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ABSTRACT

Human behavior models (HBMs) are representations of how individuals perceive risk, make decisions, and act
during crises. These models are increasingly used in computational simulations to support disaster risk
management, e.g., in assessing current or devising future evacuation strategies. However, current HBMs are often
developed in an ad hoc manner and remain weakly grounded in empirical and participatory evidence. This limits
the realism and transferability of simulations, ultimately reducing their value for crisis risk management.
Accordingly, this paper presents a generalizable, iterative co-creation framework for eliciting HBMs. The
framework translates contextual, social, and decision-making knowledge into validated, model-ready behavioral
representations through empirical data, expert validation, and continuous stakeholder feedback. To evaluate the
framework, it was applied in Egaleo, Greece, for earthquake and heatwave scenarios, where evacuation strategies
were tested using agent-based simulations coupled with elicited HBMs. The results of simulations reveal
significant differences in evacuation timing and spatial congestion.

Keywords
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INTRODUCTION

Crisis management and disaster risk reduction increasingly rely on simulation-based tools to inform preparedness,
response, and policy design across a wide range of hazards (Tasantab et al., 2021). From earthquakes and floods
to heatwaves and cascading crises, the value of these tools depends on their ability to realistically represent how
disruptions propagate through interconnected socio-technical dimensions (Moradi, Iskandar, Rodriguez, Singh,
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Dugdale, Tzempelikos, & Sfetsos, 2025). In this regard, although substantial progress has been made in modeling
hazard processes, infrastructure performance, and mobility systems, the incorporation of human behavior models
(HBMs), i.e., how individuals perceive risk, make decisions, and adapt their actions under stress and uncertainty,
remains one of the most persistent sources of uncertainty (Abdel-Latif et al., 2023; Osman, 2010). Based on the
current literature (Barnes et al., 2021; Greasley & Owen, 2016; Heppenstall et al., 2016; Kennedy, 2012; Pew,
2008), many simulation-based approaches still rely on simplified, weakly validated, or context-insensitive
behavioral assumptions. This limits their realism and transferability to other situations, and ultimately restricts
their use in people-centered crisis risk management. To address this, we propose a co-creation approach for the
elicitation, validation, and operationalization of HBMs that are both empirically grounded and transferable across
crises.

In this context, early HBMs were primarily based on physics-inspired approaches, most notably the social force
model (Helbing & Molnar, 1995), which enabled the representation of crowd movement, congestion, and
bottlenecks in constrained environments (X. Chen et al., 2018). While effective for capturing aggregate dynamics,
these models were limited in representing individual decision-making, social interaction, and adaptive behavior
(Wu et al., 2022). To overcome this, research progressively shifted toward the explicit representation of
heterogeneous individuals with distinct attributes, perceptions, goals, and decision rules in diverse scenarios (An,
2012; Haer et al., 2017; Rufat et al., 2024). Other works have further advanced this line of research by
incorporating cognitive architectures (Zainuddin & Shuaib, 2010), learning mechanisms (Romero & Escudero,
2023), and social interaction models (Ren et al., 2018) to capture how individuals adapt their behavior in response
to evolving hazard conditions, information flows, and social influences (Moradi, Iskandar, Rodriguez, Singh,
Dugdale, Tzempelikos, Sfetsos, et al., 2025a, 2025b). Despite these advances, however, the processes by which
HBMs are elicited, validated, and adapted across different hazards and societal contexts often remain ad hoc,
implicit, and tightly coupled to specific case studies rather than being guided by a generalizable methodological
framework.

This paper addresses this methodological gap by proposing a general, iterative co-creation framework for the
systematic development of HBMs that links contextual scenario definition, empirical data collection, and adaptive
behavioral modeling within a continuous feedback loop. The framework structures HBM elicitation through three
tightly coupled stages: (i) participatory scenario building, which captures the environmental, social, and decision-
making contexts; (ii) data structuring and living scenario dataset construction, ensuring that the data is model-
ready, inclusive, updatable; and (iii) behavioral model construction and adaptation, where behavioral variables
are extracted, decision-making styles are derived and calibrated, and models are iteratively refined through
stakeholder feedback. By explicitly embedding vulnerability, social diversity, governance conditions, and
decision environments into the process, the framework moves beyond ad hoc behavioral specification and enables
the development of empirically grounded, transferable, and simulation-ready HBMs across hazards, geographic
settings, and population groups.

It is worth noting that a growing body of research has addressed each of the components reflected in the three
stages above. Participatory and co-design approaches in disaster risk management have developed robust methods
for eliciting stakeholder knowledge, co-creating scenario narratives, and strengthening contextual legitimacy
(Lempert et al., 2023; Melles, 2021; Slinger et al., 2023). Survey-based behavioral studies and diverse HBM
construction techniques, including theory-informed causal structures (Ng et al., 2025), behavioral profiles or
archetypes (Tocchi et al., 2025), and probabilistic decision rules or thresholds (Guo et al., 2017), have advanced
the representation of heterogeneous decision patterns under risk. Likewise, data engineering and structured data
architectures have been extensively studied as mechanisms for modular data integration, versioning, and updating
over time (Brown & Anderson, 2023; Davahli et al., 2020; Ding et al., 2022). However, these contributions largely
remain confined to distinct methodological domains. Participatory processes often culminate in qualitative
insights without systematically translating outcomes into structured, model-ready behavioral variables. Empirical
behavioral studies frequently remain detached from operational simulation environments and do not explicitly
feed back into scenario refinement. Data engineering practices, while methodologically mature, are rarely
designed to function as a bridge between participatory scenario building and adaptive behavioral modeling. As a
result, limited methodological guidance exists for systematically moving from co-created contextual
understanding, to architecture-aligned empirical data, to validated and simulation-ready human behavior models
that can be iteratively refined across hazards and settings. The contribution of the proposed co-creation framework
lies precisely in formalizing this end-to-end translation and feedback logic into a structured, reproducible
methodological workflow that bridges participatory practice, empirical data engineering, and simulation-based
behavioral modeling.

