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Introduction: Public–private partnerships (PPPs) are increasingly adopted as 
mechanisms for financing and delivering critical infrastructure. However, 
their resilience under climate-induced hazards, particularly floods, remains 
underexplored.
Methods: This study develops a hybrid framework that integrates Bayesian 
network (BN) modeling, Monte Carlo (MC) simulation, and Nash bargaining 
(NB) to evaluate flood losses and negotiate risk-sharing arrangements in PPP 
contracts. Using Gonbad-e Kavus, Iran, as a case study, four flood scenarios 
were analyzed: the 2019 historical flood, and 100-, 1,000-, and 10,000-year 
return periods.
Results: The BN–MC module quantified probabilistic losses across sectors 
(buildings, agriculture, and infrastructure), capturing both expected damages 
and associated uncertainties. These results were then embedded in a NB 
framework, where public and private stakeholders negotiated risk allocations 
under varying utility preferences. Validation against the 2019 flood demonstrated 
close alignment between simulated and observed damages, with error 
margins below 5%.
Discussion: The findings reveal that catastrophic flood scenarios shift a greater 
share of risks toward the private sector, while sensitivity analysis confirms 
the robustness of negotiated outcomes against changes in stakeholder utility 
weights. By linking probabilistic hazard modeling with governance-oriented 
bargaining, this research provides a novel contribution to PPP resilience 
studies and offers actionable insights for designing adaptive contracts in flood-
prone regions.

KEYWORDS

public–private partnerships, bayesian networks, Monte Carlo simulation, floodrisk 
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 1 Introduction

Public–private partnerships (PPPs) have become a widely adopted mechanism 
for financing and delivering critical infrastructure worldwide. They enable 
governments to mobilize private capital and expertise while distributing risks across
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stakeholders. According to Osei-Kyei and Ampratwum (2025), 
PPPs contribute to urban resilience by aligning the incentives 
of both sectors. Yet, the resilience of PPP-based infrastructure 
under large-scale natural hazards remains insufficiently studied. 
Evidence shows that PPP contracts often lack adequate 
risk allocation mechanisms, which can result in disputes 
and service disruptions during crises (Liu et al., 2020;
Li et al., 2024).

Floods are among the most destructive hazards affecting 
urban infrastructure, especially in regions with limited adaptive 
capacity. Climate change projections indicate increases in both 
flood frequency and magnitude (Chapagain, 2019; Zhang et al., 
2022; Chen et al., 2023). The catastrophic floods of March–April 
2019 in Iran demonstrated how unusual atmospheric patterns and 
land-use changes amplified hazard severity (Fazel-Rastgar, 2020; 
Alborzi et al., 2022). In Golestan Province, GIS-based multi-criteria 
analyses revealed the high exposure of rural settlements located 
within 1 km of river corridors (Taherizadeh et al., 2023). Similarly, 
operational decisions at major dams such as Voshmgir (locally 
referred to as the Golestan Dam) on the Gorganrud River have 
been shown to either mitigate or exacerbate downstream flood risks
(Zargari et al., 2023).

Studies in developing regions emphasize that infrastructure 
governance must evolve to address climate-induced uncertainties 
(Casady et al., 2024; Sharma et al., 2022). In flood-prone areas, 
the distribution of responsibilities between public and private 
partners extends beyond financing to include service continuity 
and equitable management of losses (Cheng, 2021). Existing PPP 
governance research has largely focused on financial efficiency, 
contractual design, and dispute resolution (Osei-Kyei and Chan, 
2017; Hodge and Greve, 2018; Cruz and Marques, 2013). However, 
these studies often neglect explicit incorporation of natural hazard 
risks. For instance, Liu et al. (2020) noted that resilience-oriented 
governance structures remain underdeveloped, while Rouhanizadeh 
and Kermanshachi (2020) stressed that post-disaster reconstruction 
requires integrated risk-sharing frameworks rarely formalized in 
practice. Casady et al. (2024) similarly found that institutional 
readiness is frequently lacking, limiting the adaptability of PPP 
contracts to extreme events.

