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América Bendito b, Soichiro Yasukawa b

a UNESCO Chair in Disaster Risk Reduction and Resilience Engineering, Department of Civil Environment, and Geomatics Engineering, University 
College London, London, United Kingdom
b UNESCO Unit for Disaster Risk Reduction, Paris, France

A R T I C L E  I N F O

Keywords:
Education service interruption
Natural hazards
Systems resilience
Bayesian network
Agent-based modelling

A B S T R A C T

Public education is considered a fundamental service governments should offer to their popula
tion. Nonetheless, in the occurrence of natural hazard events, it is often disrupted, as the school 
infrastructure gets damaged. Besides the physical damage to school buildings, factors such as the 
inability to commute also affect the capacity to restart classes. In destructive events, the 
commuting capacity can be affected by the structural damage of bridges, or by the inability to 
transit over blocked roads. In this context, the main objective of this research is to develop a 
methodology able to evaluate the risk of disruption to education caused by earthquakes and 
floods affecting both the physical school infrastructure in a region, and the road network that 
serves it. The proposed method integrates a Bayesian Network, a Monte Carlo simulation and an 
Agent-Based model to assess the interruption of the educational service. A substantial novelty of 
the proposed model is the integration of the community social vulnerability parameter with the 
physical vulnerability of the buildings, as both contributing to determine the operational ca
pacity. This method is demonstrated via a case study of the province of San Pedro de Macoris in 
the Dominican Republic. Results show that the implementation of retrofitting strategies in school 
buildings and bridges can drastically reduce the education interruption time. Such improvement 
can be communicated with a simple, relatable cost metric—the cost of reducing one day of 
interruption per student—to provide meaningful insights for non-technical audiences and deci
sion makers.

1. Introduction

Public education is one of the most important services that a government can offer to its population. However, in many countries 
worldwide it is often disrupted by the occurrence of natural hazardous events. The Report of the United Nations High Commissioner for 
Human Rights on the “Impact of climate change on the equal enjoyment of the right to education by every girl”, states: “Extreme 
weather may damage or destroy school buildings, facilities and transport, thus disrupting children’s access to education. Schools may 
also be closed when school buildings are used as emergency shelters” [1]. The impact of these interruptions can be devastating to 
children’s education and future. Earthquakes can generate damage in structural and non-structural components, which take time to 
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repair. The 2010 Haiti Earthquake damaged more than 4,000 schools, affecting around 2.5 million students for more than 3 months 
[2]. Likewise, the Puerto Rico 2020 earthquake, interrupted the educational service for more than two months [3]. Even relatively 
moderate earthquakes, such as the Dominican Republic, Puerto Plata earthquake in 2003 [4] can have severe impacts in educational 
infrastructure. Floods also cause great disruption to educational services. Munsaka & Mutasa [5] presented an analysis showing the 
impact of fluvial and flash floods in the African continent, identifying school accessibility as the major obstacle to education continuity. 
They emphasize how the poorest communities are the most affected, living in vulnerable houses and using vulnerable infrastructure in 
highly hazardous zones. Similarly, the Jakarta, Indonesia, 2013 floods resulted in an interruption of educational service up to 30 days, 
while repair to the structural damage of school facilities took between 26 days to six months, the availability of funds being the major 
hurdle [6].

Long disruptions present great risks to the students. Education interruption can result in child labour, early marriage, and 
exploitation among other undesired impacts [7]. Also, long interruptions increase the risk of larger quotas of education dropout, 
affecting future income and the development of nations [2]. For instance, Thamtanajit [8] collected empirical evidence of the impact of 
the 2011 floods in Thailand on student achievement, resulting in a negative impact on most test scores for grades 6 to 9 in affected 
schools. Gibbs et al. [9] showed that schools affected by wildfires in rural Victoria, Australia, presented a reduction in reading and 
numeracy scores compared to schools in unaffected areas, with affected children impacted suffering post-traumatic stress disorder 
(PTSD), generating difficulties in attention, speed of processing, problem-solving, etc. With reference to the Yogyakarta earthquake in 
2006, the long-term effect of school disruption has been quantified in terms of lost years of schooling (in terms of both drop in 
enrolment and completion) resulting in substantial loss of human capital [10]. The way in which hazards of different nature and 
different magnitude affect the education systems should be further researched, also taking into account the specific socio-cultural and 
economic context. It is critical to understand how rapid recovery affects long terms impact, however this is beyond the scope of this 
study. In addition to the adverse effects of education interruption, school infrastructure resilience is also essential to prevent life loss 
and to ensure it can be used as shelter [11,12].

Therefore, reducing the interruption of educational services caused by natural hazards should be a major objective for national 
governments. This ability to recover in time is known as resilience. The United Nations Office for Disaster Risk Reduction offers a 
definition of system resilience against natural hazard as timely and efficient recovery of its essential basic structures and functions 
[13]. Few approaches have been proposed to quantify the level of resilience for school buildings [14]: defined a resilience index 
accounting for structural, non-structural, functional components, and services, and verified its applicability by studying a sample of 
400 school facilities in Yazd, Iran [15,16] implemented a similar approach, for preliminary assessment of the educational sector 
seismic resilience in Calabria, Italy, considering, besides structural, non-structural and equipment components, also location and 
commute routes. The proposed set of parameters can be easily identified from a census information or an Education Management 
Information System (EMIS), as they refer mainly to education characteristics of the school. However, while the data required might be 
relatively easy to collect, the level of reliability of the results is generally low.

Alternatively, approaches can be based on numerical modelling [17]: evaluated the functionality, recovery and resilience of a 
school system following a severe earthquake in a simulated testbed, by developing a Markov chain stochastic model coupled with a 
dynamic optimisation model to determine the school recovery trajectory. Seismic resilience can also be computed as a by-product of 
probabilistic risk assessments, including the assessment of the physical fragility and vulnerability of structures, to identify the eco
nomic, human and time losses. Examples of this approach have been implemented in Mexico [18], Iran [19], Portugal [20]. A 
comprehensive review of this and other methods can be found in Ref. [21]. The main challenge of these approaches is the availability 
of complete and robust data.

Moreover, continued delivery of the education service relies as much on resilient schools, as on the functionality of other infra
structure systems. For instance, the ability to commute to schools after a hazardous event is critical to the continuity of the education 
offer. Therefore, the interruption of a road or a bridge damaged by a natural event, may disrupt several services by isolating a 
community and affecting the rapid response for effective recovery [22]. The relationship between the infrastructure network and 
education quality has been previously studied, as this affects the possibility of students to attend in-person education [23–25]. 
However the relationship between education interruption and the hazard specific resilience of school and road systems, including the 
interaction of recovery agents has not been sufficiently investigated, and neither the uncertainties associated with it appropriately 
quantified. Therefore, the main objective of the present study is to develop a methodology, applicable to earthquakes and floods, to 
evaluate the interruption of education services at a territorial scale, accounting explicitly for the effects of the transportation infra
structure functional interruption on such recovery. The methodology is presented in Section 2, while its applicability is discussed in 
Sections 4 and 5 through application to a case study in the province of San Pedro de Macoris in the Dominican Republic, introduced in 
Section 3. For the purpose of reproducibility more details on the data used can be found in the UNESCO report: D’Ayala et al. [26].

2. Methodology

2.1. Overall framework

The proposed methodology consists of a probabilistic resilience framework for system performance and recovery analysis. In a 
nutshell, the first step identifies the probability of operational capacity of school and transportation infrastructure considering also the 
possible use as shelters of school buildings. This is calculated using a Bayesian Network (BN) that correlates the hazard level through an 
intensity measure, to the response of the infrastructure expressed in terms of fragility functions (these compute the probability of the 
structure exceeding a given damage state, for a set value of the hazard intensity measure) [27]. In a second step, to consider the 
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intrinsic uncertainty in this process, the results of the BN are used to generate a set of stochastic simulated operational capacity 
realisations for infrastructure components using a Monte Carlo approach (MC) [28]. Finally, each simulated scenario serves as input to 
an Agent-based model (AB) which quantifies the recovery time of the system, given a set of recovery strategies and a set of behavioural 
constraints for the Agents (Fig. 1) [29].

Studies coupling these three modelling techniques are not common, although some combination of them has been employed 
previously. For instance Ref. [30], utilised a Bayesian cognitive map as the decision model in an agent-based model, to elicit prob
abilities of making a positive decision, allowing to incorporate real-world uncertainty in the context of water resource management. 
Recognising the flexibility of the probabilistic directed graphic BN, Abdulkareem et al. [31] used data driven BNs to support agent 
decisions in a spatial AB model. They trained the BN alternatively with sparse survey data and with data and expert knowledge, to 
refine the agent behaviour. The procedure was applied to model the spatial distribution of the cholera epidemic in Ghana. Similar 
combinations of BN and AB models have been used in studies to develop spatial models of land-use change affected by human 
behavioural choices [32] or flood risk assessment and management [33] and more generally in ecological sciences and environmental 
management [34]. In the context of disaster risk reduction, BN approaches have become increasingly popular in determining the 
resilience of infrastructure systems exposed to single or multiple natural hazards [35–37]. Similarly, the use of AB models to study 
infrastructures and social systems post-disaster recovery trajectories has seen a marked increase [22,38,39], encompassing different 
extent of system dependence, interconnectivity and type of hazard. Yet, coupled infrastructure systems recovery for multiple hazards, 
in the context of school infrastructure resilience, is, to the authors’ knowledge, not been investigated.