Accordingly, the proposed framework advances the state of the art in three key ways:
e Advancing generalizable and reproducible HBM elicitation: We formalize a structured, hazard-

agnostic framework that enables the systematic development of HBMs across different hazards,
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geographic contexts, and population groups, moving beyond case-specific and assumption-driven
behavioral modeling.

e Advancing integrated empirical-participatory—adaptive workflows: The framework includes a
continuous feedback loop that links participatory scenario building, survey-based empirical data, and
adaptive behavioral modeling. This means that the derived HBMs are empirically grounded and
dynamically updatable.

e Advancing the operationalization of people-centered behavior in simulations: By embedding
vulnerability, social diversity, governance conditions, and decision environments directly into the HBM
development process, the framework enables the construction of simulation-ready, transferable, and
policy-relevant behavioral models for crisis risk management.

We demonstrate the operation of our framework in Egaleo, Greece, a seismically active urban area that is also
exposed to heatwave risk (Papagiannaki et al., 2019). In the heatwave scenario, the framework is implemented up
to the second stage by completing participatory scenario building and the development of a model-ready, living
scenario dataset. For the earthquake scenario, the full framework is applied end-to-end. This includes empirical
data collection, dataset development, and stakeholder-driven HBM elicitation, with the resulting HBM being
integrated into an agent-based model (ABM). The resulting ABM-HBM simulations reveal notable differences in
evacuation timing and spatial congestion when rich HBMs are used compared to simplified behavioral
assumptions.

The remainder of this paper is structured as follows. Section 2 presents the proposed co-creation framework for
eliciting HBMs, detailing its three stages and their interdependencies. Section 3 describes the implementation of
the framework in the case study area of Egaleo, Greece, including the development of HBMs for earthquake and
heatwave scenarios and the integration of the earthquake HBM into the ABM. Section 4 discusses the implications
of the findings for crisis risk management and the broader applicability of the framework. Finally, Section 5
concludes the paper and outlines directions for future research.

FRAMEWORK OVERVIEW

This section describes the proposed framework for the systematic elicitation of HBMs, illustrated in Figure 1. The
framework structures HBM development through three interlinked stages: Participatory Scenario Building,
Living Scenario Dataset, and Behavioral Representation. Participatory Scenario Building specifies the
environmental and system conditions, the population and social diversity, and the behavioral and decision
environment through iterative stakeholder engagement. These scenario definitions are translated into the Living
Scenario Dataset by designing surveys that measure them and organizing the collected data so that each scenario
variable corresponds to a specific data item. Behavioral Representation then translates these inputs into HBMs
through variable extraction, data-driven construction, calibration, validation, and iterative adaptation. Continuous
feedback across these stages enables the progressive refinement of scenarios, data, and behavioral representations
over time. Each stage is described in more detail in the following subsections.

5 [ Participatory Scenario Building ] Iterative approach &
& \ 4 with stakehold 1 g
Environmental & System Context Population & Social Diversity Behavioral & Decision Environment &
Stressor characterization Pl jon and i Contextual triggers
Dynamics of disruption and recovery Household and living arrangements Decision points
Exposure, accessibility, spatial constraints Ability to act under constraint Coping and adaptation strategies
Functional capacity of lifelines and services Social networks and support systems Information and communication
Institutional rules, powers, and policies Equity and inclusion focus Temporal dynamics of decision-making j
o [ Behavioral \
L Representation —l Living Scenario Dataset )
Model Construction Survey & Data Collection 3 Data Architecture & Integration
Extract behavioral variables Architecture-aligned survey design c Unified data schema
Cc 5
Behavioral representations (data-driven) Inclusion of vulnerable groups . Interoperable data sources
-— T —
Adapt behavioral representations iteratively Accessible and assisted formats 3 Defined variable formats

Calibrate behavioral parameters Diverse and representative sampling = Layers for vulnerable groups

Validate and interpret behavioral outcomes Modular and updatable design S Incremental data updates

Figure 1. General Co-creation framework for HBM Elicitation
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Participatory Scenario Building

Participatory Scenario Building is the foundation of the framework and defines the contextual space of human
behavior. This stage establishes a shared understanding of the crisis setting through structured engagement with
stakeholders, domain experts, and local actors. Rather than assuming predefined behavioral conditions, the
framework treats scenarios as co-produced artifacts that evolve iteratively as new knowledge, evidence, and
perspectives emerge. The objective of this stage is to formalize the system stressors, societal conditions, and
decision environments that shape individual and collective behavior before, during, and after a disruptive event.

As illustrated in Figure 1, Participatory Scenario Building structures the foundations of HBMs along three
complementary dimensions that are iteratively refined through stakeholder interaction: (i) Environmental and
System Context, (i1) Population and Social Diversity, and (iii) Behavioral and Decision Environment. Specifically:

o  Environmental and System Context characterizes the physical, infrastructural, and institutional
conditions under which behavior unfolds, including the disruptive event and its temporal evolution,
spatial configuration, infrastructure capacity and vulnerability, and governance and policy frameworks.
These elements define the external constraints and enabling conditions that shape behavior and risk
exposure.

e Population and Social Diversity captures social heterogeneity through population distribution,
household structures, access to resources, ability to act, and social networks. Explicit attention to equity
and inclusion ensures that vulnerable and marginalized groups are represented rather than implicitly
averaged out.

e Behavioral and Decision Environment specifies the cognitive and informational conditions governing
action, including contextual triggers, decision points, coping and adaptation strategies, communication
channels, and the temporal dynamics of decision-making.

Insights from subsequent data collection and behavioral modeling stages are continuously fed back into scenario
definitions, enabling stakeholders to revisit assumptions, refine system stressors, and adjust behavioral
expectations. By structuring scenario definition along these three dimensions and embedding it within a co-
creation loop, Participatory Scenario Building establishes a direct conceptual bridge between societal context and
behavioral modeling, ensuring that subsequent data collection and behavioral representation remain locally
grounded, socially differentiated, and decision-oriented.

Living Scenario Dataset

The Living Scenario Dataset operationalizes the outputs of Participatory Scenario Building into a structured,
empirical, and updatable data layer that supports behavioral modeling. It forms the interface between scenario
knowledge and quantitative behavioral representation by translating contextual, social, and decision-related
dimensions into measurable inputs.

