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Abstract. Local governments face uncertainty when allocating resources for flood risk management, particularly in open-pit 

mining areas where sediment-laden runoff intensifies floods. Climate variability and increasingly intense precipitation peaks 10 

complicate the prioritization of interventions that protect people and infrastructure while safeguarding business continuity 

under limited budgets. To support this decision-making process a system dynamics model is developed to evaluate local public 

budget allocation and its effects on prevention, emergency response, and recovery. The model incorporates climate variability 

as an exogenous disturbance and assesses robustness and resilience through key performance indicators, including response 

costs, operational requirements, deprivation costs, and business continuity. It is validated through structural tests and expert 15 

consultation and applied illustratively to a mining community in Colombia. Computational experiments compare alternative 

emergency management budget allocation policies. A policy allocating a larger budget share to preventive channel 

maintenance while sustaining assistance for affected populations yields superior robustness, resilience, business continuity, 

and lower deprivation costs than alternative strategies. The model supports local decision-makers in public administration and 

disaster risk management in designing integrated budget allocation policies that balance preventive and reactive spending; 20 

jointly account for impacts on people, infrastructure, and business continuity; and strengthen flood risk management. 

Keywords: Humanitarian logistics, disaster management, system dynamics, budget allocation, public policy. 

1. Introduction 

Climate variability intensifies the hydrological cycle and increases the frequency and severity of extreme precipitation and 

floods. For each additional 1 °C of global warming, very intense short-duration (1–3 hours) rainfall events tend to be on 25 

average 7 % more intense (Fowler et al., 2021). This information is consistent with the upward trends in daily precipitation at 

the global scale, as observed in the annual maxima of daily precipitation (Westra et al., 2013). Between 2022 and 2023, the 

global mean temperature increased by about 0.29 ± 0.04 °C, partly driven by the El Niño episode (Raghuraman et al., 2024; 

Global Temperature Report for 2023, 2025), and rainfall patterns have become more irregular, with stronger and more frequent 

intense events (Gründemann et al., 2022; Nie et al., 2024; Zhang et al., 2024). In open-pit mining contexts, such intense rainfall 30 

further increases sediment inputs, alters river-channel morphology, and reduces flow capacity, creating bottlenecks that 
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increase the probability of river overflows and raise flood exposure for nearby communities (Koščová et al., 2018; Rentier 

and Cammeraat, 2022; Thapa et al., 2024; Wang et al., 2018; Zapico et al., 2021). Effective flood risk management in such 

settings should aim to balance robust risk reduction measures with the continued operation of mining activities. 

Against this backdrop, local governments face important levels of uncertainty when allocating and executing budgets for flood 35 

prevention and emergency response (Merz et al., 2010a). The combination of limited resources and the need to act quickly 

turns budget management into a complex task that goes beyond financial analysis and requires integrating risk, impact, and 

trade-off assessments across alternative allocations (Merz, Kreibich, et al., 2010b). Prioritization involves comparing structural 

measures (such as levees, channels, or drainage systems) and non-structural measures (such as emergency plans or early-

warning systems) using multi-criteria decision-making approaches that consider not only expected tangible losses but also 40 

broader effects on population, infrastructure, and economic activities (Hamidifar et al., 2024; Wang et al., 2022). Decisions 

about where and when to allocate financial resources shape the future trajectory of risk and well-being; it is therefore essential 

to incorporate multiple criteria and evaluate alternatives under different hydrological, economic, and social risk scenarios 

(Christopher et al., 2024; Hallegatte, 2009; V. Kumar et al., 2023). 

During flood events, immediate assistance to the population must be prioritized to minimize deprivation costs, defined as the 45 

losses associated with the interruption or reduction of access to essential goods and services during and after the disaster 

(Holguín‐Veras et al., 2013, 2016). At the same time, it is crucial to keep infrastructure operating at a minimum level to sustain 

basic services and business continuity, preventing prolonged disruptions that amplify disaster impacts (Ouyang, 2014; 

Rodríguez-Coca et al., 2024; Wright et al., 2020). This is consistent with the principles of the Sendai Framework for Disaster 

Risk Reduction, which stresses the need to link public planning with social protection, infrastructure, and service continuity 50 

(Aitsi-Selmi et al., 2016; United Nations Office for Disaster Risk Reduction [UNDRR], 2015).  Therefore, resource allocation 

should prioritize interventions that reduce vulnerabilities and strengthen community robustness and resilience (de Brito and 

Evers, 2016). Robustness refers to the ability to maintain acceptable performance under disturbances, while resilience denotes 

the capacity to recover after extreme events (Mens et al., 2011; Muñoz et al., 2024; Stricker and Lanza, 2014). Response to 

and prevention of flooding require a strategic and adaptive approach that balances the protection of individuals, the robustness 55 

and resilience of infrastructure, and the functioning of local economic activities and businesses under uncertain conditions  

(de Brito and Evers, 2016). 

System dynamics (SD) models are particularly useful for designing budget allocation policies for flood prevention and 

emergency response because they simulate the behavior of complex systems over time by integrating variables such as 

financial resources, preventive and response actions, and interactions among stakeholders (Abdel-Latif et al., 2023). These 60 

models can incorporate rules for budget allocation (Peiris, 2025; Poudel, 2019), the prioritization of investments in resilient 

infrastructure (Jiang et al., 2020; Li et al., 2023), and the activation of emergency protocols (Links et al., 2018; Simonovic 

and Ahmad, 2005), while explicitly accounting for climate variability scenarios (Li et al., 2024; Zhu et al., 2024).  

Although there is a growing body of research that employs SD to assess impacts on population, it has focused on the pre-

disaster phase (Ciullo et al., 2017; Coletta et al., 2024; Feofilovs et al., 2020; Li et al., 2023; Perrone et al., 2020), on evacuation 65 
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and emergency response during flood events (Feofilovs et al., 2020; Peiris, 2025; Poudel, 2019; Simonovic and Ahmad, 2005), 

as well as on infrastructure recovery, predominantly in the post-disaster phase (Coletta et al., 2024; Feofilovs et al., 2020; 

Kumar et al., 2015; Peiris, 2025; Perrone et al., 2020). However, only a limited number of studies explicitly address business 

continuity. Existing work has examined the continuity of critical services such as waste collection, energy supply, or transport 

during an emergency scenario (Cavallini et al., 2014; Phonphoton and Pharino, 2019), but these studies do not explicitly refer 70 

to the continuity of business operations. Likewise, some authors analyze business continuity using post-disaster surveys and 

statistical methods, without applying SD (Watson et al., 2024). In addition, only a few contributions explicitly incorporate 

climate variability aspects within system dynamics models in the context of budget allocation (Li et al., 2024; Zhu et al., 

2024). The existing literature does not explicitly model the causal relationships between mining-sector business continuity 

variables and deprivation costs in flood situations.  75 

Building on this context, this article seeks to answer the following question: How can the effectiveness of budget allocation 

strategies for flood prevention and emergency response in mining regions under climate variability be assessed while ensuring 

population safety, infrastructure protection, and business continuity? To answer this question, a System Dynamics model is 

proposed. The model represents and evaluates the budget allocation required to prevent and manage flood emergencies, 

thereby protecting the population, the infrastructure while supporting the continuity of business operations. The proposed 80 

model incorporates a methodology for robustness and resilience analysis. Also, the methodology makes it possible to define 

and measure disturbance parameters, performance indicators, and explicitly account for climate variability (Muñoz et al., 

2024; Polo et al., 2019; Tordecilla et al., 2017). Through dedicated performance indicators, the model accounts for the costs 

associated with flood prevention, emergency response (UNDRR, 2015), and deprivation cost. 

These metrics complement conventional physical and monetary damage estimates by incorporating the temporal dimension 85 

of well-being, which is crucial for prioritizing resources under conditions of scarcity and delay (Ghahremani-Nahr et al., 2024; 

Holguín‐Veras et al., 2016). To assess the model, a structural analysis was conducted, and a mining community in Colombia 

was used as an illustrative application. This application enables the evaluation of the model’s effectiveness in assessing 

alternative budget allocation policies designed to support flood-affected populations; restore infrastructure, roads, and critical 

river channels in mining regions; and ensure the operational continuity of mining activities under changing climate conditions. 90 

The paper is organized as follows: Section 2 presents the methods and the proposed SD model; Section 3 the results; Section 

4 the discussion; and Section 5 the conclusions.  

