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Limitations and considerations 
of using composite indicators 
to measure vulnerability to natural 
hazards
Celine Wehbe  & Hiba Baroud *

Vulnerability assessment plays a critical role in disaster management and requires the consideration 
of multiple dimensions that involve both the built and social environments. A common approach to 
address this problem is the use of composite indicators, which offer a simplified method to combine 
information across different dimensions and facilitate decision making. However, composite 
indicators present limitations in the context of hazard vulnerability. This study investigates the 
source of these limitations and provides ways to overcome shortcomings in the interpretation of 
composite vulnerability indicators. To conduct this investigation, a composite indicator is developed 
to assess the vulnerability of power and transportation infrastructure, while considering social 
vulnerability, to capture community hazard vulnerability. Using a case study of Harris County in Texas, 
we investigate the disparities in outcomes resulting from different calculation methods, such as 
sub-indicator weighting. The case study shows that the value of the indicator is not consistent across 
different calculation methods. Additionally, weighting the sub-indicators plays an important role in 
the value of the indicator. Combining infrastructure and social factors is found to be misleading in the 
interpretation of hazard vulnerability, and the use of bivariate maps is proposed to better distinguish 
between infrastructure and social vulnerabilities.

Different stability concepts have been used to analyze system behavior and characteristics under disruptions. 
These concepts include robustness, vulnerability, resilience, and risk. Although these measures are often mistak-
enly used interchangeably, they reflect distinct aspects of system behavior under disruption. Robustness refers 
to the ability of a system to maintain its performance in the face of disruptions1, whereas resilience includes its 
ability to respond to and recover from these disruptions2. Risk considers the probability of a disruption occurring 
as well as its impact3. Vulnerability is defined as the susceptibility to incidents which results in considerable reduc-
tion in serviceability4. This study focuses on the evaluation of community vulnerability to natural hazards. The 
vulnerability of a community is considered to be a function of infrastructure and social vulnerability. It is worth 
noting that there are two types of social vulnerabilities, the first type relates to the provision of infrastructure 
services (e.g., limited access to critical services due to flooded roads), and the second type relates to the circum-
stances and social conditions of people that might affect their capacity to respond to and recover from disasters 
(e.g., poverty, disabilities, and older age, among others). This study considers the social vulnerability associated 
with the service provision of infrastructure systems to be embedded in the infrastructure component of com-
munity vulnerability. As such, this study uses the term social vulnerability in reference to the second type, which 
measures the social conditions and demographics of people influencing their capacity to respond to disasters.

Given that the vulnerability of communities to natural hazards is linked to both infrastructure and social 
factors, it is crucial to address both aspects in disaster preparedness5. Public infrastructures, such as power and 
transportation, are highly vulnerable to natural hazards. For example, heavy rain can accumulate on imperme-
able surfaces and cause floods, resulting in road closures6. During hurricanes, strong winds can cause trees to 
topple over electric lines, which results in power outages7. These disturbances interfere with emergency response 
decisions and actions. For example, the access of emergency responders to individuals in need of assistance and 
to critical facilities becomes limited when mobility is disrupted. Moreover, power interruptions restrict the com-
munication of important information and evacuation strategies. As such, vulnerability of critical infrastructure 
must be quantified and communicated to decision makers to support disaster preparedness. Understanding the 
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social context in which critical infrastructure operates (i.e., demographic and economic8) is equally important to 
identify how infrastructure vulnerability impacts different groups of the population, particularly disadvantaged 
groups. For example, highly dense areas require careful planning to evacuate. Elderly people or individuals with 
disabilities need more time and assistance. Individuals who fall below the poverty line lack resources to respond 
to disasters9. Social factors heavily influence the vulnerability of communities when faced with disruptions. They 
play a crucial role in developing effective resilience strategies, which is why community vulnerability should be 
measured using both, infrastructure systems and social systems. Given its multiple dimensions, measuring com-
munity vulnerability to natural hazards is challenging. The literature has traditionally approached vulnerability 
assessment from either an infrastructure-centric or a social-centric perspective, rather than considering both 
aspects simultaneously10. For example, infrastructure vulnerability has been widely studied using different meth-
ods. One common way to assess infrastructure vulnerability is qualitatively through experts’ knowledge11. Such 
approaches are time-consuming, and specific to the infrastructure being considered, which means that results are 
difficult to scale and reproduce across infrastructure sectors and geographical regions12. Quantitative methods, 
such as physics-based models and data-driven models, have also been used. Physics-based models, similar to the 
work by Yang et al.13, are driven by processes often described by a set of mathematical equations14. They produce 
consistent results due to the nature of the underlying physics, but they are computationally intensive. They also 
cannot provide assessments on models from different sectors and are difficult to generalize across different haz-
ards. On the other hand, data-driven models use information from observed data to identify the characteristics 
and patterns of a system behavior or phenomenon without necessarily accounting for the underlying physical 
processes. These methods require high dimensional data to obtain accurate results15. In the case of transporta-
tion systems, several studies have developed data-driven methods to evaluate transportation infrastructure 
vulnerability, with a strong focus on flood events16. In the case of power systems, data-driven methods for power 
infrastructure vulnerability have focused on predictive modeling of power outages that are founded in statistical 
learning to predict the number of customers without power17. Among data-driven approaches, geostatistical 
analyses of vulnerability have been explored to capture spatial trends in vulnerability assessment using correlation 
analyses and spatial clustering. Examples of such studies select variables related to the phenomena to be measured 
and use statistical tools like Global Moran’s I and Getis Ord Gi Hot Spot Analysis to analyze the degree of spatial 
autocorrelation between variables18. While effective in illustrating spatial trends, such methodologies lack the 
capacity for temporal analysis necessary to monitor vulnerability over time. Moreover, these approaches become 
more complex and less interpretable as more variables are considered. In the context of social vulnerability, data-
driven analyses are primarily used to examine how socioeconomic factors and community characteristics affect 
a population’s vulnerability to risks and disasters. For example, Chakraborty et al.19 examine spatial variability 
in evacuation assistance needs during natural hazards. They develop a geophysical risk index, as well as a social 
vulnerability index using census information and flood data.