Therefore, the present probabilistic framework estimates the disruption to education due to a given hazard to quantify the resil
ience of coupled school-road networks by modelling causal effects and correlation between physical, functional, and social vulnera
bility associated with each infrastructure component. It explores strategies for enhanced resilience by tracking the recovery trajectory 
according to decisions taken by two agents, namely the School Operator (SO) and Road Operator (RO). The flow chart in Fig. 1 show 
the flow of information through the different modelling components. The main output of this integrated approach is the time of 
interruption of the educational service. The analysis is conducted for the current physical state of the two infrastructure systems and 
hypothetical retrofitting scenarios. Comparing the results highlights the reduction in interruption of educational service that can be 
attained by implementing a specific retrofitting strategy, given a level of financial investment. This information represents a key metric 
for decision-makers in the development of school infrastructure management plans, as it links directly the days of school loss per 
student to the investment made in the infrastructure. In the remainder of this section details of the three main steps of the methodology 
are reviewed and discussed.

2.2. Bayesian network and social vulnerability

The BN framework proposed here comprises two acyclic graphs, for the school and the road infrastructure. The first (Fig. 2) 

Fig. 1. Proposed methodology integrating Bayesian Networks, Monte Carlo simulations, and Agent-Based models, and data flow through 
the components.
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estimates the states of the operational capacity of schools caused by the impact of the hazards and their possible use as shelter. The 
parent node is the probability of the hazard intensity at the school location, which, by use of fragility functions, provide the probability 
of specific damage states for each school building and then integrates them to functional states at the school level (see Fernández et al. 
[40]) and at municipality level as further explained in Section 4. Local authorities often identify certain schools as possible shelters in 
the aftermath of disasters, thus indicating an initial probability of a school being a shelter for the system analysis. The BN further 
correlates the probability of social vulnerability (SV) states for the community the school pertains to, affecting the likelihood of the 
school being used as a shelter. These factors, i.e. the functional state probability from the physical damage, the initial shelter state 
probability and the influence of social vulnerability status on the need for shelters, are used to calculate the school’s or municipality’s 
operational capacity state probability and associated duration of disruption (Fig. 2). Further details on this approach and an example of 
its application can be found in Parammal Vatteri et al. [37].

A substantial novelty of the proposed BN model is the integration of the community social vulnerability parameter with the physical 
vulnerability of the buildings, as both contributing to determine the operational capacity. Evidence suggests that disadvantaged 
communities disproportionately receive the negative impacts of natural hazards [41–43]. To calculate this effect, a number of factors 
that influence the vulnerability are identified in the literature, including economic status, education level, age profile, disabilities, 
minority status or the presence of vulnerable groups, housing type, access to transportation etc. [44–46]. An aggregation of these 
factors to generate a composite index is most used as a proxy of the social vulnerability of a community [47]. Several approaches to 
estimating such a synthetic social vulnerability index exist, such as principal component analysis [48], data envelop analysis [49], 
analytical hierarchy process [50] or multi-criteria analysis [51]. In regional analysis, such as the scale of the present study, social 
vulnerability levels can be computed using a multi-criteria procedure, such as the one developed by Lee [51].

Instead of attempting an exhaustive description of the complex interplay of factor determining social vulnerability, the approach in 
this study is to define the relative social vulnerability of the communities served by the school infrastructure, through limited, yet 
critical parameters identified from the literature review and typically available as open-source data. Adopting the approach to 
represent social vulnerability as an aggregation of selected factors without weights [47,50], the BN analysis in this study identifies 
Income, Education and Housing as parent nodes of social vulnerability (Fig. 2) in the context of disaster preparedness, recovery and 
resilience. Since the use of schools as shelters is an important criterion in deciding the operational capacity of schools in delivering 
education, these factors of social vulnerability that directly contribute to the need for shelter are relevant to the study. Economically 
poor sections of the community are more likely to suffer from a damaging event, owing to the reduced risk perception, preparedness 
and ability to respond and recover [41,52]. Formal education is frequently linked to social vulnerability [52] as better education can 
lead to reduced vulnerability owing to the potential to a stable income and greater ability to cope with the physical and psychological 
effects of disasters [53–57]. Housing is an indicator of affordability, quality and stability, whit direct affect to vulnerability (loss of 
abode), besides indicating lower disaster preparedness and ability to recover [58], and hence shelter need.

In this specific study, the variables Income and Education are defined to have three qualitative states, namely, low, medium, and high, 
based on the indicators available in the census analysed, although others can be used in a similar manner. The fraction of the pop
ulation classified in general poverty is considered to have ‘low’ income while those with private cars are considered to have ‘high’ 
income. The remaining population is categorized in the medium income level. Similarly, the fraction of illiterate population and those 
with university degrees are considered to have ‘low’ and ‘high’ states of education, respectively, while the remaining population in 
between these two states are assumed in the ‘medium’ education state. The variable Housing is defined to be in either ‘good’ or ‘bad’ 
state depending on the quality of construction materials, for instance, timber houses with soil floors are considered ‘poor’ whereas, 

Fig. 2. Simplified Bayesian network for a school exposed to natural hazard.
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standard construction materials such as bricks and concrete are considered ‘good’. Their statistical distributions, based on publicly 
available census data aggregated at the municipality level are sampled to define the probability of each being in one of the qualitative 
states defined.

To include these parameters in a synthetic mode in the BN, while preserving the specific probabilistic distribution observed for each 
of them, a Conditional Probability Table (CPT) is developed (Table 1), which establishes possible outcomes of the level of SV given the 
specific states of the three parameters. One end of the spectrum where all the parent indicators are in the ‘worst’ or ‘poorest’ possible 
state is defined as having ‘high’ SV, as this combination indicates the lack of capacity to quickly recover from a disaster autonomously 
or through government assistance as lacking the tools to access the aid and fund options [59] Additionally, the poorest states of the 
parent factors result in a compounded state of overall high SV, for instance, low-income households tend to live in poor quality houses 
and be less educated [59]. The complex underlying implications of these factors which are not explicitly modelled here, are incor
porated in the broad range of ‘moderate’ SV state, which is defined for all other combinations of the parent states. For instance, any of 
the three parent factors being in a medium or good state may indicate sufficient resources to more easily access aid, recovery and 
reconstruction loans, and insurance coverage [59]. Decent income, education or adequate housing are also shown to result in better 
disaster preparedness as compared to the poorest section of the community [58], in terms of means for immediate sustenance, in
formation and financial resources. The other end of the spectrum is the ‘low’ state of SV, which is assumed when the parent variable 
states are all in the medium to high range, indicating the capacity to respond and recover from a disaster relatively unharmed. The 
associated probability of three possible states of SV in a given municipality is then calculated as a conditional probability on the parent 
state probabilities through BN inference. Even though there could be correlations between the factors, it is not considered in this 
analysis for the lack of sufficient information.

It is acknowledged that the conditional definitions, although guided by evidence in literature, are subjective to the analysts’ de
cision, and they can be updated depending on availability of case-specific information. The advantage of the BN approach is that it sets 
a platform to incorporate such subjective knowledge and qualitative information into the analysis framework [60,61] to make in
ferences and retains the flexibility to test different hypotheses.

It is observed that people who seek shelter in public facilities such as schools are more likely to have low socio-economic status 
[59]. As a result, a connection between higher probability of education interruption for students from socially vulnerable neigh
bourhoods has been also observed in post-event recovery, as schools are required to function as shelters [42,62]. As shown in Fig. 2, the 
SV indicator affects directly the probability of the school functional status as shelter, also conditioned by the physical state of the 
school, leading to five possible operational capacity states of each school: non-damaged and used as short-term shelter, non-damaged 
and used as long-term shelter, intact (non-damaged and not used as shelter), partial operational capacity (associated with moderate 
damage) and shutdown (associated to extensive damage).

The road BN object estimates the probability of three states of connectivity of the schools on account of damaged road network, 
given a probability of hazard intensity (Fig. 3). Due to the different nature of disruption caused by seismic and flood hazards, the study 
assumes that each hazard affects only one type of component of the road network, leading to two independent branches of the BN. For 
seismic hazard, structural damage to bridges is considered as cause of disruption. Therefore, the inputs to the road BN are the fragility 
functions for bridge typologies and the output is probability of operational capacity of the road paths (Fig. 3). Conversely, inundation 
of road segments is the concern under flood hazard, given the low level of inundation expected. The susceptibility to flood damage of 
the road segments determines the operational capacity of the paths connecting the schools. The effect of earthquakes on roads located 
on top of seismic faults, and of flash floods on bridges are out of the scope of this paper. Nonetheless, the BN allows to add links 
between each hazard and each component to analyse consecutive events and their combined effects on both school and road infra
structure [35,63].