2 Methods 

The proposed model was developed in Vensim® PLE version 10.3.2 software. The construction and validation of the model 

were conducted in three phases. In the first phase, key variables and causal relationships were identified, forming the basis for 95 

the system’s causal diagram. The second phase introduced the metrics used to define budget allocation policies and to evaluate 

system robustness and resilience, along with cost components such as deprivation costs (Holguín‐Veras et al., 2013). The third 

phase involved an illustrative application of the model in an open-pit mining context, with results presented in Section 3. 
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Level, flow, and auxiliary variables included in the model can be seen on Table 1. The first column, “Level Variable” contains 

the stock variables of the model. The second column, “Source” identifies authors who have addressed the level variables, 100 

included in the proposed model, using SD. Watson et al. (2024) is an exception since they studied business continuity but did 

not apply System Dynamics methodology. The third column, “Flow Variable” presents the proposed rates that modify levels. 

Finally, the “Auxiliary Variables” column lists the main variables used to calculate the states and their corresponding rates. 

Table 1: Level and flow variables included in the model  

1Level Variable Source Flow Variable Auxiliary Variables 

Available Funding Level 

($): Cumulative funds  

available to the municipal 

government for flood-

emergency response and 

infrastructure investment. 

(Peiris, 2025; Poudel, 2019; 

Zhu et al., 2024) 

Budget Allocation Rate ($ 𝐷𝑎𝑦⁄ ): Rate 

at which local budget is received based 

on allocated funding. 

− Recurring local government 

allocation. 

− Mining budget Contribution. 

Fund Disbursement Rate for Roads 

($ 𝐷𝑎𝑦⁄ ): Rate at which allocated 

funds are disbursed for road 

maintenance. 

− % budget roads. 

− Total funds required for the 

road. 

− Information roads delay. 

Fund Disbursement Rate for Channel 

($ 𝐷𝑎𝑦⁄ ): Rate at which allocated 

funds are disbursed for channel 

maintenance. 

− % budget channels. 

− Total funds required for 

unblockage. 

− Information channel delay. 

Fund Disbursement Rate for 

Buildings ($ 𝐷𝑎𝑦⁄ ): Rate at which 

allocated funds are disbursed for 

building maintenance after a flood.  

− % budget buildings. 

− Total funds required for 

building. 

− Information building delay. 

Fund Disbursement Rate for Water 

Return ($ 𝐷𝑎𝑦⁄ ): Rate at which 

allocated funds are disbursed to 

restore water flow to its natural 

channel during flooding events. 

− % budget for return water. 

− Total funds required for water 

return. 

− Information water return delay. 

Fund Disbursement Rate for Aid 

($ 𝐷𝑎𝑦⁄ ): Rate at which allocated 

funds are disbursed to assist affected 

populations during flooding events. 

− % budget for aid population. 

− Total cost to assist people. 

− Information aid delay. 

Overflow Water Level 

(%): Proportion of the 

potential flood extent that 

is effectively inundated at 

a given moment. 

(Abebe et al., 2021; Ahmad 

and Simonovic, 2000; 

Ciullo et al., 2017; Coletta 

et al., 2024; Feofilovs et al., 

2020; Jiang et al., 2020; Li 

et al., 2024, 2023; Peiris, 

2025; Perrone et al., 2020; 

Phonphoton and Pharino, 

2019; Poudel, 2019; Zhu et 

al., 2024) 

Flood Expansion Rate (% 𝐷𝑎𝑦⁄ ): 

Rate at which floodwaters advance 

over identified risk zones. 

− Overflow water. 

− Water flow channel. 

− Channel flow capacity. 

− Maximum estimated. 

− Overflow Water Level. 

Flood Recession Rate (% 𝐷𝑎𝑦⁄ ): Rate 

at which floodwaters recede, restoring 

dry conditions. 

− Desired level of water level. 

− Regression delay. 

− Natural flow regression. 

− Maximum assisted water 

Return Rate. 

Affected Roads Level 

(%): Total proportion of 

roads in poor condition 

due to direct impact of 

flooding and mining 

operations. 

(Peiris, 2025; Perrone et al., 

2020; Simonovic and 

Ahmad, 2005; Zhu et al., 

2024) 

Roads Damage Rate (% 𝐷𝑎𝑦⁄ ): Rate 

at which road infrastructure 

deteriorates due to flooding and 

mining operations. 

− Access road density. 

− Road damage from mining. 

− Road damage from flooding. 

Roads Recovery Rate (% 𝐷𝑎𝑦⁄ ): Rate 

at which road segments are restored 

back into functional status. 

− Desired level of roads. 

− Access road density. 

 
1The level variables are expressed as percentages to facilitate interpretation of results and interactions among variables. 
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1Level Variable Source Flow Variable Auxiliary Variables 

− Maximum road recovery Rate. 

− Road Repair Delay. 

Affected Building Level 

(%): Total proportion of 

buildings exhibiting 

structural damage due to 

flooding. 

(Coletta et al., 2024; Kumar 

et al., 2015; Peiris, 2025; 

Perrone et al., 2020) 

Building Deterioration Rate 

(% 𝐷𝑎𝑦⁄ ): Rate at which buildings 

deteriorate due to flooding. 

− Desired level of buildings. 

− Maximum building recovery. 

− Building repair delay. 

− Building density 

Building Recovery Rate (% 𝐷𝑎𝑦⁄ ): 

Rate at which buildings are restored 

to functional condition. 
− Building density  

Channel Blockage Level 

(%): Total proportion of 

the channel’s flow 

capacity that is 

obstructed. 

(Ahmad & Simonovic, 

2000; Jiang et al., 2020; W. 

Li et al., 2023; Peiris, 2025; 

Perrone et al., 2020; 

Sadeghi et al., 2018; Zapico 

et al., 2021; Zhu et al., 

2024) 

Channel Blockage Rate (% 𝐷𝑎𝑦⁄ ): 

Rate at which the channel becomes 

blocked due to sediment 

accumulation. 

− Sediment production from 

mining. 

− Sediment production from 

basin. 

− Sediment accumulation 

Threshold. 

− Channel flow capacity 

Channel Clearance Rate (% 𝐷𝑎𝑦⁄ ): 

Rate at which the channel is cleared 

following sediment removal. 

− Alert level of Channel. 

− Planned Maintenance Days. 

− Channel Repair Delay. 

− Quantity required for full 

Unblocked. 

Affected Population Level 

(%): Proportion of the 

exposed population 

currently affected by 

flooding. 

(Ciullo et al., 2017; Coletta 

et al., 2024; Feofilovs et al., 

2020; Li et al., 2023; Peiris, 

2025; Perrone et al., 2020; 

Poudel, 2019; Simonovic 

and Ahmad, 2005) 

Population Affectation Rate 

(% 𝐷𝑎𝑦⁄ ): Rate at which individuals 

become affected due to direct 

exposure to flooding. 

− People in Risk Zone 

Population Recovery Rate (% 𝐷𝑎𝑦⁄ ): 

Rate at which affected people receive 

support that helps them overcome the 

impact. 

− Initial People in Risk Zone. 

− Desired level of Aid fund. 

− Required Cost per Affected 

Person. 

− Population Attention Delay. 

− Total Deprivation cost. 

Operational Disruption 

Level (%): Cumulative 

proportion of scheduled 

business continuity time 

during which mining 

operations are suspended 

due to flood-related 

blockages. 

(Cavallini et al., 2014; 

Phonphoton and Pharino, 

2019; Watson et al., 2024) 

Disruption Rate (% 𝐷𝑎𝑦⁄ ): percentage 

of time periods within the evaluation 

horizon during which the business 

experiences total or partial 

interruption. 

− Mining Continuity Robustness 

Indicator [0:1] 

− Simulation Horizon. 

− Population disruption 

threshold for mining. 

− Road disruption threshold for 

mining. 

− Mining Disruption Cost. 

 105 

The proposed “level variables”, as well as their corresponding impact rates, were grounded both in their individual treatment 

in other contexts and in the cause–effect relationships established among the model’s level, flow, and auxiliary variables. 

Figure 1 presents the proposed causal diagram, which includes main level and flow variables, as well as the relationships 

among them. Seven fundamental level variables are defined: (1) allocation of the available budget; (2) population affected by 

flood impacts; (3) volume of overflow water during flood events; (4–6) infrastructure-related levels encompassing buildings, 110 

damaged roads, and river channels; and (7) business continuity. 
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Figure 1. Causal diagram  

The model explicitly incorporates delays related to information availability and budget execution, which are critical for flood 

prevention and emergency management. The Auxiliary Variables column in Table 1 includes parameters that were modeled 115 

as time‑lag terms to represent information flows and response times (for example: repair delays, attention delays, regression 

delays). These delays are implemented as time‑lag parameters within the stock‑and‑flow structure and were calibrated 

following established recommendations for modeling information and decision delays in complex dynamic systems and 

disaster management (Perrone et al., 2020; Sterman, 2000). Calibration combines literature guidance with structured 

consultation with local managers, ensuring that time‑lag values balance theoretical consistency and operational plausibility. 120 

The robustness analysis methodology proposed by Tordecilla et al. (2017) for logistics systems was adapted by Muñoz et al. 

