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This study investigates the impacts of multiple hazards on household vulnerability and resilience in Damaturu, Yobe State, Nigeria. Using a mixed-methods approach that combined household surveys (n=1,084), focus group discussions, spatial mapping, and Bayesian statistical modeling, the research provides a multidimensional analysis of disaster risk. Findings reveal that flooding and Boko Haram insurgency are the most destructive hazards, with over 90% of affected households reporting displacement and property loss, while epidemics such as cholera caused the highest health impacts. Socioeconomic disparities, particularly low income and education, significantly increased disaster impacts, as confirmed by regression and ANOVA analyses. Spatial and seasonal patterns indicated that hazard risks are clustered in vulnerable wards such as Nayinawa and Sabon Pegi, with floods concentrated in the rainy season and droughts and fires in the dry Harmattan period. Bayesian and spatial models further highlighted the predictive roles of hazard frequency and severity and identified localized hotspots within a 2.1 km radius. Overall, the study demonstrates that vulnerability in Damaturu is shaped by the intersection of environmental stressors, poverty, and weak institutional capacity. It concludes that disaster risk reduction requires integrated, location-specific strategies that combine socio-economic development, infrastructure investment, and community-based early warning systems. 
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1. Introduction
Natural hazards such as floods, droughts, and violent conflict continue to pose profound threats to human security, disrupting livelihoods, damaging infrastructure, and exacerbating poverty; particularly in low-income and fragile regions (UNDRR, 2015; UNDRR, 2022). Damaturu, the capital of Yobe State in northeastern Nigeria, exemplifies such vulnerability. The town faces an intensifying convergence of hydro-meteorological hazards and socio-political stressors, including recurrent droughts, episodic floods, disease outbreaks, and protracted violent conflict associated with the Boko Haram insurgency. These compounding risks have left communities in a persistent cycle of exposure, disruption, and limited recovery. Situated in the semi-arid Sahelian zone, Damaturu’s climate and hydrology predispose it to water-related hazards. Droughts have repeatedly resulted in crop failures, water shortages, and the depletion of household livelihoods (Olofinleye et al., 2018; Zhang et al., 2025). At the same time, the Yobe River and its tributaries contribute to seasonal flooding, especially during intense rainfall periods, damaging homes, infrastructure, and agricultural land (Belay et al., 2025). The Boko Haram insurgency has added layers of complexity, leading to mass displacement, the destruction of public services, and weakened community resilience (Osumah & Ogbanas, 2018). Together, these hazards form an intricate and evolving risk landscape.
What makes Damaturu particularly vulnerable is not just the presence of these hazards but the underlying societal conditions that magnify their impact. High poverty rates, inadequate infrastructure (especially drainage and health facilities), limited access to formal education, and high population density restrict both anticipatory and adaptive capacities. Vulnerable households often reside in high-risk zones, lack access to early warning systems, and cannot afford to implement mitigation strategies. As a result, each hazard event has cumulative effects, eroding resilience over time and reinforcing poverty traps. The relationship between hazards and vulnerability is inherently geographical and systemic. Risk is not evenly distributed but varies by place, population group, and institutional context (Cutter et al., 2003). Therefore, understanding the geography of hazard risk; including where, how often, and to whom hazards occur; is critical for designing effective disaster risk reduction (DRR) strategies. This study leverages geospatial analysis to map the spatial distribution of hazard exposures and vulnerabilities across Damaturu town, integrating community perspectives and socio-demographic data for targeted intervention design.
In doing so, the study applies the Sustainable Livelihood Framework (SLF) to assess how natural hazards affect the five core livelihood capitals—human, social, physical, natural, and financial. The SLF enables a nuanced analysis of disaster impacts beyond immediate losses, considering how hazards undermine long-term wellbeing and development prospects (Chambers & Conway, 1992; Birkmann, 2006; Alonso-Sarria et al., 2025). It is especially relevant in urban African settings, where informal settlements, economic marginalization, and institutional gaps shape vulnerability in multidimensional ways. Geospatial technologies further enhance this analysis by enabling spatial prioritization of risk. Using hazard occurrence data, community-level vulnerability indicators, and demographic patterns, the study identifies high-risk zones and the drivers of vulnerability. This spatially explicit approach allows for the development of context-specific risk reduction strategies—a critical improvement over blanket or top-down disaster responses that often fail to address the realities on the ground (Few et al., 2006; Smith et al., 2017; Wang et al., 2025).
The study is motivated by three major gaps in the literature and practice. First, there is a lack of integrated, spatially disaggregated data on multi-hazard vulnerability in Nigeria’s secondary cities. Second, vulnerability assessments are rarely informed by both quantitative and qualitative data from local stakeholders. Third, national and local DRR strategies often lack the granularity needed to effectively prioritize resources in fragile urban contexts like Damaturu. By addressing these gaps, the study aligns with the objectives of the Sendai Framework for Disaster Risk Reduction (2015–2030) and supports the implementation of SDG 11 (Sustainable Cities and Communities) and SDG 13 (Climate Action). This study aims to provide a comprehensive and spatially informed analysis of hazard risk in Damaturu town. Its specific objectives are to: 
i. Identify the major hazards affecting Damaturu town and their seasonal patterns. 
ii. Analyze the spatial distribution and severity of hazard impacts across wards. 
iii. Assess socio-economic vulnerabilities contributing to household exposure and sensitivity.
iv. Examine local perceptions and barriers to preparedness and resilience. 
v. Recommend evidence-based, spatially targeted strategies for risk reduction and adaptive planning. 
In pursuing these objectives, the study draws on a combination of household surveys, focus group discussions (FGDs), statistical modeling (ANOVA, regression), and Bayesian spatial analysis. The integration of these methods provides a robust basis for informing both academic inquiry and practical interventions in urban disaster risk governance. 
2. Materials and Methods 
The materials and methods employed in this study were carefully designed to provide a robust and holistic understanding of hazard impacts, vulnerability, and resilience in Damaturu, Yobe State. Given the town’s exposure to multiple hazards such as flooding, drought, epidemics, windstorms, fire outbreaks, and conflict-related events, a mixed-methods research design was adopted to capture both measurable trends and lived experiences. Quantitative data from household surveys offered statistical insights into socioeconomic characteristics, hazard exposure, and disaster impacts, while qualitative evidence from focus group discussions provided deeper perspectives on community perceptions, preparedness strategies, and institutional support systems. These were complemented with spatial and temporal analyses to highlight geographic and seasonal variations in hazard risks, alongside advanced Bayesian modeling that quantified uncertainties and strengthened predictive reliability. Together, these methodological choices ensured triangulation of evidence, enabling the study to generate context-specific, comprehensive, and policy-relevant findings.
2.1 Study Area 
The study was conducted in Damaturu, the capital of Yobe State, northeastern Nigeria. Geographically located between latitude 11°45′N and 12°00′N and longitude 11°55′E and 12°10′E, Damaturu lies in the semi-arid Sudan savanna ecological zone. It experiences marked seasonal variation, with a rainy season from June to September and a long dry season from October to May. The town is increasingly exposed to multi-hazard risks including flooding, drought, epidemics (e.g., cholera), windstorms, fire outbreaks, and conflict-related events such as Boko Haram attacks. 
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Figure 1. Map of Damaturu Town 
2.2 Research Design
The mixed-methods design was adopted to triangulate findings, ensuring that statistical analysis, qualitative insights, and spatial modeling together provide a holistic understanding of hazard impacts. A mixed-methods design was adopted, combining descriptive quantitative analysis, inferential statistics, qualitative assessments through Focus Group Discussions (FGDs), and spatial modeling. This triangulated approach provided a comprehensive understanding of hazard impacts, community vulnerability, and resilience mechanisms.