In parallel, flood risk modeling has advanced significantly. 
Bayesian networks (BNs) have been applied to capture 
interdependencies in hazard systems (Arnal et al., 2020; Huang et al., 
2021; Zhang et al., 2022), while Monte Carlo (MC) simulations have 
been widely used to quantify uncertainties in damage estimation 

FIGURE 1
Flood depth map of the 2019 historical flood in Gonbad-e Kavus without dam regulation (WGS84/UTM Zone 40N; inset shows observed flood 
hydrograph).
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FIGURE 2
Flood depth map of the 2019 historical flood with Golestan Dam regulated at 62 m water level (WGS84/UTM Zone 40N; inset shows regulated 
hydrograph).

(Figueiredo et al., 2022; Wu et al., 2023). GIS-based spatial 
analysis further supports visualization of exposure and vulnerability 
patterns (Justine et al., 2021; Das et al., 2022; Ahmad et al., 
2024). For Golestan Province, hybrid GIS–MCDM frameworks 
have been employed to identify flood-prone areas and prioritize 
mitigation (Taherizadeh et al., 2023). Despite their technical 
robustness, such methods usually stop at quantifying risk rather 
than informing governance decisions where risk allocation is
contested.

Recent studies have sought to integrate resilience and 
governance. Nguyen et al. (2023) developed a fuzzy-based 
risk assessment model to align probabilistic risk analysis 
with governance mechanisms, while Lee et al. (2022) 
highlighted the integration of climate adaptation into PPP 
contracts. Negotiation-based frameworks have also emerged 
as a promising avenue for resilience governance. The Nash 
bargaining (NB) approach, for instance, has been recognized 
as an effective mechanism for optimizing risk allocation by 
balancing stakeholder utilities (Xu et al., 2020; Wang et al., 
2025). Similarly, cooperative game theory has been applied to 
strengthen PPP resilience under uncertainty (Xiang et al., 2022; 
Dorfeshan et al., 2022; Biancardi et al., 2024).

At the same time, international evidence underscores the 
need for adaptive governance. Chen et al. (2023) showed 
how climate-induced uncertainties complicate infrastructure 
service delivery, while Cheng (2021) provided evidence that 
participatory risk-sharing improves trust in PPP contracts. In the 
flood management domain, studies have emphasized integrating 
probabilistic flood modeling with urban policy (de Bruijn et al., 
2019; Koks et al., 2019; Ward et al., 2021), though these efforts rarely 
connect to PPP contractual arrangements.

Further advances include the application of computational 
intelligence for resilience planning. Recent studies have adopted 
hybrid machine learning–probabilistic approaches to refine 
flood damage estimates (Rahman et al., 2024; Fang et al., 
2024) and ensemble techniques for uncertainty quantification 
(Wu et al., 2023; Qiu et al., 2024). Nevertheless, the governance 
dimension of resilience planning in PPPs remains underexplored.

This study addresses these gaps by proposing an integrated 
hazard–governance framework that links BNs, MC simulation, 
and NB to PPP decision-making. The framework first estimates 
flood-induced damages for multiple return periods in Gonbad-
e Kavus, Iran. MC simulation propagates uncertainties across 
scenarios, while GIS analysis visualizes exposure and losses. These 
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FIGURE 3
Spatial distribution of sectoral damages in the 2019 flood without dam regulation: (a) buildings, (b) agriculture (WGS84/UTM Zone 40N; inset shows 
depth–damage curve).
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FIGURE 4
Aggregated distribution of flood-induced damages in Gonbad-e Kavus for the 2019 historical flood without dam regulation (WGS84/UTM Zone 40N; 
inset shows unregulated hydrograph).

outputs inform a NB framework in which public and private 
stakeholders negotiate risk-sharing. Building on the insights of 
Liu et al. (2020), Casady et al. (2024), Nguyen et al. (2023), and 
others, the study advances PPP resilience research by offering 
a structured negotiation mechanism informed by probabilistic
flood modeling. 

