loma Prieta 1989 Corralitos 3.9 6.9 56 0.65 

11 Chi-Chi 1999 TCU050 9.5 7.6 36.7 0.15 

12 Imperial Valley 1979 El Centro Array #5 4 6.5 48.9 0.53 

13 Chi-Chi 1999 TCU067 0.6 7.6 92.1 0.5 

14 Northridge 1994 Sylmar-Converter 5.2 6.7 121 0.85 

15 Loma Prieta 1989 LG-Lexington 5 6.9 85.7 0.44 

16 Coalinga 1983 Pleasant Valley P. P 8.4 6.4 39.4 0.3 

17 Kobe, Japan 1995 Takatori 1.5 6.9 120.7 0.62 

18 Loma Prieta 1989 Saratoga-Valley Coll 9.3 6.9 42.1 0.26 

19 Kobe, Japan 1995 Port Island 3.3 6.9 90.7 0.35 

20 Chi-Chi 1999 CHY080 2.7 7.6 106.8 0.81 
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.2. Modelling of seismic response 

In the process of analytical fragility evaluation, fragility curves are

stablished through the execution of numerical simulations, which gen-

rate a set of seismic demand data samples that are subsequently used

or training PSD models. In this study, the 3D numerical model of the

ridge was developed using OpenSees [ 44 ]. Fig. 4 shows the schematic

epresentation of the numerical model. The bridge piers were mod-

lled using displacement-based beam-column elements. Each fiber sec-

ion was divided into concrete fibers (cover and core fibers) and steel

bers. The longitudinal reinforcement is modelled using the uniaxial

teel02 model in OpenSEES. The uniaxial stress-strain response of both

nconfined and confined concrete was simulated using the OpenSees

oncrete01 material model. Thus, the tensile capacity of the concrete

s not considered due to the lack of a reliable model to determine the

ension response of UHPC. For the confined concrete, its properties at

he peak and ultimate states were determined based on the stress-strain

onstitutive model developed in a previous study for confined UHPC

ith normal and high-strength spirals [ 45 ]. Additionally, the geometric

onlinearity is accounted for by incorporating the P-delta effect into the

ridge columns. For dynamic analyses, Rayleigh damping is utilized to

ccount for the first and second vibration modes. 

Furthermore, bridge decks are modelled using elastic beam-column

lements to reflect the expectation that they remain elastic during seis-

ic events. Consequently, the effective stiffness of prestressed concrete

t  

97
ecks is represented by their gross stiffness without accounting for po-

ential concrete cracking. Both diaphragms and expansion joints in the

ecks, as depicted in transverse deck elements (see Fig. 4 ), are sim-

lated using elastic beam-column elements. These elements are de-

igned to be rigid and massless. The deck elements are connected to

he columns using rigid elements to facilitate the transfer of moments

nd forces between adjacent components. As shown in Fig. 4 , expansion

oints between the deck and abutment comprised elements such as elas-

omeric bearings (transverse and longitudinal), a transverse shear key,

nd a component to simulate pounding between the deck and abutment.

lastomeric bearings in the expansion joints are modelled as elastic-

erfectly plastic elements. Pounding between the deck and abutment

s represented using zero-length elements following Muthukumar and

esRoches [ 46 ] compression-only bilinear material model with a gap.

he transverse shear key is simulated with a symmetric trilinear be-

aviour and a gap. Bridge foundations are modelled using lumped linear

ranslational and rotational springs with zero-length elements assigned

t the center of the footings, as shown in Fig. 4 . 

.3. Results and discussion 

Different single and ensemble models such as k-nearest neighbor

KNN), support vector regression (SVR), gradient boosting machine

GBM), and extreme gradient boosting (XGB) are investigated for use as

he base learner for the hybrid ML model. Based on the results of prelimi-
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Fig. 4. Numerical model of the selected bridge. 

Fig. 5. PSD of UHPC column drift demand. 

n  

a  

m  

e  

t  

t  

a  

m  

e  

f  

c  

e

 

t  

i  

s  

p  

m  

Fig. 6. PSD for column drift based on conventional method. 

Fig. 7. Predicted versus actual PSD for column drift based on the conventional 

linear regression and proposed hybrid ML model. 
ary investigations, XGB is used as the primary model, while GBM, KNN,

nd SVR are used as the secondary models in the proposed hybrid ML

odel. The hyperparameters of both the primary and secondary mod-

ls, as well as the weight of each secondary model, are optimized with

he use of Optuna [ 47 ] in conjunction with 10-fold cross-validation. The

raining of the hybrid ML model was performed on a Razer laptop with

n Intel Core i9 processor and 32GB RAM and required 1 hour and 57

in. Once trained, the inference phase remained highly efficient, with

ach sample processed in 4.2 milliseconds. The integration of Optuna

or hyperparameter optimization further improved computational effi-

iency by automating the tuning process, reducing manual effort, and

nsuring optimal model performance. 

