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Embedding resilience into the platform economy: a climate–health– 
environment assessment of the Jamaican short-term rental sector
Kalim U. Shah

Joseph R. Biden Jr. School of Public Policy & Administration, University of Delaware, Newark, DE, USA

ABSTRACT  
Tourism-dependent small island states face escalating climate, health, and 
environmental risks alongside simultaneous rapid growth in the largely unregulated 
short-term rental market through platforms like Airbnb. This study introduces and 
applies a novel Climate–Health–Environment (CHE) Index, alongside a Property 
Quality Index (PQI), to assess the spatial distribution of vulnerability and market 
performance across Airbnb listings in Jamaica. Integrating geospatial risk data with 
property-level metrics, we reveal a critical misalignment where systemically vulnerable 
properties continue achieving high occupancy and pricing, driven by aesthetics and 
branding rather than resilience. While PQI is the strongest predictor of guest 
satisfaction and price, the CHE Index illuminates hidden exposure patterns and offers 
practical utility for policy intervention. Findings underscore the urgent need for 
regulatory frameworks that align market behavior with risk-aware development. This 
research contributes a new empirical tool for resilience assessment and informs 
governance strategies for sustainable tourism in climate-vulnerable small island 
economies.
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Key points

. Tourism market success does not reflect occupant safety since some high-performing Airbnb listings are 
often located in flood-prone, health-vulnerable, or infrastructure-deficient areas.

. The CHE Index highlights community features that enable planners to identify at-risk communities 
where STR growth should be monitored, regulated, or supported with resilience investments.

. Without clear short-term rental registration systems, safety requirements, and spatial oversight, unregu
lated rentals increase community vulnerability and strain public services.

Introduction

Tourism is a major engine of economic development for many island countries and Jamaica is no exception. 
With tourism contributing approximately 9.2% of GDP and directly or indirectly supporting over 350,000 
jobs (Jamaica Ministry of Tourism, 2024), the industry underpins national employment, foreign exchange 
earnings, and rural economic inclusion. Yet, as tourism expands, it must navigate intensifying risks related 
to climate change, infrastructural strain, and socio-economic inequality (Beckford & Rhiney, 2021; Simpson 
et al., 2021).

Digital platforms like Airbnb are transforming the tourism accommodation landscape, offering decen
tralized, flexible, and often lower-cost alternatives to traditional hotels. Airbnb’s growth in Jamaica has par
alleled global trends: the platform now hosts thousands of listings across urban and rural areas, enabling 
individuals to monetize underutilized properties and participate directly in the tourism economy. This 
accommodation model, however, challenges conventional governance structures. Unlike hotels, Airbnb 
properties often operate outside standardized zoning, health, and safety regulations, creating gaps in 
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oversight that may compromise not only regulatory integrity but also business continuity and resilience in 
disaster-prone environments (Wachsmuth & Weisler, 2018).

Jamaica’s vulnerability to hurricanes, coastal erosion, flooding, and disease outbreaks, coupled with 
spatial inequalities in infrastructure access, raises important questions about how the expansion of informal 
or semi-formal tourism segments aligns with national sustainable development goals. Notably, many 
Airbnb properties are in low-lying or peri-urban areas with limited proximity to cyclone shelters, healthcare 
services, or reliable water and sanitation infrastructure. As research increasingly recognizes the role of built 
environment and spatial planning in shaping multidimensional risk (climate-health-environment nexus), it 
becomes imperative to examine how this accommodation model interacts with regulatory capacity and 
nexus risk profiles (Fekete et al., 2014; Shah, 2011).

Given the Caribbean tourism sector’s high climate change vulnerabilities, questions arise about impacts 
on economic resilience and market competitiveness. Scholars in sustainable tourism have argued that plat
forms like Airbnb can either amplify vulnerabilities–by intensifying urban overcrowding, increasing hous
ing displacement, or weakening oversight–or be leveraged as vehicles for decentralized, community-based 
development and adaptive economic participation (Dredge & Gyimóthy, 2015; Guttentag, 2015). The out
come often hinges on the strength of regulatory frameworks and the strategic alignment of market incen
tives with national development policies (Simpson et al., 2012).

Jamaica has taken steps to regulate its short-term rental (STR) economy. The Jamaica Tourist Board 
(JTB) has outlined a Destination Assurance Strategy that emphasizes safety, service quality, and consistent 
visitor experiences. However, the decentralized nature of the Airbnb platform creates enforcement chal
lenges, especially in rural or informal settlements, where regulatory presence is weakest and where infra
structure gaps persist.

While the current literature focuses on Airbnb’s impact on housing affordability or urban governance, 
this study aims to redirect attention to regulatory infrastructure, business resilience, and sustainable market 
development, using Jamaica as a data-rich case. By combining spatial analysis, property-level performance 
metrics, and community-level socio-environmental data, the study evaluates how location-specific nexus 
risks interact with Airbnb property attributes to the benefit or detriment of communities, property owners 
as well as the consternation of sector regulators.

This study builds on a structured spatial and quantitative assessment of Airbnb listings across three of 
Jamaica’s major tourism regions. The study is guided by three research questions: (1): How are Airbnb list
ings in Kingston, Montego Bay, and Ocho Rios distributed relative to climate, health, and environmental 
(CHE) risks and existing regulatory infrastructure? (2): To what extent do property–level quality attributes 
(PQI) and community–level CHE conditions predict market performance (price, occupancy, guest satisfac
tion) across locations? (3): How do these relationships vary by destination, and what design–relevant 
insights follow for standards and enforcement?

Beyond platform growth and governance concerns, three strands of recent STR research clarify how 
sustainability and market quality intersect with policy. First, perceived sustainability can shape platform 
trust, satisfaction, and loyalty intentions among Airbnb users, with trust acting as a key mediator, 
especially among younger cohorts (Garrod et al., 2023). Second, the progressive professionalization of 
hosting is accelerating the call for quality assurance, with stakeholders converging on third-party certifi
cations and clearer distinctions between private and professional hosts (Miguel et al., 2024). Finally, 
studies of regulatory design show that specific instruments i.e. licensing, zoning, data disclosure and 
enforcement, materially alter STR supply, performance and neighborhood impacts, underscoring the 
importance of fit-for-purpose rules in destination governance (Furukawa & Onuki, 2022).

This study contributes to the evolving literature on sustainable tourism in three ways. First, it offers 
a novel methodological approach by integrating geospatial analysis, composite risk indices, and prop
erty-level business metrics to assess the intersection of resilience, regulation, and market sustainability. 
Second, it provides an empirical case for using data-driven zoning and compliance strategies to guide 
infrastructure investment and disaster risk management in tourism planning. Third, it bridges the pol
icy and business discourse by highlighting how improved resilience infrastructure and regulatory clarity 
can strengthen investor confidence, market stability, and service quality in decentralized tourism 
markets.
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Literature review

Jamaica’s tourism governance architecture is anchored by the JTB, the Destination Assurance Council (DAC), 
and the Tourism Product Development Company (TPDC) and has historically emphasized standards for hotels 
and formal accommodation providers. The issue is limited capacity to regulate, especially in decentralized and 
informal segments of the tourism economy. Most listings are not registered with the JTB, are not subject to zon
ing checks or inspections, and do not contribute to the General Consumption Tax, as required under Jamaican 
law (Jamaica Ministry of Tourism, 2024). This regulatory asymmetry creates two parallel systems within the 
tourism sector: one formal and compliant, the other informal and largely invisible to public agencies.