(2024) for application to water systems, where resilience metrics were additionally incorporated to complement the robustness 

framework. Table 2 presents the key performance indicators for the disturbance parameters (exogenous, non-controllable 

alterations that affect system functioning), operational characteristics, robustness and resilience requirements defined for this 
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context. The water levels in river channels are defined as the disturbance parameter (Muñoz et al., 2024). This parameter is 125 

linked to precipitation and to the exogenous behavior of climate variability, which affects both the occurrence of floods and 

the operability of mines due to sediment generation. Operational, robustness, and resilience indicators are proposed to assess 

system performance. The system operates normally when control variables remain within acceptable bounds of these 

requirements, which are adaptable to each context given specific geographical conditions and local needs. The proposed bound 

values are defined based on technical information gathered through structured consultations with five experts possessing 130 

operational experience in flood emergency management. Within the SD model, these bounds were implemented as control 

limits that trigger budget requests and fund disbursement. 

Table 2: Key performance indicators for disturbance parameters, operational characteristics, robustness, and resilience 

requirements 

Metric 2Indicator Description Proposed limit 

D
is

tu
rb

an
ce

 

P
ar

am
et

er
 

Water flow Channel ( 

𝑀𝑚3/𝐷𝑎𝑦) 

Runoff-driven water flow in the basin, which experiences 

peaks and troughs due to seasonal and climatic 

fluctuation. 

Not applicable (exogenous 

disturbance). 

O
p

er
at

io
n

al
 

C
h

ar
ac

te
ri

st
ic

s 

Available Channel 

Capacity (%) 

Represents the percentage of the channel’s maximum 

capacity that remains unobstructed to allow water flow. 

Minimum Operational Requirement 

for Channel (84%) 

Available Functional 

Buildings (%) 

Indicates the proportion of buildings maintaining 

operability under flood conditions. 

Minimum Operational Requirement 

for Building (74%) 

Operational Road 

Availability (%) 

It indicates the proportion of roads that remain operable 

under flooding and mining operation conditions. 

Minimum Operational Requirement 

for Roads (62%) 

R
o

b
u

st
n

es
s 

R
eq

u
ir

em
en

ts
 Overflow Water Level (%) 

Proportion of the potentially flood‑prone area that is 

inundated at a given moment. 
Critical Flood Tolerance Level (7%) 

Mining Continuity 

Robustness Indicator [0:1] 

Binary indicator representing whether the mine has 

ceased operations (1) or remains operational (0). 

Population Disruption Threshold for 

Mining (26%); Road Disruption 

Threshold for Mining (34%) 

Unaffected Population 

Level (%) 

Represents the proportion of the potentially affected 

population that remains unaffected by flooding. 

Minimum Population Robustness 

Requirement (72%) 

R
es

il
ie

n
ce

 

R
eq

u
ir

em
en

ts
 

Flood Robustness Failure 

Duration (days) 

It indicates the time span in which flood conditions 

surpass the system’s capacity to maintain operational 

robustness. 

No fixed limit (shorter durations 

indicate better resilience). 
Consecutive Days of 

Mining Inactivity (days) 

It indicates the time span in which flood conditions 

surpass the system’s capacity to maintain operational 

robustness. 

Duration of Continuous 

Population Exposure (days) 

Indicates the time span during which mining operations 

were suspended. 

 135 

 
2 Inputs: disturbance parameters. Outputs: operational, robustness, and resilience indicators for performance evaluation. 
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On the other hand, the model allows estimation of the total crisis management cost. This includes the funds executed through 

budget allocation, the costs due to disruptions in mining operations, and the costs associated with deprivation experienced by 

the affected population (Figure 2). 

 

Figure 2. Representation of the Costs in the Model 140 

The crisis management cost elements allow local governments to gain insight into the budget management policies aimed at 

flood prevention and emergency response. This is relevant because the cost components may have a great economic impact 

over time. For instance, deprivation costs are indirect losses such as forgone income, prolonged service disruptions and reduced 

productivity. These losses accumulate over time and can exceed immediate repair expenditures, leading to larger long-term 

economic and fiscal burdens (Holguín‐Veras et al., 2013). 145 

2.1 Model validation through illustrative application 

The model was applied and validated using data from a community in the municipality of Tocancipá, Colombia, which reported 

a flood event in 2023 caused by overflows of the Esmeralda Stream (Municipal Mayor’s Office of Tocancipá, 2023). This 

community is in a mining area covering more than 420 acres and is exposed to persistent flood risk driven by climate variability 

and the characteristics of open pit mining operations, making it a suitable case for model validation. The community has an 150 

approximate population of 2,125 inhabitants (Municipal Mayor’s Office of Tocancipá, 2017), of whom 297 have been 

identified as directly vulnerable to flood events (National Administrative Department of Statistics [DANE]., 2024). In addition, 

two access roads were identified within the study area, with a total length of 3.4 km. These road sections are used by vehicles 

associated with the mining operation. Some sections of the road are at risk of being affected by river overflows, which block 

access to both the mines and the community. Furthermore, more than 33 buildings in vulnerable condition are located within 155 

the flood-risk zone. The wet‑year rainfall profile incorporating annual rainfall peaks data from the Bogotá River Basin 
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Management Plan (Plan de Ordenación y Manejo de la Cuenca hidrografica del Río Bogota - POMCA, 2019) estimate peaks 

of rainfall of 3.49 m³/s and lows of 1.48 m³/s.  

The stream channel in the area exhibits a reduced hydraulic section, where sediment accumulation limits water conveyance 

capacity. This reduction is exacerbated during intense rainfall in the rainy season (Municipal Mayor’s Office of Tocancipá, 160 

2023). Based on Manning’s equation (Chow et al., 2013), the hydraulic capacity of this section was estimated at 4.13 𝑚³/𝑠. 

Sediment deposition originating from mining operations can further decrease this capacity, especially under heavy rainfall, 

thereby increasing the risk of overflow. The average suspended‑sediment concentrations reported (0.365 𝑎 0.408 𝐾𝑔 𝑚3⁄ ) 

for the Trishuli River (Nepal) under sand‑mining conditions (Pant et al., 2025) were taken as reference values to parameterize 

sediment dynamics in the model.  Figure 3  provides a detailed representation of the community used in the model’s validation.  165 

 

Figure 3. Illustration of the flood risk zone used in the model’s validation 

Source: Adapted from the work (Corriente de Agua. Bogotá D.C, 2023; Plan de Ordenación y Manejo de la Cuenca 

hidrograficahidrográfica del Río Bogota - POMCA, 2023; Tocancipá Escala 1:10.000, 2025; Densidad de vivienda. Bogotá 

más 20 municipios, 2025; Tocancipá La Esmeralda Escala 2000, 2025) 170 
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The 2025 budget for the municipality of Tocancipá allocated COP 7,592 million (≈ USD 1,973,288) to environmental 

management and disaster risk reduction measures. This amount, distributed uniformly throughout the year, is limited compared 

to the high costs of infrastructure adaptation and emergency response, highlighting the need for efficient allocation 

(ACUERDO 020 DE 2024, 2025). 

In budget allocation policies, three universal operational priorities in emergencies are considered: life safety, incident 175 

stabilization, and property and infrastructure conservation (U.S. Fire Administration [USFA], 2024). In addition, the proposed 

budget allocation policies must also prevent future risks through the prioritization of critical infrastructure (Maryland 

Department of Emergency Management, 2009; Sphere Association, 2018). Thus, all budget allocation policies include a 

preventive maintenance schedule for the stream channel during the period of most intense rainfall.  

More than 30 budget allocation policies were evaluated reflecting different priorities combinations for life safety, incident 180 

stabilization, and future risk reduction. This paper presents the results for three policies that showed the best performance in 

the robustness and resilience indicators evaluated. Table 3 summarizes these budget allocation policies. 

Table 3: Top 3 budget allocation policies 

 Policy 

 N°1 N°2 N°3 

Policy description. 

Life first: Give high priority to 

assisting people while access to 

the risk area is still possible. 

Life and stabilization: Give a 

balanced priority between 

assisting people and stabilizing 

the risk area. 

Life and future risk reduction: 

Give priority to assisting people 

while maintaining or restoring 

infrastructure. 

% of Fund Disbursement 

Rate for Aid 
80% 50% 65% 

% of Fund Disbursement 

Rate for Water Return 
5% 30% 5% 

% of Fund Disbursement 

Rate for Buildings 
5% 10% 5% 

% of Fund Disbursement 

Rate for Roads 
5% 5% 10% 

% of Fund Disbursement 

Rate for Channel 
5% 5% 15% 

 

The percentages shown in Table 3 are fixed and do not change when new funds enter the system. However, funds are allocated 185 

monthly.  

