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A B S T R A C T

Beam–column joint connections are critical for precast concrete frames to resist collapse, yet their internal load 
transfer mechanisms and demand-side uncertainties remain underexplored. This study develops a preliminary 
reliability-aware collapse-resisting design framework for a high-performance dry connection, incorporating 
strengthened steel angles and high-strength bolts. The design part begins with the identification of load transfer 
mechanisms and configuration optimization to eliminate undesirable failure modes based on detailed finite 
element models. Thereby the design focuses on estimating the upper-bound of the column bolt axial force de
mand, derived based on rebar ultimate strengths. The reliability assessment of the derived demand relies on: (1) 
a newly developed and validated macro joint model, alleviating the computational burden of repeated model 
evaluations; and (2) a modified active learning probabilistic integration method ensuring highly efficient reli
ability assessment using a small number of model evaluations. The learning function and the point selection 
strategy are tailored to the highly nonlinear nature of the involved performance function. Material uncertainties 
in the structural components connected by the joint are explicitly considered because they significantly influence 
joint demands. Moreover, variance-based global sensitivity analysis and local reliability sensitivity analysis are 
performed by post-processing the Gaussian process regression model obtained from the reliability assessment. 
The results indicate that the rebar ultimate strength, yield strength, and fracture strain are the most influential 
random variables affecting the design reliability. Their mean values are recommended to be explicitly considered 
in the design phase in future research; tighter quality control on rebar production, aimed at reducing material 
property variability, can further improve the design reliability.

1. Introduction

Structural progressive collapse is a system-level failure phenomenon 
that initiates from a local failure, caused by accidental loads or con
struction defects, which triggers a chain reaction of damage propagation 
throughout the connected structural system. This cascading failure ul
timately leads to a collapse disproportionate to the initial cause, 
generally leading to catastrophic consequences [1–3]. To mitigate the 
structural collapse, several design codes and regulations [4–8] have 
introduced collapse-resisting design strategies. Extensive studies have 
been conducted on reinforced concrete (RC) frame structures, showing 
that they engage sequential resistance mechanisms: beam flexural ac
tion, compressive arch action (CAA) [9–11], and catenary action (CA) 

[12–14], during progressive collapse. The maximum vertical deforma
tion can exceed one-fifth of the clear beam span [6], imposing sub
stantial demands on the performance and integrity of the beam–column 
joints, which become the critical part in mitigating progressive collapse.

Despite the merits provided by the deterministic analysis, the 
inherent uncertainties involved in the structures are also imperative to 
be considered [15,16], and due to the data scarcity on accidental loads 
and corresponding initial local failure, the probabilistic analysis mainly 
focused on the structural collapse resisting behavior itself. Brunesi et al. 
[17] derived a fragility function-based structural robustness assessment 
method, indicating that the robustness could be increased when seismic 
detailing and second beams were involved. Li et al. [18] proposed a 
collapse probability index for structural collapse considering all initial 
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local failures of critical load-bearing components, and derived a 
simplified fragility curve under different gravity load levels. More spe
cifically, Yu et al. [19] focused on uncertainties of the frame structure in 
resisting progressive collapse under certain column removal scenarios, 
identifying that the gravity load and reinforcement properties were two 
critical types of uncertainties affecting collapse resisting performance. 
Feng et al. [20] and Gan et al. [15] proposed different robustness 
quantification frameworks without and with considering the initial 
failure, respectively; Lin et al. [21] employed an energy-based method to 
quantify the structural collapse resisting-capacity under dynamic sce
narios. Similarly, Ding et al. [22] provided the quantification of model 
uncertainties of the energy-based method in dynamic column removal 
scenarios, and then Ding and Chen [23] established a collapse failure 
criteria. Furthermore, Ribeiro et al. [24] also managed to derive a risk- 
based collapse-resisting design framework for RC frame structures 
considering different level of local failure probabilities.

Notably, prior studies have primarily focused on reliability analysis 
at the global level of RC frame structures, without requiring a dedicated 
investigation of joint connectivity, as the joints are cast monolithically 
with adjacent members. However, in precast concrete (PC) frame 
structures, especially for those employing dry connections which offer 
advantages in construction speed and quality control [25], the effec
tiveness of joint connectivity must first be ensured. Given the inherent 
uncertainties in RC structural components, particularly those associated 
with material properties, the demand imposed on the joint connectivity 
during collapse scenarios is also influenced. As a result, ensuring the 
joint’s capacity under such uncertain demand conditions is essential for 
the overall collapse resistance of PC frames, which are composed of 
different types of RC structural components connected by joints. This 
aspect has not received as much attention in existing studies [16], where 
the major focus has been on deterministic assessments of collapse 
resistance for various types of dry connections [26–28] and their 
resisting mechanisms at the structural level [27,29,30]. This discon
nection highlights at least two gaps existing in the literature, namely: the 
lack of a targeted joint demand design that captures the joint distinct 
load transferring mechanisms under collapse conditions; and the 
absence of uncertainty quantification for the joint demand induced by 
the material variability of connected structural components. This study 
aims to address both gaps to develop a high-reliability dry connection 
with robust collapse resisting performance.

To address the first gap, namely the lack of a collapse-resisting design 
for joint connections, a series of deterministic analyses are conducted in 
this study. A high performance beam–column connection, utilizing steel 
angles and high-strength bolts [27,29,31], is firstly selected as the study 
object, due to its superior joint integrity compared to corbel-bolt con
nections [25,28,32,33] and direct welding connections [26,34,35]. A 
finite element (FE) model-based connection optimization is then per
formed to avoid undesired joint failure modes, followed by identifica
tion of its distinct load transfer mechanism. On such a basis, an upper 
bound of the joint demand is derived and adopted as a design target for 
the reliability-aware connection design.

The second gap lies in efficient reliability analysis of the derived 
demand, which might involve costly model evaluations and quite small 
failure probabilities, making some traditional reliability analysis ap
proaches [17,21] infeasible due to a substantial number of model 
evaluations required. Therefore, in this study, a macro joint model is 
developed and validated as a simplification for the costly detailed FE 
model, while preserving sufficient fidelity for reliability estimations; the 
active learning probabilistic integration (ALPI) method [36,37] that can 
efficiently assess small failure probabilities is adopted, and the learning 
function is modified to select the most informative and diverse evalua
tion points.

This work is organized as follows. The first step consists of selecting 
the type of connection along with the development and validation of a 
FE model. This is discussed in Sections 2 and 3. On this basis, key con
tributions of this study are: 1) configuration optimization and 

identification of connection load transfer mechanisms, and the deriva
tion of the collapse-resisting design method (Section 4); 2) establish
ment of a macro joint model that captures the joint load transfer 
mechanisms whose numerical evaluation is inexpensive while preser
ving sufficient prediction fidelity (Section 5); 3) modification of the ALPI 
method for reliability assessment of strongly nonlinear structural 
collapse problems, (Section 6); 4) global sensitivity analysis and reli
ability sensitivity analysis by post-processing the Gaussian process (GP) 
regression model obtained from the reliability assessment, identifying 
both the most influential random variables and their corresponding 
most influential distribution parameters (Section 7). Finally, concluding 
remarks are given in Section 8.

2. Overview of the studied joint connection

The joint connection selected consists of strengthened steel angles 
and high-strength bolts, as shown in Fig. 1. The bolts installed on the 
column and beam are connected via the strengthened steel angles, 
enabling load transfer as the beam deforms during collapse. This joint 
design was proposed in previous studies [29,31] as an improvement 
over earlier versions employing ordinary steel angles; it primarily un
derwent flexural deformation and tended either to fail in the early stages 
of collapse or to induce excessive torsional stress in the column bolts, 
eventually leading to bolt fracture that contradicted conservative design 
expectations [31]. Such failure modes are difficult to control and should 
therefore be avoided. Accordingly, it becomes evident that by incorpo
rating ribs onto steel angles, namely the strengthened steel angle, the 
load transfer between the beam and column bolts can be effectively 
maintained, and undesired irregular bolt deformations can be alleviated 
in the meantime. In addition, the load transfer between the beam in
ternal force and the joint should also be ensured. Therefore, a welding 
anchorage for the longitudinal rebars in the beam ends is introduced. As 
displayed in Fig. 1, the rebar ends are welded to embedded steel plates at 
the beam ends, which then transfer the rebar axial force to the beam 
bolts. As a result, the primary load transfer path in the joint region 
follows the path: beam longitudinal rebars (concrete)––embedded steel 
plates––beam bolts––steel angles––column bolts––column.