While existing research has made significant progress in assessing vulnerability to natural hazards, several 
gaps remain to be addressed. These research gaps include (1) the need for methods that scale vulnerability 
assessment across multiple systems and large geographic regions, (2) the integration of infrastructure and social 
dimensions of community vulnerability to natural hazards, and (3) the critical analysis of the considerations and 
limitations in the calculation and interpretation of these composite indicators. To address these gaps, this study 
develops a composite indicator that combines infrastructure (power and transportation) and social factors (e.g., 
poverty, age, disability), and conducts a critical analysis of different indicator construction methods to assess 
considerations and limitations of using composite indicators in the context of hazard vulnerability.

Hazard vulnerability assessment requires the integration of multiple factors which are often provided in 
different units and at different spatial scales. For example, demographic data is provided at the census tract 
scale whereas the National Land Cover Database (NLCD), offers data on factors that influence infrastructure 
vulnerability such as vegetation density or impervious surface density at a 30-m resolution. For the vulnerability 
assessment to be useful and help inform disaster planning, methods are needed that unify spatial resolutions as 
well as the units of different infrastructure and social vulnerability factors, to allow the composite indicator to 
combine information across multiple systems and scale up to measure vulnerability at a regional scale. A holistic 
and scalable approach that integrates infrastructure and social dimensions of hazard vulnerability across sectors 
and regions not only results in more efficient planning by providing a comprehensive understanding of potential 
risks and weaknesses, it also facilitates long-term planning and encourages inter-regional cooperation, promoting 
concerted action in disaster risk reduction initiatives.

The use of one composite indicator simplifies the interpretation of the results by condensing the information 
into a single figure, rather than comparing multiple variables with different scales and units. Composite indicators 
are formed by combining individual sub-indicators that describe different features of a system and integrating 
them into a single indicator20. The sub-indicators can be weighted to account for different levels of contribution to 
the overall composite indicator. In the field of vulnerability, composite indicators are more commonly studied in 
the context of social vulnerability21 and economic vulnerability22, but much less in infrastructure vulnerability. In 
this study, we specifically examine transportation and power infrastructure. In the case of transportation systems, 
El Rashidy et al.23 develop a composite index to measure the resilience of road transport networks under disrup-
tive events. The authors use scenario implementation to obtain the sub-indicators, instead of collecting observed 
data which may limit the generalization of the approach. There are no studies that use indicators to evaluate the 
vulnerability of power systems. In contrast, the application of composite indicators to social vulnerability is more 
common. The most widely known is the Social Vulnerability Index by Cutter et al.8, where the authors used a 
factor analytic approach to compute a social vulnerability summary score. When considering the integration of 
both infrastructure and social factors in hazard vulnerability assessment, Müller et al.24 were among the first to 
integrate social vulnerability with infrastructure vulnerability using an indicator-based approach. They combine 
physical and social vulnerability by taking a subjective approach. The authors use a questionnaire to determine 
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sub-indicators weights, using inputs from both, households and experts, which provides a comprehensive assess-
ment of weights but limited scalability and generalization. Other studies consider an objective approach by either 
assuming equal weights for all sub-indicators9 or considering weights to be proportional to the inverse of the 
variance of sub-indicators25. While very few studies explored the integration of infrastructure and social factors 
in developing hazard vulnerability indicators, no prior studies investigated the considerations and limitations 
of constructing such indicators and interpreting them.

In fact, combining information from multiple systems and sources into one value to describe the overall 
hazard vulnerability may lead to challenges in the interpretation. First, composite indicators are highly depend-
ent on the weights assigned to sub-indicators. The literature presents multiple ways to combine sub-indicators 
into one composite indicator26. Different weighting methods will produce different results, which affects the 
final value of the composite indicator and significantly influences decision making27. Second, prior work on the 
inclusion of both infrastructure and social factors in the computation of a single indicator presents advantages 
in addressing the multi-dimensionality of vulnerability25 but does not investigate how the combined information 
can be used in evaluating the risk of disasters. For example, if equal weights are considered, a high infrastructure 
vulnerability with a low social vulnerability could be treated similarly to a low infrastructure vulnerability and 
a high social vulnerability due to similarities in the numerical value of the composite indicator. As such, there 
is a need to investigate the considerations and limitations of using a composite indicator approach to quantify 
hazard vulnerability.

This study develops an indicator for hazard vulnerability to analyze the limitations and considerations of using 
composite indicators in the context of vulnerability assessment. The study area is in Harris County in Texas, 
and the composite indicator combines infrastructure dimensions (power and transportation) and social dimen-
sions (e.g., poverty level, age, disability) to measure hazard vulnerability. The effect of weighting is analyzed by 
examining and comparing different weighting methods for the infrastructure vulnerability indicator. Then, the 
composite indicator value is analyzed and compared when various social factors are included. The outcome of 
this research can shed light on how different weighting methods influence the value of the composite indicator. 
It also emphasizes the importance of careful consideration when including multiple dimensions of vulnerability, 
specifically infrastructure and social factors. The outcome of the study provides a recommendation for alternative 
methods such as bivariate maps to distinguish these dimensions without compromising the value of combining 
them in the vulnerability assessment.

Results
The development and analysis of the composite indicator is demonstrated using a case study in Harris County, 
Texas with a focus on power and transportation infrastructure. Although the analysis shown focuses on a par-
ticular study area, our methodology is general and uses public data sources which makes it possible to reproduce 
in other areas.