2 Study area and data

The study area is Gonbad-e Kavus, a flood-prone city in 
northeastern Iran that has historically experienced severe riverine 
floods, including the catastrophic events of August 2001 and 
March 2019 (Fazel-Rastgar, 2020; Alborzi et al., 2022). The 
Voshmgir Dam (commonly referred to in local sources as the 
Golestan Dam) plays a critical role in regulating flows of the 
Gorganrud River, mitigating downstream inundation while also 
creating challenges for balancing flood control, irrigation supply, 
and ecological requirements (Zargari et al., 2023; Taherizadeh et al., 
2023). Recent GIS-based multi-criteria analyses further confirm 
that numerous villages in Golestan Province, particularly along the 
Qarasu watershed, remain highly exposed to flash-flood hazards
(Taherizadeh et al., 2023).

The flood hazard and exposure data used in this study 
were generated by the authors through hydrological and 
hydraulic modeling. A high-resolution DEM was combined with 
rainfall–runoff records and historical hydrographs to simulate 
flood propagation in the Gorganrood River system under both 
regulated and unregulated dam conditions. Hydraulic simulations 
were carried out in HEC-RAS (v6.3) and processed in ArcGIS Pro to 
derive depth and extent maps for different scenarios, including the 
2019 historical flood and synthetic return periods up to 10,000 years. 
Building footprints, agricultural land cover, and transportation 
networks were integrated from municipal GIS layers and cross-
checked with field surveys. All flood depth maps presented in 
Figures 1–5 were produced by the authors as original outputs of 
this modeling workflow.

Figure 1 illustrates the extent of inundation in the 2019 historical 
flood when no dam regulation is considered. Flood depths exceeded 
1.0 m across the northern floodplain, particularly in peri-urban 
areas, highlighting the vulnerability of residential and agricultural 
land. The coordinates provide the spatial reference framework, 
while the inset hydrograph indicates the flood hydrograph used for 
scenario construction.
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FIGURE 5
Flood depth map under the 10,000-year return period scenario with reservoir level regulated at 62 m (WGS84/UTM Zone 40N; inset shows synthetic 
hydrograph).

Compared to Figure 1, regulation at 62 m substantially 
reduced inundation depths across northern Gonbad-e Kavus by 
0.2–0.6 m. The spatial extent of flooded areas greater than 1.0 m 
decreased by nearly 15%, indicating the significant flood-mitigation 
capacity of the Golestan Dam under this operational scenario
(Figure 2).

Figure 3 demonstrates that building damages were 
concentrated in the northern districts of Gonbad-e Kavus, 
while agricultural losses were more widespread along the 
river corridor. The inset chart illustrates the depth–damage 
curves applied to estimate sectoral losses, showing that even 
moderate flood depths (>0.5 m) generated significant economic
impacts.

Figure 4 highlights that the most severe damages overlapped 
with zones of high building density and agricultural productivity. 
The spatial pattern confirms the critical exposure of northern peri-
urban wards, where damages exceeded 50% of building stock in 
several blocks.

Figure 5 illustrates the catastrophic scale of inundation 
expected under an extreme 10,000-year flood. Despite reservoir 
regulation, flood depths exceeded 2.0 m across large portions of the 
floodplain. These results emphasize that structural regulation alone 

cannot fully prevent extreme losses under rare, high-magnitude
events. 

3 Methodology

This section outlines the methodological framework employed 
in the study. The approach integrates probabilistic modeling of 
flood hazard and damage through BNs, scenario construction 
supported by MC simulations, and a negotiation-based risk-sharing 
mechanism using NB theory. The overall process ensures both 
technical rigor and practical relevance for PPP governance in flood 
risk management.

