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Abstract: Post-earthquake rescue in collapsed buildings is a time-varying safety problem
characterized by stage-specific hazards, flexible operation sequences, unequal stage durations, and
state inheritance between successive tasks. Existing methods mainly evaluate building condition,
entry safety, or isolated rescue activities, making whole-operation risk difficult to compare and
update. This study develops a whole-process cascading Bayesian network (WPC-BN) for node-
level dynamic assessment. A unified evidence space of four dimensions, 19 criteria, and 85
indicators is linked to a stage—indicator activation matrix that activates only evidence relevant to
shoring, breaching, debris removal, and casualty transport. Stage-specific static BNs perform
within-node inference, while eight persistent states are propagated across nodes by continuous-
time Markov chains using actual elapsed time. The normalized safety risk index (NSRI) is a
model-based posterior score rather than an accident probability and supports pre-task prediction,
in-process updating, and terminal review under time-locked evidence. After two Delphi rounds
with the same 20 experts, all 85 indicators were retained with CVR > 0.50, and an independent 33-
expert review supported criterion-level validity. In the retrospective Mandalay case, breaching
produced the highest pre-task and in-process NSRI values (2.55% and 2.86%); breaching-induced
vibration (X77), structural stability (X29), and rescue-passage stability (X31) were consistently
prioritized, matching recorded abnormal sounds and tilting risk. WPC-BN provides an auditable,
duration-aware basis for identifying high-risk operational windows and updating safety priorities

across heterogeneous rescue stages, subject to scenario-specific parameter localization.

Keywords: post-earthquake collapsed buildings; rescue operations; stage—indicator activation

matrix; cascading Bayesian network; normalized safety risk index; dynamic risk assessment
1. Introduction

After destructive earthquakes, collapsed and severely damaged buildings remain metastable:
residual load-carrying capacity is uncertain, load paths are altered, boundary conditions shift, and
aftershocks may further reduce collapse resistance (Raghunandan et al., 2015; Xu et al., 2024).
Rescue operations themselves introduce additional disturbance. Entry, shoring, breaching, lifting,
and unloading redistribute loads and alter structural constraints, while confined spaces, toxic or
flammable gases, damaged utilities, and heavy machinery create additional hazards for rescuers
and equipment (OSHA, n.d.; INSARAG, 2020, 2026). Rescue safety is therefore not a one-time
judgment of building condition but a state that evolves throughout the operation.

Current work addresses this evolving state only indirectly. Post-earthquake assessment offers
established procedures for rapid evaluation, detailed assessment, and safety tagging, with
reassessment as aftershocks occur and new information arrives (Applied Technology Council,
1989, 2005; Anagnostopoulos and Moretti, 2008; Marshall et al., 2012; FEMA, 2019).
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Aftershock-driven early-warning models have also begun to track the residual structure over time
(Xu et al., 2024, 2026a, 2026b, 2026c), while structural monitoring, resilience assessment,
unmanned aerial vehicles, and machine vision have sharpened damage identification and decision
support (Bruneau et al., 2003; German et al., 2013; Cimellaro et al., 2018; Roohi and Hernandez,
2020; Xiong et al., 2020; Qing et al., 2022). What all of this work assesses, however, is the
building: its overall damage, its usability, its regional damage state. None quantifies the risk of a
specific rescue operation within a given time window, and none tracks how that risk evolves as the
work proceeds.

Operational standards provide the language of field practice rather than a quantitative risk
metric. INSARAG, GB/T 29428, DB/T 63, and NFPA set systematic requirements for site
assessment, shoring, breaching, lifting, medical response, and safety management (INSARAG,
2020, 2026; NFPA, 2020, 2022, 2024), while OSHA (n.d.) identifies the dominant hazards:
structural instability, oxygen deficiency, hazardous atmospheres, energized utilities, machinery
blind spots, and secondary collapse. Although these procedures, checklists, and task-specific
controls constrain safe practice, they do not integrate personnel, equipment, environmental,
managerial, and stage-specific evidence into a common metric that is comparable across

successive stages.

Quantitative risk models face the opposite problem. They typically depend on application-
specific variables, network structures, and parameterization schemes, which limits transferability
(Kabir and Papadopoulos, 2019; George and Renjith, 2021; Kaikkonen et al., 2021). In collapsed-
building rescue, structural, environmental, personnel, equipment, managerial, and task-specific
risks are often modeled separately. This creates a trade-off: stage-specific criteria weaken cross-
stage comparability, whereas retaining every factor at every stage introduces irrelevant variables
and imposes a substantial field data-collection burden.

Three features of rescue make this trade-off hard to escape. The first is stage heterogeneity.
Reconnaissance, shoring, breaching, debris removal, and casualty transport act through distinct
mechanisms: shoring adds restraint but may destabilize locally during installation; breaching
weakens components and introduces vibration, dust, and sparks; debris removal alters loading and
constraints and may add lifting impacts; and casualty transport requires decompression
management, movement through confined passages, and medical coordination (INSARAG, 2020,
2026; OSHA, n.d.; Abu-Zidan et al., 2023; Usuda et al., 2023). Whole-process assessment must
therefore represent rescue as a sequence of actual operational nodes that can be planned, observed,
and updated.

The second is sequence flexibility and state inheritance. Depending on collapse
configuration, burial depth, access, structural anomalies, and aftershock activity, shoring,
breaching, and debris removal may be reordered, skipped, or repeated, with markedly different
durations (INSARAG, 2020, 2026). The structural, environmental, personnel, and equipment
states left by one operation become the initial conditions of the next, so risk depends not only on
the current stage but on its duration and on what it inherits. Without explicit cross-node state
propagation, neither risk accumulation nor risk reduction after a safety intervention can be

represented.

The third feature concerns temporal representation. Bayesian networks (BNs) represent

multivariate dependence, uncertainty, and evidence updating and are widely used in system-safety
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analysis (Khakzad et al., 2011; Weber et al., 2012; Kabir and Papadopoulos, 2019), whereas
dynamic Bayesian networks (DBNs) extend this representation to time-dependent state evolution
(Murphy, 2002; Khakzad, 2015; Chang et al., 2024; Chen et al., 2025). In principle, a DBN can
represent the rescue process, but a direct monolithic implementation becomes cumbersome when
the active evidence set changes by operation, stage durations are unequal, and operational stages
may be skipped, repeated, or reordered. A fixed slice structure would either carry stage-irrelevant
variables or require stage-conditioned switching, while cross-slice transitions must remain
identifiable from sparse operational data. The methodological need is therefore not to replace
DBNs, but to formulate a stage-conditioned, duration-aware implementation that preserves BN
inference within each operation and propagates only physically persistent states between
operations. Section 5.1 positions WPC-BN relative to static BNs and conventional DBNSs.

Together, these three features define the methodological gap. Dynamic safety assessment of
collapsed-building rescue still lacks a framework that integrates heterogeneous evidence within a
single structure, activates task-specific factors only when relevant, accommodates flexible
sequences and unequal durations, and propagates states across successive operational nodes. The
core challenge is not hazard identification but the joint treatment of stage heterogeneity, state
inheritance, and time-ordered evidence updating. Without such integration, cross-stage
comparison, identification of high-risk operational windows, and reassessment after intervention
remain difficult.

This study addresses this gap with a whole-process cascading Bayesian network (WPC-BN).
A fixed candidate evidence space comprising four dimensions, 19 criteria, and 85 indicators is
organized into common, regional-background, and stage-specific layers. A stage—indicator
activation matrix selects the evidence relevant to each node, preserving consistent definitions
across stages without requiring every indicator to be recollected. Within a node, a stage-specific
static BN estimates the normalized safety risk index (NSRI); across nodes, persistent states are
propagated according to actual elapsed time. Time-locked evidence rules separate pre-task
prediction, in-process updating, and terminal posterior assessment, enabling rolling rather than
one-off assessment.

The WPC-BN framework introduces four methodological innovations.

1.  WPC-BN assessment unit. The framework shifts assessment from overall building condition
to the actual rescue-operation node, while a common evidence space keeps factor definitions
comparable across the whole process.

2. Stage-conditioned evidence activation. WPC-BN activates task-specific indicators only for
the operation in which they are physically relevant and reuses unchanged evidence, reducing
field data demand without sacrificing cross-stage comparability.

3. Duration-aware cascading. Persistent states are propagated by stage type and actual elapsed
time, allowing reordered, skipped, repeated, and unequal-duration operations to use the same
updating interface under time-locked evidence.

4. Auditable multi-level evaluation. Content validity, numerical and software checks, scenario
ranking, and the retrospective Mandalay application evaluate indicator coverage, inference
consistency, risk ordering, and process interpretation without treating NSR/ as an empirical
accident probability.
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The remainder of this paper is organized as follows. Section 2 defines the operational nodes,
unified evidence space, WPC-BN inference and cascading mechanism, parameterization, and
rolling outputs. Section 3 reports indicator screening, parameter calibration, and internal numerical
and robustness checks. Section 4 presents the retrospective Mandalay application. Section 5
discusses methodological positioning, engineering implications, transferability, applicability
boundaries, and future research. Section 6 summarizes the main conclusions.

2. Methodology

Five linked questions structure the methodology (Fig. 1): how operational nodes are defined
(Section 2.1), how evidence is activated by stage (Section 2.2), how risk is inferred within a node
and propagated across nodes (Section 2.3), how parameters are calibrated (Section 2.4), and how
outputs are converted into rolling decisions (Section 2.5). Definitions, proofs, and parameter
calculations are provided in Supplementary Material S1 and Appendices A-D.
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Fig. 1. Methodological framework: evidence input, probabilistic modeling, risk output, and rolling assessment
2.1 Assessment unit: operational stages, flexible sequences, and time points
2.1.1 Stage definition

Stages are defined by decision-relevant operational transitions, following the INSARAG 2020
Guidelines and cross-checked against the 2026 Guidelines, GB/T 29428.2-2014, DB/T 63-2016,
NFPA 2500-2022, OSHA structural-collapse requirements, and representative cases. NFPA 1521-
2020 and NFPA 1550-2024 inform safety-officer duties, personnel health, and operational
controls rather than stage definition.