Although previous studies have examined the performance of the 
joint connection under collapse scenarios [29,31], its underlying load 
transfer mechanism remains unclear due to limitations in data acquisi
tion in a collapse test. Therefore, the finite element (FE) model is 
employed herein to enable a detailed analysis of the internal force 
development within the joint region. Accordingly, the loading condition 
effects and further configuration optimization for the joint are investi
gated first, and the corresponding joint design method is developed in 
following sections.

3. Detailed FE model establishment and validation

3.1. Experimental basis from prior work

In the present study, the FE model is established using LS-DYNA, and 

Fig. 1. Joint connection utilizing strengthened steel angles and high- 
strength bolts.
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validated based on progressive collapse analysis on the PC beam–col
umn assembly employing the corresponding dry connection scheme. 
The assembly includes two beam–spans, one middle column stub, and 
two side columns with the right-hand one being connected to a beam 
extension, as elaborated in Fig. 2. In addition, the cubic concrete 
strength is 43.5 MPa, and the grouting cement mortar bending strength 
is 88 MPa. All the other material properties are available in [29]. The 
test setup is displayed in Fig. 3. The assembly was constrained by 
pin–pin connections to the reaction frame at top of both the side columns 
and the beam extension, and pinned supports at bottom of the side 
columns, which were exerted an axial force of 200 kN through a self- 
balance loading system. After exerting the axial load, a uniformly 
distributed load was applied, as shown in Fig. 3.

3.2. FE model establishment

This section presents the general modelling strategy, while detailed 
information is provided in Appendix A, including distinct modelling 
settings for the joint and restraints adopted from previous FE studies 
[31,38]. The simulations are conducted on a workstation equipped with 
an Intel Core i9-12900 K CPU and 128 GB RAM. The FE model contains 
132,506 elements, and the total number of degrees of freedom is 
approximately 526,863. The wall-clock computation time for one 
analysis is approximately 20 h.

3.2.1. Element types and material models
The numerical model is shown in Fig. 4. Concrete and steel compo

nents are modelled using 8-node solid elements with single-integration 
point, while the rebars and bolts are modelled using 2-node Hughes- 
Liu beam elements with 2 × 2 Gauss quadrature integration [39]. Re
bars embedded in concrete are modelled using an embedded-beam-in- 
solid coupling approach. The continuous surface cap model is adopted 
for concrete [30,39,40] and a piecewise linear plastic model is adopted 
for rebars and steel components [31]. The dry connection joint is fully 
replicated in the FE model, and the details are explained in Appendix A.

3.2.2. Boundary conditions and loading methods
In the FE model, the horizontal restraint, the pinned supports, the 

self-balanced axial loading system, and the load distribution device are 
modelled using methods reported in [31,38]. The axial stiffness of the 
horizontal restraint is determined to be 15000 N/mm here. At all free 
ends of the connections and at supports away from the assembly, the 
nodes are fully restrained in all degrees of freedom. In addition, out-of- 
plane constraints are implemented by constraining the translational 
degree of freedom in y-axis of the beam. A displacement load is applied 
on top of the load distribution device, as seen in Fig. 4.

3.3. Comparisons between the simulation and the experimental results

Fig. 5 shows comparisons of load and horizontal reaction force of the 
FE model against the test results. During the experiment, when the 
middle joint displacement (MJD) exceeded 300 mm, the loading point 

on the device became jammed, making the subsequent response strongly 
test-setup-specific, instead of depending purely on the structural 
response [29]. As shown in Fig. 5, when the MJD approaching 300 mm, 
a slight re-increase of the load is observed followed by a sharp increase 
due to a fully jammed condition of the loading points. Therefore, vali
dation of the FE model’s accuracy is confined to structural responses 
prior to a MJD of 300 mm. The FE model shows a bit higher initial 
loading stiffness compared to the test specimen, mainly due to the 
simulation of the complex set-up of the horizontal restraints. In the test, 
each horizontal restraint consists of bolts, load cells, and joint revolutes, 
and their connection/interaction behaviors may change during the 
loading process, for instance, due to clearance, friction, or slight slip
page. These behaviors are hard to quantify and be implemented in the FE 
model. Therefore, the primary objective of the numerical model is to 
achieve overall agreement with the experiment.

The corresponding deviations regarding the first peak load and the 
maximum compressive horizontal reaction force are 4% and 11%, 
respectively. The damage patterns at this deformation state are also 
compared in Fig. 6. In the FE model, the damage condition is repre
sented by the distribution of the effective plastic strain which can be 
interpreted as concrete crack developments, and element deletion that 
refers to severe concrete damage [39]. The comparison results demon
strate that the FE model accurately reproduces the observed damage 
patterns.

Notably, the validation range covers the relatively complex pro
gressive collapse stage governed by CAA, in which the beam and joint 
region are subjected to combined bending and axial compression. After 
this stage, the specimen would transition toward the CA stage, where the 
joint response is dominated by axial tension transferred from the beam 
longitudinal rebars [30]. This loading state is comparatively simpler and 
can be captured by the established model, as evidenced in our prior 
study on similar joint and structural configurations [31].

In summary, the FE model has undergone rigorous validation, 
exhibiting high simulation accuracy. The model suitability is then 
established for subsequent joint load transfer analyses and the calibra
tion of simplified models.

4. Axial force demand estimation method of high-strength bolts 
from a collapse-resisting perspective

Building upon the validated FE model, this section conducts an in
ternal force analysis to identify the loading condition that generates the 
highest demand on the joint. In parallel, the deformation behavior of the 
steel angle during collapse is closely examined, as the ribbed steel angle 
may exhibit irregular deformation under ultimate collapse conditions 
due to its complex geometry. This deformation is difficult to quantify 
through theoretical calculations and can induce undesired stress con
centrations in the column bolts, potentially leading to unexpected fail
ure, as discussed in Section 2. To address this issue, a configuration 
optimization of the steel angle is performed using the FE model, which 
helps mitigate such irregularities and facilitates the subsequent design 
process. With the steel angle deformation effectively controlled, the 

Fig. 2. PC beam–column assembly configurations (Unit: mm).
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design focus shifts to estimating the axial force demand in the column 
bolts, based on an understanding of the load transfer mechanism within 
the joint region.

4.1. Loading condition effects

Pham and Tan [41], and Qian et al. [42] showed that different 
loading conditions, i.e., concentrated load (CL) on the lost column and 
uniformly distributed load (UDL) on the beam components, can induce 
distinct collapse responses in beam–column assemblies. Therefore, the 
loading condition effects on the joint internal force development is 
investigated with the middle joint being loaded up to 600 mm, 
exceeding 1/5 of the clear beam span (i.e., 520 mm) to satisfy the DoD 
regulation [6]. Fig. 7 shows that the bolt axial force experiences an 

initial peak during the CAA stage, but the largest bolt axial force is 
induced in the CA stage, at the end of the collapse process. The overall 
trend is comparable under UDL and CL, with a marginal difference be
tween the maximum bolt forces under UDL (108 kN) and CL (100 kN) for 
the side and middle column sections, respectively.

The relationships between the beam end rebar tensile strain and the 
MJD, as well as between the bolt axial force and the rebar tensile strain, 
are further explored, as shown in Figs. 8 and 9. It is evident that for 
achieving the same level of the MJD in large deformation range, the 
tensile strain demand on the rebar is significantly higher under UDL, 
compared to CL. The peak tensile strain under UDL even exceeds 0.6, as 
UDL induces a significantly large beam end rotation [29], which is 
nearly unachievable in practice. Furthermore, Fig. 9 demonstrates that 
the bolt axial force under CL exceeds that under UDL as rebar tensile 
strain exceeds 0.08—approximately corresponding to the point at which 
the rebar in the compressive region transitions into tension, since the 
transition occurs earlier under CL (i.e., at a strain of 0.09) than under 
UDL (i.e., 0.24), as shown in Fig. 10. After both the top and bottom 
rebars at the beam end enter tension, the bolts are subjected to greater 
bending moments transferred from the rebars—more so under CL than 
under UDL.

In summary, although UDL yields a slightly higher peak bolt axial 
force, it requires unrealistic rebar strain to reach such deformation. In 
contrast, the CL condition produces greater bolt axial force in a more 
feasible strain range and induces more significant force transfer due to 
earlier transition to tension state of both rebar layers. Therefore, the CL 
condition should be regarded as a critical loading condition for 
following development of the design method.

Fig. 3. Progressive collapse test setup: loading method and boundary conditions.