As shown in Figure 6, the methodological framework 
integrates technical modeling with governance analysis. The 
BN formalizes hazard–exposure–loss relationships, while MC 
simulation propagates uncertainty across multiple flood scenarios. 
These probabilistic outcomes then serve as inputs for the NB 
framework, enabling the negotiation of adaptive public–private risk-
sharing arrangements. The validation and sensitivity modules close 
the loop by confirming predictive accuracy against the 2019 flood 
event and testing robustness to variations in stakeholder preferences. 
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FIGURE 6
Flowchart of the methodological framework combining BN modeling, MC simulation, NB allocation, and validation.

FIGURE 7
Schematic representation of the BN structure linking hazard, exposure, and consequence nodes.

TABLE 1  Summary of simulated flood damage distributions for historical and hypothetical scenarios using MC simulation.

Scenario Mean loss
(M USD)

Median
(M USD)

Std. Dev.
(M USD)

CV (%) 5th Percentile 
(M USD)

95th Percentile 
(M USD)

Historical 2019 142.6 141.8 18.3 12.8 115.4 171.8

100-year 187.9 186.2 24.7 13.1 150.2 229.5

1,000-year 263.4 261.0 36.1 13.7 210.8 326.7

10,000-year 389.7 384.6 55.4 14.2 305.1 487.9
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FIGURE 8
Probability distribution curves of simulated damages under different 
return period scenarios.

3.1 Bayesian network flood risk modeling

The BN model was developed to formalize the relationships 
between hazard intensity, exposure characteristics, and resulting 
damages. As shown in Figure 7, the BN structure consists of 
three primary nodes: Hazard (flood depth and extent), Exposure 
(buildings, agriculture, and infrastructure), and Consequences 
(economic loss categories). The conditional probability tables 
(CPTs) for these nodes were populated using flood maps 
(Figures 1–5) and exposure databases prepared for the study area. 
The outputs of the BN provide probability distributions of damages 
across sectors, which subsequently serve as the foundation for 
scenario construction (see Section 4.1). 

3.2 Scenario construction (MC-assisted)

Building on the BN structure, a set of flood scenarios is 
developed, including: (i) the 2019 historical flood, (ii) 100-year, 
(iii) 1,000-year, and (iv) 10,000-year return period floods. Each 
scenario is simulated through 10,000 MC iterations, sampling 
from the probability distributions of hazard intensity and 
exposure vulnerability. This process propagates epistemic and 
aleatory uncertainties, yielding expected losses with confidence 
intervals. The detailed distributions of simulated damages are 
presented in Section 4.1. 

3.3 PPP risk-sharing framework (Nash 
Bargaining)

With the probabilistic loss distributions available, these results 
were embedded into a governance framework. The baseline contract 
assumes a 70%–30% risk split between government and private 
partners. Although this proportion does not represent a universal 
rule, it reflects a baseline assumption commonly adopted in 
previous PPP risk allocation studies (e.g., Xu et al., 2020; Li et al., 
2024) and is consistent with observations that governments in 

developing contexts often retain a higher share of risk (Osei-
Kyei and Ampratwum, 2025). This assumption provides a useful 
reference point for comparing bargaining-based outcomes. Two 
utility functions are defined:

• one for the public sector (minimizing fiscal burden and social 
disruption),

• and one for the private sector (ensuring investment returns 
under risk constraints).

The NB solution maximizes the Nash product, subject to the 
expected loss distributions from the BN–MC module. Negotiated 
allocations are compared against this baseline allocation, as 
reported in Section 4.2. 

3.4 Validation and sensitivity analysis

The methodology incorporates validation and robustness 
checks. The 2019 historical flood is used as a benchmark: 
reported damages from governmental post-disaster assessments 
are compared with BN–MC simulated outputs. Error margins 
(MAE, RMSE) are calculated to assess predictive accuracy. 
Additionally, sensitivity tests are conducted by varying the weights 
in stakeholder utility functions (±20%) to observe the stability of 
Nash allocations. The validation results and sensitivity outcomes are 
discussed in Section 4.3. 