3 Results and analysis  

The model is applied to explore its performance as a decision-support tool for evaluating local government budget allocation 

policies. In this application, the model is used to prioritize the allocation of resources to support affected people, restore 

conditions in the area by returning overflowed water to its normal channel, and carry out maintenance on infrastructure such 190 

as channels, buildings, and roads, as well as to assess business continuity in mining operations. First, the behavior and analysis 
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of the operational, robustness, and resilience requirements presented in Table 2 are shown for each policy evaluated. This is 

followed by a summary of the policy assessment and its implications for budget execution. 

In Figure 4, the behavior of the “Available Channel Capacity” indicator is shown, with an operational limit set at 84%. This 

value represents the minimum threshold of available channel capacity below which an alert is triggered, requiring the 195 

immediate allocation of resources to avoid overflow conditions. When comparing the resulting curves, Policy 3 (Life and 

future risk reduction) maintains channel capacity above the threshold for almost the entire year, with only brief drops followed 

by rapid recovery. In contrast, the available channel capacity under policies 1 and 2 remain below 84% for several days 

(particularly between 250 and 320 days), which implies a higher probability of overflow. Therefore, policy 3 is considered the 

alternative with the best operational performance, as it represents a lower flood risk for the system. 200 

 

Figure 4. Evolution of available channel capacity under evaluated policies 

In Figure 5, the “Available Functional Buildings” indicator is shown, with an operational limit set at 74%. Results show that 

none of the policies manage to keep building infrastructure above this limit throughout the year. Policies 2 and 3 offer the best 

operational performance, as they maintain the highest proportion of functional buildings during the evaluation period. Policies 205 

2 and 3 exhibit similar behavior in terms of remaining within control limits. Nevertheless, policy 2 shows the deepest drop, 

reaching values close to 55%, but it also recovers more quickly than policy 3. In contrast, policy 3 displays better initial 

performance, yet its recovery after the critical event is slower and does not reach the final levels achieved by policy 2.  
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Figure 5. Percentage of buildings functional across evaluated policies 210 

In Figure 6, the “Operational Road Availability” indicator is shown, with an operational limit set at 62%. All three policies 

keep this indicator above the limit throughout the entire evaluation period, remaining well above the threshold. This result 

illustrates that road infrastructure maintains an important level of operational availability under the evaluated alternatives. 

Policy 2 shows the lowest relative performance, with a sharper drop around day 180, linked to lower budget availability at that 

time of the year. Although this deviation does not compromise the operational limit, it points to the importance of monitoring 215 

allocation timing to avoid temporary reductions in road availability.  

  

Figure 6. Operational road availability under evaluated policies 

In Figure 7, the robustness indicator “Overflow Water Level” is shown, with a maximum limit set at 7%. None of the three 

policies fully prevents overflow, since all curves rise above the limit around day 185. Policies 1 and 2 display two distinct 220 
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peaks, visible near days 183 and 186, reaching approximately 11.76% and 13.21%. Policy 3, by contrast, shows a single crest 

close to 13.42% on day 186. Although the maximum levels are similar, Policy 3 stands out for concentrating the overflow in 

one event, which implies fewer critical interventions compared to the double peaks in Policies 1 and 2. This highlights the 

usefulness of the model in distinguishing not only the magnitude but also the frequency of overflow events when evaluating 

management policies in flood risk contexts.  225 

 

Figure 7. Observed overflow levels under evaluated policies 

 

Figure 8. Duration of flood robustness failure under evaluated 

policies 

 

Regarding the duration of flood events (denoted with the variable “Flood Robustness Failure Duration”), Figure 8 shows the 

time the system takes to recover and return below the control limit. The event’s duration is 5 days for policies 1 and 2, whereas 

for policy 3 it is 4 days, indicating a slightly faster recovery. This behavior suggests that policy 3, in which a larger share of 

the budget is allocated to channel maintenance, can reduce the time during which flooding remains active. Considering both 230 

the magnitude and the duration of the events, policy 3 exhibits the best combined robustness and resilience performance against 

flooding.  

In Figure 9, the “Mining Continuity Robustness” indicator is shown, where it can be observed that none of the three policies 

fully prevents interruptions in mining operations; all of them exhibit a disruption around day 183, coinciding with the previous 

flood event.  235 
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Figure 9. Robustness of Operational Mining continuity under 

evaluated policies 

 

Figure 10. Consecutive days of mining inactivity under 

evaluated policies 

The difference between policies lies in the speed of recovery, as shown in Figure 10. Policies 1 and 2 can lead to prolonged 

interruptions of up to 31 consecutive days, whereas policy 3 limits inactivity to approximately 2 days. This difference suggests 

that higher investment in infrastructure maintenance substantially reduces the duration of the impact on business continuity. 

Although all three policies allow the initial disruption to occur, policy 3 shows the best performance by minimizing downtime 

and reducing the operational impact caused by the flood.  240 

Figure 11 shows the “Unaffected Population Level” indicator. The three policies lose robustness during the same period, but 

with different behaviors. When the flood reaches its most critical point, policy 3 maintains the highest percentage of unaffected 

population and is also the first to recover the 72% threshold and approach 100% again. This better performance is explained 

by the way the budget is allocated in policy 3, where a larger share of resources is devoted to channel maintenance, which 

reduces the number of affected people from the beginning. 245 

 

Figure 11. Proportion of population unaffected by flooding 

under evaluated policies 

 

Figure 12. Duration of population impacted under evaluated 

policies. 
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Figure 12 presents the “Duration of Continuous Population Exposure” indicator. Under policy 3, the system takes around 60 

days to be considered robust again. For policies 1 and 2, the impacts last for 94 and 97 days, respectively. In the case of policy 

1, higher budget allocation to supporting affected people and a lower investment in channel maintenance translates into a larger 

affected population and a slower recovery. Policy 2, with even fewer resources allocated to the population, exhibits the slowest 

recovery. These results show that policy 3 achieves better robustness and resilience because its budget allocation scheme favors 250 

a reduction in the number of affected people from the prevention phase. 

Figure 13 illustrates the behavior of the total crisis management cost under the three policies evaluated. Figure 13A shows the 

costs including deprivation costs for the affected population. A marked increase in total costs can be observed compared with 

the version without deprivation costs (Figure 13B), which reinforces the importance of incorporating these indirect effects into 

the economic evaluation of floods. When comparing the policies, policy 3 shows the lowest cost peaks when deprivation costs 255 

are considered, which is consistent with the previous results. By allocating a larger share of the budget to preventive activities, 

such as channel maintenance, the number of affected people is reduced and, consequently, the associated deprivation costs 

decrease. By contrast, when only the direct response costs are considered (Figure 13B), the three policies display similar 

behavior, which is strongly conditioned by the monthly budget availability. Thus, policy 3 shows slightly better performance 

than policies 1 and 2, mainly driven by the costs associated with mining business continuity.  260 

 

Figure 13. Total crisis management costs under evaluated policies: (A) including deprivation costs, (B) excluding deprivation costs 

 

Finally, Table 4 summarizes the ranking to each operational requirement and to the robustness and resilience criteria, to 

visualize the advantages of each policy with respect to these metrics. In this scale, a value of 3 corresponds to the best 265 

performance for the metric analyzed, whereas a value of 1 represents the worst. When several policies produce the same effect 

on a metric, they are assigned the same ranking value. This scoring approach facilitates a clearer, more objective and traceable 

analysis of each policy.  

 

 270 

A B 
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Table 4: Ranking of budget allocation policies. 

Criteria Policy 1 Policy 2 Policy 3 

Available Channel Capacity 3 2 3 

Available Functional Buildings 1 2 2 

Operational Road Availability 3 2 3 

Overflow Water Level 1 1 2 

Flood Robustness Failure Duration 2 2 3 

Mining Continuity Robustness Indicator 1 1 2 

Consecutive Days of Mining Inactivity 2 2 3 

Unaffected Population Level 1 1 2 

Duration of Continuous Population Exposure 1 1 2 

Total crisis management costs under the evaluated policies 1 2 3 

Total value 16 16 25 

 

Policy 3 dominates in most metrics: it shares the best result in channel capacity and road availability, and clearly improves 

performance in terms of overflow, flood duration, mining continuity, and population impact. In this case, this confirms that 

prioritizing preventive channel maintenance not only reduces the physical flood risk, but also decreases the number of affected 275 

people, shortens interruptions in mining activity, and reduces deprivation and crisis-management costs. Policies 1 and 2 

achieve similar scores, but with different profiles. Policy 1 concentrates most of the budget on direct assistance to people and 

leaves only a small margin for preventive actions on the channel and infrastructure. Although one might expect this priority to 

improve outcomes for the population, Table 4 shows the opposite: the lower effort in prevention increases the number of 

affected people and lengthens recovery times, which also raises total costs. Policy 2 distributes the budget more evenly between 280 

assistance and stabilization, but ultimately delivers intermediate results, without standing out in any key indicator. Overall, 

Table 4 illustrates how the model enables an integrated comparison of policies in terms of operational performance, robustness, 

costs, and resilience, explicitly incorporating the impact on people, critical infrastructure, and the continuity of mining business 

operations.  