Rescue is accordingly represented by five stage types (Fig. 2; Table 1): SO reconnaissance
and initial assessment, S1 shoring and bracing, S2 slab breaching, S3 debris removal, and S4
casualty transport and evacuation. S2 takes slab breaching as its template; breaching of other
components requires that indicator definitions and parameters be rechecked.
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Fig. 2. Key rescue stages and assessment time points

Table 1. Key rescue stages and attributes

Disturbance and dominant

Activated technical

Typical observable

Stage Main activities . o .
g mechanism indicators (C19) evidence
Identify debris
fy . Collapse pattern;
configuration and
S0 survivable spaces; entrapment
Reconnaissance P > Minor disturbance from — (no stage-specific location/depth;
. human-—canine—device . L )
and initial ) reconnaissance and search  indicators) aftershock records; gas
search; assess structural . .
assessment concentration; life-

S1 Shoring and
bracing

S2 Slab
breaching

S3 Debris
removal

S4 Casualty
transport and
evacuation

stability; develop rescue
plan

Select and install shoring;
jacking; load-path
reconfiguration

Chiseling, cutting, or
drilling; create
vertical/horizontal access

Lifting/rigging;
mechanical-manual
clearance; surcharge
unloading

Medical intervention and
decompression; casualty
transport; equipment
withdrawal and site
handover

Stabilizing: increases
restraint and redistributes
loads; installation may
induce local instability

Disturbance-amplifying:
weakens components;
introduces vibration, dust,
and sparks

Disturbance-amplifying:
unloads and releases
constraints; may introduce
lifting impacts

Minor disturbance from
transport and equipment
withdrawal

X73 shoring selection and
load check; X74 jack
capacity and
synchronization; X75
shoring monitoring and
reinforcement

X76 breaching-method
suitability; X77 vibration
and structural-disturbance
control; X78 dust/spark
control; X79 opening
location and dimensions

X80 lifting plan and
lifting-point selection; X81
machine—human
coordination and blind-spot
control; X82 removal
sequence and unloading
control

X83 medical coordination
and crush-syndrome
management; X84 casualty
monitoring and
communication; X85
transport, evacuation, and
handover coordination

detection confirmation

Shoring
displacement/strain;
jacking
synchronization error;
abnormal sounds; new
cracks

Vibration; debris
displacement;
combustible-gas
concentration; opening

quality

Lifting load; debris
displacement rate;
coupled-member
response; signs of
secondary collapse

Vital signs; passage
stability; evacuation-
route condition

2.1.2 Flexible stage sequencing

S0-S4 are stage templates rather than a fixed sequence: SO initiates and S4 terminates the process,

while the order and repetition of S1-S3 depend on collapse configuration, entrapment, access,

structural condition, and the selected rescue plan.

Let the intermediate stage sequence be
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The complete rescue sequence is then
o =(S0,6,54) @

A typical sequence is shoring—breaching—removal. If instability emerges during breaching,
the operation may return to shoring before breaching resumes.

Because stage models are keyed to operation type and transition parameters are keyed to
variable group x stage type, reordering, skipping, and repetition are computationally admissible,
though not physically equivalent. Repeated breaching, pronounced cumulative damage, or parallel
operations on a shared structural system require recalibrated transitions or a history-dependent
model; long nodes may be subdivided.

2.2 Unified evidence space and stage-specific activation
2.2.1 Risk-factor identification and indicator system

The indicator pool was derived from GB/T 29428.1-2012 and GB/T 29428.2-2014, YJ/T 8, the
INSARAG Guidelines, NFPA 2500 and NFPA 1550, and OSHA structural-collapse requirements
(full bibliographic entries for all standards cited are given in the reference list) and supplemented
by literature on rescue resource allocation, coordination, duration, robotics, and emergency-
capability assessment (Fiedrich et al., 2000; Comfort et al., 2004; Murphy, 2004; Comfort, 2007;
Tadokoro, 2009; Statheropoulos et al., 2015; Chen, 2018; An, 2023), representative cases, and
expert interviews. It was then cross-checked against the updated INSARAG Guidelines and GB/T
46578-2025; DB41/T 2600-2024 was used only for communication and information indicators.

Candidate factors cover structural and site conditions, entrapment and accessibility,
aftershocks and secondary hazards, personnel, equipment, monitoring, organization and
management, and key rescue operations. They were screened for safety relevance, measurability,
data availability, and relative independence, and then refined through two Delphi rounds. Mission-
level factors with indirect or difficult-to-quantify pathways, such as international coordination and
public opinion, were excluded from the quantitative model and are instead handled as a command-
level qualitative checklist outside NSRI; the reasoning and the boundary this sets are given in
Section 5.3.

The final set comprises 85 indicators under 19 criteria and four dimensions (Table 2),
organized by fault-tree logic. It is a content-validated evidence domain from which node-specific
evidence is drawn by background assignment, evidence reuse, and stage activation; special tasks
may add extension nodes without altering the core structure. Definitions and state-classification
rules appear in Supplementary Tables S1-1 and S1-2.

Table 2. Indicator system for whole-process rescue risk assessment

Dimension Criteria and indicator ranges No. Representative indicators
C1 qualifications and experience (X1-X5); C2 language Qualification coverage; structural-expert
Personnel B1 and communication (X6—X8); C3 training and drills (X9— 13 experience; drill frequency/quality;
X10); C4 physical and psychological fitness (X11-X14); endurance and recovery; risk recognition
CS5 operational safety and emergency response (X15-X18) and emergency response
C6 rescue tools and equipment (X19-X22); C7 personal Equipment sufficiency; task suitability;

Equipment B2 protective equipment (X23—X25); C8 real-time monitoring 10 condition and reliability; real-time debris-
equipment (X26—X28) displacement monitoring
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Dimension Criteria and indicator ranges No. Representative indicators

C9 structural stability (X29-X31); C10 entrapment and
accessibility (X32-X38); C11 gas/chemical hazards (X39—

Environment B3 X44); C12 special rescue environments (X45-X50); C13 29
secondary hazards (X51-X54); C18 regional/site
characteristics (X70-X72)

Structural stability; entrapment depth;
combustible-gas concentration; high
temperature; landslide risk; structural type
and construction standard

C14 safety risk control (X55-X58); C15 communication Incident command; shift-handover
Management and . . ] . . S ;
onerational and information (X59—X63), Cl16 resources and logistics 3 1nf0@at10n, suppl}es fo.r ext.reme
cg nirol B4 (X64-X66); C17 planning and execution (X67-X69); C19 conditions; breaching-vibration control;
key rescue-operation control (X73-X85) lifting plan and lifting-point selection

2.2.2 Regional-background and stage-specific indicators

Definitions, quantification rules, and data sources are provided in Table Al (Appendix A). C18
(X70-X72) captures construction context, site conditions, and aftershock exposure; it is assigned
early and updated using seismic-network information. C19 (X73—-X85) activates technical controls
for shoring, breaching, removal, and transport in S1-S4. This separation distinguishes contextual
adaptation from node-specific control and avoids the need to re-enter all technical indicators.

To avoid double counting, regional-background nodes represent prior context only and do not
replace field evidence of structural condition, such as X29 or X31. Stage-specific indicators are
activated only at their corresponding node and map directly to pre-task checks, in-process
monitoring, and handover items.

2.2.3 Stage—indicator activation matrix

The activation matrix fixes the active evidence set at each node (Table 3): X1-X69 are common
indicators, updated only when state or confidence changes; X70-X72 are regional-background
indicators; and X73-X85 activate at their own stage, with repeated stages reactivating the same
technical group. Overlapping operations require prior assessment of shared structures, resources,
and evidence dependencies.

The matrix is operationalized as a node checklist recording state, evidence source, threshold,
update time, and responsible role. Objective evidence is updated immediately, whereas subjective
evidence is recorded together with its source and confidence. Eight variables—X11, X12, X21,

X29, X31, and X39-X41—are persistent states propagated between adjacent nodes.

Table 3. Stage—indicator activation matrix

Indicator group SO S1 S2 S3 S4

Common personnel X1-X18 Always active  Always active Always active Always active Always active
Common equipment X19-X28 Always active  Always active  Always active  Always active Always active
Common environment X29—X54 Always active  Always active  Always active  Always active Always active
Common management X55-X69 Always active  Always active Always active  Always active  Always active
Regional/site X70-X72 Background Background Background Background Background
Shoring group X73-X75 Dormant Active Dormant Dormant Dormant
Breaching group X76-X79 Dormant Dormant Active Dormant Dormant
Debris-removal group X80-X82 Dormant Dormant Dormant Active Dormant
Casualty-transport group X83—X85 Dormant Dormant Dormant Dormant Active

In Table 3, “Always active” denotes indicators retained in the active evidence set at every
node—distinct from the eight persistent states propagated by CTMC transitions (Section 2.3.3);
Supplementary Table S1-3 gives the full field-use version. Three evidence layers result: common
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indicators preserve cross-node consistency, regional-background indicators carry scenario context,
and stage-specific indicators serve the current decision.

2.3 WPC-BN: within-node inference and cross-node state propagation

2.3.1 Node model, top event, and risk output

At node k, the input ek collects the evidence activated in the current information state. The binary
top node Yk is a latent unsafe operating state, defined by physical criteria rather than by the action
it triggers: Yk=1 denotes a state of the operating face in which at least one of the following is
present within the assessment window: loss of residual structural or passage stability, atmospheric
parameters outside the prescribed control range, or personnel exposure beyond the prescribed
limit. Yk is latent because none of these conditions is directly observed at the window endpoint; it
is inferred from the activated evidence. The mapping from the posterior of Yk to pausing,
evacuating, or strengthening controls is a separate decision rule (Section 2.5.3) and is not part of
the definition of the top event, so the model is not calibrated against the actions it recommends.
Node risk is defined as

fekzP(}/k:ll e, ) 3)

The resulting node risk Rk is the normalized safety risk index (NSRI), which lies in [0,1].
Because priors and some CPTs come from expert judgment and relative weights rather than
calibrated accident frequencies, NSR/ is a model-based posterior score, not an accident probability

or expected loss.
Definition 1 (WPC-BN). The whole-process cascading Bayesian network is defined as
WPC—BN—[M, CD,(;—J,M—{M‘\} (4)

where M={M,} is the set of stage-specific static BNs, ® is the stage-propagation operator,

and 6 is the realized field sequence.