2.3. Monte Carlo simulations

The output of the two BN objects is the probabilities of each operational state of the school and road infrastructure components, 
considered independently. However, to assess the educational interruption time, it is necessary to identify a specific operational state 
of the whole schools and road system. This is conditioned by the aleatory nature of the hazard intensity, the exposure and the 
vulnerability of the physical systems, as well as of the social vulnerability. To propagate such uncertainty to establish the resilience of 
the educational services, the stochastic nature of the problem is preserved by considering a sufficiently large number of simulations 
using the Monte Carlo (MC) approach. This allows to determine specific instances (simulations) based on the probability distribution of 
one or more random variables [28]. It is worth noting that more simulations will result on a better representation of the distribution. 
MC simulations are particularly appropriate in the context of modelling of risk assessment, due to the dynamic complexity, incomplete 
information, and limited accuracy of prediction models [64,65]. MC is commonly used to model earthquake hazard and risk [66], as 
well as landslides, affected both by hydrometeorological and geophysical hazards [67–69]. MC simulations are recommended to 

Table 1 
Conditional probability table for social vulnerability.

Income, Education and Housing Social Vulnerability

Income and Education are medium or high, and Housing is good Low
Income or Education are medium/high, or Housing is good Moderate
Income and Education are low, and Housing is bad High
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propagate the uncertainty associated to exposure and vulnerability, as shown in D’Ayala et al. [70], and to simulate current and future 
possible exposure models for risk assessment purposes [71,72].

In this study, the instances will be sampled, based on the probability distribution of the operational conditions obtained in the BN 
for each element. The type of elements considered in the model varies according to the resolution of the analysis. For instance, the 
model can identify school buildings and bridges as components or can aggregate the components by school facility or municipality 
depending on the scale of the model. Each simulation is evaluated by the Agent-based model presented in the following section. The 
MC simulations in this framework works as the link between the Bayesian Network and the Agent-Based model.

2.4. Agent-based model

The Agent Based model’s objective is to track the functionality recovery of the integrated school-road networks, affected by each 
hazard. It models the interactive decision-making of relevant actors in the recovery process. In this application a School Operator (SO) 
and a Road Operator (RO), are chosen as the agents, whose actions are shaped by a set of pre-defined, adjustable behavioural attributes 
[22]. Fig. 4 provides the logic of the AB model. Both SO and RO start in an idle state. After the hazard occurrence, they will inspect the 
probability distribution generated in each MC simulation to assess the operational state of the system. The progress of each operator 
will be conditioned by a set of priorities/criticalities of the infrastructure, which define the recovery sequences of the infrastructure 
that the operators will follow. The criticalities can be set and ranked by different criteria of interest like the student numbers of the 
schools or the damage states of the infrastructure. They can be set at the beginning of the recovery phase or updated at each iteration. 

Fig. 3. Simplified Bayesian network for a road network exposed to natural hazard.

Fig. 4. Agent Based Model Operators logic.
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More details can be found in sections 4 and 5. The interaction between the two operators is determined by any instance of functionality 
loss by any bridge or road segments that hamper the SO recovery process, represented as a period of idleness of the SO, waiting until 
the associated bridges/roads are recovered by the RO. On the other hand, the RO will also be obstructed in its recovery plan by any 
non-functional bridge/roads on its path to any bridges/roads set as target. Therefore, the priority ranking for the RO, although set at 
the beginning of the recovery phase on the basis of holistic criteria, might need to be updated on the basis of local elements’ functional 
states when the targets are re-set at each iteration, as shown in Fig. 4.

The AB model enables computing the return to the educational service over time. For each school recovered, the number of students 
with access to education will increase according to that schools’ receptive capacity. The time to recovery is a function of the opera
tional state of the school, the time that the SO takes to travel from one target to the next, impaired by the recovery of the road network. 
Moreover, the shelter use will also impair such recovery: the education function associated with the schools used as shelters will be 
recovered once the shelter use period has elapsed (either short-term or long-term). These schools however are intact and will not be 
attended to by the SO.

3. Case study: San Pedro de Macoris, the Dominican Republic

3.1. Province selection: San Pedro de Macoris

The public-school building portfolio of the Dominican Republic accounts for 18,280 units distributed around 6,000 school com
pounds attended approximately by 1.5 million students, according to the Government’s National Office of Statistics (ONE) records for 
the year 2021. To demonstrate the method, the southeast province of San Pedro de Macoris was selected as a case study, considering 
the schools’ available data and the relevance of earthquake and flood hazards for this province. The main city in the province has a 
population of 195,000 inhabitants and is situated 75 km east of the capital Santo Domingo. Two main rives flow in the province 
territory of approximately 150 square kilometres: rivers Higuamo and Soco. The province includes 288 school facilities, more than 
1,750 km of roads, and 46 bridges.

3.2. Socio-economic characteristics

As mentioned in section 2.2, three socio-economic indicators are analysed: income, education and housing. The statistics for each of 
them are provided by the latest census [73] and presented in Table 2, subdivided into relevant attributes. The city of San Pedro de 
Macoris presents a better socio-economic profile than the other municipalities, showing a lower proportion of households in poverty, a 
lower illiteracy rate and a greater percentage of households with cars and good housing standards. On the other hand, Los Llanos and 
Ramón Santana show high percentages of households in general poverty, and the two higher illiteracy rates.

3.3. School infrastructure

The geographical distribution of the school facilities by municipality is shown in Fig. 5. A total of 288 schools with around 800 
buildings accommodating about 80,000 students, are distributed in clusters within the main city and along the major roads extending 
into the inner part of the province Because the hazard is assumed as constant across the region, this clustering does not affect the 
results. The recovery time is proportional to the number of schools in each municipality. The distribution of school building typologies 
across the country is substantially classifiable in about 10 recurring blueprint typologies corresponding to successive construction 
programs of the Department of Education [74]. Each typology is assigned a taxonomic string, using the Global Library of School 
Infrastructure (GLOSI) seismic taxonomy classification system [75], which summarises their essential structural characteristics 
determining their seismic performance. A representative picture of each typology, its GLOSI taxonomy, its proportional occurrence at 
the country level, and associated seismic fragility function are presented in Table 3. Table 4 summarises the typologies distribution by 
municipality. The most recurring is the reinforced concrete RC3/LR/LD, the second most common typology across the country. The 
second typology at province level, RC3/MR/LD, common in Guayacanes and San Pedro de Macoris city, is the first across the country. 
The reinforced masonry typology RM/LR/LD is relevant in the rural municipalities of Guayacanes, Los Llanos and Consuelo. In San 

Table 2 
Municipality socio-economic classification.

Municipality Income Education Housing

Low 
(general 
poverty)

Medium 
(remaining 
population)

High (with 
private 
cars)

Low 
(illiterate)

Medium 
(remaining 
population)

High 
(university or 
higher)

Poor (timber 
houses, soil 
floor)

Good 
(remaining 
houses)

San Pedro de 
Macoris City

41.50 % 46.40 % 12.10 % 8.40 % 82.34 % 13.38 % 2.00 % 98.00 %

Guayacanes 56.40 % 33.60 % 10.00 % 12.90 % 86.00 % 5.05 % 2.30 % 97.70 %
Los Llanos 70.00 % 24.20 % 5.80 % 20.90 % 81.76 % 4.73 % 18.10 % 81.90 %
Quisqueya 60.40 % 34.10 % 5.50 % 13.10 % 85.52 % 6.78 % 6.00 % 94.00 %
Consuelo 48.50 % 45.60 % 5.90 % 12.60 % 83.65 % 8.79 % 4.90 % 95.10 %
Ramón Santana 74.60 % 21.10 % 4.30 % 22.60 % 80.96 % 3.53 % 11.90 % 88.10 %
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Pedro de Macorís city, bare frames reinforced concrete typologies RC1/MR/HD and RC1/LR/HD (PNEE) have considerably higher 
occurrences than in other municipalities. This typology has been implemented from 2011 onwards, and its structure complies with the 
latest national building code, updated after Haiti’s 2010 earthquake. Therefore, these buildings are less vulnerable than other ty
pologies. RM/LR/LD Johnson typology, a vulnerable older reinforced masonry typology, is common mainly in Ramón Santana. 
Finally, timber frame (TF/LR/LD) and poor design reinforced masonry, PIDE (RM/LR/PD), although a minority across the province, 
are the country’s most vulnerable typologies.

Since most of these typologies present a high vulnerability against earthquakes, their structural retrofitting is considered an 
essential strategy to improve the school infrastructure resilience as further discussed in Section 4.3. A specific study on the most 
appropriate type of retrofitting and associated cost for each typology conducted by the authors, is reported in Fernández et al., [74].

3.4. Bridge and transportation infrastructure

In addition to the school infrastructure data, the road network is analysed to identify the connections between schools. This analysis 
is fundamental to developing the proposed model to assess the disruption of education following natural hazards, since the transport 
infrastructure presents a high level of risk, as evidenced by the Interamerican Development Bank [76]. The road exposure model 
consists of the primary and secondary roads and the bridges that connect them. For the roads, several characteristics shall be identified 
such as the number of lanes, the paving material and its condition, among others. The road classification was obtained from OCHA 
Humanitarian Data Exchange [77] (Fig. 5). For the bridges, characteristics such as the number of spans, the bridge substructure and 
superstructure typologies and materials, among others, are used to evaluate their vulnerability. From data available, it can be 
concluded that one third of the road network is sited in San Pedro de Macoris City. Conversely, in rural areas, the scarcity of roads and 
bridges generates critical situations, resulting in the possible isolation of schools and populations, if one segment fails due to a 
damaging hazard event.