Fig. 4. Geometric model of the beam–column assembly and joint details.
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4.2. Optimization of the steel angle configuration

As outlined in Section 2 and reiterated at the beginning of this sec
tion, irregular deformation of the steel angle should be avoided, as it is 
difficult to control and quantify, especially with regard to its adverse 
effects on the bolts. To this end, a FE model-based optimization of the 
steel angle configuration is performed.

Through trial and error, the optimized configuration is demonstrated 
in Fig. 11. A central rib is added at the midpoint between the bolt holes, 
to suppress local buckling. Besides, the number of bolts on the beam side 
is doubled relative to that on the column side to ensure a tight 
connection between the steel angle and the beam, thereby avoiding 

undesired localized deformation that could complicate the design pro
cedure. The final deformation states of the steel angle before and after 
optimization are displayed in Fig. 12. Using the optimized configura
tion, the steel angle only enters a minor yield state and experiences tiny 
deformation when the beam–column assembly enters the final collapse 
state. The corresponding maximum von Mises stress is 269 MPa, 
approximate to the yield stress 262 MPa. However, the original steel 
angle deforms obviously and irregularly, with the maximum stress 
reaching 371 MPa.

Test

FE model

Fig. 6. Damage patterns when MJD reaching 300 mm.
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4.3. Development of estimation method of upper bound of the bolt axial 
force

Before deriving a bolt force estimation method—key for the collapse- 
resisting design of the joint—the load transfer mechanism is first 
explored to provide theoretical support. The fact that both top and 
bottom rebars are in tension suggests that the entire cross-section is 
subjected to a tensile state at the ultimate state in the CA stage. There
fore, the load diagram of the joint at the ultimate state can be interpreted 
as that shown in Fig. 13: 1) the collapse resistance P is provided by the 
vertical component of the rebar axial force; 2) by considering a tiny 
rotation of the whole beam end, including the steel angles, about the top 
edge of the upper steel angle, the bolt axial force and the rebars are 
expected to contribute comparable moments with respect to the rotation 
center.

Corresponding force equilibriums to be checked are listed as follows: 

Pʹ = 2(FRT + FRB)sinθ, (1) 

MB = FBT(ls − lb)+ FBB(ls + lb + h), (2) 

MR = FRTcosθ(lct + ls)+ FRBcosθ(h − lcb + ls)+ (FRT + FRB)sinθls, (3) 

where, P′ is the calculated collapse resistance based on the rebar axial 
force, and FRB and FRT are the total axial forces of the bottom and top 
rebars, respectively; MB and MR are the moments contributed from the 
column bolts and rebars, respectively, while FBT and FBB are the total 
axial forces of the top and bottom bolts, respectively; ls and lb are the 
lengths of the steel angle and distance from the bolt to the beam surface, 
respectively; lct and lcb are the top and bottom rebar distances from rebar 
center to the top and bottom surface, respectively, and θ is the rotation 
of the beam that can be calculated by 

θ = arctan
Δ
L
, (4) 

where, Δ refers to the MJD in this study that is determined as 600 mm, 
and L is the clear span between the joint edges, namely 2350 mm.

The calculated collapse resistance P' is 127 kN, only 1% smaller than 
the FE model result of 128 kN; the moment contribution from the col
umn bolts and rebars are 72 kN⋅m and 71 kN⋅m, respectively, of which 
the discrepancy is also only 1%. These good agreements show the 
adequateness of the load diagram. Based on this, the upper bound of the 
column bolt axial force, FUB can be derived following two principles: 1) 

12530 30

12
5

150

R11

37.5 37.5

65

15
0

Fig. 11. Optimized configuration of steel angle.

(a) Overall deformation-original steel angle (b) Overall deformation-optimized steel angle

`

(c) Steel angle deformation-original (d) Steel angle deformation-optimized

Fig. 12. Steel angle deformation state.
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in the ultimate state, the rebar in the initial compression region ap
proaches the ultimate strength in tension (518 MPa to 595 MPa), the 
corresponding estimation then adopts a stress state of both top and 
bottom rebars reaching ultimate strengths; 2) the top column bolt 
contribution is omitted. Finally, the estimation can be done using: 

FUB =
FRTcosθ(lct + ls) + FRBcosθ(h − lcb + ls) + (FRT + FRB)sinθls

h + ls + lb
, (5) 

where for this case, the estimated value is 85 kN, 8% greater than the 
actual axial force. Notably, this function does not take into account the 
effect of fractures of the rebar, as the ultimate strength is assumed for 
both layers of the rebars to be conservative. Nevertheless, rebar fracture 
should be involved in estimation of the real bolt force, as it affects the 
final rebar stress state.

5. Development and validation of the simplified model 
considering the joint details

5.1. Model configuration and macro joint

The simplified model is displayed in Fig. 14, which is established on 
the basis of the detailed model with optimized steel angles, and shares 
similar boundary conditions. The software LS-DYNA is also utilized due 
to its proven excellent collapse simulation capacity using even the fiber 
model [15,43] and the purpose of using the same solving algorithm for 
the detailed and simplified model. The beam section is partitioned into 
several fibers with different integrations for concrete and rebars. The 
macro joint model is composed of boundary elements, a series of spring 
elements, and co-displacement constraints, as shown in Fig. 14. For the 
bolt springs, a nonlinear elastic spring model is adopted to define their 
mechanical behaviors, which are marked in a red color. They share the 
same characteristics with the column spring in compression, to capture 
the nearly incompressible column with steel tubular section. However, 
considering that the beam and column components are merely con
nected by the bolts, the tensile mechanical property, which is deter
mined by the bolt dimensions and its mechanical property directly, is 
only involved in the bolt springs, as illustrated at the bottom of Fig. 14. 
The bolt springs are located according to the real joint configuration, 
while the co-displacement constraints are set at the bottom and top of 
the steel angle edge at the side and middle column, respectively, 
consistent with the load diagram discussed above.

5.2. Element type and material model

The Hughes-Liu beam element is adopted for the boundary, beam 
end, and fiber beams. The piecewise linear plastic model is adopted for 
the boundary elements with the elastic modulus being set as 2 × 104 GPa 
to ensure its stiffness. The joint beam ends are set as rigid, connected to 
the boundary elements. Each integration point in the fiber beam ele
ments adopts the same material model that can simulate both the con
crete and rebar behavior. For the concrete, the confinement effect is 
implemented by increasing the uniaxial compressive strength based on 
the Mander’s model [44]. For the rebars, a typical stress–strain rela
tionship is adopted, comprising an elastic stage, a yield plateau, and a 
strain-hardening stage. And the rebar fracture is activated when its axial 
stress exceeds a predefined value. Details of the simplified model 
establishment are illustrated in Appendix A.

5.3. Simplified model validation

As discussed in Section 4, both the ultimate strength and fracture 
strain of the rebars are critical for accurately estimating the maximum 
bolt axial force. To validate the effectiveness of the proposed simplified 
FE model, three pairs of detailed and simplified models are established 
using varying rebar ultimate strengths and fracture strain values. The 
selected ultimate strengths include 595 MPa in models D1 and S1 (from 
the selected experimental test), 547 MPa in models D2 and S2 (an 
additional sampled value), and 517 MPa in models D3 and S3 (the sta
tistical mean value, to be presented in a subsequent section). Corre
sponding fracture strains are 0.137 (experimental value), 0.13 (sampled 
value), and 0.12 (statistical mean). Note that D and S refer to the 
detailed and simplified FE models for simplicity.

Fig. 15 displays the comparison of the load–displacement curves and 
bolt axial force development with increasing MJDs between the detailed 
and simplified FE models. In general, the load–displacement curve 
agrees well between the two types of FE models, and the rebar fracture 
in the simplified model is also simulated well compared to the detailed 
one. As the simplified model accounts only for the axial mechanical 
behavior of the bolt, the resulting axial force is underestimated 
compared to the detailed model in the CAA stage. However, with the 
assembly entering the CA stage, the bolt force replication becomes ac
curate with the maximum deviation being 4%, since the joint model is 
developed based on the load transfer characteristics in this stage. 

Fig. 14. Simplified model.
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Furthermore, given that the primary objective of the simplified model is 
to capture the maximum (ultimate) column bolt axial force, the under
estimation observed in the CAA stage does not compromise the failure 
prediction. Therefore, the simplified model is considered suitable for use 
in subsequent reliability analysis.