2.3 Population and Sampling 
A multi-stage stratified sampling strategy was applied to achieve representativeness across wards and socioeconomic groups, thereby minimizing bias and ensuring reliability of findings. The target population comprised households residing in Damaturu’s ten main administrative wards. A multi-stage stratified sampling method was used. First, the wards were stratified based on exposure to known hazard types. Within each stratum, households were randomly selected, ensuring representation across income, education, and gender categories. A total of 1,084 households participated in the survey. Additionally, ten FGDs were conducted; three male-only, two female-only, and one mixed group; comprising between 6 and 10 participants per group. Participants were selected purposively to ensure inclusion of residents from high-risk and low-income communities. 
2.4 Data Collection Instruments 
Both quantitative and qualitative instruments were employed to capture complementary dimensions of household vulnerability, balancing measurable indicators with community perceptions and lived experiences. To ensure comprehensive data capture, both quantitative and qualitative instruments were employed to investigate hazard exposure, impacts, and community resilience. While the structured household questionnaire provided measurable socioeconomic and hazard-related variables, the focus group discussion guide offered deeper insights into perceptions, adaptation practices, and barriers to preparedness. The study employed both quantitative and qualitative tools to generate comprehensive data on household vulnerability and resilience. For the quantitative component, a structured questionnaire was administered through face-to-face interviews with selected households. The instrument was designed to capture detailed information on respondents’ socioeconomic characteristics, including gender, age, income, and education, as well as their experiences of hazard exposure and frequency. 
It further documented the perceived and actual impacts of hazards, such as health challenges, property damage, displacement, and livelihood disruption, alongside household coping and preparedness strategies. To complement this, qualitative data were collected through focus group discussions guided by a structured interview protocol. These discussions explored community perceptions of hazard trends, preparedness practices, and local adaptation measures, while also probing into the perceived roles of government and non-governmental organizations in resilience building. Special attention was given to barriers that limit preparedness, as well as local knowledge systems that shape adaptive responses. All FGDs were conducted in Hausa and Kanuri, the dominant local languages, and were subsequently translated and transcribed into English to facilitate systematic analysis. Together, the questionnaire and discussion guide provided both breadth and depth of evidence, ensuring that statistical findings were enriched with community voices and lived experiences.
2.5 Data Analysis
This section was designed to explain how statistical, qualitative, spatial, and Bayesian approaches were systematically combined to generate comprehensive and credible findings. Data analysis combined both descriptive and inferential statistical approaches to provide a comprehensive understanding of hazard impacts and community vulnerability. Descriptive statistics, including frequencies and percentages, were used to summarize the socioeconomic profiles of respondents and key hazard-related variables. To explore differences in hazard impacts across groups, one-way ANOVA was employed, while a multiple linear regression model was applied to identify predictors of disaster impact at the household level. The significance threshold was set at p < 0.05, ensuring robust and reliable results.
2.5.1 Qualitative Analysis
Thematic content analysis guided by the SLF was employed to systematically organize narratives under livelihood capitals, ensuring comparability with resilience frameworks. Qualitative data obtained from focus group discussions were transcribed and systematically analyzed using thematic content analysis, guided by the Sustainable Livelihood Framework (SLF). Emerging themes were organized under the five livelihood capitals; human, social, natural, physical, and financial respectively to align with resilience and vulnerability frameworks. Representative quotes were carefully selected to support and enrich the findings, thereby grounding the analysis in community voices and lived experiences.
2.5.2 Spatial and Temporal Hazard Modeling
Geocoding and temporal aggregation were used to uncover where and when hazards occur most frequently, supporting targeted interventions in high-risk areas and periods. Hazard-related data were geocoded by location and analyzed using spatial overlay and mapping techniques to reveal patterns of exposure across the study area. Seasonal trends were also assessed by aggregating hazard occurrences over calendar months, enabling the identification of periods of heightened risk. These approaches provided valuable insights into both the spatial concentration and temporal variability of hazards within Damaturu.
2.5.3 Bayesian Modeling 
Bayesian models were applied to account for uncertainty and over-dispersion in hazard data, thereby strengthening predictive accuracy and reliability of probability estimates. To strengthen predictive reliability, hazard frequency and severity were modeled using Bayesian Hierarchical Hazard Models (BHHM) and Bayesian Generalized Additive Models for Location, Scale, and Shape (GAMLSS). Markov Chain Monte Carlo (MCMC) simulations were conducted with 40,000 iterations and a burn-in of 5,000 to estimate posterior distributions. Convergence diagnostics, including R̂ statistics and Effective Sample Size (ESS), were used to validate the models, ensuring credible and stable results.  Model diagnostics ensured convergence (R̂ < 1.01; ESS > 1,500). 
2.5.4 Impact Scoring and Ranking
Impact scoring was introduced to translate hazard frequency and severity into a standardized metric that allows systematic ranking and prioritization of affected communities. To facilitate comparison across hazard types and locations, impact scores were calculated as the product of hazard frequency and severity. These scores were then used to rank affected areas based on both the diversity of hazards experienced and the combined impact levels, thereby establishing a systematic framework for prioritizing intervention in high-risk communities.
2.5.5 Ethical Considerations
This subsection was included to demonstrate adherence to research ethics, ensuring participant rights, confidentiality, and compliance with international research standards. Ethical protocols were strictly adhered to throughout the study. Informed consent was obtained from all participants prior to data collection, and confidentiality was maintained by anonymizing identifiable information during both analysis and reporting. These measures ensured compliance with research ethics standards and safeguarded the rights and dignity of participants. 
3. Results 
The results section present a comprehensive picture of how communities in the Damaturu town; perceive, and cope with hazards, beginning with the socioeconomic profile of households that frames their capacity to respond to shocks. Beyond demographics, the findings reveal how preparedness measures are constrained by poverty, weak infrastructure, and limited institutional support, while focus group discussions highlight the voices of residents who link vulnerability to everyday struggles. Quantitative modeling further demonstrates that hazard impacts are not uniform, with certain groups, particularly the poor and less educated while bearing disproportionate risks. 
By applying the Sustainable Livelihood Framework, the analysis uncovers how deficiencies in human, financial, and physical capital converge to heighten vulnerability, and spatial mapping shows that risk is unevenly distributed across Damaturu’s wards. Seasonal and probabilistic analyses reveal that drought, flooding, and epidemics dominate hazard patterns, while Bayesian and spatial models confirm that frequency, severity, and clustering intensify community exposure. Together, these results provide an integrated understanding of vulnerability that blends statistical rigor with human narratives, offering insights essential for building resilience strategies. 
3.1 Community Profile and Perception 
This section presents the demographic and socioeconomic profile of the respondents surveyed across the study area. The section presents the demographic and socioeconomic attributes of respondents, alongside their perceptions of preparedness and vulnerability. Establishing the community profile provides a contextual foundation for interpreting hazard impacts, as factors such as gender, education, and income strongly influence resilience strategies and adaptive capacity. The inclusion of both quantitative and qualitative data ensures that the analysis reflects not only measurable characteristics but also community perceptions and lived experiences.
The table 1 below was conducted to establish the demographic and socioeconomic background of respondents, which forms the basis for understanding household vulnerability and resilience.
Table 1. The socioeconomic characteristics of respondents 
	Variable 
	Categories
	Frequency
	Percentages