Study area
As an area with a flat terrain that barely rises above sea level, Harris County is vulnerable to floods. Its environ-
mental conditions such as humid climate and clay soils, in addition to its growing population and aging infra-
structure, make it a target for climate-driven disasters including flooding and hurricanes28. In 2005, Houston, the 
main city in Harris County, was struck by Hurricane Rita, which caused extensive power interruptions all over the 
county that lasted for 6 days29. In 2008, Hurricane Ike swept through the city with high winds and strong rainfalls. 
The storm surge levels averaged near the 100-year levels for Harris County30. In 2017, Houston was hit by the 
costliest and most damaging tropical cyclone yet, Hurricane Harvey. It caused catastrophic flooding, leading to 
multiple deaths and widespread infrastructure failures31. In addition to the environmental stressors that impact 
infrastructure vulnerabilities, several social vulnerabilities are noted in this area. In 2018, among the three most 
densely populated counties in Texas, Harris County’s Social Vulnerability Index (SVI) stood at 0.72, the highest 
among these counties. Nearly 3 million people, equivalent to 64% of the county population, reside in a census 
tract that exhibits greater vulnerability than half of all census tracts across the country32. Moreover, the highest 
deficit in shelters is noted in Harris County33. Data from the Federal Emergency Management Agency Resilience 
Analysis and Planning Tool show that the highest social vulnerability factors, such as the percentage of elderly, 
disabled, poor, and those with limited English proficiency, are all concentrated in the center of the area. With 
the increasing frequency and intensity of natural hazards combined with the inherent social and infrastructure 
vulnerability, there is a critical need to better understand the vulnerability of this community to natural hazards. 
This case study focuses on the power and transportation infrastructure given historical trends of power outages 
and roads flooding during disasters. In Texas specifically, the state has its own electric grid, making it impossible 
to access power from other states and increasing the importance of understanding its vulnerability and impact 
on communities34. Power and transportation infrastructure play a critical role in the response to and recovery 
from disasters by providing essential services to vulnerable communities. While the focus of the case study is in 
Harris County, TX, the analysis can be generalized and applied to other regions. The study is conducted at the 
census tract level using publicly available data, to provide a sufficiently high resolution for emergency manage-
ment and communication. Harris County, which includes the city of Houston and a number of neighboring 
communities, is divided into 786 census tracts.

Development and analysis of the composite indicator
The steps involved in the construction of a composite indicator include (1) the selection of sub-indicators that 
represent different vulnerability dimensions, (2) the choice of a weighting method to allocate weights for each 
sub-indicator, and (3) the choice of an aggregation method to aggregate all weighted sub-indicators into a 
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composite indicator. The selected sub-indicators are standardized to a common scale using normalization. Each 
sub-indicator is then assigned equal weights, or weighted using subjective methods, such as Budget Allocation 
Processes (BAP), or objective methods, such as Principal Component Analysis (PCA)26. Finally, the composite 
indicator is obtained by aggregating the weighted indicators, often through simple linear and geometric aggrega-
tion, or through more complex non-compensatory methods.

The first objective of this study is to assess how various weighting methods influence the final value of the 
composite indicator. As such, the composite indicator is first constructed by aggregating the infrastructure 
vulnerability sub-indicators using different weighting methods (details on the approach are provided in the 
"Methods" section). Then, the integration of the social dimension is studied to address the second objective of the 
study, which is to investigate considerations and limitations of using composite indicators in the context of hazard 
vulnerability. To address this objective, two approaches are employed and compared. In the first approach, the 
social factors are included as sub-indicators in the calculation of the overall composite indicator. In the second 
approach, bivariate maps are used to examine the infrastructure and social dimension of hazard vulnerability. 
A summary of the results is provided in the following subsections. The complete set of results can be found in 
the Supplementary Information.

Composite indicator for infrastructure vulnerability
To construct the composite indicator for infrastructure vulnerability, the sub-indicators are selected based on 
environmental factors that influence power and transportation vulnerability to natural hazards. The rationale 
behind the sub-indicators selection is explained in the "Methods" section. Sub-indicators for transportation 
infrastructure vulnerability were informed by prior studies in the literature that developed transportation vulner-
ability indicators9,35,36. Given that no prior work developed an indicator for power vulnerability, the selection of 
sub-indicators for the power infrastructure vulnerability were introduced by the authors and inspired by prior 
predictive models of power outages37. For example, in the case of above-ground power lines, sub-indicators 
for power infrastructure vulnerability include soil properties related to tree stability (e.g., soil moisture), and 
sub-indicators for transportation infrastructure vulnerability include surface properties related to permeability 
(e.g., impervious density). The data associated with these sub-indicators are collected for Harris County, TX. 
The details of data preparation can be found in the "Methods" section and the Supplementary Information. 
This section reports on the effect of weight assignment on the composite indicator which significantly influ-
ences the value of the composite indicator. The weighting methods used consider (1) equal weights, and (2) 
PCA-generated weights, obtained by using the loadings generated from PCA (more details can be found in the 
"Methods" section).

We can see from the weights in Table 1 that PCA in the power dimension assigns higher weights to sub-
indicators of soil moisture and Soil Potential Index (SPI), and almost zero weight to canopy and root zone. For 
transportation, the PCA weights are more evenly distributed, with the lowest weight being assigned to wetland 
density, and the highest to impervious density.

These results can be explained by examining the individual maps of the spatial distribution of the sub-
indicators. All the figures in the manuscript and the Supplementary Information were developed by the authors 
using the ggplot2 library in R, version 4.3.0 (https://www.r-project.org/). Figure 1 shows the spatial distribution 
for the sub-indicators representing root zone and soil moisture around Harris County. The root zone is the 
extent to which tree roots extend in the soil, and the soil moisture is the moisture content of that soil. PCA is a 
method that estimates factor loadings based on the maximum variability. When examining these sub-indicators, 
it can be seen that the root zone has little geographic variability compared to the soil moisture. For this reason, 
not much information can be extracted from the sub-indicator describing root zone, and hence, PCA assigns 
a lower weight for that sub-indicator. For the transportation sub-indicators, there is more variability across all 
sub-indicators, with the least one being for wetland density, which is assigned the lower weight.

Once the sub-indicators have been weighted, they are linearly aggregated to obtain the final composite 
indicator value for each census tract within Harris County. The composite indicator values are displayed using 
cartographic representation to visualize the results in a geographic context, as this facilitates the recognition of 
spatial patterns. Equal intervals are chosen to display the different values in order to show the differences between 
method outcomes. Power vulnerability maps show different patterns for each method, as shown in Fig. 2. The 
complete set of maps can be found in the Supplementary Information.