4. Discussion 285 

The results show that budget allocation in mining contexts under climate variability should be assessed from a holistic 

perspective that goes beyond direct physical damage or an exclusive focus on annual budget limits. The proposed SD model 

evaluates budget policies that simultaneously aim to protect people, sustain infrastructure, and preserve business continuity 

(Aitsi-Selmi et al., 2016; de Brito and Evers, 2016; United Nations Office for Disaster Risk Reduction (UNDRR), 2015). 

Relationships between social factors, infrastructure performance, and continuity of mining operations, incorporating 290 

hydrological variability as an exogenous disturbance were considered in the model.  

From the results of the simulated policies, there is evidence that shows that prioritizing direct assistance to people alone, as in 

policy 1 (“life first”), does not guarantee better social outcomes when preventive allocation to infrastructure is limited. Despite 
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allocating 80% of the budget to supporting people, this policy leads to a larger number of affected individuals, longer recovery 

times, and higher total costs, due to the low investment in the maintenance of key infrastructure to prevent floods. In contrast, 295 

policy 3 (Life and future risk reduction), which combines support to the population (65%) with a stronger preventive effort on 

infrastructure (mainly the channel), reduces the magnitude and duration of floods, maintains a higher share of the unaffected 

population, and shortens the disruption of mining operations. This shows that, in highly interdependent systems, the protection 

of life is strengthened when investment is made in advance in infrastructure robustness, and not only in reactive response 

(Jiang et al., 2020; Li et al., 2023; Rodríguez-Coca et al., 2024). 300 

On the other hand, the model explicitly integrates the mining business continuity dimension with social and infrastructure 

metrics. The results show that none of the policies fully prevent interruptions to mining operations during the flood event, but 

the duration of inactivity changes substantially across policies: up to 31 days for policies 1 and 2, compared with only 2 days 

for policy 3. This difference does not arise from an isolated “economic” module, but from the interaction between channel 

capacity, road accessibility, and the recovery of the affected population, confirming that business continuity is the cumulative 305 

outcome of prior prevention and response decisions (Cavallini et al., 2014; Phonphoton and Pharino, 2019). The model 

highlights this relationship and provides a tool to analyze operational continuity in a disaster risk management setting, an 

aspect that has been little explored in the literature (Cavallini et al., 2014; Phonphoton and Pharino, 2019; Watson et al., 2024). 

The inclusion of deprivation costs reinforces this holistic perspective. When comparing the results with and without these 

costs, Figure 13 showed that the total costs of the emergency increase significantly when the suffering associated with the 310 

temporary lack of essential goods is taken into account (Holguín‐Veras et al., 2013; Shao et al., 2020). In this comparison, 

policy 3 again emerges as the best alternative, as it reduces both the number of affected people and the duration of their 

vulnerable condition. If only immediate emergency response costs were considered, the differences between policies are 

smaller, and biased conclusions are achieved showing that different budget allocation policies produce equivalent effects. 

Incorporating deprivation costs captures the temporal effects on population wellbeing and provides an additional criterion to 315 

justify the prioritization of preventive policies that reduce both exposure and impact duration (Ghahremani-Nahr et al., 2024; 

Holguín‐Veras et al., 2013; Shao et al., 2020). 

From a methodological perspective, the SD models represent the delays in budget execution, the feedback loops between 

infrastructure and population, and the cumulative effects of hydrological variability on management decisions (Abdel-Latif et 

al., 2023; Feofilovs et al., 2020; Naugle et al., 2024; Naumann et al., 2019). Unlike static econometric approaches, the model 320 

simulates how information on the infrastructure state and the population reaches decision-makers with a delay, and how these 

delays condition the effectiveness of interventions, as documented in SD applications to emergency management and complex 

social systems (Abdel-Latif et al., 2023; Feofilovs et al., 2020; Perrone et al., 2020). The use of robustness and resilience 

metrics, adapted from previous applications in logistics and water systems (Muñoz et al., 2024; Tordecilla et al., 2017), 

provides a common language to translate dynamic trajectories (such as flow time series or levels of impact) into operational 325 

indicators that local governments can use to trigger or adjust intervention policies. In addition, the model connects with recent 

work that employs SD to assess flood resilience (Perrone et al., 2020; Zhu et al., 2024), but does so by incorporating business 
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continuity and budget allocation as central components of the simulation (Cavallini et al., 2014; Phonphoton and Pharino, 

2019). 

On the other hand, the validation of the model in the mining community suggests that it can be parameterized using information 330 

available in land-use plans, municipal records, and environmental agency data, which facilitates its adoption by local 

governments with limited technical capacity (Coletta et al., 2024; Perrone et al., 2020). However, limitations were also 

identified. First, the operational limits and robustness and resilience thresholds were defined based on expert judgement, which 

may introduce biases and reduce comparability across contexts. Therefore, the thresholds used need to be re-evaluated and 

adjusted in line with the specific characteristics of each case (Beaudrie et al., 2011; Maranzoni et al., 2023). Second, in this 335 

study the behavior of the model was illustrated using a single mining community, with a specific budget structure and hydro 

morphological configuration; however, rather than being a limitation, this opens the door to replicating the model in other 

mining and flood contexts with their own climatic, physical, and governance conditions, in line with evidence highlighting the 

strong context dependence of flood vulnerability and risk (Merz et al., 2010a; de Moel et al., 2015). Third, although the model 

incorporates sediment generation and its effects on the channel in an aggregated way, it does not represent in detail the 340 

environmental impacts of mining or the long-term effects on water quality and ecosystems. This opens a line of future work 

to integrate more specific environmental modules that are consistent with the available evidence on the effects of mining waste 

(Lottermoser, 2010; Rentier and Cammeraat, 2022). 

In summary, the practical application of the proposed model can help local governments to formulate more adaptive and 

transparent policies, capable of prioritizing interventions on the basis of operational thresholds, social impacts, and total crisis 345 

costs, rather than relying only on short-term accounting constraints (de Brito and Evers, 2016; Feofilovs et al., 2020; Merz et 

al., 2010a, c; United Nations Office for Disaster Risk Reduction (UNDRR), 2015) 

5. Conclusions 

This study shows that a SD approach can support local decision makers in mining contexts under climate variability by 

providing a holistic view of budget allocation for flood prevention and emergency response. The proposed model brings 350 

together, in a single framework, operational indicators (channel capacity, functional buildings and roads), robustness and 

resilience metrics (magnitude and duration of overflow and disruption), business continuity (mining operations), and 

deprivation costs for the affected population. By doing so, it translates complex time series into traceable metrics such as 

thresholds, durations, and maximum values, which help local authorities understand how alternative budget policies shape 

system performance over the course of the time.  355 

Under the conditions evaluated, policy 3 consistently exhibited the best overall performance among the more than thirty 

policies explored. This policy, which combines support to the population with a stronger preventive effort focused on channel 

maintenance, reduced the frequency and duration of overflow events, maintained a higher proportion of the unaffected 

population, shortened interruptions in mining operations, and lowered total crisis management and deprivation costs. In 

contrast, policy 1, which concentrates most of the budget on direct assistance to people, and policy 2, which distributes 360 
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resources more evenly but with a weaker preventive component, led to more affected people, longer recovery times, and higher 

or intermediate total costs. These results highlight that prioritizing only reactive response, without sufficient preventive 

investment in critical infrastructure, does not necessarily improve social outcomes and can prolong the impacts of floods on 

both communities and economic activities. 

The analysis also shows that the way the budget is allocated across channel maintenance, support to the population, and 365 

infrastructure repair has direct and cumulative effects on the number of affected people, the functionality of buildings and 

roads, the continuity of mining operations, and deprivation costs. Policy 3 illustrates that strengthening critical infrastructure 

(in this case, the river channel) can simultaneously reduce the magnitude and duration of floods, limit the size of the affected 

population, shorten business interruptions, and decrease total costs. Incorporating deprivation costs reinforces this integrated 

perspective: when these costs are considered, differences between policies become more evident, and preventive policies that 370 

reduce exposure and the duration of impact emerge as more desirable than policies assessed only based on direct response 

costs. 