Sustainable tourism, environmental risk and market-based quality

STRs can either amplify destination vulnerabilities or contribute to more distributed, small–scale models of 
participation; outcomes depend on how sustainability practices, property quality, and environmental con
text are jointly governed and signaled to guests (e.g. trust and satisfaction pathways; the role of quality stan
dards and third–party certifications).

The transition from conventional to sustainable tourism models is increasingly being shaped by market 
forces. As environmental concerns, disaster risk, and ethical consumerism grow in prominence, tourists are 
showing greater preference for accommodations that demonstrate environmental responsibility and com
munity engagement (Dolnicar et al., 2021; Gössling & Hall, 2019). This dynamic introduces both opportu
nities and challenges for STR platforms. While platforms like Airbnb can facilitate bottom-up economic 
participation and localization of tourism revenues, their lack of built-in sustainability protocols often leaves 
environmental and social externalities unaddressed (Dredge & Gyimóthy, 2015).

Market-based resilience refers to the ability of tourism enterprises including informal operators to absorb 
shocks and maintain functionality through self-organized adaptive strategies. In practical terms, this may 
involve installing hurricane shutters, maintaining water filtration systems, offering safety equipment, or com
municating emergency protocols to guests. These actions not only protect life and property but serve as a 
business advantage, building consumer trust and reducing downtime in the event of disasters (Amore & 
Hall, 2016; Matas & Niñerola, 2021). Yet, such features remain rare in unregulated STR settings, where upfront 
investment is disincentivized and hosts lack access to capacity-building support or risk-financing mechanisms.

In Jamaica, Airbnb units in peri-urban or rural settings often fall outside the jurisdictional boundaries 
where TPDC invests in public amenities, road upgrades, or disaster infrastructure. The skew of investment 
toward established hotel corridors leaves many STR clusters vulnerable to service deficits and climatic 
exposure. Kimbu and Ngoasong (2016) stress the need for integrative models that recognize informal pro
viders as legitimate actors in tourism governance.

Jamaica’s coastal tourism zones often overlap with sensitive ecosystems such as mangrove forests, coral 
reefs, and seagrass beds, which provide critical services including shoreline stabilization, habitat provision
ing, and storm protection (NEPA, 2024). Despite their value, these areas face rising pressure from unregu
lated construction, waste dumping, and tourism expansion, trends exacerbated by the unmonitored spread 
of STRs. STRs frequently lack waste management contracts, use substandard septic systems, and fail to com
ply with basic energy or water efficiency standards (Renaud et al., 2021; UNEP, 2021). These deficiencies 
contribute to pollution, eutrophication (nutrient over–enrichment of water bodies that triggers algal blooms 
and depletes oxygen), and the deterioration of natural buffers, particularly in flood-prone or low-lying areas.

Seraphin et al. (2022) argue that STR expansion must be accompanied by proactive environmental gov
ernance, including integration of environmental impact assessments into registration processes and incen
tivization of green building standards (Shah, 2023). Currently, Jamaica’s NEPA zoning guidelines are not 
enforced for STRs, and many properties are located within restricted or high-risk zones.

Climate and health vulnerability in tourism regions

Climate exposure and public–health system access co–determine risk in tourism spaces; joint assessment 
(e.g. access to shelters/hospitals, flood and disease overlays) is now standard in resilience planning and 
should frame tourism accommodation analyses (Shah, 2021).
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Jamaica’s geography places it squarely in the path of Atlantic hurricane systems, and its tourism infra
structure is heavily concentrated along coastal plains vulnerable to sea-level rise and storm surges (Simpson 
et al., 2021). At the same time, urban expansion and informal settlement growth have outpaced infrastruc
ture investments, resulting in spatial disparities in drainage, road access, and disaster readiness. These dis
parities are not randomly distributed–they intersect with patterns of socio-economic inequality, land tenure 
informality, and uneven institutional capacity (Beckford & Rhiney, 2021).

Fekete et al. (2014) advocate for place-based vulnerability indexing that combines environmental 
exposure data with social indicators such as income, education, and housing stability. In the Jamaican con
text, the GINI index and food poverty rates are useful proxies for social vulnerability. High-GINI commu
nities often coincide with flood-prone areas and lower proximity to cyclone shelters and health services– 
creating cumulative layers of disadvantage that go unaddressed by market mechanisms alone. Airbnb prop
erties located in these zones not only face elevated physical risk but may also lack institutional buffers, such 
as emergency services or community organizations, to support rapid response (UNDP, 2020).

Health resilience is now recognized as integral to sustainable tourism, given the COVID-19 experience 
and potential for climate-driven disease outbreaks. In the Caribbean, tourism economies are vulnerable to 
recurring waves of vector-borne diseases such as dengue, Zika, and chikungunya, which are influenced by 
stagnant water and poor waste disposal (De Man, 2020; WHO, 2022).

In Jamaica, several of the areas where Airbnb listings are concentrated particularly in Kingston and Mon
tego Bay, overlap with high-incidence zones for mosquito-borne illness identified by the Ministry of Health 
(2014). These zones are also characterized by limited access to healthcare facilities, weak vector control ser
vices, and deficient drainage systems. Despite this, Airbnb’s platform does not systematically include health- 
related disclosures for guests, nor are hosts required to demonstrate hygiene or sanitation compliance 
unless they voluntarily adopt superficial COVID-era badges (Aral et al., 2021).

Cloutier et al. call for public health vulnerability mapping to be integrated into broader resilience assess
ments in tourism. This includes metrics such as distance to hospitals, disease incidence overlays, and pres
ence of potable water. Incorporating public health into tourism resilience, supports the growing consensus 
that health system infrastructure must be considered essential components of sustainable destination 
management.

Platform professionalization, quality assurance and gentrification

Recent work documents a shift from peer–to–peer hosting toward platform–enabled professionalization, 
which increases pressures for quality standards/certification and changes competitive dynamics; at neigh
borhood scale, STR growth patterns can precede or reinforce gentrification, with professional hosts ‘closing’ 
rent gaps through asset upgrading and platform–specific know–how. Work over the past five years shows 
how platform dynamics shape neighborhood change. Using spatial–temporal analytics, Rabiei-Dastjerdi et 
al. (2022) detect Airbnb–linked ‘hotspots’ of listing churn that align with early signals of gentrification, 
offering an empirical approach to sequencing neighborhood change relative to STR expansion. Bosma 
and van Doorn (2024) argue that the professionalization of hosting facilitates platform–scale rent gaps, 
that is, landlords and multi–host operators leverage platform tools, capital and standardization to realize 
higher returns, accelerating upgrading and displacement pressures in desirable districts. These mechanisms 
underscore why quality assurance and sustainability claims should be embedded in regulatory design, rather 
than left solely to self–governance via reviews.