Eleven bridges critical to the school infrastructure, are identified in the province. These bridges were visited by The National Office 
for the Seismic Evaluation and Vulnerability of Infrastructure and Buildings (ONESVIE), photographs were gathered with the use of a 
drone, to identify their typology and condition. This is complemented with aerial information available online (e.g. Google Maps and 
Google Earth Pro). The seismic fragility model established by Nielson and DesRoches [78] is employed to determine damage prob
abilities, using fragility functions calibrated on results of the project SIGP (Colombia National System for Managing Bridges) for 
Colombia [79] (see Table 5). For “cable-stayed” bridges the fragility functions developed by Wu et al. [80] are used.

Interventions on bridges are considered in the model to assess the impacts in the reduction of the disruption of education after the 
occurrence of hazard events. For this process, the reduction in vulnerability and the costs of investment are based on the study 
developed by Universidad de Los Andes et al. [79]. The intervention costs were then calibrated using data on investment on bridges in 

Fig. 5. School facilities and roads in San Pedro de Macoris.
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Table 3 
Index buildings in the Dominican Republic. Adapted from Fernandez et al. [74].

Local typology 
name

Primary parameters GLOSI 
taxonomy stringa

Percentage at 
country level

Representative picture Seismic fragility function 
Green: Slight damage, Blue: Moderate damage, Orange: 
Extensive damage, Red: Collapse

1erBID RC3/LR/LD 18.31 %

SEE RC3/MR/LD 39.40 %

PNEE LR RC1/LR/HD 2.58 %

PNEE MR RC1/MR/HD 12.16 %

Jhonson RM/LR/LD 5.81 %

PIDE PD RM/LR/PD 0.93 %

PIDE LD RM/LR/LD 14.30 %

(continued on next page)
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San Pedro de Macoris province [81] provided by the Ministry of the Presidency of the Dominican Republic.

3.5. Seismic hazard

The island of Hispaniola (on which the Dominican Republic and the Republic of Haiti are situated) is located on the border between 
the Caribbean and North American plates, a region that generates a complex tectonic system with a large number of faults, creating a 
seismically active strip along the plate boundary. The global earthquake catalogue [82] records many high-magnitude events in the 
region. The 2010 Mw = 7.0, Haiti earthquake, (January 12, 2010), although highly destructive in Port-au-Prince was moderately felt in 
the Dominican Republic. Similarly, the 2021 M7.2 Haiti earthquake, had minimal consequences in Dominican Republic. The most 
damaging recent earthquake in the Dominican Republic occurred in 2003 in Puerto Plata. According to EM-DAT, it caused 3 fatalities 
and more than 2,000 people were affected [83]. School infrastructure was heavily affected, as recorded by Lopez & Martínez [4], 
particularly for the two-story reinforced concrete buildings locally known as SEE (see Table 3). Several structural deficiencies were 
identified such as short column, weak column–strong beam, and weak floor.

Considering the high seismicity of the region, several international studies have been conducted to understand the seismicity of the 
Dominican Republic [84–89]. The most recent is the one developed by GEM & USAID [84], which includes an updated earthquake 
catalogue and ground motion prediction equations.

Since the present study focuses on the San Pedro de Macoris province, it is important to understand the level of hazard, including 
acceleration and displacement in this region. However, given the level of resolution of available seismic hazard models and the lack of 
micro-zonation studies, the acceleration assigned to the region of analysis is assumed to be uniform. Since the development of a hazard 
model is out of the scope of this project, it taken as an input from the GEM & USAID analysis [84]. Table 6 presents the corresponding 
PGA and the Spectral acceleration (Sa) for two stochastic scenarios, one moderate and one extreme. The moderate scenario is based on 
the probabilistic hazard map with 10 % probability of exceedance in 50 years (equivalent to 475 years of return period – see Ref. [84]), 
while the extreme scenario is based on 2 % probability of exceedance in 50 years (equivalent to 2,500 years return period).

3.6. Flood hazard

Floods are a major natural hazard in Dominican Republic. They cause most of the natural hazard-related deaths, and the majority of 
damages to residential buildings, both at the national level and in the province of San Pedro de Macoris [90]. Tropical storms such as 
Franklin (2023), Grace (2021), and Laura (2020) have affected the country generating damage to infrastructure and human losses. A 
number of studies address flood susceptibility in the Dominican Republic [91–94]. The one by Rivera & Hernández [91], developed 
with the support of the Ministry of Environment and Natural Resources, while is the most updated, does not establish a probabilistic 
relationship between flood depths and return periods. Therefore, the model provides only a susceptibility map, as shown in Fig. 6. 
According to Ref. [95] a water depth of 0.25m shall be expected for a flood generated by hurricane-rainfall with a return period of 50 

Table 3 (continued )

Local typology 
name 

Primary parameters GLOSI 
taxonomy stringa

Percentage at 
country level 

Representative picture Seismic fragility function 
Green: Slight damage, Blue: Moderate damage, Orange: 
Extensive damage, Red: Collapse

Timber TF/LR/PD 1.56 %

a Acronyms in the Taxonomy: RC3: RC framed construction with short columns, RM: Reinforced masonry with concrete blocks in cement mortar, 
RC1: Bare framed construction, TF: Timber Frames, LR: Low-rise, MR: Mid-rise, HR: High-rise, PD: Poor design, LD: Low design. MD: Medium design, 
and HD: High design. For more information on this classification see Ref. [63].

Table 4 
School building typologies distribution in the seven municipalities in San Pedro de Macoris.

Typology Quisqueya Guayacanes San Pedro de Macorís (City) Los Llanos Ramón Santana Consuelo

1erBID/RC3/LR/LD 42 % 32 % 27 % 47 % 31 % 24 %
SEE/RC3/MR/LD 12 % 29 % 24 % 10 % 8 % 15 %
PNEE/RC1/LR/HD 19 % 9 % 18 % 6 % 10 % 12 %
PNEE/RC1/MR/HD 7 % 6 % 11 % 7 % 8 % 24 %
Johnson/RM/LR/LD 12 % 0 % 6 % 7 % 23 % 4 %
PIDE/RM/LR/PD 0 % 0 % 0 % 1 % 4 % 0 %
PIDE/RM/LR/LD 5 % 24 % 13 % 17 % 8 % 21 %
Timber/TF/LR/PD 5 % 0 % 1 % 4 % 6 % 0 %
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Table 5 
Bridges in the Dominican Republic. Typologies and fragility functions adapted from Nielson & DesRoches [78] and Universidad de Los Andes, 
Universidad Javeriana & INVIAS [79].

Typology Occurrences at 
province level

Representative picture Seismic fragility function (from Nielson & DesRoches 
[78] unless specified otherwise). 
Green: Slight damage, Blue: Moderate damage, Orange: 
Extensive damage, Red: Collapse

Multispan simply supported concrete 
girder (MSSS1 concrete)

1

Multispan simply supported slab with 
supporting frames (MSSS2 
Concrete)

4

Multispan simply supported slab 
(MSSS slab)

1

Multispan continuous concrete girder 
(MSC concrete)

1

Multispan continuous steel girder 
(MSC steel)

1

Single span concrete girder (SS 
concrete)

2

(continued on next page)
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years in the region. Therefore, the scenario used in this study assumes a water depth of 0.25m [95] in the susceptible areas for flooding 
[91]. This simplified approach is used as there are no models available with more precise information.

4. Interruption of education in seismic scenarios and resilience improvement

A simplified representation of the municipal nodes and connecting road network is mapped in Fig. 7. Municipalities are modelled 
by one node (e.g., Quisqueya, Guayacanes, and Consuelo) or two nodes (e.g., Los Llanos and Ramón Santana) according to their 

Table 5 (continued )

Typology Occurrences at 
province level 

Representative picture Seismic fragility function (from Nielson & DesRoches 
[78] unless specified otherwise). 
Green: Slight damage, Blue: Moderate damage, Orange: 
Extensive damage, Red: Collapse

Cable-stayed bridge (CS) 1

Adapted from Wu, Li, Shao [80]

Table 6 
Seismic scenarios considered in the analysis.

Scenario Equivalent Return Period [years] PGA [g] Sa(T = 0.2s) [g] Sa(T = 1.0s) [g]

Moderate 475 0.25 0.6 0.2
Extreme 2475 0.6 1.2 0.4

Fig. 6. Flooding susceptibility map for San Pedro de Macoris.
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territorial extension and distribution of population and school infrastructure. Due to its high population density and number of schools, 
the municipality of San Pedro de Macorís is subdivided into five interconnected nodes. Therefore, there are 12 municipality nodes (M1 
to M12, Fig. 7). The distances shown on the links between nodes are the equivalent shortest distance of the existing roads connecting 
two nodes, including bridge crossing.

A sample of 160 public school facilities, comprising 525 buildings, for a total built area of 114,305 square meters is analysed. Each 
building is assigned a typology, a fragility function, a retrofitting technique with an estimated cost based on a previous study un
dertaken by the authors [74]. In order to facilitate the analysis at the province level, the fragilities of individual school buildings in 
each municipality are clustered at the nodes, and a cumulative fragility is assigned at each node by weighting the distribution of school 
building typologies in the municipality.