All stage models share one hierarchy: Y; at the top, dimensions B1-B4, criteria C1-C19, and
an indicator layer set by the activation matrix; topology follows fault-tree-to-BN mapping rules
(Pearl, 1988; Bobbio et al., 2001). The S2 topology appears in Fig. 3, and the full 85-indicator
configuration in Supplementary Fig. S6-1.

The within-node joint distribution is
P(2,)=T1P(Z)] Pa,(Z})) )
and NSRI is
R=P(Y, =1l ¢)= T P(¥,=1 ©)P(c) ) ©

we),
where Z; is the active variable set at node k, Pay (Z') is the parent set of Z, and € is the state

space of the top-node parents. The node risk in Eq. (6) is internally normalized, not an outcome-
calibrated real-world frequency.
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Common Indicators X1-X69 Regional-Background S2 Stage-Specific Indicators
LEVEL-1 (Active in all nodes) Indicators X70-X72 X76-X79

Persistent-State Subset
X11-X12,X21,X29,X31,X39-X41
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v
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v

Top Event (Latent Node): ¥, Unsafe State
LEVEL-4 Node risk index (model-based): NSRI, = P, (Y: =1| ;)

0-1 normalized model-based risk score,not an empirically calibrated accident probability.

Fig. 3. Hierarchical Bayesian network for the S2 breaching node

2.3.2 Stage-conditioned non-homogeneous DBN representation

To accommodate stage changes and unequal durations, WPC-BN is represented as a stage-
conditioned non-homogeneous dynamic Bayesian network (DBN): the active variable set changes
with stage type, and transitions of persistent states depend on both stage and elapsed time. The
implemented marginal propagation is an approximation to this full structure.

Let £ index actual operational nodes, Sy=s; denote the stage type, and Az denote the planned
duration or actual elapsed increment. Thus, k£ indexes stage executions rather than equally spaced
physical time. For persistent state Ci, the stage-dependent transition probability is

PlC; =8 € o =a B, =5y, Atﬁ_)=[®f‘g‘)(At& )] (7)

ab

where ©,Y(At) is the row-stochastic transition matrix for stage s over duration At, and a and b
are the pre- and post-transition states. Stage sequence and node duration are exogenous field
inputs.
The fixed persistent-state set is

C:{XII’XIZ’XZI’X295X3I’X399X40’X4I} (8)
The effective variable set at node k&, equivalent to the active variable set Z; in Eq. (5), is

Vi = Ve IV UA(SK)uv,md U{YK} )
where Veom, Vig, and Vmid denote common indicators, regional-background indicators, and
criterion/dimension intermediate variables, respectively; A(sz) is the stage-specific indicator set;
and Y; is the top node of the stage network. Inactive stage-specific indicators stay dormant and are

excluded from the within-node factorization.

Conditioned on stage sequence sy.x and node durations At ., the joint distribution of the stage-

conditioned non-homogeneous DBN is

K

P(vyil 8, oA, ) =P(V) *‘==)H[(!1-P(Cn- J G v sp At)x T P(X, | Paly, SA)} (10)

i L]
X ¢SV



268
269
270
271
272
273
274
275

276
277

278
279

280
281

282

where Pa; " is the within-node parent set. Equation (10) combines inter-slice transitions of
persistent states with within-slice conditional relations for all other variables; cross-node evolution
applies first-order transitions between same-name persistent variables, followed by evidence
updating.

Implementation propagates only the marginal posteriors of persistent states and rebuilds the next-
node prior under a marginal-independence approximation, making WPC-BN a modular forward
recursion of Eq. (10) rather than a full non-homogeneous DBN. Figs. 4 and 5 show cross-node

prediction—update—propagation and the cascading execution workflow.

Node k-1 (terminal section) Stage-driven propagation core

" Current node
Static BN at npde k-1 Predicted prior evidence ¢,
Common indicators of persistent Common
+background states indicators
indicators + A(Sy-1) w(7) +background
indicators+A(sy)

!

‘ Static BN update at node &

M

Stage-driven
CTMC propagation

Persistent-state

erminal posterior (7)) = [9(5‘.) (7_)]7‘ Py S—
P Updated posterior of persistent Nextaods
driven by stage type s, states (0)
yoe typ Y If = Agacual at completion, denote i‘fm slate i
and elapsed duration z i, potan L =pend
Node output
NSRRI, = Proge (Yer Node output
=1le,41) NSRIy.1= Proge (Yie1 =1les.1,7)

Fig. 4. Stage-conditioned non-homogeneous DBN and cross-node state propagation

Stage-template library

M (S0) / SO M (S1)/81 M (S2)/S2 M (S3)/S3 M (S4)/ S4
Reconnaissance Shoring Breaching Removal Transfer
none X73-X75 X76-X79 X80-X82 X83-X85
Node k
Prev. node -1 Transfer @,
M Next node
P (el entt) 680 (an) NSRI (slﬁ) p((s/f-)l end)

I

- Evidence
Sentinel HiE=1) X1-X69+X70-X72+A(s)
if needed ‘
updated in node

Fig. 5. WPC-BN stage-template invocation and cascading execution across nodes

2.3.3 Duration-dependent transition matrices

For a binary persistent state X; with state order [normal, failed], the row-stochastic transition

matrix for stage s over duration At and its constraints are given by Eq. (11).
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o (AI):[I—d}“(At) d" (Ar) }

rfm(At) l_ﬁ(SJ(AI) (11)

9(” > 0)29{5:] :l

uy

State evolution is modeled by a two-state continuous-time Markov chain (CTMC)

(Nodelman et al., 2002, 2003), with the generator Q and transition matrix given by Egs. (12) and

(13).
A A
0= 12)
Ho-H
Here, / and u are the deterioration and recovery rates, respectively (h™!).
O(Ar) =exp(QA?) (13)
Equations (12) and (13) yield the deterioration and recovery probabilities over any time
window:
d(at)=—2—[1-e @], r(at)=—E—[1-et ] 14
(A)=71 (a)=275 (14)

Let dy and 9 denote deterioration and recovery probabilities over a reference window 7y, with
0<dytro<l. If dpt+ro=0, set A=u=0; otherwise, v=-In(1-dy-r9)/To, A=vdo/(dotrs), and pu=vro/(dot+ro).
Each node transition matrix is then generated from its actual duration.

No persistent-state transition is applied in S0, so ®@(S0)(At)=I. Table 9 and Supplementary
Table S4-2 therefore report S1-S4 only. Rates are calibrated by variable group x stage type,
independent of a stage's position in the sequence. S1 gives the strongest recovery pathway, and S2
and S3 deteriorate faster than S4. In the present calibration p exceeds A for every variable group in
every stage, including S2 and S3. This does not assert that breaching or debris removal improves
structural condition. 4 and u are conditional on different initial states: 4 is the rate of degradation
from a normal state, whereas u is the rate at which an already-adverse state is restored, and during
S2 and S3 restoration is driven by the monitoring, pause—review, and secondary-reinforcement
actions that field procedures mandate precisely when an anomaly appears. Because node-start
failure probabilities are of order 102, the deterioration term dominates the propagated marginal
even when >\, which is why the propagated failure probability of X29 rises rather than falls
across a 16-# S2 node (Section 3.3). A calibration in which the recovery pathway is removed

entirely (1=0) is reported as a bounding check in Section 3.4.

This parameterization accommodates reordering, skipping, and repetition, but it does not
capture dependence on the preceding stage type, cumulative damage from repeated operations, or
coupling among parallel work fronts. Sequences that deviate substantially from standard practice
therefore require parameter review or a history-dependent DBN.

2.3.4 Propagation operator and cascading structure

For each persistent state X;, Eq. (15) propagates the node-start distribution to the planned-window

endpoint or to any elapsed-time update:

: o) T .
Jr,i:[ef*}(mk)] Pi_iy, IEE (15)
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Here, p is the inherited node-start distribution and z the predicted distribution after duration 4z in
stage si. Planned duration is not applied to the start state; during filtering, A# is the actual interval

between consecutive updates.

Cross-node information travels mainly through persistent-state marginal posteriors, avoiding
double counting. A residual-risk sentinel H(k-1) is a binary node that carries forward a disturbance
recorded at node k-1 that no persistent state represents — for example an unplanned impact, a
dropped load, or an aftershock-induced displacement logged by the safety officer but not captured
by X29, X31, or the gas group. It is activated by the safety officer at handover, enters node k as an
additional parent of the environment dimension, and is reset once the corresponding condition has
been inspected and cleared. It was not activated at any node of the Mandalay case, so no result
reported in Section 4 depends on it. Regional-background and stage-specific technical indicators

are not propagated by ®x.

2.3.5 Marginal approximation and applicability

Cross-node updating relies on a marginal-independence approximation: the eight persistent-state
marginals are propagated separately and recombined into the next-node predictive prior. Appendix
B establishes the formal relation to non-homogeneous DBN forward filtering under the same
approximation, including the required conditions and proof; Section 3.4 tests only numerical

consistency between two implementations of this recursion.

Numerical consistency does not imply equivalence to a full non-homogeneous DBN. Shared
descendant evidence can induce posterior dependence among persistent states, and marginal
propagation can lose joint information. Accordingly, cumulative damage, strongly correlated
evidence, or parallel work fronts may require recalibration or a richer model. Appendix D reports
additional checks on structural consistency, background-node isolation, closure of propagated

variables, parameter reuse, and inference logic.