6. Reliability analysis of connection design based on modified 
ALPI method

In this section, the modification and implementation of the ALPI 
method is presented, through which the reliability of the designed bolt 
axial force demand is assessed. Based on the reliability evaluation, an 
iterative design improvement procedure is applied, in which an ampli
fication factor is introduced to scale the input design parameters and 
thereby increase the designed demand until the target reliability index is 
achieved. This will be detailed in the following subsections.

6.1. Theoretical background of ALPI

Let X = [X1,X2, ...,Xd] ∈ X ⊆ Rd denotes a vector of d random var
iables with a known joint probability density function (PDF) fX(x). 
Considering the performance function Y = g(X) : X ↦y, the failure 
event is characterized as F = {x ∈ X : g(x) ≤ 0}. The corresponding 
failure probability Pf is defined as follows: 

Pf =

∫

X

I(x)fX(x)dx, (6) 

where the indicator function I(x) is defined as: 

I(x) =
{

1, if g(x) ≤ 0
0, if g(x) > 0 . (7) 

In the ALPI method, g(⋅) is interpreted as being random in a Bayesian 
sense as it is numerically unknown until we evaluate it at any given x. As 
evaluating g(⋅) at every possible location is infeasible and impossible, 
epistemic uncertainty exists wherever g(⋅) has not been computed. In 
turn, this kind of uncertainty propagates into the indicator function I(x) 
and the failure probability estimate. Consequently, the ALPI method is 
intended to quantify, propagate and reduce the epistemic uncertainty, to 
estimate the failure probability with fewer evaluations of the compu
tationally expensive performance function.

In ALPI, a prior distribution is first built for g(⋅), and typically a GP 
model is adopted. In this context, a GP prior is first placed over g(⋅) with 
the prior mean, mĝ0 (x), and covariance kĝ0 (x,xʹ): 

ĝ0 ∼ G P
(
mĝ0 (x), kĝ0 (x,x

ʹ)
)
, (8) 

where ĝ0 denotes the prior distribution of g(⋅) without conducting any 
evaluations; mĝ0 (x) and kĝ0 (x,xʹ) are the prior mean and covariance, 
respectively. After training the GP model on observations D = {Xobs, y}
(Xobs = {x(i)}

n
i=1 with x being the i-th row of Xobs, and y = {y(i)}n

i=1 with 
y(i) = g(x(i)) being the ith row of y), and a new GP posterior distribution 
of g(⋅) can be obtained: 

ĝn ∼ G P
(
mĝn (x), kĝn (x,xʹ)

)
, (9) 

where, the posterior mean and covariance functions are analytically 
available: 

mĝn (x) = mĝ0 (x)+kĝ0 (x,Xobs)
TK− 1

ĝ0

(
y − mĝ0 (Xobs)

)
, (10) 

(a) Load–displacement: D1 vs. S1 (b) Load–displacement: D2 vs. S2

(c) Load–displacement: D3 vs. S3 (d) Column bolt axial force development
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kĝn (x,xʹ) = kĝ0 (x,x
ʹ) − kĝ0 (x,Xobs)

TK− 1
ĝ0

kĝ0 (Xobs,xʹ), (11) 

where, mĝ0 (Xobs) is an n × 1 mean vector, in which the i-th element is 
mĝ0

(
x(i)); kĝ0 (x,Xobs) is an n × 1 covariance vector with the i-th entry 

being kĝ0

(
x,x(i)), and kĝ0 (Xobs,xʹ) is defined in a similar way.

The indicator function I(⋅) follows a generalized Bernoulli process 
(GBP), with posterior mean and covariance of ̂In being mÎn

(x) and kÎn
(x,

xʹ): 

Î n ∼ G B P (mÎn (x), kÎn (x,x
ʹ)), (12) 

and its posterior mean and variance function have analytical expres
sions: 

mÎn (x) = Φ
(

−
mĝn (x)
σĝn (x)

)

, (13) 

σ2
În
(x) =

(

−
mĝn (x)
σĝn (x)

)

Φ
(

mĝn (x)
σĝn (x)

)

, (14) 

where, Φ is the cumulative distribution function of the standard 
Gaussian distribution; σĝn (x) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
kĝn (x,x)

√
is the posterior standard de

viation of ĝn.
With Eq. (6), the posterior mean and upper bound of the variance 

(UPV) of the failure probability Pf (i.e., P̂f , n) are available: 

mP̂f ,n
= EÎn

[
P̂f ,n
]
=

∫

X

Φ
(

−
mĝn (x)
σĝn (x)

)

fX(x)dx, (15) 

σ2
P̂f ,n

= VÎn

[
P̂f , n

]
≤ σ2

P̂f , n

=

(∫

X

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Φ
(

−
mĝn (x)
σĝn (x)

)

Φ
(

mĝn (x)
σĝn (x)

)√

fX(x)dx

)2

, (16) 

where, EÎn
[⋅] and VÎn

[⋅] are the expectation and variance operators taken 

over ̂In, respectively, and σ2
P̂f , n 

is the UPV of P̂f , n.

6.2. Numerical algorithm

The ALPI method is employed to estimate the failure probability 
using as few performance function evaluations as possible, without 
compromising accuracy. Given that no closed-form solutions exist for 
Eqs. (15) and (16), the Monte Carlo simulation is employed to calculate 
the failure probability estimate and prediction uncertainty, and the 
original algorithm is illustrated below:

Step 1: Generate a Monte Carlo population of Nmcs samples accord

ing to fX(x), denoted by Xobs =
{
x(i)}Nmcs

i=1 .
Step 2: Randomly select N0 (N0 = 10 is adopted herein) points 

among the sample population, which will be evaluated on the perfor
mance function g(⋅) to get corresponding observations, and in turn form 
the initial dataset D.

Step 3: Train the GP model based on the data D, and calculate the 
posterior mean of failure probability: 

m̃P̂f ,n
=

1
Nmcs

∑Nmcs

i=1
Φ
(

−
mĝn (x

(i))

σĝn (x
(i)
)

)

, (17) 

and the upper-bound of posterior standard deviation: 

σ̃P̂f ,n
=

1
Nmcs

∑Nmcs

i=1

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Φ
(

−
mĝn (x

(i))

σĝn (x
(i))

)

Φ
(

mĝn (x
(i))

σĝn (x
(i))

)√

, (18) 

Step 4: Check the stopping criterion, the estimated upper bound of 
posterior coefficient of variation (CoV) of the failure probability. If 
CoV = σ̃P̂f ,n

/m̃P̂f ,n
< ∊ is satisfied, where ∊ = 0.15 is adopted herein, go to 

Step 6. Else, go to Step 5.
Step 5: Enrich D by selecting the best next point to be evaluated on 

the g-function through a learning function called upper-bound posterior 
variance contribution (UPVC): 

UPVC
(
x(i)) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Φ
(

−
mĝn (x

(i)
)

σĝn (x
(i))

)

Φ
(

mĝn (x
(i)
)

σĝn (x
(i))

)√

fX
(
x(i)), (19) 

in which the best next point x⋆ satisfies that x⋆ = arg max
x∈Xobs

UPVC(x). 

Accordingly, the dataset D is enriched by D = D
⋃
(x⋆,g(x⋆)). Go to Step 

3.
Step 6: Return m̃P̂f , n 

as the estimated failure probability.

6.3. Modifications of ALPI method and implementation

As progressive collapse of building structures generally leads to 
catastrophic consequences, warranting high priority in structural 
design, a target design reliability greater than 4.2 is recommended, 
specified in the Chinese design code for structural design reliability [45]. 
Achieving such a high level of reliability necessitates the evaluation of 
small failure probabilities, which would require an extremely large 
Monte Carlo sample population. In this regard, selecting the best next 
point x⋆ in the candidate population imposes a significant computa
tional burden during the active learning procedure. Therefore, a new 
strategy based on an optimization approach is adopted, wherein the 
Starfish Optimization Algorithm (SFOA) [46] is employed within the 
numerical framework to efficiently identify x⋆ within clearly defined 
search boundaries.