This stage is structured around two coupled components: (i) Survey and Data Collection Design, and (ii) Data
Architecture and Integration. Together, they ensure that data acquisition aligns with the scenario while also being
adaptable to evolving knowledge and emerging evidence. To this end:

e Survey and Data Collection Design is driven by the scenario defined during Participatory Scenario
Building. Rather than relying on generic behavioral questionnaires, it supports survey instruments in
which items are directly mapped to the three dimensions of the participatory process, ensuring
consistency between scenario definitions and empirical measurements. The organization of survey items
into separable thematic blocks allows incremental updates as scenarios evolve, new hazards are
considered, or additional behavioral hypotheses emerge. Sampling strategies are also constructed to
reflect spatial, social, and demographic heterogeneity, as well as varying levels of vulnerability.

e Data Architecture and Integration organizes the collected inputs within a consistent data organization
that uses shared variable definitions and formats, supporting interoperability, traceability, and structured
behavioral extraction. Variables are defined in forms that correspond directly to downstream behavioral
modeling needs, enabling linkage between observed responses and formal behavioral representations.
Data are organized to distinguish individual responses, population subgroups, vulnerability profiles, and
decision contexts, allowing these dimensions to be analyzed separately or in combination. Incremental
data updates are supported, enabling the dataset to evolve as new information becomes available and
successive scenario iterations are conducted.

By coupling scenario-driven survey design with a consistent and incrementally updatable organization of
empirical data, the Living Scenario Dataset provides the empirical backbone of the proposed framework. It
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enables behavioral representations to be grounded in locally relevant, socially differentiated, and empirically
anchored information.

Behavioral Representation

Behavioral Representation constitutes the final stage of the framework. In this stage, the collected information is
translated into HBMs suitable for simulation. Behavioral Representation provides the computational realization
of the behavioral knowledge by extracting behavioral variables, constructing behavioral representations,
calibrating model parameters, and iteratively refining the resulting models through validation and feedback, and
it is intentionally defined in a model-agnostic manner. While archetype-based agent representations (F. Chen et
al., 2014), i.e., groups of agents sharing similar decision-making patterns and response behaviors, are used in our
case study (Section 3), the framework equally supports alternative forms of behavioral representation, including
rule-based agents, cognitive architectures, probabilistic decision models, or hybrid approaches, depending on the
modeling objectives and available data.

Behavioral Representation comprises four processes:

e  Behavioral Variable Extraction translates survey responses and contextual attributes into model-
relevant behavioral variables that directly inform decision logic in simulation. These variables capture
vulnerabilities and risk perception, social orientation, access to resources, behavioral intentionality, and
other related factors shaping action. This step ensures traceability between observed behavioral patterns
and their representation.

e Data-Driven Behavioral Model Construction uses the extracted variables to construct behavioral
representations through clustering, classification, rule induction, or probabilistic modeling techniques.
These representations may take the form of behavioral types, decision profiles, response functions, or
cognitive structures, depending on the chosen modeling paradigm and simulation requirements.

e  Calibration and Validation aligns the behavioral representations with empirical observations, expert
judgment, and aggregate behavior patterns. Calibration procedures adjust behavioral parameters to
ensure realism, while validation assesses the internal consistency of behavioral logic and the plausibility
of resulting population-level dynamics under scenario conditions.

o Adaptive Refinement through Feedback enables the continuous adaptation of behavioral representations
as new data become available, scenarios evolve, or discrepancies emerge between simulated and
observed outcomes. Insights from simulation outputs, stakeholder evaluation, and empirical updates are
fed back into earlier stages, supporting progressive model refinement over time.

In summary, by linking scenario definitions, empirical data, and formal behavioral models within an iterative
feedback loop, the Behavioral Representation stage enables the deployment of transferable, simulation-ready
HBM s for crisis risk management applications.

FRAMEWORK APPLICATION IN EGALEO, GREECE

This section describes how the proposed framework was applied to the case study of Egaleo, Greece, a dense
urban municipality exposed to both seismic and extreme heat risks. The framework was used as a methodological
pipeline to elicit, structure, and operationalize HBMs under real-world crisis conditions through close
collaboration with local authorities, civil protection actors, and domain experts. Following the three stages
introduced in Section 2, we first co-developed participatory scenarios that reflected the local multi-hazard context,
population characteristics, and decision environments. These scenarios were then translated into empirical data
through survey design and living dataset construction. Finally, the resulting data were used to derive formal
behavioral representations. It should be noted here that the framework is applied end-to-end for the earthquake
hazard, while for the heatwave scenario, it is applied up to the scenario building and survey design stages,
providing a basis for future HBM elicitation. The heatwave case, therefore, serves only to illustrate the hazard-
agnostic structure of the framework and its capacity to support future HBM elicitation across risk contexts.

Participatory Scenario Building in Egaleo

Participatory Scenario Building in Egaleo applied the three dimensions defined in Section 2 (i.e., environmental
and system context, population and social diversity, and the behavioral and decision environment) within an
iterative co-creation process (see Figure 1). In this stage, the hazard and system constraints were first
characterized, and the demographic and social heterogeneity of the study area was formalized. Building on these
foundations, the behavioral and decision environment was structured through successive refinements of response
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assumptions. Rather than producing a single static scenario, this process supported progressive elaboration of
evacuation behavior. Specifically, for the earthquake scenario, development progressed as follows:

e Baseline scenario: all individuals comply with evacuation protocols.

e Capacity-aware scenario: compliance is maintained, and capacity limits at evacuation centers are
introduced.

e Behavior-informed scenario: compliance assumptions are relaxed by integrating evacuation archetypes
into the agent-based simulations.

Scenarios were further updated based on stakeholder feedback on the simulation results. For example, an initially
assumed downtown green space was removed as a safety location due to expert concerns about tree density.
Additional refinements reflected municipal priorities, such as testing evacuation outcomes when residents were
pre-informed about designated safe locations. The process through which these scenario components were defined
and refined across the three dimensions is described in detail below.