	Gender
	Male
	634
	58.5

	
	Female
	450
	41.5

	Age Groups (Years)
	18-30
	274
	25.3

	
	31-50
	473
	43.6

	
	Above 50
	337
	31.1

	Educational Level 
	None
	563
	51.9

	
	Primary
	109
	10.1

	
	Secondary 
	281
	25.9

	
	Tertiary 
	131
	12.1

	Income Level (Naira)
	0-10,000
	84
	7.7

	
	10,001-30,000
	74
	6.8

	
	30,001-70,000
	147
	13.6

	
	70,001-250,000
	187
	17.3

	
	250,001-500,000
	163
	15.0

	
	500,001-1,500,000
	220
	20.3

	
	1,500.,001-5,000,000
	111
	10.2

	
	Above 5,000,000
	98
	9.0


Source: Survey, 2025. 
Findings indicate a majority of respondents were male (58.5%), with most aged between 31–50 years (43.6%). Over half (51.9%) had no formal education, and income levels varied widely, with a significant portion (20.3%) earning between ₦500,001 and ₦1,500,000 annually. This diversity is essential for interpreting household vulnerabilities and resilience.
The table 2 below evaluates household-level preparedness strategies and the perceived barriers affecting resilience against hazards.
Table 2: Household perception off preparedness and resilience
	Preparedness Measure
	Level of Implementation
	Barrier to Implementation
	Representative Quotes

	Early Warning Systems
	Low
	Lack of reliable communication channels.
	“Most of the time its God sent (hazards)”. 
“It is mainly accident”.
“We rarely get warning”.

	Infrastructure Improvement
	Low
	Financial constraints. 
	“We are mostly poor”.
“Some of us that hardly eat 3 meals a day talk less of building modern homes”. 

	Community Training
	Moderate
	Limited outreach. 
	“Some of us are learned, they know all these technicalities”.
“Some of us attended one or more workshops and trainings”.


Source: FGD, 2025. 
Early warning systems and infrastructure upgrades were poorly implemented due to financial constraints and communication gaps. Moderate uptake of community training was noted. Respondents expressed dependency on divine fate and community-based knowledge.
The result in table 3 was conducted to identify and categorize the major challenges participants highlighted in coping with hazards.
Table 3: Challenges highlighted by the participants  
	Challenges
	Frequency of Mention (n)
	Representative Quotes

	Lack of early warning systems
	6
	“We only know a flood is coming when the water starts entering our homes or we realize drought when our plants start drying up”.