In addition, a modification for the learning function, UPVC, is 
introduced to adapt the ALPI method to the current strongly nonlinear 
structural collapse problem. This modification is motivated by the 
observation that, while it is important to select points that reduce the 
upper bound of the posterior variance, overly dense sampling in local
ized regions can hinder the GP model to capture strong nonlinear 
behavior. To address this, the original learning function is multiplied by 
σĝn (x), the prediction uncertainty of the GP model, which serves as a 
penalty term. As the predictive uncertainty in GP models diminishes 
near training points, this penalization discourages point selection in 
already well-explored areas. Building upon this idea, increasing the 
exponent of σĝn (x) from one to higher values expands the penalized 
region, thereby promoting a more diverse distribution of selected points 
during the active learning procedure. This strategy enables the conver
gence of the upper bound of the posterior CoV toward a predefined 
criterion. By trial and error, an exponent of 6 is determined to be 
effective for the current problem. This modified learning function is 
therefore referred to as penalty-adjusted upper-bound posterior vari
ance contribution (PUPVC): 

PUPVC(x) = σ6
ĝn
(x)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Φ
(

−
mĝn (x)
σĝn (x)

)

Φ
(

mĝn (x)
σĝn (x)

)√

fX(x). (20) 

The reliability assessment algorithm is then implemented in MAT
LAB (2024a), which offers built-in fitrgp function that provides flexible 
customization of GP models and post-processing of the fitted results. In 
specific, a constant mean and the ‘ardmatern52’ kernel is selected that 
adapts for fitting nonlinear problems: 

kardmatern5/2
(
xi,xj

⃒
⃒α
)
= σ2

f

(

1+
̅̅̅
5

√
rij +

5
3
r2
ij

)

exp
(
−

̅̅̅
5

√
rij

)
, (21) 

rij =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑d

m=1

(
xi, m − xj, m

)2

l 2
m

√
√
√
√

, (22) 

where xi,xj ∈ Rd are two input vectors; σ2
f i is the marginal signal vari
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ance; l m > 0 is the length-scale for the m-th input dimension; and α =
(
σf , l 1, l 2,⋯, l d

)
collects all hyper-parameters.

In addition, considering the physical constraint that the rebar yield 
strength must be smaller than the ultimate strength (see Section 6.4), a 
penalty option is additionally included in searching x⋆ using SFOA: 

Ic(x) =
{

1, if xy > xu
0, if xy ≤ xu

, (23) 

Ftbo(x) = − PUPVC(x)+ Ic(x) × 108, (24) 

where, Ic (x) is an indicator function that equals to one only when the 
yield strength xy is greater than the ultimate strength xu. To effectively 
prevent candidates violating the physical constraint from being selected, 
a significantly large constant is added to the objective function value, 
Ftbo, to reduce their selection probability (see Eq. (24)).

6.4. Consideration of the uncertainties

In engineering practice, geometric uncertainties arising from con
struction processes and material property variations are widespread 
[15,18,20,21]. However, the geometric uncertainties in PC frame 
structures are difficult to quantify due to limited field data. Furthermore, 
the effects of such uncertainties on joint behavior are difficult to capture 
using a simplified FE model. Therefore, in this study, only uncertainties 
in critical material properties that result in variability in bolt force de
mand are included in the reliability assessment, as tabulated in Table 1. 
Moreover, the concrete compressive strength and concrete peak strain 
are statistically dependent. This dependence is modeled using a 90◦

Clayton copula (ρ12 = 0.9411), as experimentally explored by Tao et al. 
[47]. On the other hand, the probabilistic dependence between the 
concrete tensile strength and compressive strength has not been estab
lished. Accordingly, a deterministic relationship between the two is 
adopted here, as suggested by Lyu et al. [48]. In addition, the commonly 
adopted statistical distributions for rebar yield and ultimate strengths 
overlap, which might lead to physically meaningless combinations in 
which the yield strength exceeds the ultimate strength. Therefore, a 
sample-rejection iteration is incorporated within the Monte Carlo sam
pling process till the full sample population satisfied the required 
condition.

6.5. Reliability assessment and design update results

In this case, the performance function g(⋅) is defined as: 

g(x) = FUB(afu) − FREAL(x) (25) 

where x represents the parameters involving uncertainties considered 
herein, as listed in Table 1; FUB is the designed bolt axial demand, and 
FREAL is the maximum bolt axial force calculated from the simplified FE 
model considering uncertainties.

It should be noted that, in progressive collapse problems, the un
certainty in the initiating action is difficult to quantify probabilistically 
in a unified manner. This is mainly due to two aspects: (1) various 
accidental extreme events may lead to progressive collapse (e.g., 

explosion, vehicle impact, and terrorist attacks), and their hazard 
characteristics and intensity measures differ significantly, making it 
difficult to construct a consistent probabilistic load model; (2) even for a 
specific accidental event, the available data are usually scarce, which 
prevents establishing a statistically reliable probability distribution for 
the corresponding action and damage level [20]. Therefore, consistent 
with most published progressive collapse studies [18–21], the accidental 
action is commonly represented by a predefined scenario and a pre
scribed demand level, rather than being explicitly treated as a random 
variable.

In this study, the progressive collapse demand is regulated by a 
displacement-controlled analysis with a prescribed deformation level 
(MJD = 600 mm). The maximum bolt axial force FREAL (x) is extracted 
from the response history under this prescribed deformation path. 
Accordingly, the reported failure probability (or reliability index) 
should be interpreted as conditional on the specified collapse scenario 
and deformation demand (MJD = 600 mm), while the uncertainties are 
considered in the structural parameters x listed in Table 1.

The mean value of fu is initially selected as the input design 
parameter to provide a statistically representative baseline to derive FUB. 
An amplification factor, a, is multiplied to Fu to adjust the designed bolt 
axial force demand when the reliability is not satisfied. The performance 
function implies that failure occurs once FREAL exceeds the precalculated 
upper bound FUB. Finally, by integrating the design method (Section 3), 
the simplified FE model (Section 4), and the modified ALPI method (this 
section), the design reliability is assessed. After each reliability assess
ment, the value of a is gradually increased until the target reliability 
index βt = 4.2 is surpassed. The results of reliability assessment are 
illustrated in Table 2. A final value of a = 1.08 is determined, yielding a 
reliability index of 4.36, which satisfies the design target.

To summarize, when integrated with the deterministic design and 
the simplified FE model, this reliability assessment completes the pro
posed framework for a computationally efficient and reliability-aware 
collapse-resisting design of precast concrete beam–column joint using 
strengthened steel angles and high-strength bolts.

7. Global sensitivity analysis and reliability sensitivity analysis

Even after demonstrating that the proposed design method achieves 
the target reliability, it is essential to trace how the input uncertainties 
and modelling choices propagate through the performance function, in 
terms of both output variance and failure probability. It is noted that 
progressive collapse develops through multiple stages with different 
resistance mechanisms (Fig. 15), and the sensitivity of influencing pa
rameters may vary from stage to stage. However, the present study 
targets the bolt design demand, and the bolt axial force in the final 
collapse state is markedly larger than that in earlier stages, as shown in 
Fig. 7. Therefore, the following sensitivity analyses are formulated with 
respect to the maximum bolt axial force at the final progressive collapse 
state (MJD = 600 mm). To this end, a variance-based Sobol global 
sensitivity analysis (GSA) is conducted to rank each input contribution 
to response scatter, and a GP model post-processing-based reliability 
sensitivity analysis (RSA) is performed to quantify each variable’s in
fluence on the achieved design reliability.

Table 1 
Distribution information.

Material properties Mean CoV Distribution

Concrete compressive strength 
(MPa, fc)

27 0.1619 Lognormal [47]

Concrete peak strain (εc) 0.0018 0.1371 Gamma [47]
Rebar elastic modulus (GPa, Es) 200 0.033 (truncated) Normal 

[15]
Rebar yield strength (MPa, fy) 337 0.107 Beta [49]
Rebar ultimate strength (MPa, fu) 517 0.107 Beta [49]
Rebar fracture strain (εs) 0.12 0.15 Lognormal [15]

Table 2 
Reliability assessment results.

Iteration a Failure 
probability, Pf

Resulting 
reliability index, βr

Target reliability 
index, βt

0 1 0.0013 3.00 4.2
1 1.05 7.3036 × 10− 5 3.80
2 1.07 1.5912 × 10− 5 4.16
3 1.08 5.9464 × 10− 6 4.38
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7.1. Sobol’s variance-based GSA

GSA is performed to rank the influence of all six input parameters on 
the output variance. Let Y = g(X) denotes the performance function 
response, where X = (X1,⋯,X6). The total variance can be decomposed 
into contributions from individual inputs and their interactions. The 
corresponding Sobol’ indices are defined as: 

Si =
Var(E[Y|Xi])

Var(Y)
, (26) 

Sij =
Var
(
E
[
Y
⃒
⃒Xi,Xj

])
− Var(E[Y|Xi]) − Var

(
E
[
Y
⃒
⃒Xj
])

Var(Y)
, i ∕= j, (27) 

STi = 1 −
Var(E[Y|X i])

Var(Y)
=

E[Var(Y|X i)]

Var(Y)
, (28) 

where Si, Sij, and STi are the first-order, second-order, and total-effect 
indices, respectively; X i denotes the set of all inputs except Xi. The GP 
model obtained from previous reliability analysis is adopted to evaluate 
the performance function for each Sobol’s quasi-random sample, map
ped through the prescribed input distributions and copula in UQLab 
[50]. The sample size is gradually increased until the results converged, 
and the final size is 1 × 105.