Environmental and System Context characterizes both the hazard stressor and the system within which behavior
unfolds. For the earthquake scenario, the 7 September 1999 Athens earthquake (Lekkas, 2001) was adopted as the
reference event, providing stressor characterization through locally relevant shaking intensity patterns derived
from the USGS ShakeMap (Figures 2 (a)—(b)). These intensity patterns were translated into neighborhood-scale
building damage estimates using the model proposed by Iskandar et al. (2023), capturing exposure and spatial
constraints that condition movement, accessibility, and shelter availability across the area (Figure 2 (c)).
Differences in damage severity were further used to represent dynamics of disruption and recovery, reflecting
heterogeneous temporal trajectories of accessibility across neighborhoods. System-level capacities were
represented through assumptions on the functional capacity of lifelines and services, including the configuration
and connectivity of road networks, emergency access routes, and the capacity of designated shelters and critical
facilities. Institutional rules, powers, and policies were operationalized through civil protection procedures and
municipal response practices, including officially designated assembly points, evacuation protocols, emergency
communication strategies, and operational constraints governing access to damaged zones.

For the heatwave scenario, documented extreme heat events affecting Athens were used to define the stressor
characterization, including typical heatwave durations, intensity thresholds, and multi-day accumulation effects.
Through iterative interaction with experts and local stakeholders, these hazard narratives were formalized to
represent dynamics of disruption and recovery, capturing how prolonged exposure, nighttime heat persistence,
and cumulative stress influence temporal patterns of risk and response. Heatwave impacts were further structured
to reflect exposure and spatial constraints by accounting for building quality, urban density, green space
availability, and access to cooling resources. System-level response capacity was represented through assumptions
on the functional capacity of lifelines and services, including electricity and water reliability, mobility and public
transport infrastructure, healthcare system capacity, and the availability of cooling centers and other cooling
infrastructure. [Institutional rules, powers, and policies were operationalized through variables reflecting
emergency response preparedness, service prioritization, and operational capacity during extreme heat events. In
Egaleo, these included cooling centers, health and social care outreach programs, public communication protocols,
mobility adjustments, and community-based assistance schemes, shaping the formal intervention environment
within which residents operate. As summarized in Table 1, all this structuring transformed heatwave impacts into
a set of explicit, behaviorally relevant context variables.

Population and Social Diversity defines how differences in population composition, distribution, and social
conditions constrain or enable individual behavior during crises. In this study, we focus on the area shown in
Figure 2(c), corresponding to the zone for which detailed earthquake damage estimation was conducted. This
study area comprises approximately 5000 residents, for whom demographic distributions were obtained from
municipal records and census data. These baseline datasets were used to parameterize the synthetic population
and ensure that population-level characteristics were grounded in official statistics. Building on this foundation,
the population distribution and heterogeneity component was operationalized by formalizing heterogeneity
through items like age, health status, income level, housing conditions, and spatial distribution. Furthermore,
household and living arrangements captured whether individuals lived alone, in family units, or in
multigenerational households, shaping coordination and caregiving needs. The ability fo act under constraint was
represented through mobility limitations, chronic illness, pregnancy, and caregiving responsibilities, directly
affecting evacuation feasibility and access to cooling. Social networks and support systems captured differences
in information access, informal assistance, and reliance on external support. An explicit equity and inclusion focus
ensured that older adults, individuals with mobility or health limitations, low-income households, residents living
alone, and caregivers were represented as distinct behavioral groups rather than averaged within the population.
These variables are summarized in Table 2.

Behavioral and Decision Environment defines the cognitive, informational, and temporal conditions under which
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individuals make decisions and adapt their actions during crises. In Egaleo, this dimension was operationalized
by structuring hazard situations into staged decision environments (pre-event preparedness, impact and immediate
reaction, short-term response, and sustained disruption), each associated with specific contextual triggers and
decision points, such as whether to evacuate or remain, when to act, where to go, and whom to prioritize.
Stakeholder engagement was also used to identify how information and communication channels and official
warnings influence perceived risk, decision credibility, and compliance. Finally, by considering institutional rules,
powers, and policies, we specified coping and adaptation strategies, ranging from informal support and self-
organized sheltering to the use or avoidance of formal services, while accounting for the temporal dynamics of
decision-making as conditions evolve. For example, in case of an earthquake, when multiple officially designated
evacuation areas were available (institutional rules, powers, and policies), and an individual selected a designated
site as a coping strategy (behavioral and decision environment), congestion or capacity limits at that location
triggered a revision of the initial plan, leading individuals to redirect toward nearby alternative locations (temporal
dynamics of decision-making).

USGS ShakeMap : Athers, Gresce USGS ShakeMap : Athere, Greecs
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Figure 2. (a) USGS ShakeMap showing regional ground-shaking intensity during the 1999 Athens
earthquake (Mw 6.0). (b) Localized shaking intensity in the western Athens basin; the star indicates the
location of Egaleo relative to the earthquake source. (¢) Model-based building damage estimation for the

Egaleo road network, where colors represent increasing damage severity from low to high, corresponding
to predicted structural damage levels.

Table 1. Heatwave characterization variables used to formalize the environmental and system context.

Factor Description Factor Description

Intensity of heatwave Mild / Moderate / Severe Cooling Centers Access None / Access
Heatwave Duration Single-day / Multi-day Electricity Reliability Low / Medium / High
Time of Day (Heat Profile) Daytime / Nighttime Water Access & Quality Low / Medium / High
Humidity Level Low / Medium / High Public Transport Conditions Poor / Acceptable / Good
Urban vs Rural Setting Rural / Suburban / Urban Healthcare System Capacity Low / Medium / High
Building Type & Quality Poor / Average / Good Emergency Response Preparedness Low / Medium / High
Green Space Availability Low / Medium / High Local Climate Norms Low / Medium / High
Air Conditioning in Homes None / Partial / Full Other Cooling Infrastructure None / Limited / Good

Table 2. Population and social diversity variables used as behavioral signatures for HBM.