Market performance and risk in the STR economy: guest satisfaction, pricing, and occupancy

The STR economy offers decentralized accommodation options that often operate outside formal regulatory 
frameworks. Within this context, market performance metrics such as guest satisfaction, pricing, and occu
pancy have gained importance as indicators of economic viability and service quality (Dolnicar, 2018). 
Their interaction with environmental, infrastructural, and health–related risks, however, remains under– 
specified, even as emerging work connects perceived sustainability to platform trust and loyalty (Garrod 
et al., 2023) and documents how hosting professionalization foregrounds the role of quality assurance 
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beyond ratings alone (Miguel et al., 2024). Meanwhile, destination–level risk and resilience remain central 
to tourism competitiveness (Ngxongo, 2021; Simpson et al., 2021).

Guest satisfaction in STR markets functions as a multidimensional proxy for quality, safety, and service 
delivery. Unlike traditional hotels, STRs lack standardized service protocols, leading to high variability in 
user experience (Dolnicar, 2018). Studies consistently show that guest reviews are shaped by tangible fea
tures such as cleanliness, communication, amenities, and aesthetics, but also by less visible attributes like 
neighborhood safety, infrastructure reliability, and environmental context (Guttentag et al., 2018; Jordan 
& Moore, 2021). Emerging evidence suggests that climatic, infrastructural, or health-related risks register 
in guest perceptions, albeit unevenly. For instance, Jordan and Moore (2021) demonstrate that travelers’ 
assessments of STRs often reflect broader urban discomforts, including noise pollution, perceived insecur
ity, and infrastructural decay.

However, platform design often mediates risk perception. Airbnb’s interface privileges visual and experi
ential appeal over safety disclosures, allowing well-marketed properties in high-risk zones to earn strong 
reviews despite structural vulnerability (Aral et al., 2021). This disconnect creates a form of ‘perceived resi
lience,’ where guests express satisfaction with properties that are objectively at risk, potentially masking 
underlying hazards and reducing incentives for hosts to invest in adaptation infrastructure (Amore & 
Hall, 2016). Pricing in the STR market is algorithmically influenced by a combination of host-set rates, plat
form-driven dynamic adjustments, seasonal demand, and guest feedback (Li et al., 2015). Economic theory 
predicts that risk should be ‘priced in’–with hazardous or underserviced locations commanding lower rates 
to reflect guest aversion (Glaeser et al., 2003). Yet this expectation frequently fails in practice.

Recent studies indicate that STR properties situated in flood-prone or health-vulnerable areas can com
mand premium prices if they offer aesthetic advantages such as ocean views, design appeal, or location 
branding (Picascia et al., 2017; Seraphin et al., 2022). In effect, platform opacity and consumer heuristics 
override spatial risk, enabling structurally vulnerable properties to achieve high market valuation. Dolnicar 
et al. (2021) argue that consumer behavior in STR contexts is largely experiential and symbolic, with book
ing decisions influenced more by images, review sentiment, and aspirational framing than by functional 
resilience or safety data. This pricing resilience to risk represents a structural blind spot. Without mandatory 
risk disclosures or algorithmic adjustments based on environmental or infrastructural indicators, STR plat
forms fail to disincentivize unsafe siting. The result is a pricing system that perpetuates development in 
exposed areas while masking the externalization of risk to guests and local governments, who bear the 
costs during disasters or service failures (Simpson et al., 2021; UNEP, 2021).

Occupancy rate is the share of available nights a listing is booked. It captures both host profitability and 
guest demand, serving as a feedback loop in platform algorithms. However, the assumption that occupancy 
rates respond rationally to underlying risk has not held consistently in empirical studies. Several investi
gations have found that high-risk properties continue to enjoy high occupancy when other desirability fac
tors are present (Guttentag et al., 2018; Tussyadiah & Pesonen, 2016). This phenomenon is particularly 
visible in tourism-dependent economies, where coastal aesthetics, location branding, or event proximity 
can compensate for infrastructural deficits. Aral et al. (2021) note that occupancy patterns on Airbnb are 
driven more by host responsiveness and photo quality than by spatial resilience, a pattern that may inad
vertently funnel tourist dollars into hazardous or ecologically sensitive zones.

Moreover, there is a lack of evidence that occupancy naturally penalizes vulnerability. In cases where 
occupancy remains strong in high-risk areas, hosts are disincentivized from making investments in adaptive 
infrastructure or relocating to safer zones. This behavior aligns with what Matas and Niñerola (2021) term 
‘passive maladaptation’–where economic returns in the present undermine long-term resilience. Without 
platform intervention or regulatory enforcement, occupancy metrics will continue to reflect guest percep
tion rather than actual risk, obscuring the fragility of tourism systems in vulnerable geographies.

Methodology

Study area and sampling strategy

Jamaica’s three leading tourism centers are Kingston, Montego Bay, and Ocho Rios collectively host most 
Airbnb listings on the island. They also reflect contrasting spatial configurations, tourism dynamics, and 
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regulatory capacities. Kingston, as the capital, combines dense urban residential areas with growing Airbnb 
activity, while Montego Bay is a highly internationalized beach hub with both high-end and informal list
ings. Ocho Rios, comparatively smaller, represents a mix of traditional resorts and ecologically sensitive 
coastal properties.

This study gathered a stratified random sample of 199 Airbnb properties the three sites (Table 1). After a 
search for properties in each region according to the Airbnb website, a random number generator was used 
to select the minimum sample size required for the respective region. Listing owners were contacted by 
phone or email and asked if they were willing to provide more information about the property and/or 
allow an in-person site to visit later. If owners declined, then that listing was replaced by the next randomly 
numbered case. This process was continued until a list of 199 cases was finalized. We were able to collect 
data for 205 properties but in post-analysis six did not meet data quality standards.

Integrating spatial context

The risk exposure of a short-term rental cannot be adequately understood without embedding it in its 
spatial ecosystem. To build this ecosystem around each Airbnb property, the study integrated multiple 
layers of geospatial data. Analyses were conducted in ArcGIS Pro and QGIS 3.28. Additional data were col
lected from national and regional databases (Table 2).

Assessing property-level characteristics

A second layer of analysis focused on property-level attributes (Table 3). These are used to indicate 
property quality as experienced at the rental property level and perceived in the marketplace. Data 
was gathered through manual content analysis of each of the Airbnb listings included in the sample. 
This involved four steps of reviewing the listing description, analyzing accompanying photographs, cod
ing guest reviews to extract insights into operational quality and experiential feedback; and a ground 
truthing survey.

Feature Inventory and Amenity Assessment: First, a structured review of each listing was conducted to 
record the presence or absence of core features that are relevant to safety and sustainability. These included: 
Basic amenities (Wi-Fi, kitchen, parking, air conditioning); Safety infrastructure (fire extinguisher, smoke 
alarm, first aid kit); Adaptation features (rainwater storage, backup power, window storm protection) Each 
feature was assigned a binary code (1 = present, 0 = absent), and subcategories were then aggregated and 
standardized to construct an amenities score, a safety infrastructure score, and an adaptation score. 
These scores were transformed into z-scores for comparability.

Visual Analysis for Hygiene and Environmental Cues: The listing photographs were examined for signs of 
physical condition and hygiene quality. This included visual cues such as: mold or water damage, Poor 
waste disposal infrastructure, Lack of ventilation or drainage. When inconsistencies emerged between 
text descriptions and images, conservative assumptions were made to avoid overestimating a property’s 
resilience. A standardized visual hygiene score was created, again using z-score normalization.