Table 1.   Calculated weights for equal and PCA weighting methods.

Power vulnerability sub-indicators

Canopy density Soil moisture SPI Root zone

Equal 0.25 0.25 0.25 0.25

PCA 0.083 0.586 0.280 0.051

Transportation vulnerability sub-indicators

Wetland density Vegetation density Impervious density Closed roads

Equal 0.25 0.25 0.25 0.25

PCA 0.174 0.271 0.307 0.248
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Equal weighting results in higher power vulnerability in East Harris County, while the vulnerability is shown 
to be higher in the South under the PCA method. These differences are due to the varying weights the methods 
offer, in combination with variations of the sub-indicator values geographically across the study area. For exam-
ple, the power vulnerability using PCA weights follows a very similar pattern of vulnerability as soil moisture, 
which exhibits the most geographic variability between the sub-indicators. On the other hand, all the sub-indi-
cators in the power vulnerability using equal weights contribute equally to the output. The composite indicator’s 
value is highly dependent on its sub-indicators and varies greatly depending on the weighting methods applied. 
Therefore, using different weighting methodologies can lead to divergent results, introducing inconsistencies 
in prioritizing emergency preparedness and response. These discrepancies can mislead decision-makers and 
hinder the optimal allocation of resources and the implementation of effective emergency plans. To overcome 
these ambiguities, subjective weighting methods can be used to incorporate preferences from stakeholders, and 
guide results based on their prioritized needs. Weighting the sub-indicators therefore has a large effect on the 
final composite indicator, as the method of weighting treats data differently.

Integration of the social dimension
While composite indicators of infrastructure vulnerability can indicate where hazards are most likely to impact 
infrastructure, it is essential to recognize that vulnerability is not solely determined by physical infrastructure 
characteristics, and is also shaped by social factors. For example, the presence of marginalized communities in 
flood-prone areas may amplify vulnerability due to limited resources, inadequate evacuation plans, or reduced 
of access to information. These groups often lack the financial means to prepare for floods or evacuate effectively, 
compounded by inadequate transportation options and insufficient access to critical information. Without tar-
geted support and inclusive planning, these disparities exacerbate the risks faced by marginalized populations 
during flood events. The social dimension highlights the importance of community awareness and preparedness 
in responding to natural hazards. This section presents the considerations and limitations of incorporating this 
dimension to infrastructure vulnerability. As a first step, the selected social factors are all included in the overall 
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Figure 1.   (a) Root zone and (b) soil moisture have varying spatial distribution across Harris County, TX. Low 
vulnerability is indicated in yellow, high vulnerability is indicated in red.
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composite indicator as sub-indicators, along with the infrastructure sub-indicators, an approach that has been 
adopted in multiple studies in the literature9,25. These social factors include variables that describe populations 
that may be at higher risk of the adverse impacts of a natural hazard. The social factors added to the overall 
composite indicator consider people over 65 years old, people with disabilities, people with limited English 
proficiency, people without vehicles, people below the poverty line, and distance to the closest food hub. The 
same process described for constructing the infrastructure vulnerability indicator is used and adapted to include 
social sub-indicators. The complete set of results can be found in the Supplementary Information. The following 
section compares the infrastructure vulnerability to the overall vulnerability considering the social aspect, and 
examines the impact of this inclusion as well as the potential misinterpretation it may cause.

Heat maps of the overall vulnerability indicators, for power and transportation dimension, are shown in 
Fig. 3. Composite indicators considering only the infrastructure dimension are shown in Fig. 3 (a and c), and 
composite indicators considering both infrastructure and all social dimensions are shown in Fig. 3 (b and d).

For the transportation vulnerability, the general pattern of vulnerability assessment appears to be similar 
with and without social factors. However, when looking at a specific areas at a higher resolution, the addition 
of the social factors to the indicators resulted in differences in how overall hazard vulnerability is assessed. For 
example, the center of Harris County is characterized by a large number of the population below poverty line, 
population with disability, and population with limited English. This leads to an increase of the overall risk of 
transportation failure in this area which manifests in a higher overall vulnerability indicator. In contrast, the 
mid-west areas shows a lower overall vulnerability (after including social factors) even though the vulnerability 
of transportation infrastructure to failure is higher in this area, Fig. 3 (a). This outcome is due to residents having 
a low social vulnerability in these areas.

Incorporating the social dimension in a composite indicator along with the infrastructure dimension helps 
better assess the risk of natural hazards on communities. The aim is to capture the vulnerability of the popula-
tion and its intersection with the vulnerability of critical infrastructure, which is a crucial factor in assessing 
the overall hazard vulnerability of a community. However, a closer inspection of the vulnerability maps reveal 
potentially misleading conclusions on the intersection between infrastructure and social vulnerability using 
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composite indicators. For example, a PCA-weighted power vulnerability composite indicator results in nearly 
identical vulnerability maps with and without social factors, which could potentially mislead risk managers into 
considering that social vulnerability has no influence on the overall hazard vulnerability, Fig. 3 (c and d). The 
rationale behind this outcome is due to the weighting method used. In this case, PCA assigns very small weights 
to the social indicators, making the changes insignificant. Likewise, a reduction of overall vulnerability after the 
inclusion of social factors does not necessarily mean that there is no social vulnerability, but could merely mean 
that the weight assignment shifted the contribution of the sub-indicator.

In order to investigate these variations, we propose the use of bivariate maps to visualize the patterns across 
different vulnerability dimensions. Bivariate maps help address challenges related to understanding relationships 
and patterns between two different variables within a geographic context. Figure 4 (a and b) shows the transporta-
tion vulnerability against the population below poverty line, and the population distant from food distribution 
hubs. Figure 4 (c and d) shows the power vulnerability against the population over 65 years old, and the popula-
tion below poverty line. The complete set of bivariate maps can be found in the Supplementary Information.