The BN analysis first computes for each node, the cumulative probabilities of the schools being in a given functionality state, given 
the probability of each building being in one of the four damage states identified by the cumulative fragility functions for each node, 
according to the following logical condition: damage states ‘extensive’ and ‘collapse’ to result in ‘shutdown’, damage state ‘no or slight’ 
to be considered as functionally intact and damage state ‘moderate’ to be taken as partially functional. Furthermore, in each mu
nicipality the government identifies a number of schools as possible shelters, providing a means to compute the initial probability of 
shelter use for each node. On the basis of the socio-economic states defined in Section 3.2, a probability for each social vulnerability 
state is calculated to each municipality and equally applied to all schools, as a conditional probability on the three parent state 
probabilities defined by the definitions in Table 1 through BN inference. These two probability conditions, combined with the 
probability of functionality states, determine the probability of a school being assigned a function of short-term or long-term shelter, or 
no shelter, as defined by the conditional definitions in Table 7. The functionality states and the shelter states determine the full gamut 
of operational states, as defined in section 2.2, then sampled in the MC simulations. Moreover, for each bridge in the network, with an 
assigned set of fragility functions, the BN analysis determines the associated probability of being in an operational state, given the 
damage states’ probability.

The MC procedure then samples 1,000 possible realisation in accordance with the BN outcomes and feeds them to the AB model 
(see Fig. 1). The AB model assumes in all cases that SO and RO travel from a central coordination hub located in San Pedro de Macoris 
City and progress with the recovery action of the assets, as this is the largest city in the province, its administrative hub, and stra
tegically located in its centre. The recovery sequences of each operator are determined initially by set criticalities. For the SO, the 
municipalities are ranked from high to low criticality by numbers of students; for the RO, the bridges are ranked from high to low 
criticality by the betweenness centrality of the link location of the bridge. The interactions between the two agents lie in the acces
sibility of the municipalities; the SO is not able to travel to a targeted municipality if the path is blocked by damaged bridges, needing 
recovery actions from the RO as shown in Fig. 7, depicting the topological road network and position of the bridges.

The time for recovery of education depends on many factors in the aftermath of a disaster, such as the immediate capacity of the 
government to react and the support given by the international community among other factors. This period can vary from a week, as 

Fig. 7. Graph representation of the province network.
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experienced in Japan after the 2011 earthquake, to more than 3 months, as shown in Haiti after the 2010 earthquake or the floods in 
the USA after hurricane Katrina in 2005 [2,96]. For example, in Türkiye the recovery of educational service in the affected areas with 
reinstatement of face-to-face teaching took approximately 7 weeks [97]. Lai et al. [98] provide anecdotal evidence of the high vari
ability of school functional recovery after flooding with the shutdown period extending from 13 days to 1 year, even for schools 
affected by the same event. International organizations such as Save the Children aim to reinstall educational service after a disaster in 
less than one month [99]. Considering these examples and the fact that a robust data reference on school functional recovery is not 
available in literature, for this study the recovery of the education service is assumed to be two days for intact damage state (to allow 
the structures to be classified as safe and fully operational), two weeks for a partial operational state, and one month for a shutdown 
operation state. It is important to notice that the recovery of education in these cases is not associated with the repair and rebuilding of 
the school infrastructure, but to the re-instalment of educational services by implementing temporary measures such as tents or moving 
students to less affected areas, or minor cleaning and functional repairs. Considering this, the same recovery time is assumed for 
earthquakes and floods. This assumption is used as an input in this specific case study, but does not intend to be universal, as recovery 
times are socio-cultural and economic context specific. The two time periods assigned as possible use as shelters are obtained from the 
literature [17,67,100]. The recovery periods are summarized in Table 8. It is assumed that in each municipality the recovery activity 
will take places for all schools at the same time. This optimal condition might not reflect a real situation.

Similarly to schools, the same reasoning was implemented to identify the recovery time for bridges. In this case, besides the level of 
damage, additional factors such as the span length, the type of bridge, the soil characteristics, the location accessibility, and the 
available resources and coordination among others affect the time of recovery of the specific bridge. Usually, one or two days are taken 
for inspection, even when failures are not evident. For example, the Federal Highway Administration in the United States usually 
inspects bridges after earthquakes to ensure their safety, taking around 1 day as demonstrated during the 4.1 magnitude earthquake in 
East Tennessee [101]. When the level of damage is slight and not structural, repairs can take between one to four weeks as demon
strated during the Anchorage Earthquake in Alsaka where roads were repaired in 4 days [102] or after the July 2023 heavy rains in 
New York, where the Popolopen bridge was repaired after four weeks [103]. For major structural damage, or collapse, the repairs or 
reconstruction can take months or even years. However, in these situations, depending on the size and complexity of the bridging gap, 
temporary measures can be taken relatively quickly to ensure the recovery of service. In particular, the installation of temporary 
military bridges (e.g. a modular Bailey bridge) can be delivered in less than a month, including planning, procurement, transport, and 
installation. For instance, in New Zealand in 2023 after the collapse of a bridge due to floods, the installation of a short span temporary 
bridge took about one week [104], while a similar installation of a long-span temporary bridge in 2021 in the United Kingdom took 
about 2 months [105]. Considering these time frames, the assumptions for the bridge recovery are presented in Table 9.

4.1. Results of assessment

The results of the BN analysis regarding the probabilities of operational states in terms of damage and shelter use of the schools in 
each municipality are given in Tables 10 and 11 respectively, for the two seismic hazard scenarios. Likewise, the probabilities of the 
operational state of bridges are given in Table 12. A significant increase in the probabilities of partial operation and shutdown of both 
schools and bridges can be observed as the hazard intensity increases from moderate to extreme. Accordingly, the chances of the 
schools being used as shelters reduce.

Fig. 8 (a) and (b) show the trajectories of recovery of the school infrastructure operation under the two seismic scenarios 
considered. The vertical axis represents the percentage of students with access to education with time, being 100 % once recovery is 
complete, while the horizontal axis represents the recovery time after the event. Each chart indicates the recovery median trajectory 
and its range of results for all the MC simulations considered, highlighted by the colour-filled areas. This dispersion increases with the 
magnitude of the event and the progress of the recovery process. This reflects the uncertainties associated with the BN tree and 
provides a synthetic interpretation for decision-makers of the possible outcomes under realistic constraints.

Table 7 
Conditional probability of short and long term shelter use.

Functionality State (FS), Shelter use (SH), Social Vulnerability (SV) Operational capacity based on shelter use

No Shelter use OR functionality is affected Unaffected by shelter node, hence decided by functionality state (FS)
Shelter use YES AND intact functionality AND high social vulnerability Long shelter
Shelter use YES AND intact functionality AND social vulnerability is medium Short shelter
Other combinations Unaffected by shelter node, hence decided by functionality state (FS)

Table 8 
Recovery times for schools.

Operational State Time of education service interruption (days)

Intact 2
Partial 14
Shutdown 30
Short-term shelter 7
Long-term shelter 14
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The median curves in Fig. 8 show for both scenarios that the first “recovery step” leads to 22 % of students regaining access to 
education, as M2 is the most critical municipality, ranking first by number of students. The longer delay before this first step under the 
extreme scenario corresponds to the higher probability of schools in partial or complete shutdown (see Table 10). The SO then heads 

Table 9 
Recovery times for bridges.

Operational State Time of interruption (days)

Intact 2
Partial 14
Shutdown 30

Table 10 
Probabilities of school operational state given functionality state.

ID Moderate scenario Extreme scenario

Intact Partial Shutdown Intact Partial Shutdown

M1 0.669 0.294 0.037 0.161 0.391 0.449
M2 0.824 0.162 0.014 0.142 0.369 0.489
M3 0.875 0.121 0.004 0.235 0.501 0.265
M4 0.950 0.045 0.005 0.232 0.388 0.380
M5 0.776 0.175 0.050 0.281 0.394 0.325
M6 0.782 0.211 0.007 0.112 0.420 0.468
M7 0.810 0.164 0.026 0.123 0.599 0.278
M8 0.679 0.273 0.048 0.079 0.529 0.392
M9 0.829 0.128 0.043 0.214 0.487 0.299
M10 0.772 0.212 0.015 0.135 0.490 0.375
M11 0.597 0.307 0.096 0.085 0.452 0.464
M12 0.806 0.145 0.048 0.241 0.388 0.372

Table 11 
Probabilities of school functionality as a shelter.

ID Moderate scenario Extreme scenario

Not used as shelters As short-term shelters As long-term shelters Not used as shelters As short-term shelters As long-term shelters

M1 0.733 0.000 0.267 0.936 0.000 0.064
M2 0.762 0.000 0.238 0.959 0.000 0.041
M3 0.690 0.000 0.310 0.917 0.000 0.083
M4 0.633 0.000 0.367 0.910 0.000 0.090
M5 0.715 0.000 0.285 0.897 0.000 0.103
M6 0.755 0.001 0.245 0.965 0.000 0.035
M7 0.486 0.004 0.510 0.922 0.001 0.078
M8 0.632 0.005 0.363 0.957 0.001 0.042
M9 0.767 0.002 0.231 0.940 0.001 0.060
M10 0.695 0.001 0.304 0.947 0.000 0.053
M11 0.821 0.007 0.172 0.975 0.001 0.024
M12 0.532 0.004 0.464 0.860 0.001 0.138

Table 12 
Probabilities of bridge operational states in terms of damage.