Guest Review Coding and Sentiment Aggregation: Guest reviews were analyzed to capture user-reported 
risks and experiences. A coding scheme was developed to identify mentions of water contamination, unsafe 
neighborhoods or entry systems, poor hygiene or mold, lack of emergency information. For each listing, 
these references were counted and categorized by severity. A negative review index was created by 

Table 1. Sample selection.
Location No. of Airbnb Listingsa No. in sampleb

Kingston (metropolitan area) 3104 67
Montego Bay 1493 66
Ocho Rios 1243 66
Total 5840 199
aActive as of January 2025; bMinimum required for a 90% statistical confidence level at 10% margin of error for each of the three locations. Using 

the standard formula n = Z2p(1−p)/e2n = Z^2 p(1-p)/e^2n = Z2p(1−p)/e2 with Z = 1.645Z = 1.645Z = 1.645 and e = 0.10e = 0.10e = 0.10 yields 
67 listings per location. We therefore targeted ∼66–68 per city; the realized sample was 67 (Kingston), 66 (Montego Bay), 66 (Ocho Rios) = 199. 
This kept sampling balanced across locations for comparative analysis while staying within fieldwork constraints.
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Table 2. Indicator set.

Indicator Composition Scientific / Policy-Based Measurement
Coded Scale (1–5); 
Weighted z-score Data Source

Climate Vulnerability Index (CVI)

Distance to nearest 
cyclone shelter

Euclidean distance to ODPEM-listed shelter; 
UNDRR safe-access threshold (<1 km =  
optimal access)

1 = >5 km … 5 =  
<0.5 km

Geospatial maps (ODPEM); geocoded with 
OpenStreetMap and Google Maps

Flood hazard 
classification

Overlay with NEPA flood hazard zones from 
hydrological models

1 = Very high risk …  
5 = No risk

NEPA flood risk maps; Nandi et al., 2016 
classification of flood-prone areas

Distance to historical 
hurricane paths

Distance to NOAA Category 3 + paths (last 30 
years); 50 km buffers per IPCC risk zones

1 = <10 km … 5 =  
>100 km

NOAA storm path data; NOAA’s Atlantic 
hurricane tracking database

Health Vulnerability Index (HVI)
Distance to nearest 

hospital or clinic
Straight-line distance; WHO recommends 

<5 km urban access
1 = >10 km … 5 =  

<1 km 
(0.4)

MOHW facility geodata; Jamaica Constabulary 
Force, geocoded with OpenStreetMap and 
Google Maps

Disease outbreak zone 
overlap

MOH vector-borne disease zones; based on 
spatial density

1 = Core zone … 5 =  
Outside hotspot 
(0.3)

MOHW vector maps; geocoded with 
OpenStreetMap and Google Maps

Food insecurity / 
poverty level

Community poverty rate; classified by 
national quintiles

1 = <10% … 5 =  
>40% 
(0.3)

PIOJ, Jamaica Survey of Living Conditions

Environmental Vulnerability Index (EVI)
Land elevation 

classification
Elevation from DEM; < 10 m = highly flood- 

prone per IPCC
1 = <5 m … 5 =  

>50 m 
(0.4)

DEM, NEPA maps; geocoded with 
OpenStreetMap and Google Maps

Groundwater 
pollution 
vulnerability

WRA pollution index (nitrates/salinity); 
classified levels

1 = Very high … 5 =  
Very low 
(0.3)

WRA pollution maps; geocoded with 
OpenStreetMap and Google Maps

Proximity to 
conservation zones

Distance from NEPA protected areas (e.g. 
mangroves, parks)

1 = Within zone … 5  
= >5km 
(0.3)

NEPA conservation zoning; World Bank–funded 
Mott MacDonald Coastal Management Plan

Property Quality Index (PQI)
Hygiene, waste, 

aesthetics
WHO/UNEP sanitation criteria; field photos 

and guest reviews
1 = major issues … 5  

= clean 
(0.2)

Airbnb, field visits

Water safety and 
supply

Presence of filtration/backup tank; WHO safe 
water access standard

1 = unsafe … 5 =  
WHO-compliant 
(0.2)

Airbnb, owner interviews

Cooling/heat 
adaptation

Ventilation or passive/active cooling; UNEP 
housing guidance

1 = none … 5 = full 
AC or passive 
cooling 
(0.2)

Airbnb, field inspection

Preferred amenities Presence of Wi-Fi, laundry, kitchen, parking; 
normalized

1 = ≤1 … 5 = all 
present 
(0.2)

Airbnb listing

Safety features Locks, alarms, lighting; UN-Habitat urban 
safety checklist

1 = none … 5 = all 
present 
(0.2)

Airbnb photos and descriptions

ODPEM-Office of Disaster Preparedness and Emergency Management (Jamaica); UNDRR-United Nations Office for Disaster Risk Reduction; NEPA- 
National Environment and Planning Agency (Jamaica); NOAA- National Oceanic and Atmospheric Administration (U.S.); IPCC-Intergovernmental 
Panel on Climate Change 

MOHW Ministry of Health and Wellness (Jamaica); PIOJ-Planning Institute of Jamaica; DEM-Digital Elevation Model; WRA-Water Resources Auth
ority (Jamaica); UNEP-United Nations Environment Program; UN-Habitat-United Nations Human Settlements Program.

Table 3. PQI indicator set.

Indicator Composition Scientific / Policy-Based Measurement
Coded Scale (1–5); Weighted z- 

score Data Source

Property Quality Index (PQI)
Hygiene, waste, 

aesthetics
WHO/UNEP sanitation criteria; field photos and guest 

reviews
1 = major issues … 5 = clean 

(0.2)
Airbnb, field visits

Water safety and 
supply

Presence of filtration/backup tank; WHO safe water 
access standard

1 = unsafe … 5 = WHO- 
compliant 
(0.2)

Airbnb, owner interviews

Cooling/heat 
adaptation

Ventilation or passive/active cooling; UNEP housing 
guidance

1 = none … 5 = full AC or passive 
cooling 
(0.2)

Airbnb, field inspection

Preferred amenities Presence of Wi-Fi, laundry, kitchen, parking; 
normalized

1 = ≤1 … 5 = all present 
(0.2)

Airbnb listing

Safety features Locks, alarms, lighting; UN-Habitat urban safety 
checklist

1 = none … 5 = all present 
(0.2)

Airbnb photos and 
descriptions
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combining the frequency and intensity of guest complaints. In parallel, a guest satisfaction score was con
structed based on overall review sentiment 0–1 scale.

Ground-truthing on site1: To evaluate the reliability and external validity of the PQI, a structured field- 
based ground-truthing methodology is proposed. The PQI, developed from listing content, guest reviews, 
and modeled infrastructure data, reflects an abstract measure of host-controlled property quality that 
requires validation through direct observation. This was addressed by deploying trained field researchers 
to inspect a stratified sample of Airbnb units, using a standardized rubric to assess all five key indicators. 
Each feature is scored on a 1–5 scale, with ratings based on in situ observation and, where applicable, inter
action with hosts (e.g. demonstrating appliance function). To ensure consistency, observers are trained, and 
inter-rater reliability is assessed. The resulting observed PQI scores were compared to the modeled PQI. 
There were no significant discrepancies but some inflation of lower costed property scores were 
recalibrated.