As opposed to what has been previously shown, the overall hazard vulnerability varies greatly depending on 
the type of social vulnerability considered. Decision makers have to prioritize areas where both the infrastruc-
ture and social vulnerability is critical. Bivariate maps help determine the specific needs based on the specific 
vulnerabilities where infrastructure might be failing in areas of high social vulnerability. These areas are shown 
in dark purple on the map. Darker blue areas represent areas with the highest social vulnerability, but where 

Figure 4.   Bivariate maps can help identify specific areas of vulnerability, such as the areas that combine 
transportation vulnerability with (a) areas with population over 65 and (b) areas that are distant from food 
hubs, and the areas that combine power vulnerability with (c) areas with population over 65 and (d) areas with 
population below poverty line.
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infrastructure is least likely to fail. Darker pink colors reflect areas where infrastructure is most vulnerable to 
failure and where social vulnerability is low. We classify three levels of vulnerability as low, moderate and high.

For example, when looking at the overall power and social vulnerability map in Fig. 3 (d), one can conclude 
that the overall area in Southeast Harris County is vulnerable to hazards when it comes to power infrastructure. 
However, when we investigate the bivariate maps, Fig. 4 (c and d), we can identify specific areas within the region 
where elderly and communities below the poverty are at most risk (dark purple) and where emergency prepared-
ness and response efforts should focus. The remaining census tracts in Southeast Harris County are either areas 
in dark pink, which indicates high infrastructure vulnerability and low social vulnerability (lowest percentage 
of people below the poverty line) or areas in light purple which represent high infrastructure vulnerability and 
moderate social vulnerability (moderate percentage of people over 65). These areas are less critical than areas 
where both infrastructure and social vulnerability are high. Investigating vulnerability this way helps decision 
makers prioritize specific zones and allocate resources specific to the needs of the population.

Another example is shown in the transportation vulnerability bivariate maps. The overall vulnerability map 
for transportation and all social factors, Fig. 3 (b), shows a higher vulnerability in the center of Harris County. 
When looking at each social factor individually, such as the distance to food hubs, Fig. 4 (b), we notice that areas 
with the greatest concern in terms of accessibility to food hubs are areas with low transportation vulnerability 
(dark blue areas in northeast and northwest Harris County). Additionally, a few census tracts in southeastern 
part of the county exhibit a high vulnerability in terms of food hub accessibility and moderate vulnerability of 
the transportation infrastructure. When looking at the bivariate map of transportation and population below the 
poverty line, Fig. 4 (a), we notice a larger extent of the overall vulnerability in the middle of the county intersect-
ing with a large number of the population below poverty line. The combined use of composite indicators with 
bivariate maps that distinguish between different social factors and different infrastructure sectors enables a 
more strategic disaster preparedness and response that targets specific needs of different group of marginalized 
communities under different types of disruptions (e.g., power outages, road closure).

Table 2 shows the percentages of census tracts that fall within the high vulnerable category (composite 
indicator value above 0.8) for overall hazard vulnerability maps, and within the high infrastructure-high social 
vulnerability bracket for each bivariate map. Based on the overall power vulnerability composite indicator map, 
approximately 8.4% of the Harris County census tracts are considered highly vulnerable. However, when looking 
at the corresponding bivariate map, this proportion is not uniform across all the social indicators. For example, 
none of the census tracts have a combined high power vulnerability and high percentage of people with lim-
ited English. However, almost 5% of census tracts fall within the bracket of high power vulnerability and high 
percentage of people below the poverty line. Similarly, 8% of the Harris County census tracts have high overall 
vulnerability for transportation and social factors, but none of the census tracts have both high transportation 
vulnerability and high social vulnerability with respect to distance to food hubs. On the other hand, 13.4% of the 
census tracts fall within the bracket of high transportation vulnerability and high percentage of people below the 
poverty line. This discrepancy and generalization of the vulnerability can be misleading to the decision makers 
and lead to the loss of crucial information. These bivariate maps show that the major social factor concern in 
areas with vulnerable infrastructure is the population below poverty line.

To summarize, the study reveals that vulnerability is not uniform across the county. While the overall vul-
nerability maps provide a broad understanding of vulnerable areas, the bivariate maps refine this knowledge, 
pinpointing specific communities facing increased risks. For the case of Harris County, it is clear that populations 
below poverty line emerge as particularly vulnerable groups, requiring targeted interventions. Disaster managers 
can use this information to prioritize resource allocation, directing efforts towards areas with the greatest need. 
For instance, to help low income households, emergency responders can focus on providing temporary power 
source such as backup generators for medical equipment during power outages or they can ensure that food is 
delivered to households when access to food hubs is disrupted due to flooded roads.

Combining sub-indicators of infrastructure and social factors is found to be misleading in the assessment of 
the vulnerability of a community. Including either one or all of the social factors in the overall composite indicator 
can mask intricate patterns and lead to the loss of information. When all the indicators are added together, there 
is a risk that planners might brush off certain areas in favor of others in their strategies. Composite indicators are 
designed to simplify complex information into a single value. Including social factors often requires reducing 
multifaceted social dynamics into a single metric, which can oversimplify the patterns of the social phenomena 
and overlook or misrepresent important factors. Bivariate maps are a valuable tool that enable the proper inter-
pretation of composite indicators in the context of multidimensional hazard vulnerability.

Table 2.   Percentages of census tracts that fall within the high vulnerability category.