	Limited access to financial resources
	8
	“We don’t have the money to repair our homes or prepare or disasters”. 

	Inadequate Government support
	7
	“The aid provided is not always sufficient to meet everyone, and in most cases we are on our own”.
“Yes, they do come (Government assistance) but sometimes they don’t come back after they left”. 

	Poor infrastructure
	9
	“Our roads and drainage systems in most cases (during flood) cannot handle heavy downpour of the rainfall”.
“As for epidemic, it is mainly God’s sent, and when it hits, the hospitals bed spaces finishes within blink of an eye”.  


Source: FGD, 2025. 
Top challenges included poor infrastructure, limited access to financial resources, and insufficient government support. Participants expressed deep frustration over lack of early warning systems and emergency response capacity.
3.1.1 FGD Themes and Subthemes on Hazard Perception and Vulnerability
The table 4 presents key qualitative insights from focus group discussions (FGDs) exploring hazard perception and socio-economic vulnerability.
Table 4: FGD themes and subthemes 
	Theme
	Subtheme
	Key Insight/Findings
	Representative Quotes

	Hazard perception
	Increased frequency of flood, drought, windstorm and fire outbreaks is reported
	Participants reported increase in these forms of hazards occurrences and also longer duration of flood, drought and windstorm and resurfacing of Boko Haram attacks as compare to past years. 
	“Flood drought, sandstorm and fire outbreak become more frequent lately”.

	Socio economic vulnerability
	Income disparities
	Participants reported that low-income households face higher risks and slower recovery across all hazards. 
	“We cannot afford to rebuild quickly like the others after the disaster”.

	Gender based disparity
	Women and children at risk during hazards. 
	Participants reported that women and children are disproportionately affected most. 
	“During hazards, women and children suffer most because of the lack of shelter”. 


Source: FGD, 2025. 
The focus group discussions reveal a heightened community awareness of increasing environmental and anthropogenic hazards. Participants observed increased frequency and intensity of hazards such as flooding and drought. Socioeconomic disparities were pronounced, with women, children, and low-income households highlighted as most vulnerable. These findings reveal perceptual trends essential for adaptive planning. These insights suggest that both structural inequalities and environmental pressures converge to exacerbate community risk exposure.
3.2 Quantitative Hazard Impact Modeling 
This section quantitatively analyzes the extent and variation of hazard impacts across households. By examining different hazard types and their outcomes; i.e., ranging from loss of lives to displacement, the section highlights the differentiated ways communities experience risks. Statistical modeling through ANOVA and regression is applied to test group-level differences and identify predictors of disaster severity, thereby offering an evidence-based foundation for prioritizing interventions.
The result in table 5 was included to quantify the multiple dimensions of hazard impacts across households, including lives, property, livelihoods, displacement, and health.
Table 5: Impacts of hazards on households  
	Hazard Type
	Type of impact
	Frequency
	Percentage

	Drought 
	1
	Loss of lives
	64
	5.9

	
	2
	Property damage
	25
	2.3

	
	3
	Livelihood disruption
	924
	85.2

	
	4
	Displacement
	501
	46.2

	
	5
	Health impact
	861
	79.4

	Flooding
	1
	Loss of lives
	1021
	94.2

	
	2
	Property damage
	971
	89.6

	
	3
	Livelihood disruption
	809
	74.6

	
	4
	Displacement
	977
	90.1

	
	5
	Health impact
	702
	64.8

	Epidemic
	1
	Loss of lives
	879
	81.1

	
	2
	Property damage
	22
	2.0

	
	3
	Livelihood disruption
	425
	39.2

	
	4
	Displacement
	121
	11.2

	
	5
	Health impact
	1033
	95.3

	Windstorm
	1
	Loss of lives
	459
	42.3

	
	2
	Property damage
	821
	75.7

	
	3
	Livelihood disruption
	492
	45.4

	
	4
	Displacement
	204
	18.8

	
	5
	Health impact
	201
	18.5

	Boko Haram/Communal Clashes
	1
	Loss of lives
	1051
	96.9

	
	2
	Property damage
	1017
	93.8

	
	3
	Livelihood disruption
	1009
	93.1

	
	4
	Displacement
	1031
	95.1

	
	5
	Health impact
	872
	80.4

	Fire Outbreak
	1
	Loss of lives
	871
	80.4

	
	2
	Property damage
	972
	89.7

	
	3
	Livelihood disruption
	369
	34.0

	
	4
	Displacement
	634
	58.5

	
	5
	Health impact
	341
	31.5


Source: Survey, 2025. 
Flooding and Boko Haram attacks emerged as the most destructive, with over 90% reporting property damage, displacement, and loss of lives. Epidemics had the highest health impact (95.3%), while drought predominantly disrupted livelihoods (85.2%). This underscores the varying intensity and effect pathways of different hazards on community well-being.
The table 6 was conducted to statistically test differences in hazard impacts across socioeconomic groups using ANOVA.
Table 6: ANOVA results or differences in hazards impacts across socio economic groups 
	Source of Variation
	Sum of Squares (SS)
	Degree of Freedom (df)
	Mean Square (MS)
	F-Statistics
	p-value

	Between groups
	427.85
	7
	61.12
	9.73
	<0.001

	Within groups 
	6,712.43
	1076
	6.24
	
	

	Total
	7,140.28
	1083
	
	
	


Source: Computed by Authors, 2025.
The significant F-statistic (F=9.73, p<0.001) reveals that the impacts of hazards vary significantly among different socioeconomic groups, emphasizing the need for stratified intervention strategies.
The table 7 was produced to identify the key predictors of household-level disaster impact severity through regression modeling.
Table 7: Multiple linear regression result for predictors of disaster impact
	Variable
	Unstandardized Coefficients (B)
	Standard Error (SE)
	t-value
	p-value