2.4 Expert-driven FGW-DBNP parameterization

WPC-BN requires root-node priors, within-node CPTs, and stage-transition rates. Because
accident data are sparse and field observations are incomplete, the FGW-DBNP procedure
combines fuzzy elicitation, expert judgment, dispersion-based weighting, and stage-transition

calibration. These parameters support relative risk ranking rather than frequency estimation.

2.4.1 Fuzzy elicitation of root-node priors

Questionnaire 2 elicits root-node failure likelihoods on seven linguistic levels (VL-VH)
represented by trapezoidal fuzzy numbers (Zadeh, 1965; Ferdous et al., 2011; Yazdi and Kabir,
2017; parameters in Supplementary Table S2-1). Expert-weighted judgments are aggregated,
defuzzified by the centroid method to give the fuzzy possibility score (FPS), and mapped by the
Onisawa function to model-based priors (Onisawa, 1988). Appendix C.1 gives the equations,
Appendix Fig. C1 shows the membership functions, and Supplementary Tables S2-4 and S2-5

provide the raw judgments and baseline priors.
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2.4.2 CPT construction by combined weighting

Because consequence severity is not a conditional occurrence probability, score-based CPTs
combine AHP ranking weights with entropy weights derived from the dispersion of expert
severity ratings, using the 1-10 scores (Module C) and pairwise matrices (Module D) from

Questionnaire 2.

AHP yields WA subject to CR < 0.1. Column-wise min—-max normalization of severity
ratings, followed by expert-weighted entropy proportions (Eq. C7), is used to derive the dispersion
weight WB. WB reflects inter-expert rating dispersion, not severity, and depends on the
normalization scheme. Combining a dispersion weight with a ranking weight therefore requires
justification, because dispersion alone would reward disagreement. Here WA carries the
substantive ordering and WB is used only to damp positions on which the panel is internally
consistent but the ranking is weakly separated; the game-theoretic step constrains the result to lie
between the two sources rather than allowing either to dominate. The consequence is visible in the
worked example of Section 3.3, where WB reverses the WA ordering of X76 and X77; because
the two combined coefficients differ by 0.047, the reversal does not change the sensitivity
ordering of the branch, which is governed by the priors (X77 > X76 > X78). Analyses that require
the elicited importance ordering to be preserved exactly should use WA alone. Game-theoretic

combination gives W* by minimizing total deviation from WA and WB; see Appendix C.2.

The appropriate CPT form depends on the relationship among parent nodes; three forms are

used.

(a) Substitutable factors. Groups that are approximately OR-type, such as qualifications or

equipment availability, use a weighted linear CPT:

P(M:1| w): T w,2o =1 (16)

ued(w)

where A(w) denotes the set of failed parent nodes in state combination ®. This weighted linear
approximation to an OR gate preserves the [0,1] bounds but implies neither zero real-world risk

nor certain failure at the extremes.

(b) Synergistic factors. Strongly coupled pairs—breaching vibration X77 with structural
stability X29, combustible gas X40 with spark control X78, and burial depth X33 with access-

construction difficulty X34—use a noisy-OR variant with bounded interaction terms:

P(M=1 0)=1-(1-x,) I (1-q,) T (1-g,) (17)

ueA(w) (s v)eE,
where g, is the risk strength of individual parent failure u, m is the leak term, g, is the interaction
term for a predefined pair, and E,, is the set of active interaction edges under state combination o.
These are score-based CPT parameters, not empirical conditional accident frequencies. Coupling
pairs, leak terms, and interaction corrections are given in Supplementary Table S4-1; only

disclosed parameters fall within the reproducibility scope.
(c) Conjunctive failure links. A deterministic AND gate, or an AND gate with a leak term

accounting for measurement error and unmodeled failures, is used when substantial risk arises

only from the joint failure of several conditions.
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Together, the three forms represent substitutable, synergistic, and conjunctive relationships.
Because none is estimated from accident samples, all are interpreted as model-based CPTs rather

than empirical conditional probabilities.

2.4.3 Elicitation of stage-specific transition rates

Stage-transition rates are calibrated by variable group X stage type from seven-level linguistic
judgments over an 8 h reference window (Questionnaire 3). The modes in Supplementary Table
S3-2 describe directional tendencies only; calculations use d (8 /) and » (8 ) from Supplementary
Table S4-2 and convert them to A and u using Section 2.3.3. Strong aftershocks, reinforcement

pauses, or abrupt plan changes trigger piecewise updates.

Persistent states are grouped as structural, gas, personnel, and equipment. Variables in a
group share baseline rates, with optional variable-specific adjustment factors. Directional checks
compare relative deterioration and recovery across stages and do not require A>u for every group
in S2 or S3.

2.5 Risk outputs, diagnostics, and rolling decisions

Once the network structure and parameters are fixed, WPC-BN supports pre-task prediction, in-
process filtering, and post-task review, together with internal diagnostics and illustrative decision
bands. It supplements field command, safety-officer judgment, and applicable procedures rather

than replacing them.

2.5.1 Three inference modes

Pre-task prediction supports plan comparison and node admission. It uses only pre-initiation
evidence together with the planned method, shoring scheme, and duration to estimate risk at the
end of the planned window; it does not represent the state at task start. In Eq. (18), ax is the
planned action at node k (method, equipment configuration, and duration) and z is a configuration
Oka.

A Dre

Re =P(Y,=lle, ,» a)=2P(Y, =12)P(z) ey_.a,) (18)

Crossing a decision threshold prompts plan revision, strengthened controls, or expert review

rather than automatic shutdown. In-process filtering updates NSRI in the order that evidence
arrives and over the actual elapsed intervals; abnormal monitoring, inspection, or personnel
evidence triggers immediate reassessment. Post-task review examines risk evolution and key
factors using the complete record. Because formal backward smoothing is not performed, the
terminal quantity is a filtered posterior at the end of the node rather than a smoothed estimate, and
this mode is therefore termed review throughout; the term terminal posterior is used
interchangeably for the same quantity. The three modes use strictly separated information sets:
planned and historical information, evidence available up to the current time, and the complete

record.

2.5.2 Posterior relative update, mutual information, and dimension contributions

Posterior relative update (PRU; corresponding to the ratio of variation, ROV, in earlier literature)

quantifies the evidence-induced relative change in a basic-event probability:



422
423
424
425

426
427

428
429
430

431

432
433
434
435
436
437

438

439
440
441
442
443

444

445

446

P(X, =1l e)-P(X, =1)

PRU. =
! P(X, =1)

, P(X,=1)>0 (19)

where P(X;=1) and P(X=1|e) are the prior and posterior probabilities. For diagnostic ranking, PRU
is further conditioned on Y;=1 to measure each basic event's relative update under the latent unsafe
state; indicators fixed as normal by hard evidence are excluded. Because PRU depends on prior

magnitude, it carries no causal interpretation.

Mutual information (Shannon, 1948) between each root node and the top event is also

computed:
P(x,y)
P(x)P(y)

PRU quantifies relative updating, whereas mutual information measures model-internal

I(X;:¥)= .Z‘P(x, y)log, (20)

dependence with the top node. The two diagnostics are complementary within the same network

and do not provide independent external validation.

The relative contribution of each of the four dimensions is defined as:

w,P(B, =1l ¢)

C. =
b L W,P(B =1l e) e

where W is the score-based CPT coefficient for the top node Y and B is the corresponding
dimension node. The four top-node coefficients are fixed across M0-M4, were elicited from the
ten parameterization experts using the procedure in Section 2.4.2, and are stored in the
accompanying stage-network files. The 33-expert percentage weights (Supplementary Section
S7.3) serve only as a robustness comparison and do not enter NSRI. When the top node uses Eq.

(16), Eq. (21) exactly decomposes NSRI; under a nonlinear CPT it gives relative share only.

2.5.3 Illustrative decision bands and rolling rules

The four-level NSRI scheme is used only to demonstrate the rolling decision process (Table 4): the
1%, 2.5%, and 5% cutoffs are model-internal examples rather than outcome-calibrated thresholds.
Field deployment requires recalibration based on false-positive and false-negative costs, team risk
tolerance, and applicable procedures. The +20% perturbation in Section 4.3 tests only local

stability of node ranking and decision-band placement.

Table 4. Illustrative NSRI decision bands and rolling decision rules

Level NSRIrange  Illustrative action (subject to field command and applicable procedures)
I (Low) NSRI<1%  Start or continue as planned with routine monitoring.
11 1% < NSRI <

tart or continue with enhanced monitoring and reinforcement resources on standby.
(Moderate)  2.5% S & Y

I11 (High) 2.5% < NSRI Pause or defer. Apply diagnostic-guided controls, then reassess before resuming

<5% under field command.
IV (Very Evacuate to a safe area and repeat reconnaissance/assessment; final action follows
. NSRI > 5% .
high) field command and applicable procedures.

3. Indicator System, Parameter Calibration, and Internal Validation

3.1 Expert sample and parameterization design
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The survey system comprised three parameterization questionnaires and six review modules
(Table 5; Supplementary Table S3-1): Questionnaire 1, completed by the 20 Delphi experts,
supported two-round screening; Questionnaire 2, completed by the ten parameterization experts,
elicited indicator likelihood, consequence severity, and AHP judgments; and Questionnaire 3,
from the same ten experts, calibrated 8-/ state-transition parameters. Review Modules A-F,
completed by the 33 reviewing experts, covered criterion-level validation, dimension weighting,
stage-direction assessment, and standardized scenario ranking and were conducted independently

of the indicator-level parameterization.

Table 5. Questionnaire structure and model functions

Questionnaire Evaluation target Scale Model function
Indicator relevance within 19

L Five-point scale + Indicator screening; CVR
criteria: importance,

Questionnaire 1:

Indicator relevance : o open comments and Kendall’s W
representativeness, and operability

Questionnaire 2: . - Seven linguistic Root-node priors (B);

a1 A: case scenario; B: occurrence . .