4 Results

4.1 Flood scenarios and damage estimates

The integration of BN modeling with MC simulation provides 
a probabilistic characterization of flood-induced damages under 
different return period scenarios. Table 1 presents the statistical 
descriptors of the loss distributions generated from 10,000 MC 
iterations for each scenario. Results show that the mean economic 
losses increase from approximately USD 142.6 million in the 
2019 historical flood to nearly USD 390 million in the 10,000-
year scenario, with uncertainty bounds widening accordingly. The 
coefficient of variation (CV) increases from 12.8% for the 2019 
event to 14.2% for the extreme case, underscoring the compounding 
influence of uncertainty in high-magnitude floods.

The probability density functions in Figure 8 depict the 
nonlinear escalation of flood losses, with heavy right tails becoming 
particularly pronounced in the 1,000-year and 10,000-year 
scenarios. These tails indicate that rare but catastrophic outcomes 
retain non-negligible probabilities, underscoring the necessity of 
probabilistic assessments rather than reliance on deterministic 
averages. The distributions further highlight the ability of the 
BN–MC framework to incorporate both epistemic and aleatory 
uncertainties, thereby providing a more realistic representation of 
risk compared to conventional point-estimate approaches.

The originality of this stage lies in its integration of 
high-resolution exposure data with probabilistic hazard–loss 
propagation, which extends beyond traditional deterministic 
flood risk assessments commonly applied in similar Iranian 
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TABLE 2  Summary of negotiated PPP allocations under various return periods.

Scenario Baseline: Gov. 
Share (%)

Baseline: Private 
share (%)

Nash: Gov. 
Share (%)

Nash: Private 
share (%)

ΔGov. (%)

Historical 2019 70.0 30.0 64.7 35.3 −5.3

100-year 70.0 30.0 62.9 37.1 −7.1

1,000-year 70.0 30.0 61.2 38.8 −8.8

10,000-year 70.0 30.0 59.8 40.2 −10.2

FIGURE 9
Comparison of risk allocation outcomes between baseline contract 
and NB solution across different flood scenarios.

case studies. By explicitly quantifying uncertainty ranges, the 
results provide a stronger basis for downstream governance and 
negotiation modeling. 

4.2 PPP negotiation outcomes

The loss distributions used in the negotiation framework are 
empirical distributions obtained from the 10,000 Monte Carlo 
simulations presented in Section 4.1. These were represented 
through kernel density estimates (KDE), expressed as Equation 1:

̂f(x) = 1
Nh

N

∑
i=1

K(
X−Xi

h
) (1)

where N is the number of iterations, h is the bandwidth, and K 
is the kernel function. This formulation ensures that the simulated 
outcomes in Section 4.1 serve as the probabilistic foundation for the 
Nash bargaining model.

Table 2 summarizes the comparative allocations between a 
baseline contract (70% government – 30% private) and the NB 
solution. The results indicate that, across all flood scenarios, the 
Nash equilibrium consistently reallocates a greater share of losses to 
the private sector. The magnitude of adjustment ranges from −5.3% 
in the 2019 flood to −10.2% in the 10,000-year scenario, reflecting 
the tendency of bargaining outcomes to reduce the government’s 
fiscal exposure under high-magnitude risks.

The graphical comparison in Figure 9 complements the 
tabulated results in Table 2, highlighting how the bargaining-
induced reallocations become more pronounced with increasing 
event severity. While the baseline contract remains static at 
a 70%–30% split, the NB outcomes adapt dynamically to the 
probabilistic loss magnitudes and stakeholder utilities. Under the 
10,000-year scenario, for instance, the private sector’s share rises to 
40.2%, representing a substantial rebalancing compared to the fixed 
baseline and underscoring the adaptive nature of negotiation-based 
frameworks.