Overall, the results indicate that the proposed model is a useful decision support tool for comparing budget allocation policies 

for flood prevention and emergency response in mining contexts. It makes the tradeoffs between population protection, 

infrastructure performance, and business continuity explicit and quantifiable, offering local governments a structured way to 375 

design, test, and adjust more adaptive and transparent budget strategies. By linking hydrological variability, infrastructure 

performance, social impact, and budget execution within a single dynamic framework, the model provides a basis for moving 

beyond short-term, purely accounting based decisions towards policies that more systematically support disaster risk reduction, 

business continuity, and community wellbeing. 

6. Recommendation and future research  380 

The operational limits and robustness and resilience thresholds used in this study were derived from expert judgement for a 

specific mining community. Although this was adequate for an initial application, future studies should re-estimate and refine 

these thresholds using broader expert panels, participatory processes with local stakeholders, and sensitivity analyses. This 

would help reduce potential biases, improve comparability across cases, and better align the indicators with local risk tolerances 

and policy priorities. 385 

The model was illustrated using a single open pit mining context with a particular budget structure and hydro morphological 

setting. Applying and adapting the model to other mining regions and to non-mining flood-prone areas with different climatic, 

physical, and governance conditions would help test its transferability and limits. Comparative applications across multiple 

sites could also clarify which model components are context-specific and which can be generalized as a reusable decision-

support template for local governments. 390 

https://doi.org/10.5194/egusphere-2026-1145
Preprint. Discussion started: 30 March 2026
c© Author(s) 2026. CC BY 4.0 License.



20 

 

Appendices 

Appendix A presents the Forrester-style stock-and-flow diagrams associated with the main level variables described in the 

manuscript. The diagrams complement the causal loop diagram and the definitions in Tables 1 and 2 and correspond to the 

implementation of the model in Vensim (Muñoz Pinzón et al., 2025). 

Code availability 395 

The system dynamics model was implemented in Vensim. The Vensim model file (.mdl) and the supplementary stock-and-

flow diagrams used in this study are openly available from Zenodo (Muñoz Pinzón et al., 2025). The case-specific input data 

are summarized in the manuscript and were obtained from publicly available municipal and national sources cited in the text. 

Author contributions 

Dairo Steven Muñoz Pinzón conceived the study, developed the system dynamics model, performed the simulations and 400 

analysis, and wrote the manuscript. William Javier Guerrero Rueda and Diana Rodríguez Coca supervised the research, 

contributed to the study design and interpretation of the results, and provided critical revisions to the manuscript. Leonardo 

González contributed to the validation of the model, supported the interpretation of the results, and contributed to the revision 

of the manuscript. All authors read and approved the last version of the paper. 

Competing interests 405 

The authors declare that they have no competing interests. 

Acknowledgements 

We express our gratitude to the Colombian Red Cross for its collaboration in data collection and its support in the development 

of the case study, as well as to the Municipal Mayor’s Office of Tocancipá for providing the information. 

Financial support 410 

We thank Universidad de La Sabana and the Science, Technology and Innovation Fund of the Colombian General Royalties 

System (FCTeI–SGR) for funding the project through the “Becas de Excelencia Doctoral del Bicentenario” scholarship 

program for the PhD in Logistics and Supply Chain Management.  

Ethical Aspects 

To support the writing, text analysis, and translation of the manuscript, generative artificial intelligence tools were used, 415 

ChatGPT (version GPT-5.0) and GitHub Copilot. These tools were employed as linguistic and stylistic support; all decisions 

related to the scientific content, the interpretation of the results, and the conclusions are the sole responsibility of the authors. 

https://doi.org/10.5194/egusphere-2026-1145
Preprint. Discussion started: 30 March 2026
c© Author(s) 2026. CC BY 4.0 License.



21 

 

References 

Abdel-Latif, A., Saad–Eldien, A., and Marzouk, M.: System dynamics applications in crisis management: A literature review, Journal 

of Simulation, 17, 800–817, https://doi.org/10.1080/17477778.2022.2088306, 2023. 420 

Abebe, Y., Adey, B. T., and Tesfamariam, S.: Sustainable funding strategies for stormwater infrastructure management: A system 

dynamics model, Sustain. Cities Soc., 64, 102485, https://doi.org/10.1016/j.scs.2020.102485, 2021. 

Ahmad, S. and Simonovic, S. P.: System Dynamics Modeling of Reservoir Operations for Flood Management, Journal of Computing 

in Civil Engineering, 14, 190–198, https://doi.org/10.1061/(ASCE)0887-3801(2000)14:3(190), 2000. 

Aitsi-Selmi, A., Blanchard, K., and Murray, V.: Ensuring science is useful, usable and used in global disaster risk reduction and 425 

sustainable development: a view through the Sendai framework lens, Palgrave Commun., 2, 16016, 

https://doi.org/10.1057/palcomms.2016.16, 2016. 

Beaudrie, C. E. H., Kandlikar, M., and Ramachandran, G.: Using Expert Judgment for Risk Assessment, in: Assessing Nanoparticle 

Risks to Human Health, Elsevier, 109–138, https://doi.org/10.1016/B978-1-4377-7863-2.00005-4, 2011. 

Corriente de Agua. Bogotá D.C: https://datosabiertos.bogota.gov.co/dataset/corriente-de-agua-bogota-d-c, last access: 8 October 430 

2023. 

Cavallini, S., d’Alessandro, C., Volpe, M., Armenia, S., Carlini, C., Brein, E., and Assogna, P.: A System Dynamics Framework for 

Modeling Critical Infrastructure Resilience, 141–154, https://doi.org/10.1007/978-3-662-45355-1_10, 2014. 

Chow, T., Maidment, D., and Mays, L.: Applied hydrology, 1988 Reprint edition., McGraw-Hill, 2013. 

Christopher, N., Vachette, A., Horne, A., and Kosovac, A.: Enhancing river floodplain management with nature‐based solutions: 435 

Overcoming barriers and harnessing enablers, WIREs Water, 11, https://doi.org/10.1002/wat2.1723, 2024. 

Ciullo, A., Viglione, A., Castellarin, A., Crisci, M., and Di Baldassarre, G.: Socio-hydrological modelling of flood-risk dynamics: 

comparing the resilience of green and technological systems, Hydrological Sciences Journal, 62, 880–891, 

https://doi.org/10.1080/02626667.2016.1273527, 2017. 

Coletta, V. R., Pagano, A., Zimmermann, N., Davies, M., Butler, A., Fratino, U., Giordano, R., and Pluchinotta, I.: Socio-hydrological 440 

modelling using participatory System Dynamics modelling for enhancing urban flood resilience through Blue-Green Infrastructure, 

J. Hydrol. (Amst)., 636, 131248, https://doi.org/10.1016/j.jhydrol.2024.131248, 2024. 

de Brito, M. M. and Evers, M.: Multi-criteria decision-making for flood risk management: a survey of the current state of the art, 

Natural Hazards and Earth System Sciences, 16, 1019–1033, https://doi.org/10.5194/nhess-16-1019-2016, 2016. 

Feofilovs, M., Romagnoli, F., Gotangco, C. K., Josol, J. C., Jardeleza, J. M. P., Litam, J. E., Campos, J. I., and Abenojar, K.: Assessing 445 

resilience against floods with a system dynamics approach: a comparative study of two models, Int. J. Disaster Resil. Built Environ., 

11, 615–629, https://doi.org/10.1108/IJDRBE-02-2020-0013, 2020. 

Fowler, H. J., Lenderink, G., Prein, A. F., Westra, S., Allan, R. P., Ban, N., Barbero, R., Berg, P., Blenkinsop, S., Do, H. X., Guerreiro, 

S., Haerter, J. O., Kendon, E. J., Lewis, E., Schaer, C., Sharma, A., Villarini, G., Wasko, C., and Zhang, X.: Anthropogenic 

intensification of short-duration rainfall extremes, Nat. Rev. Earth Environ., 2, 107–122, https://doi.org/10.1038/s43017-020-00128-450 

6, 2021. 

Ghahremani-Nahr, J., Nozari, H., and Szmelter-Jarosz, A.: Designing a humanitarian relief logistics network considering the cost of 

deprivation using a robust-fuzzy-probabilistic planning method, Journal of International Humanitarian Action, 9, 19, 

https://doi.org/10.1186/s41018-024-00163-8, 2024. 

https://doi.org/10.5194/egusphere-2026-1145
Preprint. Discussion started: 30 March 2026
c© Author(s) 2026. CC BY 4.0 License.



22 

 

Gründemann, G. J., van de Giesen, N., Brunner, L., and van der Ent, R.: Rarest rainfall events will see the greatest relative increase 455 

in magnitude under future climate change, Commun. Earth Environ., 3, 235, https://doi.org/10.1038/s43247-022-00558-8, 2022. 