	Income level
	-0.42
	0.05
	-8.40
	<0.001

	Educational level 
	-0.31
	0.07
	-4.43
	<0.001

	Frequency of hazards
	0.87
	0.09
	9.67
	<0.001

	(Constant)
	3.15
	0.21
	15.00
	<0.001


Source: Computed by Authors, 2025.
R2 = 0.58; Adjusted R2 = 0.57; F (3, 1080) = p < 0.001
Results show that lower income and educational levels significantly predict higher disaster impacts (p<0.001), while frequency of hazards correlates positively with impact levels (β=0.87). The model explains 58% of the variance (Adjusted R²=0.57).
3.3 SLF-Based Vulnerability Mapping
This section employs the Sustainable Livelihood Framework (SLF) to assess vulnerability across five livelihood capitals: human, social, natural, physical, and financial. The framework allows for an integrated understanding of how resource availability, institutional support, and infrastructure shape community resilience. Both static and dynamic mapping approaches are used to reveal not only structural weaknesses but also spatial variations in vulnerability across Damaturu town.
3.3.1 Framework Analysis Using the Sustainable Livelihood Framework (SLF)
This framework analysis is based on the Sustainable Livelihood Framework (SLF), structured around five livelihood capitals: human, social, natural, physical, and financial. The table categorizes findings from the Focus Group Discussion (FGD) and provides interpretations for each capital in relation to community vulnerability and resilience.
The 8 table was constructed to interpret household vulnerability using the SLF across five capitals; human, social, natural, physical, and financial respectively.
Table 8: Framework analysis using the SLF
	Livelihood Capital
	Key Findings 
	Interpretation

	Human Capital
	Low levels of community training; limited access to technical knowledge and formal education.
	Skills and knowledge for disaster preparedness are constrained, reducing adaptive capacity. Human health is also affected during epidemics and hazard events, straining household resilience.

	Social Capital
	Limited government support; uneven NGO outreach; dependence on divine intervention.
	Weak institutional linkages and inadequate social networks undermine collective resilience and community-based response mechanisms.

	Natural Capital
	Increased frequency and intensity of floods, droughts, and windstorms.
	Degradation of natural resources and climatic unpredictability are intensifying livelihood risks and reducing agricultural productivity and water security.

	Physical Capital
	Poor infrastructure: roads, drainage, hospitals, and housing.
	Inadequate physical assets heighten exposure to hazards and hinder timely evacuation and recovery efforts, contributing to prolonged vulnerability.

	Financial Capital
	Limited financial resources; income disparities; inability to rebuild after disasters.
	Economic insecurity constrains access to hazard mitigation measures and slows post-disaster recovery, especially among low-income households.


Source: Survey, 2025. 
Findings indicate that weak human and financial capital which manifested as low training and poverty that are critical determinants of vulnerability. Natural hazards intensify due to fragile physical infrastructure and degraded environmental capital.
3.3.2 Dynamic Qualitative Livelihood Mapping Using SLF Capitals 
The table 9 shows the spatially and thematically embedded nature of vulnerability in Damaturu town. The table below uses the SLF to assess livelihood vulnerability across five capital types: human, social, natural, physical, and financial capital in response to key hazards including drought, flooding, epidemic, windstorm, Boko Haram/communal clashes, and fire outbreak.  
The table 9 was developed to dynamically map livelihood vulnerabilities across Damaturu town using SLF capitals in relation to specific hazards.
Table 9. Dynamic qualitative livelihood mapping using SLF capitals in Damaturu town
	Capital
	Theme/ Subtheme
	Hazard Type
	Level of Vulnerability (1–5)
	Representative Quotes

	Human Capital
	Lack of training and health capacity
	Epidemic
	5
	“When epidemic hits, the hospitals bed spaces finishes within blink of an eye.”

	
	Inadequate disaster awareness
	Drought, Windstorm, Fire
	4
	“We rarely get warning”; “Some of us are learned, they know all these technicalities.”

	Social Capital
	Weak institutional support
	Boko Haram, Flooding
	5
	“Yes, they do come (Gov’t.) but sometimes they don’t come back after they left.”

	
	Gender and group vulnerability
	Flooding, Clashes
	4
	“During hazards, women and children suffer most because of the lack of shelter.”

	Natural Capital
	Environmental degradation
	Drought, Flooding
	5
	“Flood, drought, sandstorm and fire outbreak become more frequent lately.”

	
	Unpredictable climate pattern
	Windstorm, Fire
	4
	“It is mainly accident”; “Sometimes it comes suddenly with heavy wind.”

	Physical Capital
	Fragile infrastructure
	Flooding, Epidemic
	5
	“Our roads and drainage systems… cannot handle heavy downpour.”

	
	Substandard housing
	Fire, Clashes
	4
	“We cannot afford to rebuild quickly like the others after the disaster.”

	Financial Capital
	Poverty and income inequality
	All Hazards
	5
	“Some of us that hardly eat 3 meals a day talk less of building modern homes.”

	
	Low financial resilience
	Drought, Boko Haram
	5
	“We don’t have the money to repair our homes or prepare for disasters.”