ID Moderate scenario Extreme scenario

Intact Partial Shutdown Intact Partial Shutdown

B1 0.898 0.070 0.032 0.469 0.223 0.309
B2 0.852 0.089 0.058 0.419 0.206 0.375
B3 0.898 0.070 0.032 0.469 0.223 0.309
B4 0.111 0.244 0.645 0.004 0.030 0.966
B5 0.898 0.070 0.032 0.469 0.223 0.309
B6 0.836 0.126 0.039 0.424 0.301 0.275
B7 0.987 0.009 0.005 0.893 0.056 0.051
B8 0.987 0.009 0.005 0.893 0.056 0.051
B9 0.898 0.070 0.032 0.469 0.223 0.309
B10 0.652 0.138 0.209 0.115 0.102 0.783
B11 0.898 0.070 0.032 0.469 0.223 0.309
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for the next ranked municipality, M10, but in doing so is substantially delayed by the recovery of bridge B7 on its path, which is a clear 
bottle neck, under both scenarios. The model is therefore able to clearly identify criticalities in both infrastructure systems that need 
attention.

4.2. Value of alternative recovery strategies

The recovery sequence shown in section 4.1 assumes that SO and RO carry out their activity following the criticality ranking criteria 
set for each of them. This is a naïve or baseline setting, denoted as MC1 for the municipalities and as BC1 for bridges. It is worth 
considering alternative ranking criteria to investigate how sensitive rapidity and recovery are to this early decision-making.

An alternative ranking of criticality for municipalities can be based on their damage states (denoted as MC2) – the municipality 
with the severest operational state is ranked the highest. As the operational state is a probabilistic variable set through the BN, the 
ranking may vary for MC realisations. For municipalities with the same state probabilities, the relative criticality will be set randomly. 
Regarding the criticality of bridges, an alternative option for ranking can be setting the recovery sequence of bridges “to follow” the 
recovery sequence of municipalities (BC2). In other words, the ranking of bridges will depend on the trajectory of the SO once the 
municipalities have been ranked. This imposes to get the bridges ready in advance for school recovery needs.

The above rankings can be set before the recovery phase and remain static throughout. Instead, a dynamic criticality approach for 
SO and RO can be set, which draws lessons from the “greedy algorithm” [106]. The basic idea of greedy algorithm is to make the locally 
optimal choice under the current state in each step of selection, hoping to reach the globally optimal result. Based on the dynamic 
criticality, the SO will choose the most “efficient” municipality to recover next. The “efficiency” here is defined as the increment in the 
number of students accessing education in a given step divided by the total time needed to accomplish the recovery step, which in
cludes the travel time of the SO to reach its destination, the recovery time due to the operational states of the school in that munic
ipality, the recovery time of the bridges on the path if any, as well as the travel time of the RO. After each recovery step (as shown in 
Fig. 4), the SO decides the next municipality to recover, by calculating the efficiencies of the remaining unrecovered municipalities and 
road links, opting for the one with the highest efficiency. In terms of the RO, it will prioritize the recovery of bridges that block the SO’s 
way to the next most efficient choice. In the meantime, a “default criticality for the RO” will also be employed to move it to the next 
task, while SO is busy in one municipality, which means that the RO will follow the default criticality unless receiving a request from 
the SO, to avoid idle times. This dynamic recovery strategy is designated as “Greedy”.

Based on these alternative priorities, four more recovery strategies (1–4) are proposed by combining ranking criteria (Fig. 9), with 
the baseline recovery being Strategy 0 (MC1+BC1). Their median recovery trajectories under extreme scenario are compared in Fig. 9. 
In addition, the “resilience” of the system is also considered [107], computed as the area under the curve within a control time of 
interest, normalized to 1 (this being the area of the rectangle for the same time). This synthetic value aids the comparison of different 
strategies benefits. A higher resilience value implies a shorter overall interruption and/or a faster recovery process, and vice versa. The 
resilience values for strategies 0 to 4 are 0.463, 0.612, 0.343, 0.450, and 0.647 respectively, the control time being the total recovery 
time of Strategy 0.

Overall, Strategies 1 and 4 outperform Strategy 0 with shorter total recovery times and greater rapidity. Comparing curves 0 to 3, it 
can be noted that ranking the municipality by damage states (MC2), although provides more granularity in the recovery process, is not 
more efficient than the ranking based on total number of students (MC1), while linking the RO activity to the SO’s needs (BC2), has a 
significant positive effect on rapidity and total recovery time.

Strategy 4 displays the highest efficiency, with the steepest initial gradient and the highest resilience level. The SO resourcefully 
chooses the municipalities to maximise the number of students with access to education within the shortest time. However, Strategy 4 
does not lead to the shortest total recovery time, because RO’s might incur conflicting criticalities in between iterations. In contrast, RO 
will optimise its recovery efficiency in Strategy 1, as the itinerary of SO is known at the outset, leading to parallel coordinated activity. 
Such result indicates that the greedy strategy can ensure “local optimisation” but can only reach approximately “global optimisation”. 
Nevertheless, the resilience indicator, as conceived, is still in favour of Strategy 4.

Fig. 8. Recovery trajectories of school operation under seismic scenarios.
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4.3. Retrofitting strategies for school buildings and bridges

One of the main reasons to investigate system resilience is to provide support to the decision-making for possible investments in 
school infrastructure strengthening. The objective is to determine whether seismic retrofitting strategies can be useful to mitigate the 
education service interruption determined in Section 4.2. Some of the typologies of school buildings are more seismically vulnerable 
than others (Section 4.1), therefore tailored structural interventions can be an efficient risk reduction strategy for the school physical 
infrastructure, as shown by Fernández et al. [74]. For example, for the typology RC3/MR/LD, short column, low stiffness, weak story, 
and strong beam-weak column failure mechanisms can be identified. An effective retrofitting approach can be isolating the infill walls 
and installing steel-braced frames, as shown in Fig. 10. The cost of such intervention is estimated at 30 % of the replacement value. 
Table 13 presents typology specific structural deficiencies, retrofitting strategy, retrofitting estimated cost and updated fragility 
functions (for details see Fernández et al., [40]; Fernández et al., [74]). Likewise, Table 14 presents a summary of retrofitting strategies 
for the bridge typologies and their associated costs (for details see Universidad de Los Andes et al., [79]).

Three retrofitting strategies can be adopted at system level: retrofitting the school buildings, retrofitting the bridges, and retro
fitting both. Once the retrofitting strategies are implemented, a new set of MC simulations, sampled on the basis of the BN analysis 
results informed by the modified fragility functions, is computed, and the AB analysis is performed again, using the Greedy recovery 
approach defined in Section 4.2, which provided the best system resilience value. The results (median values) are shown in Fig. 11 for 
both seismic hazard scenarios, while the resilience values are compared in Table 15, using as control time the total recovery time of the 
original trajectory. While all three retrofitting strategies reduce total recovery times and increase system resilience values, retrofitting 
both schools and bridges shows best performance. Coincidence can be found in the early stage of the recovery in the curve pairs of 
Original and Retrofitting bridges with Greedy recovery strategy and the curve pairs of Retrofitting schools and Retrofitting both in Extreme 
scenario (Fig. 11b). This is because with the Greedy recovery approach, SO will choose the most efficient municipality to recover in 
every step, which allows the most students back to school given the time needed. In the Extreme scenario, more bridges fall into higher 
damage states, in which case the recovery time of a bridge may be much longer than RO’s transportation time. Hence, in the early stage 
of the recovery when the bridges are being recovered, SO will choose paths to municipalities, which may be longer but are not affected 
by the bridge recovery, to avoid delays. Therefore, for two curve pairs, where the only difference is the retrofitting bridges option, the 
curves coincide in the early stage of recovery as the sequence of municipalities recovered may be the same.

Nevertheless, it can be noted how retrofitting the bridges is critical to the recovery rapidity of the education in the latter part of the 
trajectory. This is an expected outcome, considering the fact that without functional bridges the recovery of schools would not be 

Fig. 9. Recovery trajectories of school operation for different recovery strategies under extreme seismic scenario.

Fig. 10. Illustrative schemes for RC3/MR/LD retrofitting [74].
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possible, as the operators will not be able to access them. Furthermore, bridges and in general the transportation network plays a vital 
role in the aftermath of a disaster as without it students and the broader academic community and services would not be able to reach 
the school facilities.

In order to quantitatively assess the impact of each retrofitting strategy, metrics of cost efficiency are provided in Table 16, updated 
for 2024. The total cost is provided, then divided by the number of days of reduced disruption to identify the cost per reduced day. It 
can be seen that the retrofitting measures chosen are effective for both levels of seismicity, indeed delivering greater effectiveness for 
the extreme scenario. However, to have a more synthetic and easy-to-communicate metric, the cost per reduced day is also normalized 
by the number of students benefitting from it. With this efficiency metric, the most effective strategy, i.e., retrofitting schools and 
bridges, leads to efficiency costs of $US 9.80 and $US 6.71 per student per day of reduced disruption, for the modest and extreme 
scenario respectively. These are not the most economic solutions, but the ones that maximise the reduction of disruption. Such metric 
allows to communicate the risk and the benefit of implementing a mitigation measure, with a cost figure that can be easily compared to 
other educational costs per day per student, such as bus transport, or student’s meals. Such metrics can be understood by a non- 
technical decision-maker but also clearly communicated to other stakeholders in the community.