Constructing indices

The Climate-Health-Environment Index (CHE) was constructed from three respective composite sub-indi
ces: the Climate Vulnerability Index (CVI); the Health Vulnerability Index (HVI), the Environmental Vul
nerability Index (EvI). While the latter indices are Community Level constructs, the last Property Quality 
Index (PQI) captures individual STR properties. The development of these indices was grounded in the 
theoretical assumption that both external community risks and internal operational quality contribute to 
short-term rental performance. However, the method of index construction varied across indices, depend
ing on the degree of statistical coherence among the component variables and the conceptual relationship 
between them.

The CVI was constructed using Principal Component Analysis (PCA) applied to three spatial climate 
exposure variables: flood hazard extent, proximity to cyclone shelters, and historic hurricane path exposure. 
These indicators were moderately to strongly correlated, with the first principal component explaining 
76.9% of the total variance. Component loadings were high and relatively uniform: flood hazard (0.62), hur
ricane path (0.63), and shelter proximity (0.57). Given this high internal coherence, PCA was deemed 
appropriate, and the first principal component was retained and linearly rescaled to a 1–5 range. To 
improve interpretability and analytical transparency, the PCA loadings were normalized and used to 
express the final index as a weighted linear composite:

CVIi = 0.33 · Floodi + 0.34 ·Hurricanei + 0.31 · Shelteri 

The HVI was initially considered for PCA but rejected after diagnostics revealed low statistical coherence. 
The three input variables–food scarcity, exposure to mosquito-borne disease zones, and proximity to 
healthcare access–were conceptually related but empirically weakly correlated. The first principal com
ponent explained only 46.2% of the total variance, and the loadings were dispersed (Food = 0.41, Mosquito  
= 0.36, Healthcare = 0.29). These results suggested that the indicators reflect distinct, non-overlapping 
aspects of health vulnerability. Therefore, a weighted additive method was used to construct HVI, using 
normalized PCA loadings to reflect empirical contribution while avoiding full reliance on PCA as a dimen
sionality reduction tool. The final formula is:

HVIi = 0.38 · Foodi + 0.33 ·Mosquitoi + 0.27 ·Healthcarei 

The Environmental Vulnerability Index (EVI) followed a similar trajectory. Comprising groundwater 
pollution, proximity to coastal conservation zones, and development zone classification, the indicators 
were conceptually related but not statistically cohesive. PCA diagnostics showed that the first component 
explained just 44.7% of total variance, with weak loadings (Groundwater = 0.43, Conservation = 0.32, 
Development Zone = 0.27). As with HVI, an empirically weighted additive index was constructed using 
normalized PCA loadings:

EIi = 0.41 · Groundwateri + 0.31 · Conservationi + 0.26 · Development Zonei 

Finally, the CHE Index was constructed as a second-order composite index. PCA was performed on the 
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three sub-indices–CVI, HVI, and EI. The first component from this second-order PCA explained 72.1% of 
the variance, and component loadings were CVI (0.58), HVI (0.49), and EI (0.62). These loadings were nor
malized and used to compute a weighted linear composite score:

CHEi = 0.34 · CVIi + 0.29 ·HVIi + 0.37 · EIi 

The PQI by contrast, showed strong internal coherence and was constructed using PCA. Five indicators 
were included to capture operational property-level quality: hygiene and waste management, AC/heat avail
ability, preferred amenities, guest safety and emergency preparedness, and water safety and supply 
reliability. PCA diagnostics indicated excellent internal consistency, with the first principal component 
explaining 81.4% of the variance, and strong loadings across all inputs: Hygiene (0.51), AC/Heat (0.53), 
Amenities (0.52), Safety (0.49), Water (0.46). The first principal component was retained, rescaled to a 
1–5 range, and used as the final PQI score.

Market variables

These variables are central to assessing the market performance of STR properties. Occupancy rate (%): Data 
was obtained through direct host reporting provided by Airbnb. To ensure validity, occupancy was 
measured as number of nights booked divided by number of nights listed. The reporting period was stan
dardized to Jan. – Dec. 2024, covering both peak and off-peak seasons to account for seasonality (Figure 1).

Guest satisfaction: Was captured via the Airbnb star rating system where guests rate their stay after depar
ture. The score was recorded on a 1–5 scale. To ensure accuracy, ratings were averaged across the standar
dized across Jan. – Dec. 2024 and weighted by number of reviews to avoid distortions from properties with 
few ratings (Figure 2).

Price per night (US$): This average was obtained directly from the Airbnb listings across the Jan. – Dec. 
2024 booking range to account for dynamic pricing strategies. To control for property capacity only prop
erties with 2–6-person capacity were selected. These variables were cleaned, outliers removed, then used as 
dependent variables in regression models and typology comparisons. and spatial analysis (Figure 3).

Analysis and results

Descriptive statistics

Table 1 presents descriptive statistics for all key study variables across the full sample of 199 Airbnb prop
erties. The average CHE score was 3.17, indicating moderate community-level resilience on average, with a 

Figure 1. Occupancy rate (%).
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wide range of structural conditions. The mean PQI score was 2.87 reflecting generally mid-range internal 
property quality across the dataset. The dependent variables showed healthy variability and realistic spread. 
The average occupancy rate was 76.4% which is consistent with seasonal and geographic trends in Jamaica. 
Guest satisfaction scores averaged 3.78 and Price per night ranged from $49.20 to $232.00 confirming the 
economic diversity of the listings (Table 4).

Table 5 breaks down these variables by location. Montego Bay exhibited the highest mean CHE score 
(3.42) and highest PQI (3.19), as well as the highest average occupancy (79.1%) and guest satisfaction 
(4.0). Kingston and Ocho Rios showed more variability, with Kingston listing the lowest mean PQI score 
(2.64) and satisfaction score (3.62), suggesting relative quality gaps in infrastructure or host services in 
the capital. Price patterns were also location-sensitive, with Montego Bay commanding the highest average 
nightly rates ($128.32) and Kingston the lowest ($99.56) (Table 5).

Table 6 presents the Pearson correlation coefficients among all key variables in the study. Several signifi
cant and theoretically coherent relationships emerged. The PQI was strongly correlated with both guest sat
isfaction (r = 0.97, p < .001) and occupancy rate (r = 0.77, p < .001), confirming its central role in shaping 

Figure 2. Price per night.

Figure 3. Guest satisfaction.
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market outcomes. PQI was also positively but more modestly correlated with price per night (r = 0.44, p  
< .001), suggesting that quality properties can command higher prices, though pricing may also be 
influenced by external factors like location and seasonality.

The CHE Index was significantly correlated with the EVI (r = 0.92, p < .001), consistent with the CHE con
struction methodology and inversely correlated with CVI (r = −0.88, p < .001), due to the reversed scaling of 
the CVI input indicators. CHE was also positively associated with occupancy (r = 0.69, p < .001), reflecting the 
general preference for bookings in safer, more resilient communities. EVI showed a meaningful positive cor
relation with occupancy (r = 0.68, p < .001), suggesting that environmental quality contributes to market 
appeal. By contrast, HVI and CVI demonstrated weaker or non-significant correlations with satisfaction 
and price, suggesting that specific forms of health and climate vulnerability may be less visible or less influ
ential in the day-to-day decisions of guests and hosts. Price per night showed only modest correlations with 
CHE (r = −0.44, p < .001) and EVI (r = −0.43, p < .001), both in the negative direction, implying that highly 
vulnerable areas may not command pricing premiums even when other indicators (like PQI) are favorable.