This result introduces a novel contribution: unlike conventional 
PPP studies that apply static or deterministic allocations, our 
model demonstrates a risk-responsive contract design in which 
the negotiated outcome adapts dynamically to probabilistic loss 
distributions. Such adaptability provides stronger resilience and 
credibility in PPP governance, particularly in data-scarce and high-
uncertainty environments. 

4.3 Sensitivity and robustness

Validation of the probabilistic damage model was carried 
out using the observed records from the 2019 flood. As 
summarized in Table 3, the simulated damages (USD 247.5 million) 
are in very close agreement with the reported figures (USD 246.4 
million), corresponding to a marginal overall error of +0.4%. 
Sector-level deviations remain within ±5%, and both MAE and 
RMSE values confirm the high predictive accuracy of the BN–MC 
framework. These results strengthen the reliability of the model for 
scenario-based applications.

To complement the tabulated results, Figure 10 illustrates 
the MAE and RMSE values for buildings, agriculture, and 
infrastructure. The bar chart confirms that error levels remain low 
across all sectors, with both MAE and RMSE below 6 M USD, 
thereby reinforcing the strong predictive accuracy of the BN–MC 
framework.

The scatterplot in Figure 11 further validates this consistency, 
demonstrating that observed and simulated losses cluster closely 
around the 1:1 reference line. The inclusion of confidence 
bands shows that nearly all sectoral data points fall within the 
expected range, indicating robust predictive performance. Such 
alignment reinforces the applicability of the BN–MC framework in 
contexts with scarce empirical calibration data, where uncertainty 
quantification is particularly critical.

Frontiers in Built Environment 09 frontiersin.org

https://doi.org/10.3389/fbuil.2025.1688067
https://www.frontiersin.org/journals/built-environment
https://www.frontiersin.org


Khoshnoud et al. 10.3389/fbuil.2025.1688067

TABLE 3  Validation of simulated damages against observed 2019 flood losses (MAE, RMSE, percentage error).

Sector Observed loss (M USD) Simulated loss (M USD) MAE (M USD) RMSE (M USD) % error

Buildings 120.5 115.8 4.7 5.1 −3.9%

Agriculture 85.2 89.6 4.4 4.8 +5.2%

Infrastructure 40.7 42.1 1.4 1.6 +3.4%

Total 246.4 247.5 1.1 3.9 +0.4%

FIGURE 10
MAE and RMSE values for buildings, agriculture, and infrastructure in 
the 2019 flood validation.

FIGURE 11
Comparison between observed and simulated losses for the 2019 
flood (scatterplot with error bands).

Beyond validation, sensitivity analysis was conducted by varying 
stakeholder utility weights ±20%. Figure 12 shows that even under 
these perturbations, the government’s share changes by no more 

FIGURE 12
Sensitivity of PPP risk allocation results to variations in stakeholder 
utility weights.

than 3 percentage points, suggesting strong robustness of the 
NB outcomes.

This robustness is significant: many existing PPP studies 
are criticized for sensitivity to arbitrary parameter choices, but 
here the outcomes remain stable under plausible variations. The 
implication is that our framework can withstand negotiation biases 
and preference uncertainties, an essential property for governance 
in practice. 

4.4 Policy implications

The integrated results highlight several important implications. 
First, the nonlinear scaling of damages with return period 
demonstrates that extreme events disproportionately threaten 
fiscal stability, justifying the need for probabilistic governance 
rather than deterministic contingency planning. Second, the 
dynamic adjustments in PPP allocations under the Nash framework 
illustrate a more equitable and resilient model compared to static 
contracts. Third, the strong validation and robustness performance 
underscores the reliability of the proposed approach, even in 
contexts where high-quality long-term data are scarce.