Table 13 
Seismic retrofitting measures for school buildings. Adapted from Fernández et al. [74].

Typology Structural deficiency Retrofitting 
measure

Estimated cost relative to the 
replacement value

Updated fragility function

1erBID/RC3/LR/LD • Short column
• Weak story

- Infills isolation 5 %

SEE/RC3/MR/LD • Short column
• Low stiffness
• Weak story
• Strong beam weak 

column

- Infills isolation
- Steel braced 

frames

30 %

PNEE/RC1/MR/HD PNEE/ 
RC1/LR/HD

• No deficiencies - No intervention – ​

JOHNSON/RM/LR/LD • Low shear capacity
• Weak connections
• Out-of-plane failure
• Low material quality

- Splints and 
bandage

16 %

PIDE/RM/LR/LD • Lack of rigid 
diaphragm

• Low shear capacity
• Weak connections
• Out-of-plane failure
• Low material quality

- Splints and 
bandage

- Tie column

25 %

PIDE/RM/LR/PD Timber/TF/ 
LR/LD

• High seismic 
vulnerability

- Replacement 100 %
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5. Interruption of education in flood scenarios and resilience improvement

Regarding the flood case, the affected municipality and road segments susceptible to flooding are identified using the real pathway 
and schools’ locations shown in Fig. 5. Fig. 12 shows the areas susceptible to floods (blue shade) and highlights in red the portion of the 
topological road network and the two municipalities (M9 and M10) affected. Five road segments (R1 to R5), linking the flood-prone 

Table 14 
Seismic retrofitting strategy for bridges.

Typology Retrofitting measure Estimated relative cost to the 
replacement value

Updated fragility functions

Multispan simply supported concrete girder (MSSS 
Concrete)

• Retrofitting of vertical 
elements

• Improvement in 
connections

• Adding shear keys
• Neoprene bearing 

replacement

6.9 %

Multispan simply supported slab with supporting 
walls (MSSS Slab) 

3.1 %

Multispan continuous concrete girder (MSC Concrete) 3.1 %

Multispan continuous steel girder (MSC Steel) 5.1 %

Multispan simply supported slab with supporting 
frames (MSSS2 Concrete) 

6.9 %

Single span concrete girder (SS Concrete) 4.5 %

Cable-stayed bridge (CS) 6.9 %
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municipalities to the province-level road network, are the vulnerable components.
An initial inundation duration of seven days [108], which corresponds to a 50-year return period event [91,95], is considered as the 

flood scenario. Only after the flood recedes can inundated municipalities and road segments be attended to. The recovery assumed 
periods for the school infrastructure are shown in Table 8. A 14-day recovery time is set for all the inundated road segments. A set of 
vulnerability functions developed in the CAPRA framework [109] is used for RC and RM buildings, respectively (see Fig. 13a). These 
functions provide the mean damage ratio (MDR) for the school buildings as inputs to the BN analysis, and correlated to different 
functional states as follows: MDR< 10 % – intact, MDR between 10 % and 60 % - partial operation and MDR>60 % - shutdown. All 
schools in a municipality are assumed to be affected by the same flood depth. The two operators effect the recovery following the 
criticalities of municipalities and roads, ranked by student numbers (MC1) and road betweenness centrality (RC1) as per the baseline 
conditions introduced in Section 4.

The extent of interruption of education services under the flood scenario is shown in Fig. 14a. Similar to the earthquake scenarios, a 
dispersion can also be found showing possible recovery trajectories. The dispersion results from the vulnerability functions used in the 
BN, which involve both the mean and variance of damage ratios shown in Fig. 13. The median value curve shows a delay between day 3 
and day 56 due to the inundation receding time, and the recovery time of road segment R4, as well as the recovery of M10 and M9. 
Beyond this, the rapidity of the process is high as most municipalities suffer no damage from the flood, needing only a two-day in
spection. The minimum, median, and maximum recovery times are 58 days, 75 days, and 100 days respectively, showing the localised 
impact caused by floods rather than earthquakes.

Alternative criticality rankings are considered for the flood recovery, i.e., ranking of municipalities by damage states (MC2) and 

Fig. 11. Recovery trajectories of school operation with different retrofitting strategies under seismic scenarios.

Table 15 
Resilience values with different retrofitting strategies under seismic scenarios.

Scenario Original with Greedy Retrofitting schools Retrofitting bridges Retrofitting both

Moderate 0.625 0.660 0.661 0.705
Extreme 0.647 0.680 0.656 0.706

Table 16 
Cost efficiency metrics under seismic scenarios.

Scenario Retrofitting 
Strategy

Median recovery time 
(days)

Cost ($US) Reduced recovery time 
days (%)

Cost per reduced day 
($US)

Cost per reduced day per 
student ($US)

Moderate Original with 
Greedy

86 – – – -

Retrofitting 
Schools

71 10,784,846 15 (17.4 %) 718,990 12.83

Retrofitting 
Bridges

76 3,492,216 10 (11.6 %) 349,222 6.23

Retrofitting 
Both

60 14,277,062 26 (30.2 %) 549,118 9.80

Extreme Original with 
Greedy

206 – - - –

Retrofitting 
Schools

185 10,784,846 21 (10.2 %) 513,564 9.17

Retrofitting 
Bridges

193 3,492,216 13 (6.3 %) 268,632 4.80

Retrofitting 
Both

168 14,277,062 38 (18.4 %) 375,712 6.71
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ranking of roads following the criticality of municipalities (RC2). The dynamic criticality based on the greedy algorithm is adopted 
here as well (Greedy). The same approach used in section 4.2 is used to consider 4 alternative recovery strategies. Fig. 14b shows the 
corresponding median trajectories. Strategy couples 0–1 and 2–3 curves, perfectly coincide because the ranking of road segments 
remains the same notwithstanding the different criticality criterion. Therefore, only three curves are visible in Fig. 14b. Ranking 
municipalities by damage states (Strategies 2 and 3) performs worse initially but concludes with a slightly reduced overall time. The 
greedy algorithm shows the highest initial efficiency in recovering education services up to 85 % of students, although ending up with 
a longer total recovery time. Nonetheless, with a control time of 75 days, the resilience value of Strategy 4 is 0.617, substantially higher 
than the values for Strategy 0 to 3 which are 0.328, 0.328, 0.179, 0.181, respectively.

Fig. 12. Graph representation of the province network including the flood susceptibility.

Fig. 13. School buildings flood vulnerability functions. Adapted from CAPRA.

D. D’Ayala et al.                                                                                                                                                                                                       International Journal of Disaster Risk Reduction 125 (2025) 105588 

21 



Finally, a dry flood-proofed mitigation strategy is proposed for each school building located in the susceptible area. This solution 
includes external finishing of walls to make them impervious to floodwater, shields for openings with low thresholds and installations 
of backflow valves in relevant plumbing [110–112]. These measures are designed for a floodwater depth of 500 mm with an 
approximate cost of $US 390/m2 of the building footprint, indexed to 2024. A simplified approach to computing the benefit of the 
measures is to shift the vulnerability functions damage levels by 500 mm of flood depth, as indicated in Fig. 13b. Other mitigation 
interventions, such as the implementation of flood defences at district or territorial level would also be effective for flood mitigation, 
but are not considered in this study as the objective is to identify the possible measures taken by a school infrastructure administrator. 
The roads are also not intervened on, in this scenario. Using Strategy 4, the results for the retrofitted scenario are compared to the 
original situation in Fig. 14c, highlighting that the retrofitting is effective in eliminating the delay at the end of the recovery campaign. 
This results in a reduction of the interruption of education service by 45.9 % under the flood scenario, with a cost of $US 26.04 per 
reduced day per student affected (see Table 17). On the other hand, the resilience value increases to 0.690 comparable to the values for 
the seismic scenarios.

6. Further discussion on the method’s applicability

Educational interruption has devastating impacts on students and development in countries, as recently highlighted by the vast 
literature referring to the COVID-19 related school shut down period [113–115]. Governments are increasingly aware of the imme
diate impact and implications for future development of education disruption, and emergency policies are being developed in the 
aftermath of major natural disastrous events [17,116,117]. Nonetheless, as shown in this study, while different recovery strategies can 
reduce the overall disruption period, pre-event investments to improve educational and transport infrastructures are essential to 
successfully minimise such disruption. Quantifiable information such as the mitigation of a disruption obtained by a given level of 

Fig. 14. Recovery trajectories of school operation under flood scenario.

Table 17 
Cost efficiency metrics under flood scenarios.

Retrofitting 
Strategy

Median recovery time 
(days)

Cost (USD) Reduced recovery time (days) and 
percentage

Cost per reduced day 
(USD)

Cost per reduced day per 
student (USD)

Original with 
Greedy

85 – – – –

Retrofitting 
Schools

46 $ 
11,215,945

39 (45.9 %) 287,588 26.04
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investment represents a key metric that can be used to prioritize developmental and risk reduction policies [118,119]. Such metrics 
can inform national infrastructure governmental planning in the short to medium-term, by identifying the critical assets, munici
palities, or provinces in the country that should be prioritized for investment to reduce future risk. This modelling also provides 
valuable information to international organizations such as UNESCO to provide evidence to the international community of disaster 
risk levels in different countries and inform international and national governance [120,121]. Finally, international development 
financing institutions can better tailor lending programmes by using similar methodology to identify investment gaps and prioritize 
interventions [122]. The application in the present study shows the versatility of using simple metrics to evaluate alternative strategies 
to optimise resource allocation.