Factor Description Factor Description

Age Group Children / Adults / Older Adults ~ Household Composition Alone/Family/ Multigenerational
Gender Male / Female Caregiver Role None / Caregiver

General Health Healthy / At-Risk Language & Literacy Limited / Moderate / Fluent
Chronic Illness No/ Yes Communication Means Radio/TV / Phone / Internet
Mobility Disability No/Yes Social Support Network Weak / Moderate / Strong
Pregnancy / Infant Status None / Pregnant / Infant Present ~ Community Support Norms Low / Medium / High

Income Level Low / Medium / High Education Level Low / Medium / High
Homelessness Risk No/Yes
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Construction of the Living Scenario Dataset in Egaleo

The Living Scenario Dataset in Egaleo integrates the outputs of Participatory Scenario Building with Survey and
Data Collection and is designed to operationalize the co-created scenarios. For the heatwave crisis, the Living
Scenario Dataset is currently being developed through Survey and Data Collection, which is still ongoing. The
questionnaire! was designed to translate the heatwave-related context into measurable variables, with items
covering thermal exposure conditions, access to cooling resources and services, health-related constraints, and
access to information. In line with the framework, the survey explicitly accounts for vulnerable groups, including
older adults, individuals with health conditions, and residents with limited access to cooling devices. The
remainder of this section focuses on the earthquake scenario, for which the Living Scenario Dataset has been
completed and subsequently used for HBM construction.

For the earthquake scenario, the associated questionnaire? followed an architecture-aligned survey design, with
items explicitly mapped to the environmental and system conditions, population characteristics, and decision
environments identified during scenario co-creation. To ensure coherence with the framework, the survey was
structured around two complementary logics. First, it captured what individuals are able to do, reflecting
capacities, resources, constraints, and social conditions grounded in the environmental and system context and
population and social diversity dimensions. For example, items assessed access to safe spaces, household
composition, health vulnerabilities, and caregiving responsibilities. Second, it captured when and under what
conditions individuals act, reflecting the behavioral and decision environment dimension through questions on
decision triggers, response timing, information use, and adaptive behavior under evolving conditions. Here,
particular attention was given to the inclusion of vulnerable groups, with targeted outreach and assisted survey
completion to accommodate older adults, individuals with health or mobility limitations, low-income households,
and residents facing literacy or language barriers. By structuring survey items around capacity to act and timing
of action, the questionnaire operationalized the co-created scenarios in a form directly compatible with
downstream behavioral variable extraction and model construction.

The resulting survey comprised 121 responses, as described in Table 3. Although the survey sample (N=121) is
relatively small compared to the approximately 5000 residents in the study area, a stratified sampling strategy was
applied to ensure coverage across key population strata. Specifically, respondents were recruited to reflect
variation across neighborhoods, age groups, household compositions, and identified vulnerability profiles defined
during Participatory Scenario Building. Rather than relying on simple random sampling, the stratified approach
intentionally sought proportional representation of socially and spatially differentiated groups, including
vulnerable subpopulations, thereby reducing the risk that particular segments of the community would be
underrepresented. Comparison with municipal demographic distributions indicates that the main population strata
(e.g., age structure, gender distribution, educational levels, and vulnerable people) are reflected in the sample.
Note here that the survey was not designed to produce statistically representative prevalence estimates at the
population level; rather, it serves to elicit and validate distinct behavioral patterns, decision logics, and response
archetypes. Population-level distributions used in the simulation model are anchored in census and municipal data,
while the survey informs the structure and parameterization of behavioral diversity. This separation ensures that
the behavioral representation is empirically grounded without relying on the survey alone for demographic
representativeness.

Data Architecture & Integration organized the responses under a unified data schema (in this case study, a single
questionnaire version was deployed, ensuring internal consistency across all variables). Defined variable formats
ensured compatibility with downstream behavioral modeling. As summarized in Table 3, core demographic
variables (age, gender, and education) were stored alongside explicit layers for vulnerable groups, enabling
differentiated analysis rather than population averaging. This structure supported interoperable data sources,
allowing survey data to be directly linked to behavioral representations, and accommodated incremental data
updates as new responses or scenario iterations were added.

Table 3. Sample demographic characteristics (N=121)

Age Gender Educational level

Under 18 2% Female 63% Never went to school 2%
18-24 16% Male 36% Primary level 7%
25-39 25% Prefer not to answer 1% Secondary level 33%
40-64 53% Higher education 56%
65 and older 5% Prefer not to answer 2%

! The heatwave questionnaire is available here: https://github.com/HossseinMoradi/HeatwaveQuestionnaire
2 The earthquake questionnaire is available here: https://github.com/HossseinMoradi/EQQuestionnaire
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Earthquake behavioral representation in Egaleo

In this case study, archetype-based representations were adopted as the HBM structure. Given the modest sample
size (N = 121), clustering was employed as an exploratory tool to identify coherent behavioral patterns rather than
to estimate statistically representative prevalence rates within the population. The purpose of clustering was to
reveal structured differences in evacuation timing, destination choice, protective behavior, and social
coordination, thereby informing the form of behavioral diversity embedded in the model. Importantly, the survey
and census data play distinct roles within the framework. The survey informs the structure and qualitative
differentiation of behavioral archetypes (i.e., how people decide and act) while population-level composition in
the simulation (e.g., age distribution, household structure, vulnerability prevalence) is anchored in census and
municipal datasets. Archetype proportions in the synthetic population are therefore aligned with demographic
distributions rather than inferred solely from the survey sample. This separation ensures that the resulting HBM
is empirically grounded in observed behavioral patterns while avoiding overreliance on a small sample for
population-level statistical inference.

Clustering was restricted to decision-relevant behavioral signatures identified during Participatory Scenario
Building and operationalized in the questionnaire. Variable selection followed three principles: direct
correspondence to explicit decision points within the staged earthquake response environment, behavioral
relevance for evacuation modeling, and sufficient variability across respondents to enable meaningful
differentiation. The clustering inputs, therefore, captured the primary evacuation decision (evacuate or remain),
response timing (delay categories), intermediate protective or social actions (e.g., searching for household
members), destination choice (near building, undefined open space, or designated assembly point), and social
coordination (evacuate alone or with others). Contextual and attitudinal attributes (such as perceived building
safety, preparedness level, and trust in authorities) were intentionally excluded from cluster formation to avoid
demographic or perceptual factors dominating behavioral grouping. These attributes were instead used post hoc
to interpret and characterize the resulting archetypes (Tables 4—6). Prior to clustering, categorical variables were
consistently encoded, ordinal variables were treated as ordered to preserve rank structure, and missing responses
were handled through variable-wise exclusion to avoid imputing behavioral decisions.