Likelihood and . o levels (VL-VH); entropy-based dispersion
likelihood; C: consequence .

consequence (Modules severity: D: pairwise comparisons 1-10 score; 1-9 weights (C); AHP

A-D) Y 2P P AHP scale weights (D)
Stage-specific

Questionnaire 3: Stage-  deterioration/recovery of Seven linguistic Unit-time deterioration

transition calibration persistent-state groups over an 8-h  levels (VL-VH) rate A and recovery rate i

reference window

Twenty experts completed both Delphi rounds. A separate panel of ten specialists with
earthquake-rescue experience (five researchers and five engineers) calibrated indicator priors,
CPTs, 8-h transition parameters, and case-specific judgments. The 20-member Delphi, 10-member
calibration, and 33-member review panels were disjoint, giving 63 participants in total. Table 5
and Supplementary Table S3-1 summarize panel functions; calibration-panel scores and weights
are reported in Supplementary Tables S2-2 and S2-3, and review-panel backgrounds and weights
in Supplementary Table S7-1. Expert authority was screened using the conventional Delphi
coefficient Cr=(Ca+Cs)/2, where Ca is the self-rated judgment basis and Cs the self-rated
familiarity with the topic, with Cr > 0.70 used as the inclusion criterion. Because the same ten
calibration experts contributed both model parameters and case-specific judgments, common-
source bias cannot be excluded.

Table 6. Expert classification and scoring criteria

Criterion Classification and score

Professional title /
technical grade
Relevant experience >20 years: 5; 15-19: 4; 10-14: 3; 5-9: 2; <5: 1

Education Doctorate: 5; Master’s: 4; Bachelor’s: 3; Associate degree: 2; Other: 1

Ma]or'rescue >10:5;7-9: 4; 4-6: 3; 1-3: 2; None: 1
operations

Full senior: 5; Associate senior: 4; Intermediate: 3; Assistant: 2; Junior: 1

Rescue technical specialist/safety officer: 5; Command/management personnel: 4;

Professional rol S . -
ofessionalrole Earthquake-rescue expert at a research institute: 4; University researcher: 3; Other: 1

The panel covered field command, safety management, structural engineering, search and
rescue, breaching/shoring, equipment and logistics, and research. Questionnaire versions, samples,

and uses are documented in Supplementary Material S3 (Table S3-1).
3.2 Content validity and consistency of the indicator system

The same 20 experts participated in both Delphi rounds. In Round 1, 82 of 96 candidate indicators
exceeded the CVR threshold of 0.42 for a 20-member panel (Lawshe, 1975). Of the remaining 14



474
475
476

477
478
479
480

481
482
483
484

485

486
487
488
489
490
491
492

493

494
495

496
497
498
499
500
501

502

503
504
505

indicators, 11 were removed or merged and three were retained after revision, yielding the 85-
indicator system evaluated in Round 2. The Supplementary Materials report the final definitions
and round-level statistics but do not provide an item-by-item log of the 96-to-85 revision process.

In Round 2, all 85 indicators reached CVR > 0.50, with mean relevance scores of 3.8-4.9.
The mean coefficient of variation decreased from 0.21 to 0.16, while Kendall’s W increased from
0.287 to 0.341 (both p < 0.001). Cronbach’s o ranged from 0.83 to 0.91 across the four
dimensions and serves only as a reference for internal questionnaire consistency (Table 7).

Exploratory subgroup comparisons within the expert review were used only as a robustness
check and did not alter indicator retention or model parameterization. Because these comparisons
are not part of the validation evidence reported in the Supplementary Materials, no inferential

claim in this study depends on them.

Table 7. Summary of the two-round Delphi evaluation

Round 1 (96 Round 2 (85

Test candidates) indicators) Criterion Result

Valid responses 20 20 — —

Indicators meeting 32/96 85/85 CVR>0.42 (n= Passed (Round 2: all 85

CVR threshold 20; Lawshe, 1975) indicators CVR > 0.50)

Kendall’s W (%) ?p2<%70((;5 ;‘33’ ?p’g)lo(osf ;'9’ (p<0.05) Significant; modest agreement

Mean coe fficient 0.21 0.16 Decrease Convergent

of variation

Cronbach’s a 0.79-0.88 0.83-0.91 >0.70 Passed (reference only)

Mean relevance Round 1: items_below 3.5
3.1-4.8 3.8-49 >3.5 removed or revised; Round 2:

score all items > 3.5

The 33-expert review assessed the 19 criteria for safety relevance, cross-case generalizability,
and field observability; all were retained under the prespecified rule. Median safety-relevance
scores were 4-5 with /QR < 1, and all generalizability medians were >4. Observability medians
for C3, C11, and C13 were 3, indicating that instrumented or network-based evidence should be
prioritized where available. Kendall’s W was 0.515 (p < 0.001; Supplementary Table S7-2). These
results support criterion-level content validity, but the uniformly high ratings indicate a ceiling
effect and do not substitute for independent case validation.

3.3 Parameter calibration and illustrative results

The S2 breaching indicators X76—-X78 are used to illustrate FGW-DBNP parameterization
and identify which calculations can be reproduced independently.

(1) Prior probabilities.

The ten parameterization experts scored 17, 16, 19, 20, 18, 15, 22, 22, 18, and 18 under Table 6,
and their exact normalized weights were used. For X77, the linguistic judgments {ML, M, ML, L,
M, ML, M, M, L, L} were aggregated to (0.2541,0.3541,0.3816,0.4816). The resulting fuzzy
possibility score was FPS = 0.3678, which yielded F = 1.75x103after the Onisawa

transformation. Other root-node priors were obtained analogously.
(2) Score-based CPTs.

All ten AHP matrices satisfied the consistency criterion (CR < 0.1). Aggregation produced
Wa=(0.2863,0.4561,0.2576), while the entropy-based dispersion weights were
Wg=(0.4832, 0.2720, 0.2448). Game-theoretic combination yielded W*=(0.3982, 0.3515, 0.2503).
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The X76—X78 branch used the linear CPT of Eq. (16), with the resulting conditional
probabilities in Table 8. The noisy-OR coupling between X77 and X29 is reported in
Supplementary Material S4.2 and the original expert matrices in Supplementary Table S2-6.

Table 8. Example score-based CPT for the “breaching technical risk” node

X76 X77 X78 CPT: Risk = Yes CPT: Risk = No
No No No 0 1

Yes No No 0.3982 0.6018

No Yes No 0.3515 0.6485

No No Yes 0.2503 0.7497

Yes Yes No 0.7497 0.2503

Yes No Yes 0.6485 0.3515

No Yes Yes 0.6018 0.3982

Yes Yes Yes 1 0

(3) Stage-transition rates.

For X29, the 8-h transition probabilities are reported in Supplementary Table S4-2 and
converted to 4 and u using Section 2.3.3 (Table 9). The deterioration rates for S2 and S3 were
approximately 6.02 and 4.69 times the S4 rate, respectively, whereas the recovery rate in S1 was
approximately 80 times its deterioration rate. For a 16-h S2 operation, d(S2)(16 h)=1.427x102,
and the failure probability of X29 increased from 1.000x102 at node initiation to 2.391x107 after
propagation. The node-initiation value is itself the output of the preceding cascade and not a free
input: the Mandalay case-specific prior of 9.77x10- (Table 11), propagated through the 11-h S1
node with the structural-group rates of Table 9, returns 1.000x107 at the start of M2. This node-
initiation value can be reproduced directly from the reported prior and transition parameters in
Table 11 and Table 9.

Table 9. Stage-specific transition parameters for structural stability (X29)

Linguistic mode

o 1 -1 -1
Stage Dominant mechanism  A/h wh d(8 h) (8 h) (deterioration/recovery)
SL Shoring 1 reased restraint; 1.03x10- 82710 0.8x10°  6.4x10°
and o 4 3 3 N VL /MH
. load redistribution
bracing
Vibration and
component . . . .
Erzescli?n weakening: ?.OSXIO 31.39X10 37.2><10 21.1><10 ML /L
£ deterioration higher
than S4
S3Debris  Umloadingand lifting = 0 16y 9u10- 56x10- 1.5x10°
removal impacts; deterioration 3 3 ) ML/L
higher than S4
Minor disturbance
S4 from transport and - _ _ _
Casualy  equipment LSO L1310 12x100 09107y
transport withdrawal; lowest
deterioration

3.4 Numerical properties and implementation consistency

(1) Linear scoring branch.

For the M2 “breaching technical risk” node, the priors of X76-X78
were 1.18x1073, 1.75x1073, and 0.90x1073, respectively, producing a baseline output
of 1.31x1073 under Eq. (16). Raising each prior by 10% individually increased the child-node
output by 3.6%, 4.7%, and 1.7%, giving the sensitivity order X77 > X76 > X78, and linear
monotonicity held over 10%—-50% perturbations. The output was 0 with all parents normal and 1
with all failed, and raising all three priors by 10% together increased the output by 10.0%, equal to
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the sum of the individual responses (Fig. 6). The same checks were applied to the remaining linear
branches; they verify only the intended numerical properties of the scoring structure. All inference
was performed in GeNle 4.1 (BayesFusion) with the stage models M0—M4 supplied as .xdsl files,
and cross-node propagation was performed using the Python script in Supplementary Material
S6.3; file organization and workflow are described in S6.2.

Monetonicity (single-factor) Normalized bounds ‘Additive consistency (+10% perturbation)

25 23.7% All parents normal(0)
=@ X76 Breaching process adaptability

o X77 Breaching vibration & @ @ @ =2 Pui~0
0 0 0

structural disturbance control

20— 17.9%
M2 linear scoring branch

10%

~{— X78 Dust & spark control

10% perturbation
i A 8.6%
All parents failed (1)
s 47% _
3.6% @ @ @ P
1 1 1

1.7%

T T T T P, <
0 10 20 310 40 50 X76 X77 X78 all three

(+10%)

(%) ndino apou-piIyd Ul 23uryd JANT[IY

(%) dino apou-pyIyo ur d3ueyo dANLR[RY

Relative increase in parent prior (%) (Model-normalized bounds)

Fig. 6. Numerical-property check for the M2 linear scoring branch

(2) Cascading propagation.