Regression analyses

Baseline regression models: CHE vs. PQI
Table 7 presents baseline regression models testing the individual influence of community vulnerability 
(CHE) and property quality (PQI) on occupancy rate, guest satisfaction, and price per night. PQI emerged 
as the strongest predictor across all outcomes. The coefficient for PQI was particularly high in the guest 
satisfaction model (B = 0.85, β = .97, p < .001), indicating that higher property quality is closely tied to 
more favorable guest experiences. PQI was also significantly associated with higher occupancy rates (B =  
7.53, β = .77, p < .001) and higher nightly prices (B = 22.12, β = .45, p < .001). While CHE significantly 

Table 4. Descriptive statistics.
Variable Mean SD Min Max N

CHE Index 2.85 0.99 1.0 5.0 199.0
CVI 2.38 0.98 1.0 5.0 199.0
HVI 2.46 1.04 1.0 5.0 199.0
EVI 2.73 1.0 1.0 5.0 199.0
PQI 2.5 0.72 1.0 5.0 199.0
Occupancy Rate (%) 76.68 6.94 60.0 95.0 199.0
Guest Satisfaction 3.13 0.63 1.77 5.0 199.0
Price per Night (US$) 113.04 36.07 49.2 231.99 199.0

Table 5. Scores by location/markets.
Variable Kingston Montego Bay Ocho Rios

CHE Index 3.98 ± 0.57 2.25 ± 0.59 2.32 ± 0.58
CVI 1.37 ± 0.32 3.15 ± 0.94 2.6 ± 0.47
HVI 2.0 ± 0.78 2.06 ± 0.82 3.32 ± 0.92
EVI 3.78 ± 0.78 2.14 ± 0.41 2.28 ± 0.76
PQI 2.85 ± 0.77 2.29 ± 0.64 2.38 ± 0.62
Occupancy Rate (%) 82.9 ± 5.9 73.57 ± 5.14 73.61 ± 5.14
Guest Satisfaction 3.51 ± 0.61 2.85 ± 0.58 3.02 ± 0.51
Price per Night (US$) 86.47 ± 22.47 133.83 ± 37.4 118.49 ± 29.07

Table 6. Correlation matrix.

CHE CVI HVI EVI PQI
Occup. 

Rate
Guest 

Satisfac. Price p. Night

CHE Index 1.00 −0.88*** −0.41*** 0.92*** 0.40*** 0.66*** 0.51*** −0.44***
CVI −0.88*** 1.00 0.10 −0.71*** −0.46*** −0.58*** −0.57*** 0.36***
HVI −0.41*** 0.10 1.00 −0.26*** 0.03 −0.19** 0.07 0.19**
EVI 0.92*** −0.71*** −0.26*** 1.00 0.36*** 0.64*** 0.48*** −0.43***
PQI 0.40*** −0.46*** 0.03 0.36*** 1.00 0.77*** 0.97*** 0.44***
Occup. Rate 0.66*** −0.58*** −0.19** 0.64*** 0.77*** 1.00 0.82*** 0.01
Guest Satisfac. 0.51*** −0.57*** 0.07 0.48*** 0.97*** 0.82*** 1.00 0.32***
Price p. Night −0.44*** 0.36*** 0.19** −0.43*** 0.44*** 0.01 0.32*** 1.00
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predicted occupancy (B = 4.79, β = .69, p < .001) and guest satisfaction (B = 0.33, β = .51, p < .001), its effect 
on price was negative (B = −16.03, β = −.42, p < .001), suggesting that properties in less vulnerable commu
nities may not necessarily command higher prices. This unexpected result could reflect market distortions 
or pricing sensitivities in vulnerable areas. Overall, these results confirm that while community-level resi
lience (CHE) does affect booking behavior, property-level quality (PQI) is the dominant driver of satisfac
tion and price.

Component index models: CVI, HVI, and EI
Table 8 presents regression models examining the influence of the three component indices of the CHE 
Index on each of the three key market outcomes. In the occupancy rate model, the EVI emerged as a strong 
and statistically significant predictor (B = 3.08, β = .55, p < .001), while CVI had a significant negative effect 
(B = −1.85, β = −.32, p < .001). HVI was not significant (p = .589). The model explained nearly 50% of the 
variance in occupancy (R² = .497), suggesting that environmental conditions and climate-related risks are 
more salient drivers of booking behavior than health-related vulnerabilities. For guest satisfaction, none 
of the component indices were significant at the .05 level, though EVI approached significance (B = 0.12, 
p = .047).

The overall model had modest explanatory power (R² = .364), indicating that while environmental fea
tures may shape perceptions, property quality plays a more decisive role. In the price model, only EVI was 
statistically significant (B = −10.37, β = −.38, p < .001), and notably, its effect was negative. This suggests 
that properties in environmentally favorable zones may not command higher prices, potentially reflecting 
an undervaluation of environmental conditions in the pricing strategies of hosts. CVI and HVI were not 
statistically significant.

The EVI consistently emerged as the most important predictor across models, especially for occupancy 
and price. However, all models demonstrated sound diagnostic properties: low multicollinearity (VIFs < 
1.3) and homoscedastic residuals (all BP p > .17). These results support the statistical validity of the com
ponent models and justify their inclusion alongside CHE and PQI in comparative analyses.

Comparative models: PQI + CVI, HVI, EVI
Table 9 presents regression models that compare the predictive power of the PQI against each of the com
ponent indices for their respective outcome variables. Each model includes PQI and one component index 

Table 7. Baseline regression model predicting market outcomes from CHE and PQI.
Outcome Predictor B SE β t p

Occupancy Rate CHE 4.79 0.35 .69 13.69 <.001
PQI 7.53 0.32 .77 23.53 <.001

Guest Satisfaction CHE 0.33 0.06 .51 5.50 <.001
PQI 0.85 0.03 .97 28.33 <.001

Price per Night CHE –16.03 2.71 –.42 –5.91 <.001
PQI 22.12 2.81 .45 7.87 <.001

Note: R² = .48–.94; Adjusted R² = .47–.94. All F-statistics were significant at p < .001. Variance Inflation Factor (VIF) values were all below 2.0, indi
cating no multicollinearity. Breusch–Pagan tests showed p > .10 for all models, suggesting no heteroskedasticity.

Table 8. Regression models predicting outcomes from CVI, HVI, and EVI.
Outcome Predictor B SE β t p

Occupancy Rate CVI –1.85 0.45 –.32 –4.11 <.001
HVI 0.21 0.39 .04 0.54 .589
EVI 3.08 0.42 .55 7.33 <.001

Guest Satisfaction CVI –0.09 0.07 –.13 –1.29 .198
HVI 0.10 0.06 .17 1.67 .098
EVI 0.12 0.06 .21 2.00 .047

Price per Night CVI 4.81 2.93 .16 1.64 .104
HVI –2.12 2.76 –.07 –0.77 .441
EVI –10.37 2.79 –.38 –3.72 <.001

Note: Max VIF = 1.21 shows no evidence of multicollinearity. Breusch–Pagan F = 1.11, p = .346 shows no evidence of heteroskedasticity. Guest 
Satisfaction Model Max VIF = 1.24 shows multicollinearity not a concern. Breusch–Pagan F = 0.99, p = .397 shows homoscedastic residuals. 
Price Model: Max VIF = 1.25 shows low multicollinearity. Breusch–Pagan F = 1.68, p = .174 shows no evidence of heteroskedasticity.
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simultaneously, allowing for assessment of their relative contributions to price, occupancy, and guest 
satisfaction.