Clustering was implemented using a hierarchical procedure in Treensight®, applied to the selected behavioral
variables. Hierarchical clustering was chosen as an exploratory approach because it allows examination of nested
similarity structures without requiring the number of clusters to be specified a priori. The resulting dendrogram
was inspected at multiple cut levels to explore alternative partitioning solutions. Candidate solutions were
evaluated based on (i) behavioral distinctiveness across key evacuation dimensions (decision to evacuate, delay,
destination, and social coordination), (ii) interpretability of resulting behavioral profiles, (iii) relative balance of
cluster sizes, and (iv) practical relevance for evacuation planning. The seven-cluster solution was retained because
it provided a clear and behaviorally meaningful differentiation between evacuation patterns while maintaining
parsimony and avoiding excessive fragmentation into small respondent groups. The plausibility and usefulness of
this solution were further assessed through structured feedback with municipal and civil protection stakeholders,
consistent with the calibration and validation stage of the framework. The resulting archetypes are summarized in
Tables 4-6.

Table 4. Socio-demographic characteristics of the identified archetypes

Demographic signatures

Archetypes Age Gender Education Income Has Care giving Household
disability composition
Prepared Stay-at- 25-39 and >64 Female Higher >40 k Likely Unlikely Couple Household
Home education without Children
or Group Adults
Reluctant Evacuator <39 Female Higher 10-20k Likely Likely Couple Household
education with Children or
Single Parent
Social Reluctant 40-64 Female  Primarylevel 30-40k Likely Likely Single Adult or
Evacuator Single Parent
Protective Evacuator 40-64 Female Secondary 30-40k Likely Unlikely Couple Household
level with Children or
Single Parent
Social Protective 25-39 Male Higher 20-30k Unlikely Unlikely Couple Household
Evacuator education with Children or

Single Parent

3 https://www.treensight.com/
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Proactive Evacuator 18-35 Female Higher 10-20k Unlikely Likely Multigenerational
education Household
Social Proactive 40-64 Male Secondary 20-30k Unlikely Likely Couple Household
Evacuator level with Children or
Single Adult

Table 5. Characteristics of the identified archetypes for earthquake evacuation in Egaleo

Knowledge/Preparedness

Archetypes Feeling Received Knowledge of Knowledge of Knowledge of Knowledge of
prepared for an information recommended recommended recommended Designated
earthquake on behaviors actions in the street actions at home actions at work Open spaces

Prepared Stay-at- Yes No Yes Yes Yes No

Home

Reluctant Evacuator No Yes No No No No

Social Reluctant No No No No No No

Evacuator

Protective Evacuator Yes Yes Yes Yes No No

Social Protective Yes No No No No No

Evacuator

Proactive Evacuator No Yes Yes Yes Yes Yes

Social Proactive Yes Yes Yes Yes Yes Yes

Evacuator

Table 6. Behaviors of the identified archetypes for earthquake evacuation in Egaleo

Behaviors
Archetypes . . . L s
Evacuation  Intermediate Final Destination Evacuates with Others Delay
Decision Action (min)
Prepared Stay-at-Home No - - - -
Reluctant Evacuator Yes No Near Building Yes, Evacuates with Everyone 1-5
Social Reluctant Evacuator Yes Yes Near Building No, Evacuates Alone 1-5
Protective Evacuator Yes No Undefined Open Space Yes, Evacuates with Everyone 1-5
Social Protective Evacuator Yes Yes Undefined Open Space Yes, Evacuates with Everyone 6-15
Proactive Evacuator Yes No Designated Open Space Yes, Evacuates with Someone 6-15
Social Proactive Evacuator Yes Yes Designated Open Space Mixed <1

For each archetype, dominant categorical values and modal characteristics were identified to summarize its socio-
demographic and behavioral profile. Tables 5 and 6 summarize the core behavioral attributes of each archetype
across the main decision points. Prepared Stay-at-Home archetype represents individuals who generally trust the
structural safety of their building, report relatively high levels of preparedness, and are inclined to stay indoors,
especially in low-rise buildings. Reluctant Evacuators and Social Reluctant Evacuators both tend to evacuate only
when strong cues or visible damage are present. However, Social Reluctant Evacuators prioritize staying
physically close to family and friends and are more likely to delay movement until their social circle moves.
Protective Evacuators and Social Protective Evacuators systematically prioritize the safety of dependents
(children, older adults, or people with limited mobility), often spending additional time confirming that household
members or relatives are safe before moving to an open area. In the social variant, this protective focus extends
to neighbors and close contacts. Finally, Proactive Evacuators and Social Proactive Evacuators are characterized
by early, self-initiated evacuation, frequent use of predefined assembly points, and strong reliance on personal
knowledge of evacuation procedures; again, the social variant places greater emphasis on coordinated departure
with others and on mutual assistance during movement. These behavioral patterns are systematically linked to
distinct socio-demographic and attitudinal profiles.

To operationalize these archetypes within the census-based synthetic population, the dominant socio-demographic
characteristics summarized in Table 4 were treated as signature profiles for each behavioral type. Using municipal
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and census datasets, we generated a synthetic population of approximately 5000 residents reflecting the local age
distribution, gender composition, household structure, education levels, and available vulnerability indicators.
Each synthetic individual was then assigned to an archetype using an attribute-matching procedure, where
agreement across key attributes (e.g., age group, gender, household composition, caregiving status, disability, and
other available variables) was used to identify the best-aligned archetype profile. The resulting archetype
distribution in the synthetic population (Figure 4) therefore reflects the proportion of individuals whose census-
based characteristics best match each archetype’s signature profile. In this way, survey data inform the definition
and interpretation of behavioral types, while census and municipal data determine their prevalence within the
modeled population.

The plausibility and interpretability of the derived archetypes were assessed based on the calibrate behavioral
parameters element via a structured feedback session with local stakeholders, consistent with the expert-
engagement loop defined in the framework (Figure 1). Municipal officials, civil protection representatives, and
technical experts reviewed the archetype definitions and associated behavioral tables and evaluated their realism,
coverage of observed response patterns, and relevance for evacuation planning (Figure 3). Overall, the feedback
confirmed that the archetypes reflected recognizable behavioral types observed in past drills and earthquake events
in Egaleo (i.e., validate and interpret behavioral outcomes). Stakeholders emphasized the importance of Reluctant
Evacuators as a key group for targeted risk communication, while Social Proactive Evacuators were identified as
potential facilitators of collective action during preparedness and response. Based on this feedback, minor
refinements to archetype labels and descriptions were introduced to ensure consistency with local terminology
and practice.