Hamidifar, H., Yaghoubi, F., and Rowinski, P. M.: Using multi‐criteria decision‐making methods in prioritizing structural flood 

control solutions: A case study from Iran, J. Flood Risk Manag., 17, https://doi.org/10.1111/jfr3.12991, 2024. 

Holguín‐Veras, J., Pérez, N., Jaller, M., Van Wassenhove, L. N., and Aros‐Vera, F.: On the appropriate objective function for post‐

disaster humanitarian logistics models, Journal of Operations Management, 31, 262–280, https://doi.org/10.1016/j.jom.2013.06.002, 460 

2013. 

Holguín‐Veras, J., Amaya‐Leal, J., Cantillo, V., Van Wassenhove, L. N., Aros‐Vera, F., and Jaller, M.: Econometric estimation of 

deprivation cost functions: A contingent valuation experiment, Journal of Operations Management, 45, 44–56, 

https://doi.org/10.1016/j.jom.2016.05.008, 2016. 

Jiang, H., Simonovic, S. P., Yu, Z., and Wang, W.: System Dynamics Simulation Model for Flood Management of the Three Gorges 465 

Reservoir, J. Water Resour. Plan. Manag., 146, https://doi.org/10.1061/(ASCE)WR.1943-5452.0001216, 2020. 

Koščová, M., Hellmer, M., Anyona, S., and Gvozdkova, T.: Geo-Environmental Problems of Open Pit Mining: Classification and 

Solutions, E3S Web of Conferences, 41, 01034, https://doi.org/10.1051/e3sconf/20184101034, 2018. 

Kumar, S., Diaz, R., Behr, J. G., and Toba, A.-L.: Modeling the effects of labor on housing reconstruction: A system perspective, 

International Journal of Disaster Risk Reduction, 12, 154–162, https://doi.org/10.1016/j.ijdrr.2015.01.001, 2015. 470 

Kumar, V., Sharma, K., Caloiero, T., Mehta, D., and Singh, K.: Comprehensive Overview of Flood Modeling Approaches: A Review 

of Recent Advances, Hydrology, 10, 141, https://doi.org/10.3390/hydrology10070141, 2023. 

Li, M., Niu, C., Li, X., Quan, L., Li, W., Liu, C., Shi, C., Soomro, S., Song, Q., and Hu, C.: Modeling and Evaluating the Socio-

Economic–Flood Safety–Ecological System of Landong Floodplain Using System Dynamics and the Weighted Coupling 

Coordination Degree Model, Water (Basel)., 16, 2366, https://doi.org/10.3390/w16172366, 2024. 475 

Li, W., Jiang, R., Wu, H., Xie, J., Zhao, Y., Song, Y., and Li, F.: A System Dynamics Model of Urban Rainstorm and Flood Resilience 

to Achieve the Sustainable Development Goals, Sustain. Cities Soc., 96, 104631, https://doi.org/10.1016/j.scs.2023.104631, 2023. 

Links, J. M., Schwartz, B. S., Lin, S., Kanarek, N., Mitrani-Reiser, J., Sell, T. K., Watson, C. R., Ward, D., Slemp, C., Burhans, R., 

Gill, K., Igusa, T., Zhao, X., Aguirre, B., Trainor, J., Nigg, J., Inglesby, T., Carbone, E., and Kendra, J. M.: COPEWELL: A 

Conceptual Framework and System Dynamics Model for Predicting Community Functioning and Resilience After Disasters, Disaster 480 

Med. Public Health Prep., 12, 127–137, https://doi.org/10.1017/dmp.2017.39, 2018. 

Lottermoser, B.: Mine Wastes, Springer Berlin Heidelberg, Berlin, Heidelberg, https://doi.org/10.1007/978-3-642-12419-8, 2010. 

Maranzoni, A., D’Oria, M., and Rizzo, C.: Quantitative flood hazard assessment methods: A review, J. Flood Risk Manag., 16, 

https://doi.org/10.1111/jfr3.12855, 2023. 

Maryland Department of Emergency Management: Hazard Mitigation Grant Program, Reisterstown, Maryland, United States, 1–2 485 

pp., 2009. 

Mens, M. J. P., Klijn, F., de Bruijn, K. M., and van Beek, E.: The meaning of system robustness for flood risk management, Environ. 

Sci. Policy, 14, 1121–1131, https://doi.org/https://doi.org/10.1016/j.envsci.2011.08.003, 2011. 

Merz, B., Hall, J., Disse, M., and Schumann, A.: Fluvial flood risk management in a changing world, Natural Hazards and Earth 

System Sciences, 10, 509–527, https://doi.org/10.5194/nhess-10-509-2010, 2010a. 490 

Merz, B., Kreibich, H., Schwarze, R., and Thieken, A.: Review article “Assessment of economic flood damage,” Natural Hazards and 

Earth System Sciences, 10, 1697–1724, https://doi.org/10.5194/nhess-10-1697-2010, 2010b. 

https://doi.org/10.5194/egusphere-2026-1145
Preprint. Discussion started: 30 March 2026
c© Author(s) 2026. CC BY 4.0 License.



23 

 

Merz, B., Kreibich, H., Schwarze, R., and Thieken, A.: Review article “Assessment of economic flood damage,” Natural Hazards and 

Earth System Sciences, 10, 1697–1724, https://doi.org/10.5194/nhess-10-1697-2010, 2010c. 

de Moel, H., Jongman, B., Kreibich, H., Merz, B., Penning-Rowsell, E., and Ward, P. J.: Flood risk assessments at different spatial 495 

scales, Mitig. Adapt. Strateg. Glob. Chang., 20, 865–890, https://doi.org/10.1007/s11027-015-9654-z, 2015. 

ACUERDO 020 DE 2024: Por medio del cual se aprueba el presupuesto de rentas, recursos de capital y gastos del Municipio de 

Tocancipá para la vigencia fiscal 2025 y se dictan otras disposiciones.: https://www.tocancipa-cundinamarca.gov.co/transparencia-

acceso-informacion-publica/2-normativa/2-1-normativa-entidad-autoridad-1/2-1-3-normativa-aplicable-

1/normatividad/acuerdos/2024/acuerdo-020-2024-1, last access: 2 November 2025. 500 

Municipal Mayor’s Office of Tocancipá: Plan Municipal de Gestión del Riesgo de Desastres (PMGRD), Municipio de Tocancipá - 

Colombia, 1–70 pp., 2017. 

Municipal Mayor’s Office of Tocancipá: Situación hídrica en la vereda La Esmeralda y condiciones de riesgo de las rondas hídricas 

de quebradas, Tocancipá, 1–20 pp., 2023. 

Muñoz, D., Rueda, W. J. G., and Rodríguez, L. J. G.: Assessment of the Robustness and Resilience of the Water System in the Bogotá 505 

River Basin: A Multi-Objective Optimization Approach, https://doi.org/10.21203/rs.3.rs-5200595/v1, 26 November 2024. 

Muñoz Pinzón, D. S., Rodriguez Coca., D. M., Guerrero, W., and Gonzalez Rodriguez, L. J.: System dynamics model and 

supplementary diagrams for “System Dynamics Modeling of Budget Allocation and Emergency Response in Flood-Prone Mining 

Regions” , https://doi.org/10.5281/zenodo.18019444, December 2025. 

National Administrative Department of Statistics [DANE].: Condiciones de vida en Colombia en 2024: hogares más pequeños, más 510 

conectividad y mayor jefatura femenina, Bogotá, Colombia, 1–3 pp., 2024. 

Naugle, A., Langarudi, S., and Clancy, T.: What is (quantitative) system dynamics modeling? Defining characteristics and the 

opportunities they create, Syst. Dyn. Rev., 40, https://doi.org/10.1002/sdr.1762, 2024. 

Naumann, R. B., Austin, A. E., Sheble, L., and Lich, K. H.: System Dynamics Applications to Injury and Violence Prevention: a 

Systematic Review, Curr. Epidemiol. Rep., 6, 248–262, https://doi.org/10.1007/s40471-019-00200-w, 2019. 515 

Nie, W., Kumar, S. V., Getirana, A., Zhao, L., Wrzesien, M. L., Konapala, G., Ahmad, S. K., Locke, K. A., Holmes, T. R., Loomis, 

B. D., and Rodell, M.: Nonstationarity in the global terrestrial water cycle and its interlinkages in the Anthropocene, Proceedings of 

the National Academy of Sciences, 121, https://doi.org/10.1073/pnas.2403707121, 2024. 