Fig. 5 shows the predicted versus actual PSD for the column drift ra-

io. Moreover, Table 5 presents the predictive performance of the model

n terms of the different statistical performance metrics. As can be ob-

erved in Fig. 5 , the hybrid ML model achieved a satisfactory level of

rediction accuracy across both training and test datasets. Notably, the

odel demonstrated a strong ability to generalize to unseen data, as ev-
98
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Fig. 8. PSD of UHPC column drift ratio based on different ML models. 

Fig. 9. SHAP summary plot. 

Table 5 

Performance measures of PSD prediction for UHPC bridge columns’ drift demand. 

Model Training dataset Test dataset 

RMSE ( %) MAE ( %) R2 ( %) RMSE ( %) MAE ( %) R2 ( %) 

KNN 1.54 1.15 41.46 1.44 1.18 40.05 

SVR 0.65 0.29 89.64 0.93 0.68 74.86 

GBM 0.09 0.07 99.81 0.79 0.56 82.12 

XGB 0.55 0.35 92.44 0.68 0.49 86.65 

Hybrid 0.39 0.25 96.17 0.64 0.47 88.10 

99
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Fig. 10. Fragility curves generated based on the hybrid ML model and the resulting functionality recovery profile and seismic resilience. 
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denced by the consistency of performance metrics between the training

nd testing phases. For instance, it achieved a remarkably low RMSE of

.39 % in the training dataset and 0.64 % in the test dataset, which sig-

ifies a minimal deviation from the actual values, as listed in Table 5 .

urthermore, the achieved MAE values of 0.25 % for training and 0.47 %

or test datasets reinforce the prediction accuracy of the model, which

ighlights its consistent performance across different data sets ( Table 5 ).

oreover, it showed a high coefficient of determination for both train-

ng and test datasets, as can be seen in Fig. 5 and Table 5 . 

Based on the conventional linear regression of the PSD model, the

esulting equation is shown in Fig. 6 . This figure also shows the resulting

quation in which 𝑦 = ln ( 𝛿) and 𝑥 = ln (𝐼𝑀 ) . Moreover, Fig. 7 compares

he traditional PSD model with the proposed hybrid ML model in terms

f the scatter plots of the predicted versus actual PSD for column drift

emand. As can be seen in this figure, the conventional single variable

i.e., IM) based PSD model is inadequate, while the proposed hybrid ML-

ased multivariable PSD model showed a higher degree of predictive

erformance. 

The accuracy of the proposed hybrid ML model is further investi-

ated by comparing it to other ML models; namely, KNN, SVR, GBM, and

GB. It is observed that the proposed hybrid ML model has the highest

SD predictive performance with the lowest error metrics and highest
100
2 in comparison to other ML models, as listed in Table 5 . Among the

ase models, the XGB model showed the highest prediction accuracy,

hile the KNN model showed the least prediction accuracy, as can be

bserved in Table 5 . This can further be observed in Fig. 8 , which com-

ares the predicted versus actual values of the PSD result for column

rift demand. As can be seen in this figure, the GBM showed a clear over-

tting, while the other models showed poor performance across both the

raining and test datasets. However, the proposed hybrid ML model has

uperior prediction capability and generalization ability across unseen

ata as it leverages the strengths of individual models while mitigating

heir weaknesses in order to produce enhanced overall performance. 

The SHAP method is used in this study to investigate the influence of

ifferent input features on the PSD for column drift ratio. Fig. 9 shows

 SHAP summary plot in which the input factors are arranged on the

-axis by their level of impact on the PSD prediction, with the most in-

uential factor at the top. Moreover, the magnitude of the influence of

ach input is presented in the x-axis through the SHAP values. As can be

een in Fig. 9 , the ground motion intensity has the highest significant in-

uence on the PSD for column drift. This result is in agreement with the

revious study for conventional concrete bridges [ 10 ]. The bridge pier

olumn diameter is found to be the second most influential parameter,

ollowed by the span length and damping ratio. In addition to the order
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f the significant effect of the input features, the SHAP summary plot

hows the direction of their effect on the predicted PSD. For example, an

ncrease in PGA and bridge span increased the drift demand, whereas a

arger column diameter reduced the drift demand. In addition, the input

eatures such as the damping ratio, concrete compressive strength, and

ongitudinal reinforcement ratio are shown to have a mitigating effect

n drift demand, with their increase leading to reduced predicted drift

emand. 