Synthetic and relatable metrics are key elements in risk communication. In the present study the cost of reducing one day of 
interruption per student is used, and its magnitude, amounting to a few dollars, is easily understood by a non-technical audience and 
relatable to other typical costs per day per student associated with education such as the cost of school meals or school bus fare. It is 
therefore much more meaningful than the total number of reduced days or the more conventional expected economic losses, which 
lack interpretability and need more context, such as the total time of interruption in the existing scenario or the total exposed value of 
the portfolio.

Nonetheless results should be carefully interpreted. For instance, from the values presented in Sections 4 and 5 it could be 
concluded that investing in seismic retrofitting is more cost-effective than in flood mitigation measures. However, when considering 
the frequency of the hazard considered (return period of 475 years for earthquakes and 50 years for floods), it can be seen that 
investing in reducing flood is about 3.6 times more efficient when the cumulative interruption time is considered. This doesn’t mean 
that school buildings shouldn’t be retrofitted for earthquakes, since additional factors such as human lives and asset loss should also be 
considered but aids the decision maker to weigh different possibilities, within different timeline horizons. Additional approaches such 
as retrofitting buildings for earthquakes and floods simultaneously or using multi-criteria decision making to choose the most 
appropriate retrofitting in a multi hazard environment can also be considered as an alternative [123]. Additional analysis such as 
probabilistic risk assessments also give valuable information to support decision making, as metrics like the Average Annual Losses 
(AAL) can be used to determine the investment gaps and priorities [124].

The inclusion in the analysis of the supporting infrastructure, such as bridges and roads, provides a systemic lens and allows to 
consider the value of alternative investment strategies at the regional level. From the results it can be concluded that the road network 
plays a fundamental role in ensuring or impairing education service delivery. While remote education can be an alternative in 
emergencies, ensuring mobility to enable in-person education is critical for student development but also for other aspects of societal 
wellbeing, as demonstrated by Ref. [125]. Moreover, even though this case study only includes the transportation network, the method 
can be extended to include additional supporting infrastructure networks, such as electricity, water, sewerage, and communications, 
which directly impact schools’ functionality.

The value of the methodology is in its flexible and dynamic approach allowing complex system interaction and multicriteria 
decision-making under uncertainty to be represented and analysed in a way that is easy to understand by decision-makers and end 
users, retaining a sufficient degree of fidelity in terms of the structural response to hazards. The figures obtained are a function of the 
available information. Such figures can be refined if better statistical information is available on population distribution and socio
economic profile, exposure of the assets and their typological characterisation. While the limitation of subjectivity in the conditional 
probability definitions in the Bayesian network analysis is acknowledged, its positive aspect is that it allows to trace these uncertainties 
at each step and retains them in the final outcomes. The analysis can be further improved by considering he correlations between 
different factors, especially those factors influencing the social vulnerability. A major area of possible improvement relates to the 
Agent-Based Model, with better data on time, resources and processes needed for the recovery, as currently there is very little 
consolidated data to accurately represent the complex interactions and decision-making processes that underline recovery timelines 
for such events.

7. Conclusions

A method to model the recovery of the school infrastructure considering the interaction with the transportation network is 
developed. This allows to quantify the interruption of the education services following a natural hazardous event. The model includes a 
Bayesian network (BN), Monte-Carlo simulations (MC), and an Agent-Based model (AB). As a case study, the model is implemented in 
the province of San Pedro de Macoris in the Dominican Republic, investigating two earthquake scenarios with a uniform PGA of 0.25g 
(moderate) and 0.6g (extreme), and one flood scenario with a flood water depth of 0.25m. Different recovery and retrofitting strategies 
are tested, demonstrating the capability of the proposed model to conduct what-if analysis. From this exercise emerges that when the 
recovery agents in charge of different infrastructures, such as bridges and schools, collaborate, a most efficient recovery process can be 
obtained. To quantify their effectiveness, a system resilience value and the cost of reducing one day of interruption per student are 
introduced. This proposed metric has the advantage to be easily understandable by non-technical decision-makers, making it ideal to 
be used to support retrofitting programs. Besides this objective, these types of metrics can be used to effectively communicate risk to 
broader audiences to support preparedness policies.

The proposed methodology and the implementation presented herein are susceptible of improvement. For instance, the current 
implementation uses constant values of hazard for exposed locations, in the absence of more refined models. It also includes basic 
assumptions on recovery time given an operational state. The impact of these assumptions on the total time of recovery of the 
educational services should be further investigated, using archival information and in-country local experience. The method is suf
ficiently flexible to warrant application to other natural hazards, and different geographical scales, by increasing or reducing the 
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granularity of the information. A multi-hazard country-level application, for instance, could be helpful to identify regional infra
structure most susceptible to specific hazards, to better tailor local investments and policies.
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[116] M. Özer, S. Şensoy, E. Suna, The Impact of Post-disaster Education Management for the Recovery of a Region Following the February 6 2023 Earthquakes in 

Türkiye, 2023.
[117] I. Alisjahbana, A. Graur, I. Lo, A. Kiremidjian, Optimizing Strategies for Post-disaster Reconstruction of School Systems, Elsevier Ltd, 2022.
[118] M.C. Comerio, Estimating downtime in loss modeling, Earthq. Spectra 22 (2) (2006) 349–365.
[119] S. Prabhu, M. Javanbarg, M. Lehmann, S. Atamturktur, Multi-peril risk assessment for business downtime of industrial facilities, Nat. Hazards 97 (3) (7 2019) 

1327–1356.
[120] UNESCO, Towards resilient non-engineered construction: guide for risk-informed policy-making. UNESCO Disaster Risk Reduction Unit, 2016.
[121] UNESCO, BERLAC Project: Capacity Building for Disaster Risk Reduction in the Built Environment in Latin America and the Caribbean, 2024.
[122] The World Bank, Roadmap for safer and resilient schools (RSRS) [Online]. Available: https://gpss.worldbank.org/roadmap-step/school-infrastructure- 

baseline, 2024.
[123] A. FathiAzar, S. De Angeli, S. Cattari, Towards integrated multi-risk reduction strategies: a catalog of flood and earthquake risk mitigation measures at the 

building and neighborhood scales, Int. J. Disaster Risk Reduct. 113 (2024), https://doi.org/10.1016/j.ijdrr.2024.104884.
[124] ADB, Narrowing the Disaster Risk Protec Tion Gap in Centra l AsiaGap in Central Asia, Asian Development Bank, Metro Manila, Philippines, 2022.
[125] C. Halloran, R. Jack, J.C. Okun, E. Oster, Pandemic Schooling Mode and Student Test Scores: Evidence from US States, National Bureau of Economic Research, 

2021.

D. D’Ayala et al.                                                                                                                                                                                                       International Journal of Disaster Risk Reduction 125 (2025) 105588 

27 

http://refhub.elsevier.com/S2212-4209(25)00412-1/sref113
http://refhub.elsevier.com/S2212-4209(25)00412-1/sref114
https://doi.org/10.1177/17456916231181108
http://refhub.elsevier.com/S2212-4209(25)00412-1/sref116
http://refhub.elsevier.com/S2212-4209(25)00412-1/sref116
http://refhub.elsevier.com/S2212-4209(25)00412-1/sref117
http://refhub.elsevier.com/S2212-4209(25)00412-1/sref118
http://refhub.elsevier.com/S2212-4209(25)00412-1/sref119
http://refhub.elsevier.com/S2212-4209(25)00412-1/sref119
http://refhub.elsevier.com/S2212-4209(25)00412-1/sref120
http://refhub.elsevier.com/S2212-4209(25)00412-1/sref121
https://gpss.worldbank.org/roadmap-step/school-infrastructure-baseline
https://gpss.worldbank.org/roadmap-step/school-infrastructure-baseline
https://doi.org/10.1016/j.ijdrr.2024.104884
http://refhub.elsevier.com/S2212-4209(25)00412-1/sref124
http://refhub.elsevier.com/S2212-4209(25)00412-1/sref125
http://refhub.elsevier.com/S2212-4209(25)00412-1/sref125

	Evaluating education disruption by integrated school and road infrastructure system analysis
	1 Introduction
	2 Methodology
	2.1 Overall framework
	2.2 Bayesian network and social vulnerability
	2.3 Monte Carlo simulations
	2.4 Agent-based model

	3 Case study: San Pedro de Macoris, the Dominican Republic
	3.1 Province selection: San Pedro de Macoris
	3.2 Socio-economic characteristics
	3.3 School infrastructure
	3.4 Bridge and transportation infrastructure
	3.5 Seismic hazard
	3.6 Flood hazard

	4 Interruption of education in seismic scenarios and resilience improvement
	4.1 Results of assessment
	4.2 Value of alternative recovery strategies
	4.3 Retrofitting strategies for school buildings and bridges

	5 Interruption of education in flood scenarios and resilience improvement
	6 Further discussion on the method’s applicability
	7 Conclusions
	CRediT authorship contribution statement
	Data availability statement
	Declaration of competing interest
	Acknowledgments
	Data availability
	References