Taken together, these findings advance the literature on 
both flood risk modeling and PPP governance. Whereas most 
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prior studies have treated flood loss estimation and PPP risk-
sharing as separate problems, our work demonstrates that 
probabilistic hazard modeling can be directly embedded into 
contract negotiation frameworks, producing risk-adaptive and 
evidence-based allocation rules. 

5 Discussion

The probabilistic results derived from the BN–MC framework 
provide a comprehensive view of potential flood losses and their 
uncertainties, directly addressing the first research question of 
how damages scale across historical and extreme return-period 
scenarios. As illustrated in Table 1 and Figure 8, the distribution of 
damages broadens substantially when moving from the 100-year to 
the 10,000-year flood scenario, with the coefficient of variation rising 
from about 13% to over 14%. This trend highlights that not only 
do average losses escalate with hazard intensity, but the uncertainty 
around those losses also expands, underscoring the limitations of 
deterministic planning. In contrast, the 2019 flood scenario shows 
narrower bounds, reflecting its calibration against observed data.

Building on this, the second research question is addressed 
by embedding these results into the PPP governance framework. 
Table 2 and Figure 9 show that, compared to a baseline government-
heavy allocation, the NB solution consistently shifts a greater share 
of risk toward the private sector, especially under extreme scenarios. 
For instance, under the 10,000-year flood, the government’s share 
decreases by more than 10 percentage points relative to the baseline. 
This adjustment reflects how utilities balance under catastrophic 
risk conditions: governments seek to limit fiscal exposure, while 
private actors tolerate additional risk in pursuit of long-term returns. 
Such dynamics suggest the necessity of adaptive PPP contracts, with 
renegotiation clauses linked to hazard intensity.

The third research question concerned the robustness and 
validity of the framework. The sensitivity tests in Figure 12 reveal 
that even with ±20% changes in stakeholder utility weights, the 
overall allocation patterns remain stable, confirming the structural 
resilience of the bargaining outcomes. Furthermore, the validation 
against the 2019 flood (Table 3; Figure 11) demonstrates close 
alignment between simulated and observed damages, with error 
margins below 5%. These results enhance confidence in the 
applicability of the proposed methodology.

Collectively, these findings distinguish the present study from 
earlier works. Traditional flood risk assessments often rely on 
deterministic hazard–damage curves, while most PPP studies 
treat risk allocation qualitatively without quantitative links to 
hazard modeling. By combining probabilistic risk assessment 
with bargaining theory, this research provides an integrative 
methodology that advances both domains. Nonetheless, several 
limitations should be acknowledged. The exposure dataset, 
though extensive, may omit smaller-scale assets and therefore 
underestimate localized damages. The utility functions were 
modeled in simplified linear forms that may not fully reflect real-
world bargaining behaviors. Additionally, the framework considered 
only a dyadic negotiation between government and private actors, 
whereas in practice, insurers, donors, and communities also 
influence outcomes.

Overall, the study demonstrates that integrating Bayesian risk 
modeling with NB can capture both the technical uncertainties 
of flood hazards and the institutional complexities of PPP 
governance. This dual perspective enables more resilient contractual 
arrangements and provides a novel contribution to the literature on 
infrastructure risk management. 

6 Conclusion

This study developed an integrated framework that combines 
Bayesian Network modeling, Monte Carlo simulation, and 
Nash Bargaining to strengthen PPP governance under climate-
induced flood risk. The results demonstrated that flood damages 
escalate non-linearly with increasing return periods and that 
negotiated allocations adaptively shift risks from the public 
to the private sector under extreme scenarios. Validation 
against the 2019 flood and sensitivity analyses confirmed the 
robustness of the approach, highlighting its reliability even under 
uncertainty. Overall, the research provides a novel methodological 
link between probabilistic hazard modeling and contractual 
negotiation, offering practical insights for designing more 
resilient PPP contracts in flood-prone regions, with future work 
extending to multi-stakeholder settings and compound climate
hazards.
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