Bivariate maps Overall maps

Over 65 With disab. Limited English Without vehicle Below pov. line Hub dist. –

Power 1.908 0.89 0 0.89 4.961 0.763 8.396

Transportation 1.399 1.017 1.145 3.435 13.486 0 8.015
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Discussion
This study has shown the importance of carefully considering the weighting and aggregation methods for com-
posite indicators generally, and the inclusion of social factors and infrastructure vulnerability specifically in the 
context of natural hazard vulnerability. The results emphasize the complex nature of composite indicators, given 
their inconsistency in outputs across different methods. Researchers, policymakers, and stakeholders must be 
cautious of the differences between methodologies and their underlying assumptions. Moreover, it is crucial to 
highlight that physical and social vulnerability are interconnected elements and require a holistic approach to 
their analysis. Determining the interaction between social and infrastructure vulnerability improves the allo-
cation of resources by targeting high priority areas in a community. However, a direct incorporation of social 
factors in the overall composite indicator can be misleading of the overall hazard vulnerability. Overloading the 
indicator with several social factors makes it challenging to discern specific patterns to address specific needs of 
different vulnerable groups. The type of resources, efforts and plans depend on different types of vulnerabilities 
among a population group that is at risk. The policy implications of these findings extend beyond the immediate 
context of natural hazard vulnerability assessment. By highlighting the nuanced interplay between social factors 
and infrastructure vulnerability, this study demonstrates the importance of tailoring mitigation and adaptation 
strategies to the specific needs of communities.

Our results align with prior research that also detected spatial disparities in terms of the vulnerability of 
specific communities, such as economically underprivileged populations living within areas prone to flooding9 
as well as prior work that found social inequities in post-disaster assistance after hurricane Harvey38. In fact, 
recent work investigates how vulnerable groups are more likely to seek medical care in the aftermath of a disaster, 
emphasizing the need to differentiate between different aspects of infrastructure and social vulnerability39. More 
generally, prior work agrees with the fact that successful mitigation strategies require the consideration of all 
aspects of the multidimensional nature of vulnerability, such as the importance of including social sub-indicators 
along physical sub-indicators as they are interconnected components9,40.

It is important to acknowledge and address limitations of our approach and analysis in future studies. One 
important consideration in composite indicators is that the correlation and interdependencies between different 
sub-indicators and social factors are not explicitly modeled in the aggregation approach. For example, percent-
age of population below poverty line may correlate with other social factors (e.g., percentage of people without 
a vehicle, percentage of people with disabilities). This limitation could be addressed by either removing highly 
correlated variables, or using weighting techniques that prevent the double counting of these variables. Other 
limitations are concerned with the time-dependent aspects of vulnerability. Composite indicators typically pro-
vide a snapshot assessment of the hazard vulnerability rather than a dynamic assessment in response to changing 
hazard conditions. Infrastructure vulnerability is dynamic and may change as a function of the forecast of natural 
hazards. While demographic factors may not change dynamically during a disaster, factors such as population 
shifts, economic fluctuations, or community resilience initiatives can all influence social vulnerability levels 
leading up to an event. To capture the evolving nature of the environmental conditions, a dynamic approach 
can be developed to adjust the weights or the choice of sub-indicators based on changing circumstances or the 
detection of anomalies. This adaptive approach can help maintain the relevance and accuracy of the indicator 
over time. This dynamic assessment can also account for the changes in human factors related to operators and 
emergency responders, as the expertise, training, and management of staff can significantly impact infrastructure 
performance. Finally, the dynamic approach can help resolve the issue of cascading failures across infrastructure 
sectors. The failure of power infrastructure can lead to cascading effects that impact the transportation system 
and vice versa. Therefore, composite indicators must be adapted to incorporate time-dependent variations.

Methods
This section describes the methods adopted to develop a composite indicator value for each census tract of Harris 
County. The process of constructing a composite indicator starts with the selection of sub-indicators that measure 
the phenomenon to be estimated, on the basis of their relevance, availability, and measurability. The sub-indicator 
values are collected for each census tract. Once data are acquired and missing values are imputed, normalization 
and orientation is applied to ensure all the sub-indicators have the same magnitude and direction. In our case 
study, sub-indicators for infrastructure and social vulnerability were collected for each census tract of Harris 
County. The data was complete, except for two census tracts which had missing root zone values. The missing 
values were imputed using the mode of the remaining values, since their quantity was small, and the majority 
of the data corresponded to the mode. All the sub-indicators were rescaled using a min-max normalization. 
Wetland density, vegetation density, root zone, and Standard Precipitation Index (SPI) sub-indicators were re-
oriented to represent their contribution to the vulnerability (e.g., high wetland density decreases vulnerability). 
Following the data collection and processing, the sub-indicators are aggregated into one composite indicator. 
To assign different amounts of contribution for each sub-indicator to the overall composite indicator, a weight 
must be determined for each sub-indicator. Several subjective and objective methods have been proposed in the 
literature for weighting and aggregating sub-indicators. This study considers objective methods to facilitate the 
comparison across calculation and weighting approaches and the interpretation of the composite indicator. As 
such, equal weighting and PCA weighting methods are considered. The methodologies for each step are further 
described in the following sub-sections.

Selection of sub‑indicators
The selection of sub-indicators is a crucial part of the development of a composite indicator, as different sub-indi-
cators capture different properties of the system vulnerability, and hence produce different results. The selected 
sub-indicators must reflect the inherent vulnerability of the infrastructure systems and meet specific criteria. 
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Sub-indicators have to be relevant to the phenomenon being measured, they should be acquired from a trust-
ful source, and ideally, they should be able to be measured consistently over time in order to monitor trends41.

Composite indicators encompass several dimension of hazard vulnerability including infrastructure (power, 
transportation) and social (e.g., poverty level, age). Sub-indicators are selected for each dimension based on the 
criteria mentioned above, and data representing them are collected for each census tract of Harris County. The 
sub-indicators used in this study are summarized below.

Sub‑indicators for power infrastructure vulnerability
In order to determine which sub-indicators are relevant to the power infrastructure vulnerability, we need to 
determine which factors, in the case of extreme weather events, make the area more vulnerable to power out-
ages. During floods, heavy downpour can cause trees to fall down. Trees can also get overloaded by snow during 
snowstorm, causing the branches to break and fall. During hurricanes, strong winds tend to knock down trees 
and poles, which cuts the power lines, leaving households with no electricity. Hence, the sub-indicators are 
closely related to factors that cause tree or pole instability. The selected sub-indicators for the vulnerability of 
the power system are listed below.

•	 Canopy density. Densely forested areas are more likely to have their cables damaged during storms. Power 
lines can get entangled in branches due to strong wind in areas where there are many trees. High canopy 
density increases the vulnerability of its environment.