At M2 initiation, the failure probability of X29 was 1.000x102. After 16 / of S2 propagation,
it increased to 2.391x1072. Raising the initial probability by 20%, to 1.200x10-2, increased the
window-end value to 2.584x102, corresponding to AP=1.93x10-3. As a bounding check on the
recovery pathway, setting 4=0 for the structural group in S2 while holding 4 fixed raises the
window-end value to 2.428x102, an increase of 3.8x10%; the node ranking of Table 12 is
unchanged. Given dp (Y=1) / dp (X29=1) < 1, the absolute increase in the M2 window-end NSR/
cannot exceed 0.19 percentage points. Only the reproducible change in the propagated state
probability is therefore reported; no NSRI change is inferred without recomputing the complete
stage network. Alternative stage-sequence tests served only to verify parameter invocation and
propagation logic.

(3) Software implementation consistency.

Under identical inputs, marginal-independence assumptions, and time definitions, the
maximum node-wise absolute difference between the WPC-BN cascade and non-homogeneous
DBN forward filtering was < 10 (Fig. 7). This is a code-verification result and not a validation
result: because both implementations execute the same approximate recursion, agreement is
expected, and the test establishes only that the modular cascade introduces no implementation
error relative to the slice-wise form of the same recursion. It does not establish the effect of
posterior factorization relative to exact joint propagation; Section 5.1 defines this applicability
boundary, and Supplementary Section S6.7 gives the corresponding exact-joint benchmark
protocol.
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Fig. 7. Software implementation consistency between the WPC-BN cascade and the DBN under the same

marginal-independence approximation

3.5 Robustness, stage-direction, and scenario-ranking checks

(1) Dimension-weight robustness. With direct 100-point allocation by the 33 experts, the
mean ranking was Environment B3 (34.1) > Management and operation control B4 (25.9) >
Personnel B1 (22.9) > Equipment B2 (17.2). Expert-weighted means produced a similar ordering
(Supplementary Table S7-3). These weights serve only as a robustness reference and do not
replace the top-node CPT coefficients W5.

(2) Stage-direction consistency. Review Module E used a three-state judgment—
deterioration, no change, or improvement—over a 1-# window. Because the CTMC
quantities d and r are conditional on different initial states, the responses cannot be converted
directly into CTMC transition probabilities and were used only to assess directional consistency,
not to recalibrate A or u. The judgments are reported in Supplementary Table S7-4. Directional
agreement with Supplementary Table S4-2 was obtained for S1 and S4; for S2 and S3 the 1-4
three-state judgments indicated net deterioration, whereas the 8-4 calibration retains r > d for the
structural group, reflecting the different conditioning bases of the two instruments (Section 2.4.3)

rather than a recalibration conflict.

(3) Standardized scenario ranking. Review Module F estimated the probability of local or
progressive collapse within 30 min, whereas NSRI is a composite model-based unsafe-state score;
because the two differ in event definition and scale, only their ranking directions were compared.
The scenario medians are given in Supplementary Table S7-5, and the ordering V4 > V3 > Vg >
V2 > V6 > V7 > V1 > V5 places breaching- and removal-stage disturbance scenarios above
shoring- and transport-stage scenarios, matching the node ranking in Table 12. The comparison
examines mechanistic consistency and supports the use of these scenarios for future calibration; it

is not evidence of external discriminative validity.
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4. Retrospective Engineering Application

WPC-BN was applied retrospectively to the rescue at the Golden Country Hotel in Mandalay,
Myanmar. Public information, node-level field records, and expert review were combined to
exercise pre-task prediction, in-process filtering, cross-node propagation, and internal diagnostics.
Model outputs were compared with observed structural responses under time-locked evidence, so
within-stage anomalies entered the reconstructed inference sequence only after their recorded
occurrence. This constrains temporal information leakage in the model sequence but does not
make retrospective coding outcome-blind. Because the analysis is based on a single case and
largely expert-elicited parameters, predictive accuracy was not estimated.

4.1 Case overview

On 28 March 2025, an Mw 7.7 earthquake struck near Mandalay, Myanmar (Goldberg et al.,
2025). At about 17:40 on 2 April, the China Search and Rescue Team and the China International
Search and Rescue Team rescued a male survivor trapped for more than 120 4 at the Golden
Country Hotel and transferred him to a local medical facility (China News Service, 2025). Public
sources define the case context; node-level field records supply the structural-response evidence
during rescue (Fig. 8). No claim is made about field details that the available records do not cover.

S0-Reconnaissance and
initial assessment

S1-Support installation §2-Slab breaking $3-Debris removal S4-Transport and evacuation ‘

Fig. 8. Collapse condition and rescue operations at the Golden Country Hotel (photograph courtesy of Wen Bai).

Public information, field records, and expert review map the rescue process to stages S0—S4
and update nodes M0-M4 (Table 10). The intervals are reconstructed for model analysis rather
than taken from a public hourly log, and structural responses at M1-M3 come from actual
operational records. TO denotes only the model time origin and is not equivalent to the publicly
reported entrapment duration of more than 120 4.

Table 10. Stage-based case timeline and key evidence

Node Stage Relative interval  Key operations and evidence

S0 Reconnaissance and UAYV reconnaissance and life detection; aftershock, heat, and initial
MO . TO-TO+6 & (6 h) .

initial assessment structural evidence collected; dual-access rescue plan developed.

Combined shoring and hydraulic jacking; minor deformation of local
TO+6-T0+17 A R .
(11 h) st.ructural compopents and the rescue passage during jacking; shoring
displacement reviewed.

TO+17-TO+33 & Downward slab breaching and cutting; pronounced abnormal sounds

Ml S1 Shoring/bracing

M2 S2 Slab breaching

(16 h) and tilting risk observed; work paused, reviewed, and reinforced.
TO+33-T0-+49 / Layered removal using manual work and small machinery; vertical
M3 S3 Debris removal (16 h) deformation of the established rescue passage; unloading effects
continuously monitored.
M4 S4 Casualty transport TO0+49-TO+57 h Early medical involvement; continuous casualty monitoring; transport
and evacuation (8 1) and site handover completed.

4.2 Model parameters and evidence entry
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Model inputs are of four kinds: general baseline parameters, case-specific priors, dynamic
evidence available before a node begins, and new evidence acquired within a stage. The ten
parameterization experts calibrated general priors, CPTs, and transition rates, and elicited the
case-specific priors for the Mandalay setting (Table 11). Structural responses observed within a
stage were excluded from pre-task prediction and entered only after occurrence during filtering.
Across nodes, only the ordinary-evidence posterior P(Xi=1|ex) was propagated; the posterior ¢

used in PRU diagnostics conditional on Y;=1 was not propagated.

Three terms are used throughout and are not interchangeable: general baseline prior, case-
specific prior, and stage-propagated prior. The current ten-expert parameter set is an initial library;
cross-regional use requires recalibration to local building, site, and team conditions within the
same network interface. Questionnaires, evidence coding (Supplementary Table S5-1), and
calculation details are given in Supplementary Materials S3 and S5.

Table 11. Case-specific root-node judgments and model-based priors (distinct from the general baseline priors in S2)

Indicator Modal linguistic judgment FPS Model-based prior
X33 Burial depth H 0.800 3.55x1072
X32 Relative burial position MH-H 0.720 2.09%x1072
X34 Access-construction difficulty MH 0.650 1.34x10°2
X72 Aftershock intensity and frequency MH 0.601 9.86x1073
X29 Structural stability M-MH 0.600 9.77x1073
X46 High temperature M-MH 0.580 8.59%1073
X39 Oxygen level L 0.200 2.22x107*
X21 Equipment integrity and reliability VL-L 0.170 1.25x10*

4.3 NSRI evolution across three information states
4.3.1 Pre-task, in-process, and post-task information states

NSRI was evaluated in three information states: pre-task prediction at the planned-window
endpoint, in-process filtering, and post-task review. Pre-task values used only evidence available
at node initiation, the planned operation, and the planned duration. Structural responses observed
during M1-M3 entered only after occurrence, preserving the predict-observe-update sequence
(Table 12). Because every node of this case closed without further evidence arriving after the last
in-process update, the post-task review value coincides with the final in-process value at all five
nodes; Table 12 therefore reports two distinct numerical columns and the review state is
represented by the observed-action column. This coincidence is a property of the present record,
not of the framework.

Table 12. Three information states and retrospective action comparison using illustrative NSRI thresholds

Pre-task prediction

Node (planned-window In-pr.ocess llustrative Pre-task action In-process action Qbseryed action
. filtering level in review records
endpoint)
sessment i he ahershock and gas  Dua-access plan
MO . : 2.05% 1l — S8 835 nitiated with
first information monitoring monitoring posts
state) (illustrative). & posts.
Continue; review S(})Irzml‘lie dand
M1 1.80% 1.62% 1T Proceed. shoring before P
breachin reviewed before
e the next node.
Defer pending Trigger Work paused
. . > . after abnormal
diagnostic-guided pause/review; sounds and tiltin
2.55% (illustrative controls: strengthen reinforce shoring, risk were e
M2 Level 1T 2.86% I vibration control and reduce
. . . observed;
threshold) review shoring; proceed  vibration/load, and
resumed after
only after reassessment reassess before .
review and

under field command.

resuming.

reinforcement.
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Pre-task prediction

Node  (planned-window In—pr_ocess Illustrative Pre-task action In-process action _Obseryed action
. filtering level in review records
endpoint)
. Manual work and
Continue; enforce .
Proceed; control machinery blind- small machinery
M3 2.35% 221% I . v used for
unloading rate. spot exclusion
controlled
zones.
removal.
Proceed; position I(\l/Ieclhcal dSUaPrFiOf’t
M4 1.30% 1.18% II medical support in Continue. cployed early;

casualty rescued

advance.
and handed over.