Ouyang, M.: Review on modeling and simulation of interdependent critical infrastructure systems, Reliab. Eng. Syst. Saf., 121, 43–

60, https://doi.org/10.1016/j.ress.2013.06.040, 2014. 520 

Pant, R. R., Varol, M., Phuyal, S., Bhattarai, S., Awasthi, M. P., Thakur, T. K., Bohara, R., Basnet, N., Sitaula, S., and Afandi, G. El: 

How Sand Mining is Shaping the Trishuli River in the Himalayas of South Asia, Earth Systems and Environment, 

https://doi.org/10.1007/s41748-025-00569-3, 2025. 

Peiris, M. T. O. V.: Urban system interactions during flood events: a system dynamics modeling approach, Journal of Water and 

Climate Change, 16, 51–69, https://doi.org/10.2166/wcc.2025.188, 2025. 525 

Perrone, A., Inam, A., Albano, R., Adamowski, J., and Sole, A.: A participatory system dynamics modeling approach to facilitate 

collaborative flood risk management: A case study in the Bradano River (Italy), J. Hydrol. (Amst)., 580, 124354, 

https://doi.org/10.1016/j.jhydrol.2019.124354, 2020. 

Phonphoton, N. and Pharino, C.: A system dynamics modeling to evaluate flooding impacts on municipal solid waste management 

services, Waste Management, 87, 525–536, https://doi.org/10.1016/j.wasman.2019.02.036, 2019. 530 

https://doi.org/10.5194/egusphere-2026-1145
Preprint. Discussion started: 30 March 2026
c© Author(s) 2026. CC BY 4.0 License.



24 

 

Polo, A., Peña, N., Muñoz, D., Cañón, A., and Escobar, J. W.: Robust design of a closed-loop supply chain under uncertainty 

conditions integrating financial criteria, Omega (Westport)., 88, 110–132, 

https://doi.org/https://doi.org/10.1016/j.omega.2018.09.003, 2019. 

Poudel, S.: A System Dynamics Approach on Forecast-based Financing for Flood Response in Nepal, SSRN Electronic Journal, 

https://doi.org/10.2139/ssrn.3506502, 2019. 535 

Raghuraman, S. P., Soden, B., Clement, A., Vecchi, G., Menemenlis, S., and Yang, W.: The 2023 global warming spike was driven 

by the El Niño–Southern Oscillation, Atmos. Chem. Phys., 24, 11275–11283, https://doi.org/10.5194/acp-24-11275-2024, 2024. 

Plan de Ordenación y Manejo de la Cuenca hidrografica del Río Bogota - POMCA: https://www.car.gov.co/vercontenido/41, last 

access: 15 November 2023. 

Rentier, E. S. and Cammeraat, L. H.: The environmental impacts of river sand mining, Science of The Total Environment, 838, 540 

155877, https://doi.org/10.1016/j.scitotenv.2022.155877, 2022. 

Rodríguez-Coca, D. M., Espejo-Díaz, J. A., and Guerrero, W. J.: Pre-disaster and response activities in disaster management: Insights 

from an experts’ survey and document analysis, Revista Facultad de Ingeniería Universidad de Antioquia, 

https://doi.org/10.17533/udea.redin.20240833, 2024. 

Global Temperature Report for 2023: https://berkeleyearth.org/global-temperature-report-for-2023/?utm_source=chatgpt.com, last 545 

access: 14 November 2025. 

Shao, J., Wang, X., Liang, C., and Holguín-Veras, J.: Research progress on deprivation costs in humanitarian logistics, International 

Journal of Disaster Risk Reduction, 42, 101343, https://doi.org/10.1016/j.ijdrr.2019.101343, 2020. 

Simonovic, S. P. and Ahmad, S.: Computer-based Model for Flood Evacuation Emergency Planning, Natural Hazards, 34, 25–51, 

https://doi.org/10.1007/s11069-004-0785-x, 2005. 550 

Tocancipá Escala 1:10.000: https://ider.cundinamarca.gov.co/datasets/0c8a081f7e464f7b972305a2ff7057c7/about, last access: 21 

October 2025. 

Densidad de vivienda. Bogotá más 20 municipios: 

https://ider.cundinamarca.gov.co/datasets/f6ce71e762fe45298d1eb153aafa84d9_0/explore?location=4.645855%2C-

74.194759%2C10.44, last access: 21 October 2025. 555 

Tocancipá La Esmeralda Escala 2000: https://mapas.cundinamarca.gov.co/maps/acd726d8800641ab878bd2560773b873/about, last 

access: 23 September 2025. 

Sphere Association: The Sphere Handbook: Humanitarian Charter and Minimum Standards in Humanitarian Response, 4th ed., 

Sphere Association, Geneva, Switzerland, 1–458 pp., 2018. 

Sterman, John.: Business dynamics : systems thinking and modeling for a complex world, Irwin/McGraw-Hill, 982 pp., 2000. 560 

Stricker, N. and Lanza, G.: The Concept of Robustness in Production Systems and its Correlation to Disturbances, Procedia CIRP, 

19, 87–92, https://doi.org/https://doi.org/10.1016/j.procir.2014.04.078, 2014. 

Thapa, S., Sinclair, H. D., Creed, M. J., Borthwick, A. G. L., Watson, C. S., and Muthusamy, M.: Sediment Transport and Flood Risk: 

Impact of Newly Constructed Embankments on River Morphology and Flood Dynamics in Kathmandu, Nepal, Water Resour. Res., 

60, https://doi.org/10.1029/2024WR037742, 2024. 565 

Tordecilla, R., Polo, A., Muñoz, D., and González-Rodríguez, L.: A robust design for a Colombian dairy cooperative’s milk storage 

and refrigeration logistics system using binary programming, Int. J. Prod. Econ., 183, 710–720, 

https://doi.org/https://doi.org/10.1016/j.ijpe.2016.09.019, 2017. 

https://doi.org/10.5194/egusphere-2026-1145
Preprint. Discussion started: 30 March 2026
c© Author(s) 2026. CC BY 4.0 License.



25 

 

United Nations Office for Disaster Risk Reduction (UNDRR): Sendai Framework for Disaster Risk Reduction 2015–2030, Geneva, 

Switzerland, 2015. 570 

U.S. Fire Administration [USFA]: Command and control of incident operations: Student manual, 5th ed., Federal Emergency 

Management Agency (FEMA), Emmitsburg, Maryland, 2024. 

Wang, L., Cui, S., Li, Y., Huang, H., Manandhar, B., Nitivattananon, V., Fang, X., and Huang, W.: A review of the flood management: 

from flood control to flood resilience, Heliyon, 8, e11763, https://doi.org/10.1016/j.heliyon.2022.e11763, 2022. 

Wang, Y., You, W., Fan, J., Jin, M., Wei, X., and Wang, Q.: Effects of subsequent rainfall events with different intensities on runoff 575 

and erosion in a coarse soil, Catena (Amst)., 170, 100–107, https://doi.org/10.1016/j.catena.2018.06.008, 2018. 

Watson, M., Xiao, Y., and Helgeson, J.: Using Disaster Surveys to Model Business Interruption, Nat. Hazards Rev., 25, 

https://doi.org/10.1061/NHREFO.NHENG-1807, 2024. 

Westra, S., Alexander, L. V., and Zwiers, F. W.: Global Increasing Trends in Annual Maximum Daily Precipitation, J. Clim., 26, 

3904–3918, https://doi.org/10.1175/JCLI-D-12-00502.1, 2013. 580 

Wright, N., Fagan, L., Lapitan, J. M., Kayano, R., Abrahams, J., Huda, Q., and Murray, V.: Health Emergency and Disaster Risk 

Management: Five Years into Implementation of the Sendai Framework, International Journal of Disaster Risk Science, 11, 206–217, 

https://doi.org/10.1007/s13753-020-00274-x, 2020. 

Zapico, I., Laronne, J. B., Meixide, C., Sánchez Castillo, L., and Martín Duque, J. F.: Evaluation of sedimentation pond performance 

for a cleaner water production from an open pit mine at the edge of the Alto Tajo Natural Park, J. Clean. Prod., 280, 124408, 585 

https://doi.org/10.1016/j.jclepro.2020.124408, 2021. 

Zhang, W., Zhou, T., and Wu, P.: Anthropogenic amplification of precipitation variability over the past century, Science (1979)., 385, 

427–432, https://doi.org/10.1126/science.adp0212, 2024. 

Zhu, S., Li, D., Chen, M., and Zhang, Y.: Climate change scenario simulations for urban flood resilience with system dynamics 

approach: A case study of smart city shanghai in Yangtze River Delta region, International Journal of Disaster Risk Reduction, 112, 590 

104801, https://doi.org/10.1016/j.ijdrr.2024.104801, 2024. 

  

https://doi.org/10.5194/egusphere-2026-1145
Preprint. Discussion started: 30 March 2026
c© Author(s) 2026. CC BY 4.0 License.