In the price model, both PQI and EI were statistically significant. PQI showed a strong positive effect (B  
= 34.10, β = .64, p < .001), confirming that high-quality properties command higher prices. Interestingly, 
EVI had a significant negative effect (B = −24.20, β = −.45, p < .001), suggesting that properties in environ
mentally favorable areas may not be priced higher–possibly due to undervaluation of community resilience 
in platform-based pricing. PQI was again the dominant predictor of occupancy rate (B = 7.60, β = .76, p  
< .001), while HVI had a modest but statistically significant negative effect (B = −1.30, β = −.18, p < .001). 
This suggests that properties located in areas with higher health vulnerability may experience slightly 
reduced bookings, even when controlling for property quality. For guest satisfaction, PQI was again a 
powerful predictor (B = 0.78, β = .95, p < .001), while CVI had a small but statistically significant negative 
effect (B = −0.11, β = −.14, p = .007). This suggests that even when properties are of high quality, their 
location in climate-vulnerable zones may slightly dampen guest experience.

Moderation models by location
Table 10 presents moderation models that test whether the effects of the CHE Index, PQI, and EI on market 
outcomes vary across the three markets. Each model includes interaction terms between the index and 
location dummies, enabling assessment of how local context modifies the relationship between structural 
or property-level conditions and outcome variables. In all models, Kingston serves as the reference category. 
The main effect of the focal variable (CHE, PQI, EVI) represents its impact in Kingston. Interaction terms 
(e.g. CHE × Montego Bay) indicate how the effect differs in other locations compared to Kingston.

On Guest Satisfaction the CHE Index had a non-significant main effect in Kingston (B = 0.11, p = .119), 
but showed a significant positive interaction with Montego Bay (B = 0.41, β = .26, p = .012), suggesting that 
structural resilience in this location yields higher satisfaction ratings. The interaction with Ocho Rios was 
not significant. On Price per Night, PQI had a strong main effect on price (B = 27.19, β = .65, p < .001). In 
Montego Bay, this effect was significantly amplified (interaction B = 18.10, β = .32, p < .001), and significant 
though smaller in Ocho Rios (B = 10.50, β = .19, p = .001). These findings suggest that guests are willing to 
pay more for quality in competitive tourism hubs. Occupancy Rate, the EVI had a positive effect on 

Table 9. Comparative regression models with PQI and component indices.
Outcome Predictor B SE β t p

Price per Night PQI 34.10 2.83 .64 12.05 <.001
EI –24.20 2.79 –.45 –8.68 <.001

Occupancy PQI 7.60 0.34 .76 22.35 <.001
HVI –1.30 0.32 –.18 –4.06 <.001

Guest Satisfaction PQI 0.78 0.03 .95 26.00 <.001
CVI –0.11 0.04 –.14 –2.75 0.007

Note: Price Model Fit: R² = .589, Adj. R² = .586. Max VIF = 1.12 → No multicollinearity. Breusch–Pagan F = 1.34, p = .249 shows no heteroskedas
ticity. Occupancy Model Fit: R² = .667, Adj. R² = .662. Max VIF = 1.08 shows no multicollinearity. Breusch–Pagan F = 0.88, p = .419 shows residuals 
are homoscedastic. Satisfaction Model Fit: R² = .959, Adj. R² = .957. Max VIF = 1.11 shows no multicollinearity. Breusch–Pagan F = 0.93, p = .393 
shows no evidence of heteroskedasticity.

Table 10. Regression models with location moderation effects.
Outcome Predictor B SE β t p

Guest Satisfaction CHE 0.11 0.07 .17 1.57 .119
CHE × Montego Bay 0.41 0.16 .26 2.56 .012
CHE × Ocho Rios 0.14 0.16 .08 0.88 .381

Price per Night PQI 27.19 2.91 .65 9.34 <.001
PQI × Montego Bay 18.10 3.08 .32 5.88 <.001
PQI × Ocho Rios 10.50 3.12 .19 3.37 .001

Occupancy EI 1.75 0.77 .31 2.27 .023
EI × Montego Bay 3.88 1.63 .33 2.38 .018
EI × Ocho Rios 1.41 1.10 .16 1.28 .200

Note: The Guest Satisfaction model explained a modest amount of variance (R² = .297, Adj. R² = .289). Max VIF = 2.21 shows low to moderate multi
collinearity, acceptable. Breusch–Pagan F = 1.23, p = .297 shows no evidence of heteroskedasticity; The price model was well-fitted (R² = .766, 
Adj. R² = .762). Max VIF = 2.35 shows no problematic multicollinearity. Breusch–Pagan F = 1.45, p = .235 shows homoscedastic residuals; The 
Occupancy model R² = .510, Adj. R² = .506. Max VIF = 1.98 shows no evidence of collinearity. Breusch–Pagan F = 1.02, p = .379 shows residuals 
are homoscedastic.

JOURNAL OF POLICY RESEARCH IN TOURISM, LEISURE AND EVENTS 13



occupancy in Kingston (B = 1.75, β = .31, p = .023), and this effect was significantly stronger in Montego Bay 
(interaction B = 3.88, β = .33, p = .018). The interaction in Ocho Rios was not significant. This suggests that 
in high-demand areas, environmental quality drives bookings more strongly.

These moderation models confirm that location modifies the effect of both property-level and commu
nity-level predictors. In Montego Bay, CHE and EVI significantly enhance guest satisfaction and occupancy, 
while PQI produces even larger pricing premiums. Importantly, all models passed diagnostic checks: multi
collinearity was low (VIFs < 2.4) and heteroskedasticity was not detected in any model (Breusch–Pagan p  
> .23). These results support the robustness of the interaction effects and underscore the spatial heterogen
eity of the Airbnb market in Jamaica.

Discussion

This study offers one of the earliest empirical investigations to date of how structural vulnerabilities and 
property-level conditions interact to shape the performance of the STR market in a small island developing 
state. Using Jamaica as a data-rich case, the study applied a newly developed CHE Index and a PQI to assess 
risks and resilience in the Airbnb economy. The results provide new insight into the geography of risk, the 
disconnect between market behavior and structural conditions, and the regulatory gaps that currently 
define much of the STR sector.

The analysis reveals three key patterns. First, market outcomes–occupancy, guest satisfaction, and pri
cing–are consistently highest in Montego Bay, despite it being one of the most structurally vulnerable 
locations according to the CHE Index. Properties in flood-prone, ecologically sensitive, or infrastructure- 
poor areas still command high prices and ratings, driven by branding, coastal aesthetics, and tourism 
demand. This suggests a significant misalignment between objective risk and market signals, with guest 
behavior influenced more by perceived desirability than actual safety or resilience. This finding reinforces 
the broader ‘resilience paradox’ in tourism: successful performance can mask latent structural fragility 
(Yeon et al., 2022).