•	 Soil moisture. An increase in the moisture content of a soil typically results in the soil weakening and soften-
ing. Thus, when trees in saturated soils are subjected to strong wind, their roots are more easily pulled out, 
resulting in the trees getting blown over. This also decreases pole stability, leading to downed power lines. 
A high soil moisture content, therefore, increases the vulnerability of its environment. In the case of under-
ground power lines, soil moisture is still a relevant sub-indicator whereby the thermal resistivity of cables in 
soil significantly decreases when its moisture increases42. This increases the risk of electrical faults or failures.

•	 Standard precipitation index (SPI). Drought conditions lead to stress in trees, making them more prone to 
falling. SPI is an indicator that compares the total amount of precipitation during a certain period of time in 
an area to the total long-term precipitation in that same area. Negative SPI values can be a sign of drought 
conditions, and hence low SPI values decrease the vulnerability of the environment.

•	 Root zone. The root zone is the extent to which tree roots spread. Deeper root zones are an indication of more 
stable trees, as it is harder to uproot them. A high root zone value therefore decreases the vulnerability of its 
environment.

Sub‑indicators for transportation infrastructure vulnerability
In order to determine which sub-indicators are relevant to the transportation infrastructure vulnerability, we 
need to determine which factors, in the case of extreme weather event, make the area more vulnerable to road 
closures from flooding. Floods happen during events of heavy rain. When the precipitation is not absorbed, 
water accumulates on the pavement, causing the roads to overflow. Floods restrict the movement of the vehicles, 
and interfere with the road network, forcing some roads to close down. Moreover, during snowstorms, impervi-
ous pavements are more susceptible to becoming icy, causing accidents, which can also lead to road closure or 
increased traffic. Hence, the sub-indicators are closely related to factors relevant to the absorption of run-off. 
The selected sub-indicators for the vulnerability of the transportation system are listed below.

•	 Wetland density. Wetlands have the ability to store flood water from high runoff. They act as natural sponges 
that soak up the water, which reduces the severity of the flood. High wetland density decreases the vulner-
ability of its environment.

•	 Vegetation density. Dense vegetation slows down the flow of the water. Rainfall and runoff are captured by the 
vegetation, leaving less water available to flow over the surface. A high vegetation density therefore decreases 
the vulnerability of its environment.

•	 Impervious surface density. Impervious surfaces do not allow water to seep into the ground. They increase the 
rate and volume of runoff, and increase the risk of flood damage. High impervious surface density, therefore, 
increases the vulnerability of its environment.

•	 Percentage of roads vulnerable to floods. Knowing which roads are more likely to close down during an extreme 
weather event is an important step of disaster planning and management. It helps emergency response teams 
identify areas that will be less accessible following the hazard, and which alternative routes to take to get 
to their destination. The percentage of roads vulnerable to floods is determined by overlaying the 100-year 
floodplain with the road network of the census tract. A high percentage of roads vulnerable to floods increases 
the vulnerability of the environment.

Social factors of vulnerability
While it is important to know which areas have vulnerable infrastructure, it is also crucial to assess the specific 
needs of different groups of people living in those vulnerable areas, as a means to understand the ability of the 
residents to respond to the natural hazard and provide the necessary steps for proper disaster planning. The 
selected sub-indicators of population vulnerability are provided in the list below.
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•	 Percentage of population over 65 years old. For the elderly, power outages can become a dangerous situation. 
Electricity is needed to power medical and assistive equipment, and to keep medications from going bad. 
Elderly also need more time and assistance for evacuation.

•	 Percentage of population with disability. Individuals with mental or physical disabilities required additional 
time and assistance during disasters. People with chronic illnesses and disabilities rely on electricity to power 
critical medical equipment, such as power wheelchairs, ventilators, dialysis or other mobility aid or treat-
ments.

•	 Percentage of population with limited English. Individuals with limited English may face difficulties in under-
standing warning messages and evacuation instructions. Without access to power and internet, it becomes 
more difficult to receive news and instructions in their native language or to translate evacuation instructions.

•	 Percentage of population without a vehicle. During natural hazards, vehicles are needed for household mem-
bers to evacuate and move to emergency shelters. Without access to a car, leaving to safer surroundings 
becomes challenging and more dangerous.

•	 Percentage of population below poverty line. Individuals living below the poverty line are typically located 
in areas where the infrastructure is not well maintained and prepared to withstand natural hazards, which 
increases their exposure to adverse effects of disasters. They also lack personal resources to respond to and 
recover from hazards and infrastructure failure.

•	 Distance to closest food hub. Proximity to food hubs can significantly influence the resilience and preparedness 
of communities, as shorter distances allow for quicker and more reliable access to food for people in need.

The data for all the sub-indicators were obtained from public sources which are summarized in Table 3.

Data preparation
Once the data of all the sub-indicators are acquired for each census tract, they first need to be processed before 
applying the weighting and aggregation to develop the composite indicator. Data processing is essential in order 
to identify outliers, make scale adjustments, and transform highly skewed sub-indicators26.

Missing values
In many cases, data are only available for some areas, or only for certain sub-indicators. Imputation of the data 
is essential in order to obtain a complete data set. Depending on the number and pattern of the missing values, 
there are different methods used for data imputation. These methods fall under three categories: (1) case deletion, 
(2) single imputation or (3) multiple imputation. When the data are missing completely at random (MCAR), 
meaning that the cause of the missing data are unrelated to the data, and the amount of cases where the data are 
missing is small, a simple deletion of the cases is enough. However, this method is avoided as it means that certain 
census tracts will not be evaluated. Simple single imputation uses the mean, mode, or median of the remaining 
data to replace the missing values, while slightly more complex single imputation uses regression or clustering, 
which are more accurate methods. Multiple imputation averages the outcome across multiple imputed datasets43.

Table 3.   List of sub-indicators and corresponding sources. Acronyms are provided in the Supplementary 
Information. (+) indicates that a larger value contributes to lower vulnerability, (−) indicates that a larger value 
corresponds to higher vulnerability.