The Sobol’s sensitivity results are displayed in Fig. 16. They reveal a 
clear hierarchy among the six input uncertainties, which shows that the 
first-order and total-order indices of the concrete properties (fc and εc) 
and the rebar elastic modulus (Es) are essentially zero, and that all 
pairwise interaction indices are below 3.5 × 10–3. This confirms that 
under extreme collapse scenarios these three inputs have a negligible 
influence on the variance of the bolt axial force, in line with earlier local 
sensitivity studies [16,21]. By contrast, the rebar ultimate strength (fu) 
and fracture strain (εs) dominate the output variance: their first-order 
indices are 0.42 and 0.49, and their total-order indices are 0.50 and 
0.51, respectively, together accounting for essentially 100% of the 
variance when interactions are included. In addition, the rebar yield 
strength (fy) has a nonzero total-order index (0.07), but this is still an 
order of magnitude smaller than those of fu and εs, indicating its influ
ence is negligible in comparison.

7.2. GP model post-processing-based RSA

Although GSA analysis ranks the high-impact variables in terms of 
structural response, their effects on reliability may differ due to potential 
tail influence. Therefore, RSA is performed on the mean (μ) and standard 
deviation (σ) of each random variable. Using the trained GP model, the 

sensitivity of the estimated failure probability mP̂f ,n
, with respect to μ and 

σ of the input variables can be expressed as: 

∂mP̂f , n

∂γl, i
=

∫

X

Φ
(

−
mĝn (x)
σĝn (x)

)
∂fX(x; γ)

∂γl,i
dx, (29) 

where, γ and γl,i represent the collection of all distribution parameters 
and the i-th distribution parameter (e.g. mean or standard deviation) of 
the l-th input, respectively. To simplify the numerical computation, the 
likelihood ratio method is applied [51,52]: 

∂fX(x; γ)
∂γl, i

=
∂lnfX(x; γ)

∂γl, i
fX(x; γ), (30-1) 

and it yields: 

∂mP̂f ,n

∂γl,i
=

∫

X

Φ
(

−
mĝn (x)
σĝn (x)

)
∂ lnfX(x; γ)

∂γl,i
fX(x; γ)dx, (30-2) 

where, the likelihood ratio for each distribution is provided in Appendix 
B. This enables a practical Monte Carlo-based estimation: 

̂∂mP̂f , n

∂γl, i
=

1
Nmc

∑Nmc

j=1
Φ
(

−
mĝn (x

(j)
)

σĝn (x
(j))

)
∂ lnfX(x(j); γ)

∂γl, i
, (31) 

where, the corresponding sample population is reused to improve 
computational efficiency. To eliminate the effect of variable magnitude 
to present a meaningful comparison across inputs, the sensitivity results 
are transformed into elasticity forms. Elasticities are dimensionless 
measures that capture the relative impact of distribution parameter on 
the failure probability, allowing for consistent and interpretable evalu
ation of parameter importance [53]: 

εγl, i =
γl, i

mP̂f , n

̂∂mP̂f , n

∂γl, i
. (32) 

The elasticity-based reliability sensitivities to the key distribution 
parameters are shown in Fig. 17, where a positive elasticity εγl, i in
dicates that a 1% increase in the parameter increases the failure prob
ability by εγl, i %, and vice versa for a negative value. For the most part, 
RSA yields results consistent with GSA: the concrete material properties 
and the rebar elastic modulus have negligible influence on the design 
reliability; whereas the influences of fu and εs are still high. By contrast, 
fy plays a different but significant role in affecting the reliability, even 
higher than that of εs. More specifically, the mean values of fu, fy, and εs 

are the most influential variables, with elasticities of 29.24, 21.34, and 

Fig. 16. Global sensitivity analysis results.
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13.42, respectively, and the elasticities with respect to their σ values are 
14.58, 5.73, and 4.21, respectively, indicating that increases in these 
variables can markedly increase the failure probability under the pre
scribed design demand.

In general, the RSA results suggest that in the design phase, fu, fy, and 
εs should be carefully handled. From a manufacturing perspective, 
stringent rebar quality control should be ensured to reduce the failure 
probability of the joint connection under the prescribed design demand. 
However, in the present study, only fu is considered in the design phase, 
as it is the variable most directly affecting the extreme structural 
response. While quantifying the effects of fy and εs on joint demand 
requires an accurate analysis of the entire collapse-evolution analysis, it 
remains a challenging problem.

In summary, both GSA and RSA enable effective identification of the 
critical random variables governing the structural response variance and 
design reliability, and these complementary methods ensure that the 
potential tail effect of fy, which has a limited impact on variance, is not 
overlooked. Furthermore, the integration of the trained GP model with 
Sobol’ indices and the likelihood ratio method provides a highly effi
cient framework for performing sensitivity analysis in complex struc
tural analysis.

8. Conclusion

This study proposes a reliability-aware design framework for dry 
beam–column connections using strengthened steel angles and high- 
strength bolts. A deterministic design is established through configura
tion optimization and identification of load transfer mechanisms based 
on a detailed FE model, leading to an analytical upper-bound estimate of 
column bolt axial force as the design target. By resorting to a developed 
simplified FE model and the tailored ALPI method, the design reliability 
is efficiently assessed and enhanced conditional on the specified collapse 
scenario and deformation demand (MJD = 600 mm), under strong 
nonlinearities and rare-event conditions. Finally, by integrating the 
trained GP model in ALPI with Sobol’ indices and the likelihood ratio 
method, both GSA and RSA are performed. On this basis, the following 
specific conclusions can be drawn: 

(1) Through LS-DYNA, a detailed FE model that simulates structural 
progressive collapse is established and validated for the 
beam–column assembly using the dry connection composed of 
strengthened steel angles and high-strength bolts. Based on the 
FE model, it is identified that CL can induce higher joint capacity 
demand compared to UDL in engineering practice. Under the CL 
condition, a steel angle configuration optimization is performed 
to avoid undesired bolt failure modes, and the load transfer 

mechanisms are identified and validated with 1% error. 
Accordingly, this enables an efficient and practical collapse 
resisting design for the joint connection focusing on the column 
bolt axial force demand, for which the upper bound is derived 
based on the ultimate strength of the beam rebar.

(2) Based on the validated load transfer mechanisms within the joint 
region, a macro joint model is developed using beam elements 
and spring elements that captures the connection behavior. 
Combining with the fiber beam elements, a simplified FE model is 
formed and validated that can accurately predict the overall 
collapse resistance and the ultimate column bolt axial force, 
providing fast model evaluations in reliability analysis while 
preserving prediction accuracy.

(3) The ALPI method is employed for assessing the connection design 
reliability due to its highly efficient reliability assessment using a 
small number of model evaluations. The learning function and 
point selection strategy are modified to select the most informa
tive and also diverse evaluation points, by multiplying the pos
terior prediction by a variance-related term, and σĝn (x)

6 is 
determined to achieve the best learning performance. Besides, 
SFOA is employed to efficiently identify the best next point to 
avoid the estimation of each candidate point and ensure a clear 
search boundary.

(4) As the connected structural components are the main sources of 
the joint connection demand, the uncertainties in their material 
properties are considered in this study. An amplification factor 
for the rebar ultimate strength is determined as 1.08 yielding a 
design reliability index of 4.38, which is greater than the 4.2 
stipulated in the design regulation. In addition, by integrating the 
GP model trained in ALPI with Sobol’ indices and the likelihood 
ratio method, a highly efficient framework for performing GSA 
and RSA in complex structural analysis is established. GSA in
dicates that fu and εs essentially control the variance of the ulti
mate bolt force, while RSA highlights that fy also has a significant 
impact on the design reliability ranked between fu and εs. The 
reliability sensitivities in elasticity form are 29.24, 21.34, and 
13.42, and 14.58, 5.73, and 4.21, respectively, for their respec
tive means (μ) and standard deviations (σ). This emphasizes the 
need to further consider fy and εs in future design analyses. Be
sides, tighter quality control on the rebar is recommended to 
improve the design reliability.