Source: Survey, 2025. 
Extreme vulnerabilities were noted under human, physical, and financial capitals for hazards like epidemics, drought, and Boko Haram. The qualitative mapping revealed uneven risk exposure and the compounding effects of poverty, weak institutions, and infrastructure gaps. 
3.4 Spatio-Temporal and Probabilistic Hazard Modeling 
This section examines hazards in terms of their spatial distribution, seasonal occurrence, and probabilistic patterns. By integrating frequency, severity, and location-specific data, it provides a comprehensive profile of hazard dynamics in Damaturu. Seasonal analyses capture temporal patterns critical for preparedness, while Bayesian modeling strengthens predictive reliability under uncertainty, offering actionable insights for disaster risk reduction.
The table 10 was constructed to profile the hazards in terms of frequency, severity, and seasonal patterns across Damaturu town. 
Table 10: Hazard profile by frequency, location, severity, and season  
	Hazard Type
	Frequency (Year)
	Most Affected Area(s)
	Severity Level (1–5)
	Seasonal Pattern

	Flooding
	3.0
	Sabon Pegi, Nayinawa
	4
	July–September

	Windstorm
	2.0
	Pompomari, Gwange
	3
	March–May

	Drought
	1.0
	Outskirts (farmlands)
	5
	October–May

	Fire Outbreak
	1.5
	Damaturu Market, Jerusalem
	2
	November–March

	Boko Haram/
Communal Clashes
	0.2
	Fringe settlements
	3
	No clear pattern

	Epidemics (Cholera)
	0.8
	Maisandari, Ajari
	4
	June–October (rainy season)


Source: Survey, 2025. 
Drought and flooding were the most frequent and severe, particularly affecting farmlands and urban settlements. Epidemics were highly seasonal, peaking during rainy months, while Boko Haram incidents were sporadic but deadly.
The table 11 showed the results of the spatial analysis of the distribution and intensity of hazards across affected areas in Damaturu town. 
Table 11. Area specific hazard vulnerability ranking in Damaturu
	Hazard Type
	Frequency (Year)
	Most Affected Area(s)
	Severity Level (1–5)

	Drought
	1
	Outskirts (farmlands)
	5

	Flooding
	3
	Sabon Pegi, Nayinawa, Gwange
	4

	Epidemics (Cholera)
	0.8
	Maisandari, Ajari
	4

	Windstorm
	2
	Pompomari, Gwange
	3

	Boko Haram/Communal Clashes
	0.2
	Fringe settlements
	3

	Fire Outbreak
	1.5
	Damaturu Market, Jerusalem
	2


Source: Survey, 2025. 
Drought, flooding, and epidemics showed the highest severity scores across multiple wards, reflecting both natural and socio-political hazard profiles. Damaturu’s spatial vulnerability is concentrated in underserved peripheries.
The table 12 presented the combined hazard frequency and severity into an integrated impact score for localized risk assessment. 
Table 12: Affected areas with combined frequency and severity of hazards
	Hazard Type
	Affected Area(s)
	Frequency (Annual Avg.)
	Severity 
(Scale 1–5)
	Combined Impact Score

	Flooding
	Sabon Pegi, Gwange, Nayinawa
	5
	5
	25

	Windstorm
	Ajari, Pompomari
	1
	4
	4

	Drought
	Gashua Road, Bindigari
	4
	3
	12

	Fire Outbreak
	Jerusalem, Maisandari
	1
	3
	3

	Boko Haram/Clashes
	Gwange, Pawari
	2
	3
	6

	Epidemics
	Nayinawa, Pompomari
	0.5
	4
	2


Source: Survey, 2025. 
Sabon Pegi and Nayinawa had the highest combined impact scores, with flooding being the most dominant hazard. The integrated impact metric offers a more robust indicator of localized risk.
The table 13 showed the result of the seasonal patterns of hazards across different wards and months.
Table 13: Seasonal patterns of hazards by affected areas and months
	Hazard Type
	Affected Area(s)
	Peak Season (Months)
	Seasonal Occurrence (Quantified)

	Flooding
	Sabon Pegi, Nayinawa
	July – September (Rainy Season)
	3 months

	Windstorm
	Ajari, Pompomari
	March – May
(Pre-Rain)
	3 months

	Drought
	Gashua Road, Bindigari
	November – March (Dry Season)
	5 months

	Fire Outbreak
	Jerusalem, Maisandari
	December – April (Harmattan)
	5 months

	Boko Haram/Clashes
	Gwange, Pawari
	May/October (Unpredictable)
	2 months

	Epidemics
	Nayinawa, Pompomari
	August – November (Post-Rain)
	4 months


Source: Survey, 2025. 
Drought and fire outbreaks peak during the dry-harmattan months, while flooding and epidemics are concentrated in the rainy season. This seasonal distribution is crucial for early-warning and resource allocation.
The table 14 is the result of the affected areas by combined hazard impact and severity, highlighting hotspots of vulnerability. 
Table 14. Ranking of affected areas by combined impact and severity
	Rank
	Affected 
Area
	No. of Hazard Types
	Combined Impact Score
	Severity
Scale

	1
	Nayinawa
	2
	13.5
	Very High

	2
	Sabon Pegi
	1
	12.5
	High

	3
	Gashua Road
	1
	6.0
	Moderate

	3
	Bindigari
	1
	6.0
	Moderate

	4
	Pompomari
	2
	3.0
	Low

	4
	Gwange
	1
	3.0
	Low

	4
	Pawari
	1
	3.0
	Low

	5
	Ajari
	1
	2.0
	Very Low

	6
	Jerusalem
	1
	1.5
	Very Low

	6
	Maisandari
	1
	1.5
	Very Low


Source: Survey, 2025. 
Nayinawa and Sabon Pegi emerged as the most impacted areas, necessitating targeted mitigation and adaptation planning. Areas like Ajari and Jerusalem had very low severity but are still at risk due to systemic vulnerabilities. 
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Figure 2. Map of Damaturu Town Showing Hazard Combined Impact and Severity
The table 15 is the result of hazard occurrence probabilities using Bayesian hierarchical hazard modeling, thereby strengthening predictive analysis. 
Table 15. Hazard frequency and Bayesian predicted probability
	Hazard
	Observed Frequency
	BHHM Probability (mean ± 95% CI)

	Flooding
	High (multiple/year)
	0.30 (0.25–0.35)

	Windstorm
	Moderate (~1/year)
	0.08 (0.05–0.12)

	Drought
	Recurrent (annual)
	0.25 (0.20–0.30)

	Fire Outbreak
	Moderate (~1/year)
	0.10 (0.07–0.14)

	Clashes
	Occasional (sporadic)
	0.12 (0.08–0.16)

	Epidemics
	Rare (decadal)
	0.05 (0.02–0.09)


Flooding showed the highest predicted probability (0.30), while epidemics had the lowest (0.05). The BHHM approach provides a probabilistic framework for prioritizing interventions under uncertainty.
3.5 Bayesian and Spatial Models
This section applies advanced statistical approaches, including logistic regression, Bayesian inference, and spatially explicit models, to refine hazard impact prediction. These models account for both temporal frequency and spatial clustering, producing robust estimates of risk drivers. The integration of Bayesian spatial analysis highlights localized hazard hotspots, thereby improving the precision of vulnerability assessments and informing place-based resilience strategies.