Sub-indicator Orientation Data source

Power vulnerability sub-indicators

 Canopy density (-) NLCD 2016, Tree Canopy

 Soil moisture (-) NASA, GES DISC

 Standard precipitation index (+) NOAA, NIDIS

 Root zone (+) USDA gSSURGO

Transportation vulnerability sub-indicators

 Wetland density (+) U.S. Fish & Wildlife Service, NWI

 Vegetation density (+) NLCD 2016, Land Cover

Impervious surface density (-) NLCD 2016, Percentage Developed Imperviousness

 % roads vulnerable to floods (-) U.S. Census TIGER/Line
FEMA Floodmap

Social factors of vulnerability

 % population> 65 years old (-) FEMA RAPT

 % population with disability (-) FEMA RAPT

 % population with limited English (-) FEMA RAPT

 % population without a vehicle (-) FEMA RAPT

 % population below poverty line (-) FEMA RAPT

 % distance to closest food hub (-) Houston Food Bank
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Normalization
Once a complete dataset is obtained for each sub-indicator, an important step of the construction of a composite 
indicator is the transformation of the data. Sub-indicators rarely have the same units or scale. Aggregating them in 
their raw format will allow the difference in magnitude to influence the overall value of the composite indicator. 
Normalizing the sub-indicator ensures all the sub-indicators have the same magnitude, refraining the composite 
indicator from favoring sub-indicators with higher values. Min-Max normalization, Eq. 1, is widely used in the 
field of composite indicators. It results in values that range from zero to one, by shifting the distribution, with-
out changing it. This is a popular method due to its simplicity and ease of understanding. It also guarantees all 
features will have the exact same scale44.

Orientation
The orientation of the sub-indicators must reflect the correct direction of the composite indicators. Given that a 
high composite indicator value should indicate high vulnerability, it is expected that all sub-indicators must show 
high vulnerability at high values. Instead, some sub-indicators have high values that reflect low vulnerability. 
Thus, they need to be re-oriented45. To re-orient a sub-indicator, we use Eq. 2, which takes the complementary 
value of the sub-indicator.

Weights
One misconception about weights in a composite indicator is that those weights are a measure of the importance 
of the sub-indicator46 whereas these weights are concerned with their contribution to the value of the composite 
indicator. The assigned weight has a big influence on the final indicator value, and this can be used to control the 
amount of contribution each sub-indicator has on the output. Sub-indicators with a small assigned weight have 
little impact on the end result, and vice-versa. This study considers two methods for weighting sub-indicators, 
equal weights and the Principal Component Analysis.

Equal weights
Equal weights, Eq. 3, is a popular method of weight assignment due to its simplicity. Applying equal weights 
could imply equal importance between the sub-indicators. If there are no empirical grounds or experts’ knowl-
edge available to assign importance to the sub-indicators, equal weights assumes all sub-indicators are equally 
important, and hence all sub-indicators are contributing equally. It could also indicate insufficient knowledge of 
the statistical relationship between the sub-indicators. It is used in the construction of many sub-indicators. For 
example, in the Human Development Index, equal weight is assigned to all three dimensions of the composite 
indicator, as well as to all the sub-indicators of the composite indicator. This is based on the assumption that all 
human beings value the dimensions equally47. It should be noted that equal weights could lead to oversimplifi-
cation and potential misinterpretation of the weights, as well as make it more prone to double counting when 
sub-indicators are highly correlated.

Principal component analysis (PCA)
Objective data-driven approaches have been developed to overcome the problem of subjective weighting. These 
approaches estimate which variables get assigned the highest weights and which get assigned the lowest weights. 
When presented with a large number of sub-indicators, Principal Component Analysis (PCA) is a popular 
method that is used, as it can reduce the size of the data, while keeping as much of the variation as possible. 
Wiréhn introduced a new weighting method that uses PCA to assign weights48. This method is not meant to be 
used for dimension reduction, rather the loadings of the principal components are used to compute the weights. 
The first step is to conduct PCA on the data set to obtain the eigenvectors and eigenvalues. Then, the loadings 
of each principal component are obtained. The absolute value of the loadings of the first principal component 
are applied to the sub-indicators. These loadings are divided by the sum of loadings of the first principal com-
ponent to achieve a total weight of one, as shown in Eq. 4. Here, the factor loading of sub-indicator i in the first 
principal component is �1i.

Aggregation
The final step in forming a composite indicator is the aggregation, which combines the values of the set of 
weighted sub-indicators into a single composite indicator. The two main aggregation methods used are com-
pensatory and non-compensatory49. The former allows trade-offs while the latter does not. The existence of 
trade-offs refers to the fact that poor performance in some sub-indicators can be compensated by high values 

(1)xmin−max =
x − xmin

xmax − xmin

(2)xoriented = 1− xmin−max

(3)wequal =
1

total number of sub-indicators

(4)wi,PCA =

�1i∑m
i=1 �1i
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of other sub-indicators. In other words, non-compensatory methods output a low score for the case where any 
sub-indicator has a low value, while compensatory methods can make up the presence of low scores with the 
presence of high scores. Linear aggregation, Eq. 5, is a compensatory method. It assumes constant trade-offs for 
all cases. Here, i refers to the index of the sub-indicator and j is the index of the census tract.

In order to compare the results from each method, the output is further scaled using the min-max normaliza-
tion after the aggregation to obtain a value ranging between 0 and 1, where 0 indicates least vulnerable and 1 
indicates most vulnerable.

The final composite indicator is constructed twice. First, the infrastructure sub-indicators are linearly aggre-
gated using equal and PCA weights to determine the effect of weighting, then the composite indicator is con-
structed again using both infrastructure and social sub-indicators to assess the interconnectedness of the infra-
structure and social dimensions. In the second construction of the composite indicator, which includes both 
infrastructure and social factors, the PCA method was used for assigning weights.

 Data availability
The data and the code that support the findings of this study are available from the corresponding authors upon 
request.
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