(5) The main objective of this study is to propose a foundational yet 
complete framework for the collapse-resisting design of a specific 
type of dry connection joint. This includes internal force analysis, 
design methodology, macro joint model development, and high- 
efficient reliability and sensitivity assessment. The framework 
remains open for further refinements, such as: 1) improving 
design updating incorporating fy and εs; 2) considering geometric 
nonlinearities in the simplified model or adopting reliability 
methods capable of handling fuzzy probability distributions in 
the presence of limited data; and so on.
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Appendix A. FE model information

A.1. Detailed FE model information

A.1.1. Element types and material models
The solid elements adopted are 8-node solid elements with reduced (single-integration) point, while the beam elements adopted are 2-node 

Hughes-Liu beam elements with 2 × 2 Gauss quadrature integration. The keyword *CONSTRAINED_BEAM_IN_SOLID (*CBIS) is employed for 
building the interaction between concrete and rebars. The continuous surface cap model (*MAT_159/*MAT_CSCM) in LS-DYNA is adopted to 
represent concrete in progressive collapse. This is because it can consider damage-driven softening, shear dilation/compaction, and confinement- 
dependent response [30,39,40], which are important for simulating the concrete behavior under extreme collapse state. In LS-DYNA, model pa
rameters defining for concrete with uniaxial compression strengths ranging from 28 to 48 MPa can be generated internally by the model. The cor
responding setting adopted in this research is displayed in Fig. A1, followed by its uniaxial response shown in Fig. A2. The piecewise linear plastic 
model (*MAT_024/*MAT_PIECEWISE_LINEAR_PLASTICITY) in LS-DYNA is utilized to represent rebars and steel components. Both material models 
simulate failure scenario based on strain criteria. *MAT_159 defines concrete failure by the maximum principal strain (εmax), which is set to 0.1 in 
accordance with the recommendation of Pham et. al [40]. *MAT_024 takes specific effective plastic strain (εeff) values to control the failure of each 
steel component.

Fig. A.1. Parameter definitions of CSCM in LS-DYNA.
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Fig. A.2. Uniaxial response of CSCM in LS-DYNA.

A.1.2. Boundary conditions
In the test, the gap between the constraints and the assembly was reported [29]. It is finally considered at bottom of the column calibrated with 

iterative result comparisons, which allows the column to displace outward by up to 4 mm. In addition, out-of-plane constraints are implemented by 
constraining the translational degree of freedom in y-axis of the beam. All contacts among the steel components, and between the steel components 
and concrete parts are considered by the keyword *CONTACT_AUTOMATIC_SURFACE_TO_SURFACE (*CASTS) for solid elements.

A.1.3. Joint details
The joint connection is fully replicated according to construction details. The contacts among different steel components established using solid 

elements are defined using *CASTS, while the contacts among bolts built with beam elements and surrounding components (solid elements) are 
considered through the keyword *CONTACT_BEAM_TO_SURFACE. At the beam ends, the rebar ends are embedded into steel plate regions with perfect 
bonding conditions by *CBIS to simulate the weld anchorage.

A.2. Details of simplified model establishment

The boundary elements in the simplified model is modelled using *MAT_024, namely the piecewise linear plastic model, whereas the rigid beam 
end is modelled using the material model *MAT_020/MAT_RIGID. In addition, LS-DYNA regulates that the fiber beam elements should adopt identical 
material model for each integration point in the section. Therefore, the material model *MAT_174/MAT_RC_BEAM is adopted, as it can simulate both 
concrete and rebar behavior by adjusting the parameter of FRACR, for which, 0 corresponds to pure concrete, and 1 corresponds to pure rebars. And 
the keyword *INTEGRATION_BEAM enables assigning the integrations for different materials. And single rebar fiber failure is realized by considering 
an additional keyword *MAT_000/MAT_ADD_EROSION in combination with *MAT_174. Once the rebar axial stress corresponding to a defined 
fracture strain is reached, the fiber part is deleted.

Appendix B. Likelihood ratio derivative

B.1. Partial derivative of the likelihood ratio of the beta distribution to mean, μm and standard deviation, σm

In this study, the probability density distribution (PDF) of the rebar ultimate strength follows a beta distribution: 

f(x) =
1

aB(α, β)

(
x − b

a

)α− 1(a + b − x
a

)β− 1

, (B.1-1) 

where, B(α, β) = Γ(α)Γ(β)/Γ(α + β), with α and β being 3.21 and 4.82; b and b+a determine the distribution interval [55, 105] in Psi. The partial 
derivatives for lnf(x) with respect to μm and σm, the real mean and standard deviation of the transformed beta distribution, are derived as following, 
and to keep the notation compact and the logic clear, a few intermediate quantities are introduced with separate explanations: 

∂lnf
∂α = ln

x − b
a

− [ψ(α) − ψ(α+ β)] = A(x), (B.1-2) 

∂lnf
∂β

= ln
a + b − x

a
− [ψ(β) − ψ(α+ β)] = B(x), (B. 1-3) 

∂α
∂μm

=
∂α
∂μ

∂μ
∂μm

=

(

C+
μ(1 − 2μ)

σ2

)
∂μ

∂μm
, (B.1-4) 

∂β
∂μm

=
∂β
∂μ

∂μ
∂μm

=

(

− C+
(1 − μ)(1 − 2μ)

σ2

)
∂μ

∂μm
, (B.1-5) 
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∂α
∂σm

=
∂α
∂σ

∂σ
∂σm

= − 2
μ2(1 − μ)

σ3
∂σ

∂σm
, (B.1-6) 

∂β
∂σm

=
∂β
∂σ

∂σ
∂σm

= − 2
μ(1 − μ)2

σ3
∂σ

∂σm
, (B.1-7) 

∂lnf
∂μm

=
∂lnf
∂α

∂α
∂μ

∂μ
∂μm

+
∂lnf
∂β

∂β
∂μ

∂μ
∂μm

= A(x)
[

C
∂μ

∂μm
+

μ(1 − 2μ)
σ2

∂μ
∂μm

]

+ B(x)
[

− C
∂μ

∂μm
+
(1 − μ)(1 − 2μ)

σ2
∂μ

∂μm

]

,

(B. 1-8) 

∂lnf
∂σm

=
∂lnf
∂α

∂α
∂σ

∂σ
∂σm

+
∂lnf
∂β

∂β
∂σ

∂σ
∂σm

= A(x)
[

− 2
μ2(1 − μ)

σ3
∂σ

∂σm

]

+ B(x)
[

− 2
μ(1 − μ)2

σ3
∂σ

∂σm

]

,

(B.1-9) 

where, C = μ(1 − μ)/σ2 − 1; ∂μ/∂μm = ∂σ/∂σm = 1/a and ψ( • ) is the digamma function, the logarithmic derivative of the Gamma function, Γ( • ).

B.2. Partial derivative of the likelihood ratio of the lognormal distribution to μm and σm

The PDF of the rebar fracture strain follows a lognormal distribution: 

f(x) =
1

xσ
̅̅̅̅̅̅
2π

√ exp

[

−
(lnx − μ)2

2σ2

]

, x > 0, (B.2-1) 

where, μ and σ are the mean and standard deviation of ln x. The partial derivatives for lnf(x) with respect to μm and σm are derived as following: 

∂lnf
∂μ =

lnx − μ
σ2 , (B.2-2) 

∂lnf
∂σ = −

1
σ +

(lnx − μ)2

σ3 , (B.2-3) 

∂μ
∂μm

=
μm

2 + 2σm
2

μm(μm
2 + σm

2)
, (B.2-4) 

∂μ
∂σm

= −
σm

μm
2 + σm

2, (B.2-5) 

∂σ
∂μm

= −
σm

2

σμm(μm
2 + σm

2)
, (B.2-6) 

∂σ
∂σm

=
σm

σ(μm
2 + σm2)

, (B.2-7) 

∂lnf
∂μm

=
∂lnf
∂μ

∂μ
∂μm

+
∂lnf
∂σ

∂σ
∂μm

=
ln x − μ

σ2
μm

2 + 2σm
2

μm(μm
2 + σm

2)
+

(

−
1
σ +

(ln x − μ)2

σ3

)(

−
σm

2

σμm(μm
2 + σm

2)

)

,

(B.2-8) 

∂lnf
∂σm

=
∂lnf
∂μ

∂μ
∂σm

+
∂lnf
∂σ

∂σ
∂σm

=
lnx − μ

σ2

(

−
σm

μm
2 + σm

2

)

+

(

−
1
σ +

(lnx − μ)2

σ3

)(
σm

σ(μm
2 + σm

2)