Given its high predictive capability, the developed hybrid ML model

s utilized to develop the fragility curves based on the methodology dis-

ussed earlier. The resulting fragility curves for the bridge column are

hown in Fig. 10 a for all four damage states. The developed multivari-

te fragility curves can then be used to determine the vulnerability of

HPC bridges and potential losses resulting from earthquakes. Using the

ragility analysis results and the methodology presented in Section 2.2,

he functionality and resilience of the bridge are evaluated. Fig. 10 b

llustrates the functionality recovery profiles of the bridge system un-

er varying earthquake intensities. It can be observed that as the earth-

uake intensity increases, the residual functionality of the bridge sys-

em decreases due to the higher damage levels sustained. The recovery

rocess is gradual, with functionality being restored over time; how-

ver, for higher PGA, the damage requires more extensive repair time.

ig. 10 c shows the variation in the seismic resilience of the bridge as

 function of earthquake intensity. A clear declining trend in resilience

s observed with increasing PGA, which highlights the escalating chal-

enges in restoring functionality. This trend reflects the compounded ef-

ects of higher damage levels, which not only prolong the repair process

ut also diminish the system’s capacity to recover efficiently. As shown

n this figure, the resilience of the bridge decreases with an increase

n the ground motion intensity, which demonstrates more significant

hallenges in restoring functionality due to higher damage levels that

rolong repairs and reduce recovery efficiency. 

. Conclusions 

An efficient seismic fragility assessment approach is essential to en-

ble accurate seismic vulnerability assessment of UHPC bridges. How-

ver, the conventional seismic fragility assessment approach may not

ccurately reflect the varied nature of bridges within a specific category

s it disregards critical bridge characteristics like bridge geometries.

oreover, there is a lack of seismic fragility and resilience assessment

or UHPC bridges. Therefore, this study introduces a multivariate and

ridge-specific seismic vulnerability and resilience assessment method

or UHPC bridges. This method incorporates a hybrid ML model that

ccounts for uncertainties in bridge characteristics and ground motion.

he proposed methodology involves a systematic identification and se-

ection of the critical design parameters and their uncertainties, gen-

ration of the UHPC bridge database using the LHS technique consid-

ring different sources of uncertainties, determination of demand pa-

ameters at different damage states, generation of PSD models using

ybrid ML model, generation of capacity and demand database using

he proposed PSD models and uncertainty in the capacity, and gener-

tion of fragility curves. The effectiveness of the proposed approach

s benchmarked against the conventional single parameter-based PSD

odel. Furthermore, the predictive performance of the proposed hybrid

L model is evaluated in comparison with widely used ML models in

xisting literature. Additionally, the SHAP method is employed to ex-

lore the impact of various factors on the PSD for the drift demand of

he bridge column. The results of fragility analysis are used to perform

unctionality recovery and resilience assessment of the UHPC bridge. 

The following conclusions can be drawn from the results of the cur-

ent study: 

• Among the models investigated for use as base learner for the hybrid

ML model, the XGB emerged as the most effective model in predict-

ing the PSD for column drift demand. 
101
• The hybrid ML model achieved satisfactory accuracy in estimating

the PSD for column drift ratios with a high coefficient of determina-

tion ( 𝑅2 = 88 . 1% ) and low error metrics on the test set. 

• Compared to traditional single parameter-based PSD models, the hy-

brid ML model exhibited significantly higher prediction accuracy.

The conventional PSD model showed inadequate prediction accu-

racy. These results highlight the limitations of single parameter con-

ventional PSD models in capturing drift demand complexities. 

• The results of the SHAP analysis on the box-girder bridge used as a

case study revealed that the ground motion intensity measure (PGA

in this study) was the most influential factor on PSD for UHPC col-

umn drift demand, followed by the bridge span and column diame-

ter. 

• The proposed hybrid ML-based seismic vulnerability and resilience

approach enables efficient and bridge specific seismic vulnerability

and resilience assessment of UHPC bridges. 

• The residual functionality of the bridge system decreases with an

increase in the ground motion intensity due to the higher damage

levels sustained. Consequently, higher intensities also lead to lower

overall resilience of the bridge. 

The developed multi-variate fragility assessment approach facilitates

eismic vulnerability assessment and resilience assessment of UHPC

ridges, thus supporting informed decision-making in bridge design and

etrofitting. While this study presents a novel hybrid ML-based frame-

ork for evaluating UHPC bridges, its applicability is demonstrated us-

ng a case study focused on box-girder bridges. Nevertheless, additional

esearch is necessary to explore the applicability of the proposed method

cross a broader range of UHPC bridge types beyond the box-girder

ridges examined in this study. Furthermore, future studies could in-

estigate the impact of training dataset size on model performance as

ell as evaluate the sensitivity of the model to different IMs to assess

heir influence on predictive accuracy and efficiency. 

elevance to resilience Content 

The paper presents a hybrid machine learning-enabled framework

or multivariate bridge-specific seismic vulnerability and resilience as-

essment of ultra-highperformance concrete (UHPC) bridges. It con-

iders bridge-specific characteristics and uncertainties, which enables

ore accurate seismic demand modeling and fragility analysis. Thus,

he study enhances proactive planning, informed decision-making, and

daptive responses to ensure the continued functionality and safety of

HPC bridges. 
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