Through this process, the Behavioral Representation stage in Egaleo delivered a multi-archetype earthquake HBM
that is firmly anchored in Living Scenario Dataset yet sufficiently compact and interpretable for practical use by
stakeholders. The combination of data-driven clustering, socio-demographic characterization, and participatory
validation ensures that the resulting behavioral types are both empirically grounded and locally meaningful. The
next section explains how these archetypes were integrated into the ABM. The goal of the simulation was to
explore how differences in decision timing, social coordination, and protective behavior translate into distinct
patterns of evacuation dynamics and congestion across the urban network.

To what extent do you believe the identified Are there any archetypes that seem irrelevant or do
archetypes accurately reflect the behaviors you have not resonate with your experience of earthquake
observed in individuals during or after an earthquake behavior?

in Egaleo?
Slightly accurate _ 0%
accurate 33%
Very accurate 50% Yes, please specify | 0%
Completely accurate 17%
0% 20% 40% 60% 0% 25% 50% 75% 100%
Percentage Percentage
To what extent do the proposed archetypes cover the How would you rate the overall effectiveness of the
possible behavioral responses that people might archetypes in explaining human behavior during
exhibit during an earthquake? earthquakes?
Notatall |0% Not effective atall | 0%
To_a small extent | 0% Somewhat effective | 0%
To a moderate Moderately
0% ° I 50%
extent effective
To a great extent 100% Very effective 50%
Almost fully | 0% Extremely effective | 0%
0% 25% 50% 75% 100% 0% 20% 40% 60%
Percentage Percentage

Do you think these archetypes could be generalized to other regions or
countries, or are they specific to Egaleo?

RaAeihutotvieee [
%

to other parts of Greece

Yes, they can be generalized
Y g i i

to other countries
No, they are specific to
Egaleo

| am unsure 17%

Percentage

Figure 3. Experts’ feedback on the behavioral archetypes for earthquake response in Egaleo

EARTHQUAKE EVACUATION SIMULATION WITH ARCHETYPE-BASED HBM

Building on the behavioral archetypes described in Section 3, we operationalized these patterns within the ABM
platform to examine how socially differentiated decision-making shapes evacuation dynamics. The simulation
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was implemented in MATSim* (Axhausen et al., 2016), which provides the mobility and network execution
engine. Seven archetypes represent the dominant behavioral logics within Egaleo’s population, and their
prevalence within the simulated population (Figure 4) was determined as described in Section 3. We now describe
how these archetypes were integrated into the simulation environment.

To operationalize the derived archetypes within the evacuation simulation, we adopted a Belief—Desire—Intention
(BDI) architecture as the cognitive layer governing agent decision-making (Caillou et al., 2017). The BDI model
structures behavior into three components: beliefs, representing an agent’s perception of its environment and
internal state; desires, representing goals or priorities the agent seeks to achieve; and intentions, representing the
concrete actions the agent commits to executing. In this study, each archetype corresponds to a distinct
configuration of beliefs, goal priorities, delay parameters, and action rules. Archetypes, therefore, do not merely
label agents; they define how agents interpret hazard conditions, prioritize objectives, and commit to actions
during evacuation. For example, consider a Social Protective Evacuator under strong shaking conditions. The
agent’s beliefs include perceived building risk, awareness of dependent household members, and knowledge of
nearby open spaces. The dominant desire for this archetype is to ensure the safety of dependents before self-
evacuation. This generates an intention sequence: first, confirm the status of children, vulnerable household
members, or relatives (intermediate action), then evacuate toward an open space after a moderate delay or after
visiting them. By contrast, a Proactive Evacuator forms the belief that evacuation is immediately necessary,
prioritizes reaching a designated assembly point, and commits to rapid departure with minimal delay. A Prepared
Stay-at-Home, under similar perceived shaking, maintains a belief in structural safety and forms the intention to
remain indoors unless perceived risk exceeds a defined threshold. In this way, the survey-derived behavioral
differences are translated into differentiated cognitive rules governing departure timing, intermediate actions, and
destination choice.

Figure 5 illustrates the layered integration between the BDI cognitive architecture and the MATSim platform. At
the application layer, archetype-specific hazard perception—response logic is implemented within the BDI
application module, while MATSim’s application layer executes physical mobility actions such as trip initiation,
routing, and movement along the transport network. These components are connected through the system layer,
where the BDI system communicates intentions to the MATSim system via defined interfaces. Intentions (e.g.,
evacuate to an official assembly point, remain indoors, or search for household members) are transmitted as
executable actions, which MATSim processes using its traffic simulation engine, accounting for link capacities,
network structure, and congestion effects. At the generic layer, MATSim continuously returns system states, such
as road accessibility and congestion levels, to the BDI layer as perceptual updates. These percepts modify agent
beliefs and may trigger revised intentions, enabling adaptive behavior as conditions evolve. This layered coupling
ensures that archetype-specific cognitive processes directly shape mobility dynamics while remaining modular
from the transport simulation engine, allowing evacuation outcomes to emerge from heterogeneous decision-
making rather than uniform behavioral assumptions.

Behaviors
in Egaleo
Evacuate ‘ ED DI
{ vacuate
Evacuation
Ye N N/,
Family/friends - o £
seeking
Last Go to an Go to an Goto an Goto an
outdoor official unofficial i‘aﬁﬁ:ﬁ;ﬁ official unofficial l?)‘?))l,li‘ilioi;e N/A
behavior open space open space g open space open space 2
Archetype Social Social Social » : Prepared
Proactive Protective Reluctant g :zﬁt;x’er E?;:s;‘;i é: zl:‘;fx?tg:- Stay-at-
Evacuator Evacuator Evacuator Home
Distribution
within the
population
20% 21% 17% 13% 12% 8% 9%

Figure 4. Distribution of archetypes identified in the Egaleo study area.