Figure 3. Average Monthly Occurrence of Hazards
This figure 3 summarizes the average temporal distribution of hazard types across the calendar year. He result showed that March recorded the highest hazard frequency, while June had the least. However, hazard events are distributed across all months, with higher clustering during transitional weather periods. 
The table 16 showed the result of the logistic regression that was used in predicting hazard occurrence and severity based on frequency, season, and intensity.
Table 16. Logistic regression for hazard impact prediction
	Predictor
	Coefficient
	Std. Error
	z-value
	p-value
	95% CI

	Intercept
	-3.646
	0.279
	-13.09
	<0.001
	[-4.192, -3.100]

	Season (None)
	-0.920
	0.458
	-2.01
	0.044
	[-1.818, -0.023]

	Season (Rainy)
	-0.162
	0.096
	-1.68
	0.092
	[-0.350, 0.027]

	Frequency
	0.242
	0.056
	4.35
	<0.001
	[0.133, 0.351]

	Severity
	0.506
	0.054
	9.42
	<0.001
	[0.401, 0.612]


Deviance: 0.000482   |   Pseudo R² (Cragg-Uhler): ≈1.00   |   Log-Likelihood: 16.898
Both frequency and severity significantly predicted hazard impact (p<0.001), with seasonality (non-rainy periods) associated with lower odds. The high pseudo R² validates the model’s predictive reliability.
The table 17 is the result that was used to generate Bayesian posterior estimates, quantifying the effects of frequency and severity on hazard impacts.
Table 17. Key posterior estimates
	Parameter
	Mean
	95 % Credible Interval
	Interpretation

	α₁ (Frequency)
	1.52
	0.46 – 2.83
	Hazards with +1 event yr⁻¹ have 4.6× higher odds of occurring.

	α₂ (Severity)
	0.88
	0.17 – 1.65
	Each unit rise in severity doubles the odds of any impact.

	β₁ (Frequency)
	0.29
	0.11 – 0.47
	Given occurrence, counts rise 34 % per extra event yr⁻¹.

	β₂ (Severity)
	0.61
	0.36 – 0.86
	Impact counts grow 84 % per severity unit.

	Over-dispersion (θ)
	1.97
	1.10 – 3.85
	Validates NB rather than Poisson.


Summaries from 4 × 10,000 MCMC iterations; R̂ <1.01, ESS > 1,500. 
A one-unit increase in frequency increased impact odds by 4.6×. Severity doubled the odds of impact per unit rise. The model confirms over-dispersion and supports a negative binomial distribution.
The table 18 is the summarized results from a spatial Bayesian model, highlighting the spatial clustering and localized variation in hazard risks.
Table 18. Posterior highlights
	Effect
	Mean (μ)
	95 % Cred. Int.
	WAIC Δ