M2 carried the highest NSR/, rising from 2.55% at the planned-window endpoint to 2.86%
during filtering. Pronounced abnormal sounds and tilting risk were observed during breaching;
once that evidence arrived, NSR/ rose and the model called for a pause, shoring reinforcement,
vibration/load reduction, and reassessment, directionally consistent with the field response of
pausing, reviewing, and reinforcing. The comparison supports process consistency in the location
and updating direction of the risk peak, not predictive accuracy.

4.3.2 Local output-layer perturbation

To test the stability of node ranking, independent multiplicative perturbations U(0.8, 1.2) were
applied to the five in-process NSRI point estimates over 10,000 Monte Carlo samples (random
seed 42; script in S6.4), leaving priors, CPTs, transition rates, evidence reliability, and network
structure unperturbed. M2 remained the highest-risk node in 92.63% of samples, and in 81.69% of
samples its NSRI remained at or above the illustrative 2.5% threshold (Fig. 9).

4 -
5%-95% range
- 25%-75% range (IQR) 5
—@— WPC-BN filtered NSRI (case values)
"""" Ilustrative working line (2.5%)
3 4
2 —

1 T T T T T

MO0 M1 M2 M3 M4
Reconnaissance Support/Shoring Slab breaching Debris removal Rescue transport
Assessment

Fig. 9. Distributions of in-process NSR! across five nodes under +20% independent multiplicative output
perturbations (N = 10,000; random seed = 42).

4.4 Node-level diagnosis: dimensional contributions and key factors
4.4.1 Contributions of the four risk dimensions

The dominant source of risk changes as the operation progresses. Relative contributions of
the four dimensions were computed using Eq. (21) (Fig. 10). The environmental contribution
decreased from 48% at MO to 38% at M2 and 30% at M4, whereas management and operation
control increased from 23% at MO to 27% at M2 and remained at approximately 27%—32%
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thereafter. Equipment remained at about 15%—-20%, and personnel increased from 14% at MO to
22% at M4. Thus, early environmental dominance gradually gives way to management and

personnel factors. Only contributions obtained from actual node inference are reported; unverified
counterfactual recalculations are not used.

(a) Four-dimension contribution across work phases

" Bl-Man - B2-Machine - B3-Environment - B4-Management
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(b) Structural recalculation tests (other evidence unchanged)

Test 1: Close C19 Technical Indicator Group (M2) [ Test 2: Close Cross-Node Transfer of Man Status (M2) ]

M2 Management Actual (Baseline) Counterfactual (Recalulated)
dimension contribution 570/ . . . 19%

M4 Man dimension Actual (Baseline) Counterfactual (Recalulated)

contribution
M2 node NSRI Actual (Baseline) Counterfactual (Recalulated) 22% .

) 286% @ ——> @ 244%

— D 17%

Fig. 10. Relative contributions of the four risk dimensions across case nodes.
4.4.2 Internal diagnosis using PRU and mutual information

At M2, with X76 and X78 excluded because hard evidence fixed them as normal, PRU ranked
X77, X29, and X31 highest, and mutual information gave the same top three at 4.74x1073,
4.21x1073, and 3.66x107 bits, respectively (Supplementary Tables S5-2 and S5-3). Because both
metrics derive from the same network, they serve only as complementary internal diagnostics;
their engineering reading nonetheless matches the pronounced abnormal sounds and tilting risk
observed at M2. Fig. 11 reports only the mutual-information ranking, to avoid mixing diagnostic
posteriors with cross-node propagation quantities.
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Fig. 11. Mutual-information ranking of root factors at M2 (based on Supplementary Table S5-3).
4.5 Retrospective consistency with field observations

Field records from M1 shoring, M2 breaching, and M3 debris removal served as process
references under the same time-locking rule: pre-task NSRI used only pre-node information,
whereas within-stage structural responses entered filtering only after occurrence. Given the small
number of nodes, the comparison addresses the location and direction of the risk peak, dominant
mechanisms, and the final process state; AUC, sensitivity, and specificity were not calculated
(Table 13). Retrospectively coded soft evidence, including X29, X77, and X81, was assigned with
knowledge of the completed rescue, so the case is interpreted as a process-consistency
demonstration rather than predictive validation. Prospective shadow-mode deployment, outlined
in Section 5.4, is the appropriate next step for outcome-blind performance assessment.

Table 13. Retrospective consistency between field-observed structural responses and WPC-BN outputs

Model output and internal

Node Field record . . Retrospective interpretation
diagnosis
Minor deformation of
local structural 1.80% pre-task — 1.62% in- The local response is compatible with a
M1 . e .
Shorine/bracin components and the process; Level II; lower risk generally stabilizing shoring stage that can
e g rescue passage during than M2 and M3. still induce limited disturbance.
jacking.
Pronounced abnormal 2.55% pre-task — 2.86% in- The most prominent field anomaly coincided
M2 Slab sounds and tilting risk process; Level III and highest with the modelled risk peak, while the
breaching durine breachin g overall; X77, X29, and X31 leading factors directly reflected vibration
g & prioritized. and structural stability.
0 _ 0/ i
Vertical deformation of 2.35% pre-task — 2.21% in L . .
. . process; Level II and second- The observed deformation is compatible with
M3 Debris the established rescue hieh I 1 loadi | s .
removal passage during debris ighest overall; interna un oad_mg, release of constraints, and
diagnosis highlighted X80, operational disturbance during removal.
removal.
X30, and X81.

The trajectory supports a process
interpretation of stage-specific risk increase,
intervention, subsequent risk reduction, and

Overall debris tilt angle

0,
Whole-process of 3.6°; field record NSRI peaked at 2.86% at M2,

then declined to 2.21% at M3

final state classified the overall and 1.18% at M4 final control. The 3.6° value is treated only as
debris structure as safe. o0 ’ an observed endpoint, not as a calibration
threshold.

Before the M2 anomaly was entered into the model, the planned-window NSRI was already
2.55%, the highest among all nodes; after the anomaly was incorporated, it rose to 2.86%. PRU
and mutual information both prioritized X77, X29, and X31, directly linking the diagnosis to the
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abnormal sounds and tilting risk. M1 showed only mild local deformation and a lower in-process
NSRI, whereas M3 remained relatively high, consistent with unloading and passage deformation.

The final measured debris tilt angle was 3.6°, and the field record judged the overall structure
to be safe. This terminal observation does not negate the stage-specific peak at M2: the anomaly
was followed by a pause, review, reinforcement, and vibration control, and NSR/ subsequently
declined at M3 and M4. Because 3.6° was not predefined as a safety threshold, it is treated only as
a terminal observation and is not used to back-calibrate NSR/ thresholds.

5. Discussion
5.1 Methodological contribution to whole-process assessment

The principal methodological contribution of WPC-BN is to convert post-earthquake rescue safety
from a sequence of isolated judgments into a common node-based inference process. The
assessment unit is the actual rescue operation rather than the building as a whole. A fixed
candidate evidence space preserves common semantics across nodes, while stage-conditioned
activation allows each operation to use only factors that are physically relevant. Stage-specific
assessment therefore remains comparable without forcing the same active factor set onto

heterogeneous tasks.

The architecture separates within-node dependence from cross-node inheritance. A stage-
specific BN represents the active personnel, equipment, environment, management, and technical-
control evidence at each operation, whereas only eight physically persistent states are propagated
to the next node. This selective inheritance preserves the information needed for rolling
assessment while avoiding artificial temporal propagation of stage-specific variables whose
physical meaning ends with the task.

Temporality is handled by continuous-time propagation at the boundary between operational
nodes. Transition matrices are generated from stage-conditioned CTMC rates over the actual
elapsed duration, so unequal node lengths do not require an arbitrary common time slice. Flexible
sequences, skipped or repeated stages, and mid-stage reassessment can therefore be represented
through the same interface. Time-locked evidence further distinguishes planned-window
prediction, in-process filtering, and terminal review, making changes in NSRI traceable to

inherited state, elapsed time, and newly observed evidence.

WPC-BN should be interpreted as a stage-conditioned modular dynamic Bayesian
formulation rather than as an alternative to DBNs in principle. Static BNs are efficient for
snapshot or single-task inference but do not carry state across operations. Conventional DBNs are
preferable when slice definitions and cross-state dependencies can be specified consistently and
supported by data. WPC-BN addresses the field setting in which the active evidence structure
changes with the rescue task, node durations are irregular, and only a limited subset of states has a
defensible transition model.

Under the factorization adopted for the eight persistent states, Appendix B shows that the
cascading prediction-and-update recursion is numerically consistent with non-homogeneous DBN
forward filtering implemented under the same assumptions. This equivalence clarifies the
contribution: WPC-BN does not claim greater probabilistic expressiveness than a fully specified
DBN; it provides an operational decomposition that couples stage activation, duration-aware

propagation, and evidence governance in a form aligned with rescue decision points. Posterior



727
728
729

730
731
732
733
734
735
736
737
738

739
740

741

742
743
744
745
746

747
748
749
750

751
752
753
754
755
756

757

dependence created by shared within-node evidence defines the boundary of marginal
propagation, and Supplementary Section S6.7 gives an exact-joint benchmark protocol for
applications where that dependence warrants explicit evaluation.

Figure 12 summarizes this positioning and the corresponding applicability boundaries. Static
BNs suit snapshot assessment without state inheritance; conventional DBNs suit processes with
stable temporal structure and estimable inter-slice dependence; WPC-BN is intended for whole-
process field assessment with heterogeneous stages, irregular durations, and selective state
inheritance. Accordingly, NSRI is used for cross-node comparison, trend tracking, and diagnostic
prioritization within a common parameter system, not as an empirical accident probability. Where
cumulative damage, strongly coupled persistent states, or concurrent work fronts dominate, the
same node-based framework can be extended through finer segmentation, history-dependent
transitions, exact joint propagation, or a richer DBN structure.