)

,

(B.2-9) 

B.3. Partial derivative of the likelihood-ratio of the copula coupled lognormal distribution and Gamma distribution to μm and σm

The concrete peak strength and peak strain are considered dependent and modelled using the 90◦ Clayton copula: 

f(x, y) = c90
θ (u, v)f(x)f(y), (B.3-1) 

where 
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c90
θ (u, v) = (1 + θ)[(1 − u)v]− 1− θ[

(1 − u)− θ
+ v− θ − 1

]− 2− 1/θ
, (B.3-2) 

where θ is the copula model parameter, with ρ12 being 0.9411; u(x) and v(y) equals to the cumulative density of the concrete peak strength F(x) and 
peak strain F(y), respectively; f(x) is the lognormal PDF, defined in Eq. (B.2-1), while f(y) is the Gamma PDF, defined below: 

f(y) =
ya− 1

baΓ(a)
exp
(
−

y
b

)
, (B.3-3) 

B.3.1. ∂ln c90
θ (u, v)/∂μm and ∂ln c90

θ (u, v)/∂σm for concrete peak strength

∂lnc
∂u

=
1 + θ
1 − u

−
(2θ + 1)(1 − u)− θ− 1

(1 − u)− θ
+ v− θ − 1

= A1(u, v), (B.3-4) 

∂u
∂μ = ϕ

(
lnx − μ

σ

)
− 1
σ , (B.3-5) 

∂u
∂σ = ϕ

(
lnx − μ

σ

)
− (lnx − μ)

σ2 , (B.3-6) 

where, ϕ(⋅) is the standard normal PDF function, the derivative of the standard normal cumulative density function Φ(⋅), as u = Φ(x) =

Φ[(lnx − μ)/σ)]. Besides, considering Eqs. (B.2-4) to (B.2-7), the derivatives become: 

∂lnc
∂μm

=
∂lnc
∂u

(
∂u
∂μ

∂μ
∂μm

+
∂u
∂σ

∂σ
∂μm

)

= A1(u, v)ϕ
(

ln x − μ
σ

)[

−
μm

2 + 2σm
2

σμm(μm
2 + σm2)

+
(lnx − μ)σm

2

σ3μm(μm
2 + σm2)

]

,

(B.3-7) 

∂lnc
∂σm

=
∂lnc
∂u

(
∂u
∂μ

∂μ
∂σm

+
∂u
∂σ

∂σ
∂σm

)

= A1(u, v)ϕ
(

lnx − μ
σ

)[
σm

σ(μm
2 + σm

2)
−

(lnx − μ)σm

σ3(μm
2 + σm

2)

]

.

(B.3-8) 

B.3.2. ∂lnf(x, y)/∂μm and ∂lnf(x, y)/∂σm

∂lnf(x, y)
∂μm

=
∂lnc
∂μm

+
∂lnf(x)

∂μm

= A1(u, v)ϕ
(

lnx − μ
σ

)[

−
μm

2 + 2σm
2

σμm(μm
2 + σm

2)
+

(lnx − μ)σm
2

σ3μm(μm
2 + σm

2)

]

+
lnx − μ

σ2
μm

2 + 2σm
2

μm(μm
2 + σm

2)
+

(

−
1
σ +

(lnx − μ)2

σ3

)(

−
σm

2

σμm(μm
2 + σm

2)

)

,

(B.3-9) 

∂lnf(x, y)
∂σm

=
∂lnc
∂σm

+
∂lnf(x)

∂σm

= A1(u, v)ϕ
(

ln x − μ
σ

)[
σm

σ(μm
2 + σm

2)
−

(lnx − μ)σm

σ3(μm
2 + σm

2)

]

+
lnx − μ

σ2

(

−
σm

μm
2 + σm

2

)

+

(

−
1
σ +

(lnx − μ)2

σ3

)(
σm

μm(μm
2 + σm

2)

)

,

(B.3-10) 

where, ∂lnf(x)/∂μm and ∂lnf(x)/∂σm can refer to Eqs. (B.2-8) and (B.2-9), respectively.

B.3.3. ∂lnc90
θ (u, v)/∂μ and ∂lnc90

θ (u, v)/∂σ for concrete peak strain

∂lnc
∂v

= −
1 + θ

v
+

(2θ + 1)v− θ− 1

(1 − u)− θ
+ v− θ − 1

, (B.3-11) 

∂v
∂a

=
1

Γ(a)

∫ y
b

0
ta− 1e− tln tdt − ψ(a)v, (B.3-12) 

∂v
∂b

= −
y
b

f(y), (B.3-13) 
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∂a
∂μ = 2

μ
σ2, (B.3-14) 

∂b
∂μ = −

σ2

μ2, (B.3-15) 

∂a
∂σ = − 2

μ2

σ3, (B.3-16) 

∂b
∂σ = 2

σ
μ. (B.3-17) 

Then, the copula term’s derivatives are: 

∂lnc
∂μ =

∂lnc
∂v

(
∂v
∂a

∂a
∂μ +

∂v
∂b

∂b
∂μ

)

=

(

−
1 + θ

v
+

(2θ + 1)v− θ− 1

(1 − u)− θ
+ v− θ − 1

)[

2
μ
σ2

(
1

Γ(a)

∫ y
b

0
ta− 1e− tln tdt − ψ(a)v

)

+
σ2

μ2
y
b

f(y)
]

,

(B.3-18) 

∂lnc
∂σ =

∂lnc
∂v

(
∂v
∂a

∂a
∂σ +

∂v
∂b

∂b
∂σ

)

=

(

−
1 + θ

v
+

(2θ + 1)v− θ− 1

(1 − u)− θ
+ v− θ − 1

)[

− 2
μ2

σ3

(
1

Γ(a)

∫ y
b

0
ta− 1e− tlntdt − ψ(a)v

)

− 2
σ
μ

y
b

f(y)
]

.

(B.3-19) 

B.3.4. Partial derivative of the likelihood ratio of the gamma distribution to μ and σ
Given the distribution function in Eq. (B.3-3), the derivatives are: 

∂lnf
∂a

= lny − lnb − ψ(a), (B.3-20) 

∂lnf
∂b

=
y − ab

b2 . (B.3-21) 

Also considering Eqs. (B.3-14) to (B.3-17), the likelihood ratio of distribution derivatives to μ and σ are: 

∂lnf
∂μ =

∂lnf
∂a

∂a
∂μ +

∂lnf
∂b

∂b
∂μ

= 2
μ
σ2 (lny − lnb − ψ(a)) − σ2

μ2
y − ab

b2 ,

(B.3-22) 

∂lnf
∂σ =

∂lnf
∂a

∂a
∂σ +

∂lnf
∂b

∂b
∂σ

= − 2
μ2

σ3 (lny − lnb − ψ(a)) + 2
σ
μ

y − ab
b2 .

(B.3-23) 

B.3.5. ∂lnf(x, y)/∂μ and ∂lnf(x, y)/∂σ

∂lnf(x, y)
∂μ =

∂lnc
∂μ +

∂lnf(y)
∂μ

=

(

−
1 + θ

v
+

(2θ + 1)v− θ− 1

(1 − u)− θ
+ v− θ − 1

)[

2
μ
σ2

(
1

Γ(a)

∫ y
b

0
ta− 1e− t ln tdt − ψ(a)v

)

+
σ2

μ2
y
b

f(y)
]

+2
μ
σ2 (lny − lnb − ψ(a)) − σ2

μ2
y − ab

b2 ,

(B.3-24) 

∂lnf(x, y)
∂σ =

∂lnc
∂σ +

∂lnf(y)
∂σ

=

(

−
1 + θ

v
+

(2θ + 1)v− θ− 1

(1 − u)− θ
+ v− θ − 1

)[

− 2
μ2

σ3

(
1

Γ(a)

∫ y
b

0
ta− 1e− t ln tdt − ψ(a)v

)

− 2
σ
μ

y
b

f(y)
]

− 2
μ2

σ3 (lny − lnb − ψ(a)) + 2
σ
μ

y − ab
b2 .

(B.3-25) 
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B.4. Partial derivative of the likelihood ratio of the normal distribution to μ and σ

f(x) =
1

σ
̅̅̅̅̅̅
2π

√ exp
[

−
(x − μ)2

2σ2

]

, (B.4-1) 

∂lnf
∂μ =

x − μ
σ2 , (B.4-2) 

∂lnf
∂σ = −

1
σ +

(x − μ)2

σ3 . (B.4-3) 
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