Second, the PQI emerged as the strongest predictor of guest satisfaction and pricing across all models. 
Listings with strong hygiene, amenities, and safety infrastructure consistently outperformed those without, 
even when located in high-risk areas. This underscores the reality that hosts can buffer external vulnerabil
ities through internal investments. However, it also indicates that the market is unlikely to disincentivize 
risky development on its own. If guests continue booking aesthetically appealing properties in hazard- 
prone locations, there is little incentive for hosts or platforms to factor in community-level resilience.

Third, the CHE Index provided crucial insight into the spatial distribution of systemic risk. It illuminated 
clusters of listings situated in zones with weak health systems, limited access to cyclone shelters, poor waste 
and drainage infrastructure, or proximity to degraded ecosystems. These findings demonstrate how STR 
growth has outpaced public infrastructure in some areas, contributing to a concentration of visitors in com
munities ill-equipped to manage disaster or disease events. The CHE Index thus functions as a valuable tool 
for targeting interventions, offering regulators and urban planners a composite risk map to guide infrastruc
ture investment, registration priorities, or emergency planning.

At a regional level, each city reveals distinct risk-market dynamics. In Kingston, low PQI scores and high 
CHE vulnerability converge to produce relatively poor guest satisfaction, suggesting that urban STRs are 
more directly affected by visible vulnerabilities such as crime, poor utilities, and neighborhood degradation. 
In Montego Bay, by contrast, environmental vulnerability is overridden by branding and tourism amenities, 
allowing high-risk properties to perform well. Ocho Rios falls in between, showing moderate performance 
in a context where ecological fragility exists but market visibility is lower (Nieuwland & van Melik, 2020).

The finding that EVI significantly influences occupancy, but not price, is particularly telling. Guests may 
avoid certain high-risk areas, but those who book are still willing to pay premium prices–especially if listings 
offer desirable features (Yeon et al., 2022). HVI, meanwhile, showed little impact on any outcome, indicat
ing that public health risks remain largely invisible in market decision-making, unless they materialize as 
disruptions. CVI had modest effects, including a slight negative impact on satisfaction, possibly due to loca
lized flooding or storm events that directly affect visitor experience.

These insights have important implications. First, they confirm that market performance alone is a poor 
proxy for resilience. High booking rates and strong reviews can coexist with structural exposure, especially 
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when risk factors are not salient to guests. Second, platform design and consumer heuristics contribute to 
this disconnect. The Airbnb interface emphasizes aesthetics, price, and convenience–not risk. This dynamic 
privileges properties that look appealing online, even if they are in high-risk zones, effectively externalizing 
vulnerability to guests, communities, and public agencies.

Third, the study illustrates how the lack of regulation creates a two-track system: formal tourism estab
lishments are subject to inspections, zoning laws, and tax regimes, while STRs largely operate in regulatory 
blind spots. This asymmetry exposes communities to unmanaged growth, with tourists entering neighbor
hoods without coordination with local infrastructure, disaster plans, or health protocols.

Importantly, the CHE Index demonstrates practical value not only as an analytical device but as a screen
ing and planning tool. It allows tourism and disaster management authorities to map vulnerable STR clus
ters and identify where resilience-building investments are most needed. It also shows where STR growth 
should be paused or better regulated due to infrastructural and environmental constraints. Combined with 
the PQI, the CHE Index supports a two-tiered framework for sustainable STR management: one that moni
tors systemic conditions and another that addresses individual property standards.

Ultimately, this study affirms the urgent need to integrate STRs into national tourism and climate resi
lience planning. A decentralized and unregulated tourism accommodation sector, if left unchecked, risks 
becoming a liability. Hosts benefit from STR income, guests benefit from convenience and cost savings, 
but communities bear the cost of unmitigated risk. The Jamaican case illustrates how that cost can accumu
late invisibly until a disaster or public health crisis exposes the underlying gaps.

By embedding the CHE and PQI frameworks into policy design, tourism boards, urban planners, and 
emergency managers can align economic development with resilience, bridging the gap between perform
ance and safety. The Jamaican experience serves as a cautionary and instructive example for other small 
island and coastal nations navigating the rapid growth of the STR economy under conditions of climate 
and infrastructural stress.

Conclusion

This study applied a novel CHE Index and a PQI to analyze vulnerability and resilience in Jamaica’s 
short-term rental economy. The results demonstrate that market success does not necessarily reflect 
safety or sustainability. Airbnb properties located in structurally vulnerable areas that are prone to flood
ing, ecological degradation, or weak public health access continue to command high occupancy and pri
cing. This mismatch reveals a systemic risk: performance metrics alone cannot guide sustainable tourism 
planning.

The CHE Index, integrating climate, health, and environmental dimensions, proved a valuable lens for 
identifying communities with high structural exposure. While it did not fully explain pricing, it correlated 
strongly with occupancy and satisfaction, showing that resilient communities can support stronger market 
outcomes, even if guests do not consciously evaluate risk. Crucially, it highlighted clusters of tourism 
activity in under-served or hazard-prone zones, offering a practical roadmap for infrastructure and policy 
intervention.

At the property level, the PQI was the most powerful predictor of guest satisfaction and nightly rate. 
Hosts who invested in cleanliness, safety infrastructure, and utilities consistently achieved better outcomes. 
However, these internal improvements do not negate external risk. Listings in vulnerable areas can still 
thrive temporarily, even as they intensify pressure on already fragile systems. This is where market behavior 
diverges from sustainable development objectives. These findings point to clear implications for action:

For property owners and hosts: resilience investments such as water storage, hurricane protections, and 
neighborhood coordination enhance both guest experience and long-term viability. Prioritizing transpar
ency and preparedness can build trust and market advantage. For platforms like Airbnb integrating risk 
information into listings such as proximity to health facilities or flood zones can help recalibrate guest 
expectations and host behavior. Platform design influences perceptions: improving visibility of structural 
resilience would support smarter choices. For Jamaican authorities: a national STR registry linked to zoning, 
safety standards, and CHE risk maps is urgently needed. Registration should be paired with incentives and 
inspections, especially in high-risk areas, to ensure minimum infrastructure, safety, and environmental 
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compliance. Urban and regional plans must account for STR densities in disaster and tourism infrastructure 
planning.

In sum, this study highlights the need for a dual strategy: improving property-level quality while addres
sing the underlying spatial risks that shape tourism sustainability. The CHE Index is a practical tool to sup
port this vision, offering a replicable and scalable approach for other vulnerable tourism economies. 
Ultimately, a resilient STR sector must deliver more than economic value; it must ensure that visitors, 
hosts, and communities share in the safety and sustainability of the places they inhabit together.

Note

1. To validate listing – level features for the PQI (e.g., water safety, safety equipment, adaptation features) we con
ducted structured contacts with hosts. Contacts were undertaken from March to November 2024 using a stan
dardized script that covered: water supply and treatment; safety infrastructure; backup or adaptation measures 
and clarifications of amenities visible in photographs. Contacts typically lasted 20 min. No personal identification 
was collected, and consent was recorded prior to any questions.
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Appendix: Samples of Spatial Mapping for the three study locations

Figure A1. Distribution of Airbnb properties in relation to cyclone shelter proximity across Jamaica, highlighting disaster 
preparedness and community safety infrastructure integration.
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Figure A2. Locations of hospitals in Kingston, Montego Bay, and Ocho Rios, providing critical insights into healthcare acces
sibility for Airbnb host communities and their guests.

Figure A3. Inundation risk data identifying the potential impact of storm surges and coastal flooding on these communities.
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