Static BN Classical DBN

t t+1 t+2 S1 S2 83
Structural il = = \.
representation 4 ._’ Lol ._. Lo ._:. aein - sl
| = =1 =
o H oY B H :
™ |® o °
Single information slice Time-slice expansion + temporal links <y r’-' T ;:{;,;, ietert siat lran%l'er
Core capability ] Sir{g}e—slice ccm.diliona} c?epend.ence; = Expl?:i} tempom‘l dependence; : W Stage-specific }‘nudcl activation; I
positioning W Evidence updating and diagnosis; W Prediction, filtering, and smoothing; B Unequal-duration state prof
™ No explicit temporal propagation M Richer dynamic representation B Rolling cross-node updating
s s M Fixed-slice ri is; n ing; (] -varyi i "
Applicability foed slice r-lsk analysis; FL-l“ temporal fnodﬂhng. ) I Stage-varying, um:quai—dumllmn workflows; I
and trade-offs M Simple and interpretable; W Higher model/inference complexity; B Modular and deployment-oriented;
M Limited temporal inheritance M Suited to strong temporal dependence M Marginal propagation loses joint dependence
Concluding . D ) : | ‘o |
positioning W Single-slice diagnosis W Full temporal modeling W Modular approximation for rescue workflows

Fig. 12. Positioning and applicability boundaries of static BNs, conventional DBNs, and WPC-BN.
5.2 Engineering value and decision implications

Whole-process assessment enables safety resources to be positioned before high-risk operational
windows. In the case study, M2 already had the highest pre-task NSRI before abnormal evidence
emerged. Node-level prediction can therefore establish pre-operation priorities for shoring review,
vibration control, evacuation readiness, and intensified monitoring rather than merely indicating
whether the current state is unsafe.

Time-locked updating also converts new evidence into traceable control priorities. Once the
anomaly emerged, the updated NSR/ and the diagnostic ranking of X77, X29, and X31 formed a
closed chain linking the risk window, evidence update, key factors, and control actions. This
structure explains not only why intervention is warranted but also what should be addressed first.

Cross-node propagation supports reassessment after intervention. Following the M2 anomaly,
work was paused, the situation was reviewed, shoring was reinforced, and risk declined at M3 and
M4, showing that whole-process safety reflects both operational disturbance and control measures.
At the current validation stage, the appropriate evaluation targets are identification of high-risk
windows, direction of risk updates, factor interpretation, and post-intervention risk reduction
rather than the final collapse/no-collapse outcome alone.

5.3 Transferability, evidence governance, and applicability boundaries
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WPC-BN is transferable through framework reuse and parameter localization, not unconditional
parameter portability. The S0—S4 templates, candidate-evidence interface, and activation rules can
be reused across scenarios, whereas priors, CPTs, transition rates, state boundaries, and NSRI
thresholds must be recalibrated for local building type, collapse pattern, aftershock environment,
and team capability (Marcot et al., 2006; Kaikkonen et al., 2021). Pronounced cumulative damage,

strong state dependence, or coupling among multiple work fronts requires a richer dynamic model.

Evidence governance should follow temporal information availability: pre-node information
supports pre-task prediction, newly observed anomalies and monitoring data enter in-process
filtering, and the terminal posterior is propagated to the next node. Original records, timestamps,
evidence sources, and observation-to-indicator mappings should be preserved to prevent
information leakage (Kaufman et al., 2012).

WPC-BN should operate within a layered decision architecture of hard constraints,
probabilistic support, and field-command judgment (Fig. 13). Regulatory requirements, clear
instability signs, and pause, evacuation, or reinforcement conditions identified by structural
experts take precedence. Within that architecture, the model supports risk ranking, key-factor
diagnosis, and comparison of operational alternatives.

Flexible sequence: reorder / skip /iterate l

50 51 52 53 S4
Reconnaissance = - Shoringand ~@—————3 Slabandwall |[# ¥ Debris removal 2| Rescue and
and assessment | STl pesterior— | i breachi
prior for next-node stabilization reaching transfer
Evidence sources Prior prediction Mid-process filtering Mid-process filtering Posterior transfer Output information
A n istori i " G i B NSRI
B Ficld observationsand logs Hl:f.roncal ; W New 5‘”.‘13"95 enters W New evnldencg enters {lenn'l"dle terminal NSRI value and
5 & S evidence e(0:4-1) B Anomalies trigger  [4—3>{ B Anomalies trigger @—>  posterior > trend
Egsx ek iy | ™ Planned evidence immediate immediat reassessment ® Evolve through B Key-factor
®  Equipment andpersonnel W Output: end-of- reassessment B Update NSRI W Serve as prior for diagnosis
status window NSRI ®  Update NSRI the next node B Process records and
W Environmental and gas ,} action
monitoring - {“ hea
Enter / continue NSRI grading (Levels I-1V) Pause /reinforce 00 HeIUON S
L] : N >-—> i -
R operation Judged against working thresholds I evacuate information
!
Hard constraintso (verride model) Probabilistic iu_ppnrt_ ('_“'P("-ﬂ\l] On-site command judgment ,_\ I:xpcricncf:
N O Used when evidence is incomplete, O Integrates technical, resource, time, and accumulatior
o Cud:st’expcm'rcqulrz ‘.’“‘“’d‘ale riskfactors compete, or plans are compared safety constraints Continuous
pause.evacuation, or reinforcement Lo/ 13 Provides probabilistic support andpriority ——3| [0 Approve continuation, peuse,or plan Iearing and [»] case replay
O Obvious instability, severe deformation, review factors A iREaEas updating
oAl | Vol Ilmws: BxCocted O NSRI working line = auxiliary review O International coordination and resource w®, . Model
O Not restricted by NSRI thresholds line(not an automatic threshold) deployment handled separately calibration

Fig. 13. Framework transfer, evidence stratification, and the layered decision architecture of hard constraints,

probabilistic support, and field-command judgment.
5.4 Applicability boundaries and future research

The current evidence base supports WPC-BN as a comparative and diagnostic framework rather
than an outcome-calibrated accident model. Indicator screening, internal numerical checks,
standardized scenario ranking, and the retrospective Mandalay reconstruction establish content
coverage, implementation consistency, mechanistic ordering, and process-level interpretability.
The present NSRI decision bands therefore remain illustrative until sufficient node-level outcome

data are available for empirical calibration.

The intended application domain is sequential collapsed-building rescue that can be
represented as stage-conditioned operational nodes, with a limited set of persistent states whose
evolution over each node is reasonably approximated by first-order, piecewise-constant
transitions. Operations dominated by pronounced cumulative damage, abrupt regime changes, or
tightly coupled concurrent work fronts lie outside the present factorized propagation boundary and
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motivate finer node segmentation, piecewise transitions, exact joint propagation, or history-
dependent and hierarchical extensions.

Parameter use is scenario-local rather than universally portable. Priors, CPT settings,
transition rates, evidence mappings, and decision thresholds should be updated for building type,
collapse pattern, aftershock environment, team capability, and monitoring configuration.
Retrospective evidence remains appropriate for process reconstruction and mechanism checking;
prospective performance evaluation should record predictions and evidence states before
outcomes are known and should separate calibration data from validation cases wherever
practicable.

Future validation can proceed in three stages: first, build a timestamped node-level database
spanning multiple regions, building types, rescue teams, routine operations, near misses, and
instability events; second, deploy WPC-BN prospectively in shadow mode so predictions are
frozen in real time without influencing field command; and third, evaluate calibration,
discrimination, threshold utility, and decision value once event definitions and sample sizes are
adequate.

As evidence accumulates, expert-elicited parameters can be updated empirically and
uncertainty propagated through priors, CPTs, and transition rates to obtain interval estimates of
NSRI. Further work should also compare marginal and exact-joint propagation under denser
shared evidence and examine history-dependent extensions for repeated disturbance. Any increase
in model complexity should preserve the core properties established here: stage-specific relevance,
evidence provenance, duration awareness, and auditable decision support.

6. Conclusions

Safety assessment for post-earthquake rescue has lacked a node-level dynamic framework that
covers the operation end to end. WPC-BN was developed to address this gap and evaluated
through internal tests and a retrospective case study. Three conclusions follow.

(1) The framework moves safety assessment to actual rescue-operation nodes and organizes
four dimensions, 19 criteria, and 85 indicators in a unified candidate evidence space. Common,
regional-background, and stage-specific layers give a consistent basis for cross-node comparison
while still allowing task-specific activation and keeping field data entry manageable. Two-round
Delphi screening and a 33-expert review offer initial support for content validity.

(2) WPC-BN couples stage-specific static BNs for within-node dependence with CTMC
propagation of persistent states according to actual elapsed time, so that flexible sequences,
skipped or repeated stages, and unequal-duration nodes can all be handled through one updating
interface. Time-locking keeps node initiation, planned-window prediction, in-process updating,
and terminal posteriors apart, so a one-off assessment becomes rolling comparison and

reassessment.

(3) In the Mandalay case, the breaching node carried the highest NSRI both before the
anomaly (2.55%) and during filtering (2.86%), and PRU and mutual information consistently
prioritized breaching-induced vibration (X77), structural stability (X29), and rescue-passage
stability (X31). The location of the risk peak, the direction of updating, and the diagnosed factors
were consistent with field records of abnormal sounds and tilting risk, with risk declining after the

pause, review, and reinforcement. These findings support high-risk-window identification and
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evidence-driven updating but constitute neither predictive-accuracy estimation nor external
validation.

The central contribution is therefore not an absolute accident probability but a whole-process
safety-assessment mechanism that is comparable across nodes, updatable as work proceeds,
auditable, and reusable across stages. Further work should calibrate NSR/ on independent multi-
region, multi-outcome data, optimize decision thresholds, benchmark against full DBNs, quantify
dependence-approximation error, propagate joint parameter uncertainty, and evaluate field
usability.
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