	γ₁ (Frequency)
	0.26
	0.09 – 0.43
	+12.7

	γ₂ (Severity)
	0.55
	0.33 – 0.79
	+25.9

	Spatial range (km)
	2.1
	0.8 – 4.3
	–

	σ²_w (field var.)
	0.18
	0.05 – 0.36
	–


Model with lowest WAIC compared to non-spatial GAMLSS and simple GLM.
Severity had the strongest effect on hazard risk, followed by frequency. The spatial range of 2.1 km underscores localized clustering, with spatial variance reflecting uneven hazard exposure. 
4. Discussions
This study provides a multidimensional perspective on hazard impacts, vulnerability, preparedness, and resilience in Damaturu town by integrating quantitative, qualitative, and spatial analyses. The findings demonstrate that socioeconomic disparities strongly influence household susceptibility to disasters, with income and education emerging as critical determinants of adaptive capacity. The demographic profile of respondents revealed a predominance of low-income and low-education groups, consistent with global literature that underscores the role of structural inequalities in shaping disaster risk and recovery potential (Wisner et al., 2004; Blaikie et al., 1994; Adefila, 2016). These conditions restrict access to information, risk-reducing infrastructure, and emergency support services, thereby compounding vulnerability in the study area.
The analysis of hazard impacts shows that flooding and Boko Haram insurgency are the most destructive, with over 90% of households reporting displacement and property loss. These findings mirror reports by UNDRR (2020), which emphasize that hydrological hazards and conflict often converge to create complex emergencies in sub-Saharan Africa. Epidemics, particularly cholera, also registered severe health consequences, especially in poorly serviced settlements. Statistical testing confirmed significant differences in hazard impacts across socioeconomic groups (F=9.73, p<0.001), reinforcing the vulnerability theory which posits that the poorest and least educated segments of society carry a disproportionate disaster burden (Chambers & Conway, 1992; Cutter et al., 2003; Priya, 2020).
Regression analysis further revealed that income, education, and hazard frequency are strong predictors of disaster impact, aligning with earlier studies in rural African contexts (Ologunorisa & Adeyemo, 2005). The finding that low income and limited education significantly increase vulnerability highlights the urgent need for integrated socio-economic development strategies as part of disaster risk reduction. These results are consistent with observations by Mashi et al. (2014), who linked poverty and environmental degradation with heightened hazard exposure in northern Nigeria.
Insights from focus group discussions deepened this understanding by revealing community perceptions of hazards and the barriers to preparedness. Participants frequently emphasized the rising frequency and intensity of floods, droughts, and windstorms, which is consistent with meteorological studies reporting increased climate variability in the Sahel (Niang et al., 2014). Respondents cited poor infrastructure, weak early warning systems, and inadequate government support as key challenges. Such institutional and infrastructural gaps have also been identified in previous African urban studies as major impediments to building disaster resilience (Adelekan, 2010; 2016; Satterthwaite et al., 2020; Ho & Mostafavi, 2025).
Spatial and seasonal analyses highlighted the uneven distribution of hazards across Damaturu. Areas such as Nayinawa and Sabon Pegi emerged as hotspots, particularly for flooding, reflecting Cutter et al.’s (2003) argument that vulnerability is often concentrated in specific locations due to underlying social and physical conditions. Seasonal variations aligned with expected climatic cycles, with floods peaking during the rainy season and droughts and fire outbreaks intensifying during the dry Harmattan months. These cyclical patterns emphasize the need for anticipatory planning and resource pre-positioning to alleviate seasonal stressors.
Advanced statistical modeling provided further evidence of the drivers of hazard impacts. Logistic regression and Bayesian analyses demonstrated that frequency and severity significantly increase both the likelihood and magnitude of disaster impacts, a finding consistent with Burton et al. (1993), who described risk amplification under repeated exposures. The spatial Bayesian model additionally identified vulnerability hotspots within a 2.1 km radius, underscoring micro-scale disparities in resilience even within a single urban locality. This highlights the importance of localized risk assessments rather than broad, city-wide generalizations.
Finally, the hazard ranking exercises offered decision-makers practical tools for prioritizing interventions. The alignment between observed data and Bayesian posterior probabilities strengthens the validity of the findings, with flooding emerging as the hazard with the highest predicted occurrence probability (0.30). These prioritization metrics echo calls in the literature for locally calibrated early warning systems and context-specific adaptation frameworks (Few et al., 2006; Birkmann, 2006; Ravan et al., 2023).
Overall, the study underscores the necessity of integrated and evidence-based disaster risk reduction (DRR) strategies in resource-constrained settings like Damaturu. By combining statistical rigor with local knowledge and participatory assessments, the research highlights how hazards intersect with poverty, weak infrastructure, and political insecurity to exacerbate vulnerability. Importantly, the findings suggest that interventions should not adopt a one-size-fits-all approach but rather be tailored to the specific socioeconomic and spatial vulnerabilities of different groups and neighborhoods. Such a multidimensional perspective is crucial for advancing resilience in fragile contexts where hazards are recurrent and adaptive capacity is unevenly distributed. 
In sum, the study highlights that disaster risk in Damaturu is shaped not only by the frequency and severity of hazards but also by entrenched socioeconomic inequalities and spatial disparities in exposure. These findings underscore the urgent need for locally tailored disaster risk reduction policies that integrate poverty alleviation, education, and infrastructure development with early warning and preparedness systems. For policymakers, the evidence suggests that interventions should prioritize the most vulnerable wards and households, particularly those with low income, limited education, and inadequate physical assets. Future research should build on these insights by employing longitudinal data and high-resolution spatial modeling to capture changing hazard dynamics under climate variability and insecurity. Such evidence-driven, context-specific approaches are essential for advancing resilience in fragile urban environments across Nigeria and the wider Sahel. 
5. Conclusion
This study set out to examine the impacts of multiple hazards on households in Damaturu, Yobe State, with a focus on vulnerability, preparedness, and resilience. By adopting a mixed-methods approach, the research integrated household surveys, focus group discussions, spatial analyses, and advanced statistical models to provide a multidimensional understanding of disaster risk. The findings demonstrate that hazards such as flooding, drought, epidemics, windstorms, fire outbreaks, and conflict-related violence significantly disrupt livelihoods, health, and settlement stability, with flooding and Boko Haram insurgency emerging as the most destructive. Socioeconomic factors, particularly income and education, were found to be strong predictors of disaster impact, while weak infrastructure, poor institutional support, and limited early warning systems further compounded community vulnerability.
The analysis also revealed that hazard impacts are not evenly distributed, but instead cluster in specific wards such as Nayinawa and Sabon Pegi, underscoring the importance of spatially sensitive interventions. Seasonal patterns showed cyclical stressors, with floods peaking during the rainy season and droughts and fire outbreaks dominating the dry months, emphasizing the need for anticipatory resource allocation. Bayesian and spatial models further strengthened predictive insights, highlighting both the probabilistic nature of hazards and the micro-scale disparities in exposure across Damaturu. Taken together, the study underscores that disaster risk in resource-constrained settings is shaped by the convergence of environmental, social, and political stressors. The findings highlight the need for integrated disaster risk reduction strategies that combine poverty alleviation, education, infrastructure development, and locally calibrated early warning systems. Policymakers should prioritize interventions in high-risk communities, tailoring strategies to specific vulnerabilities rather than relying on generalized solutions.
While this study provides a robust cross-sectional analysis, future research should extend its scope through longitudinal assessments and climate-sensitive modeling to capture evolving risk dynamics in the Sahel. Strengthening community resilience in contexts like Damaturu requires not only technical solutions but also participatory governance and sustained investment in human and social capital. Such efforts are vital to reducing vulnerability, enhancing adaptive capacity, and safeguarding livelihoods in an era of increasing environmental and security challenges. This study shows that disaster risk reduction in Damaturu must go beyond emergency response and be integrated into broader socio-economic development. Targeted investments in education, livelihood diversification, and basic infrastructure; particularly in high-risk wards like Nayinawa and Sabon Pegi can significantly reduce vulnerability. Strengthening community-based early warning systems and applying probabilistic models for risk forecasting will also enable more inclusive, evidence-driven, and location-specific interventions.
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