4 https://matsim.org/
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Figure 5. The architecture of ABM-BDI integration used to execute simulations.

To execute the simulations, we first generated a routable street network and a spatially synthetic population for
Egaleo (Figure 6). The synthetic population reflects household distributions, residential densities, and
demographic characteristics derived from municipal data and the Living Scenario Dataset. The routable network
was constructed from OpenStreetMap and enhanced to reflect realistic pedestrian evacuation conditions, removing
non-walkable segments, linking disconnected components, and embedding validated safe open spaces (O1-O15
in Figure 6) as evacuation destinations. The combination of a behaviorally calibrated synthetic population, detailed
street topology, and archetype-specific decision logic ensures that emergent evacuation patterns result from both
individual reasoning and the physical constraints of the city.

We conducted comparative simulations under two behavioral assumptions: (1) a uniform evacuation model in
which all residents immediately walk to the nearest open space along shortest-path routes; and (2) an HBM-
informed scenario in which each agent was stochastically assigned an archetype by sampling from the empirical
archetype distribution, and decision execution followed probabilistic rules governing archetype-specific delays,
intermediate actions (e.g., searching for household members), and destination choice. As illustrated in Figure 7(a),
the uniform model generates highly synchronized departures and concentrates flows on a small set of main
corridors toward central destinations. In Figure 7(b), the HBM-informed simulation produces temporally
staggered movement and route diversity because agents differ in departure timing and intermediate actions:
reluctant archetypes delay evacuation, socially oriented archetypes first move to locate family or neighbors, and
proactive archetypes depart early toward designated assembly points. This behavioral heterogeneity shifts demand
from only the shortest paths to a broader set of alternative routes across the street network, leading to a more
dispersed utilization pattern and reducing extreme concentration on a few links relative to the uniform baseline.
These differences demonstrate how the elicited behavioral structure changes the timing and spatial distribution of
evacuation flows compared with a single-rule assumption.

Figure 6. Generated routable network (black lines) and synthetic population (blue dots) for Egaleo.
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Figure 8. Mean and standard deviation of time spent on the street network under two simulation
scenarios: Scenario 1 (simplistic HBM) and Scenario 2 (elicited HBM).

To further quantify these differences, we computed aggregate indicators of the time agents spend on the street
network (Figure 8). The results show that incorporating archetype-driven decision-making substantially alters
evacuation dynamics. Under the HBM-informed simulation, the mean time spent on the street increases by
approximately 60% compared with the uniform baseline scenario. This increase reflects the combined effects of
heterogeneous departure delays, intermediate social and protective actions (such as locating family members),
and more diverse destination choices across archetypes. In addition, the standard deviation of street time is higher
in the behavior-informed scenario, indicating greater temporal dispersion of movement. This confirms that
behavioral heterogeneity not only changes how road links are utilized (Figure 7), but also affects how long
individuals remain exposed in the street network before reaching safety.

The implications of these differences extend beyond model fidelity. Local stakeholders emphasized that the
archetype-driven patterns aligned with their operational experience during past crises, particularly regarding
delayed evacuation among reluctant groups and the strong role of family-seeking behavior. The HBM-based
simulations brought these dynamics into sharp focus, revealing operational blind spots (such as vulnerable
populations who may not evacuate promptly or congestion emerging from lateral movement toward social
contacts) that homogeneous models systematically overlook. This enhanced behavioral realism supports more
effective preparedness planning, targeted communication strategies, and crisis response decision-making,
demonstrating the value of integrating co-created HBMs into simulation-based risk management tools.

CONCLUSION

This paper advances crisis risk management research by introducing a generalizable, iterative co-creation
framework for eliciting HBMs that are empirically grounded, stakeholder-informed, and simulation-ready. The
core contribution is methodological: we formalize a reproducible pipeline that (i) defines crisis scenarios through
participatory specification of environmental and system conditions, population and social diversity, and the
behavioral and decision environment; (ii) operationalizes these dimensions within a Living Scenario Dataset using
architecture-aligned survey instruments and a modular, updatable data structure; and (iii) translates the resulting
evidence into validated behavioral representations. The application in Egaleo, Greece demonstrates this logic in
practice: the earthquake case implements the full framework, from co-defined scenarios and survey deployment
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to archetype derivation and validation, while the heatwave case shows how the same architecture transfers across
hazards and establishes a consistent empirical basis for future HBM construction.

Beyond methodological rigor, the paper demonstrates why behaviorally realistic models matter for preparedness
planning and response operations. By integrating elicited earthquake archetypes into a BDI cognitive layer
coupled with a MATSim agent-based evacuation model, we show that crisis dynamics change substantially when
heterogeneous decision-making, social coordination, and delayed responses are explicitly represented. Compared
to a simplified assumption in which all individuals immediately evacuate to the nearest safe location, the HBM-
informed simulation produces more diverse route choices, staggered departure times, and differentiated
destination selection. These behaviors redistribute pedestrian flows across a broader portion of the street network,
including lower-capacity and less frequently used streets, and expose congestion patterns that homogeneous
models either exaggerate or fail to detect. Importantly, local stakeholders assessed the resulting archetype-driven
patterns as plausible based on their operational experience, indicating that the co-created HBM supports people-
centered risk management by improving the realism of evacuation assessments and informing targeted
communication, routing, and support measures for distinct behavioral groups.

Future work will extend the framework in three complementary directions. First, applying the same co-creation
pipeline to additional hazards (e.g., floods, wildfires, cascading events) and additional governance contexts will
strengthen transferability claims and support a comparative multi-hazard library of behavioral mechanisms.
Second, the Living Scenario Dataset can be expanded with longitudinal and near-real-time inputs (e.g., repeated
surveys, operational data, sensing, or learning-based updates), enabling HBMs to evolve with changing risk
perception, infrastructure conditions, and institutional practices, which is an essential step toward integration
within digital-twin workflows for crisis preparedness and response. Third, future implementations can deepen
participatory validation through structured exercises and interactive simulation sessions, allowing stakeholders to
test interventions iteratively, challenge assumptions, and refine behavioral representations as part of routine
planning cycles. Through these extensions, the proposed framework provides a pathway toward more adaptive,
transparent, and socially grounded simulation-based decision support for crisis risk management.
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