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Abstract

This paper explores the economic impact of climate-sensitive 

variables like hazard, exposure, sensitivity, and adaptive capacity 

on risk management in Nepal so as to present evidence-based 

policy recommendations. It uses an OLS regression model with 

the secondary data of 77 districts in Nepal in 2022. The fi ndings 

reveal that the economic risk largely depends on hazard, exposure, 

and sensitivity as positively infl uencing factors and the adaptive 

capacity as having a strong negative impact, which implies the 

role of the latter in eliminating socio-economic losses. The model 

is robust as indicated by diagnostic tests, such as the variance 

infl ation factor (VIF) and scale coeffi  cients. The results indicate 

that eff ective risk management policies ought to be directed at 

minimizing the risk levels and sensitivity using early warning 

systems and resilient infrastructure, and at the same time, enhance 

adaptive capacity using technical training and allocation of 

resources. The research proposes that government bodies (federal, 

provincial, and local) should act in co-ordination with the private 

sector and other stakeholders to establish resilience over the long 

run. These climate-sensitive variables will help to address these 

questions: How can the evidence-based planning and resource 

allocation be integrated into economic analysis to facilitate 

sustainable development and increase disaster resilience in Nepal?

Introduction

Some of the earliest scholarly arguments pointed out the necessity 

of place-specifi c risk management paradigms for the success in the 

evaluation of climate dangers and adaptation actions (Jones, 2001). 

These tools were geared towards acquiring the physical climate risk, 

such as extreme weather and an increase in sea level, and how the two 

combine with the socio-economic factors of susceptibility. Willows 

and Connell (2003) also advocated systematic evaluation of the allure 

for risks, conceding that we may not accurately anticipate future 

vulnerabilities.

With the further development of literature, more attention was 

paid to adaptive capacity. According to Smit and Pilifosova (2001), 

adaptive capacity is a function of economic resources, technology, 

and infrastructure. Yohe and Tol (2002) also noted that human 

and social capital, as well as mechanisms for risk management, are 
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essential in enhancing adaptive capacity. Vulnerability was conceptualized in terms of exposure, 

sensitivity, and adaptive capacity (Fussel & Klein, 2006), in turn infl uenced by the defi nition of 

risk as a function of these three factors (Fussel, 2007). This perspective overlapped with the social 

vulnerability theory that refl ects the socio-economic and governance aspects rather than physical 

exposure (Adger, 2003).

Later works emphasized the inclusion of physical and socio-economic aspects in the 

vulnerability analyses. Moss et al. (2001) and Cutter et al. (2003) called for combining environmental 

and empirical social and economic indicators, while Handmer (2003), Smit and Wandel (2006), 

and Schipper and Burton (2008) debated optimal mixes between physical hazards on one hand 

and socio-economic factors on the other hand. The same was emphasized by Birkmann (2007) 

and Liu et al. (2007) regarding vulnerability assessment scales and regionality. Williamson et al. 

(2009) showed that complex and adaptive economies are more resilient to climate risk than highly 

specialized economies.

The quantifi cation of risk assessment and decision-making under incomplete information was 

discussed subsequently. On the other hand, Adger (2006) emphasized the importance of wealth 

and governance for adaptive capacity, with Birkmann et al. (2013) warning against disregarding 

the hazard and exposure aspects. Van der Pol et al. (2015) demonstrated that the inclusion of 

uncertainty with probabilistic cost-benefi t analysis can improve fl ood defense system measures. 

Weis et al. (2016) further developed index methods that are based on integrated risk to exposure, 

sensitivity, and adaptive capacity, together with noting weaknesses in weighting schemes.

According to the Nepal Common Country Assessment (CCA), the Nepal Hazard Risk 

Assessment (NHRA) revealed the fact that the country is at high risk due to the natural hazards and 

the importance of hazard mapping, the assessment of vulnerability, and the economic models were 

listed as the resources to enhance disaster risk reduction and community-based resilience (Asian 

Disaster Preparedness Center [ADPC] , 2010). In a similar manner, Regmi et al. (2023) pointed 

out that there is a close association between hazard, exposure, sensitivity, and adaptive capacity 

in defi ning climate risk. Khadka et al. (2024) also found that the communities living near fl ooding 

caused by the glacial lake outburst (GLOF) are highly vulnerable because of low adaptive capacity.

Although numerous papers have evaluated climatic risk, vulnerability, and adaptive capacity on 

a global scale and in Nepal, few studies have integrated hazard, exposure, sensitivity, and adaptive 

capacity with resultant economic implications of risk management. Most of the literature out there 

only speculates on the risks or qualitative measurement of social vulnerability, but not many of 

them are founded on a holistic approach to relate climate-sensitive variables with economic risk. 

In addition to that, there is limited local and region-specifi c research based on socio-economic 

and ecological dimensions. This also requires empirical and policy-appropriate analysis, which 

transforms the assessment of these variables into risk management policy needed in the context of 

the Nepalese economy, society, and environment, in a particular case.

The present paper tries to answer the research questions: What is the eff ect of the climate-

sensitive variables on economic Risk in Nepal, hazard, exposure, sensitivity, and adaptive capacity? 

What would such an evaluation of these variables tell us about the eff ective risk management 

strategies that would help promote resilience in Nepal? 

This paper seeks to evaluate the economic relevance of climate-sensitive factors such as hazard, 

exposure, sensitivity, and adaptive capacity to risk, as well as the implications of such factors in 
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risk management in Nepal. The rest of the paper is organized as follows: the next section is a 

literature review, followed by the research method and data analysis, and the last section is the 

conclusion and policy implications.

Literature Review

The notion of risk holds a signifi cant position in the world of economics, environmental 

sciences, and development planning, especially in those countries that are vulnerable to various 

natural disasters like Nepal (Kaplan & Garrick, 1981; Cardona et al., 2012). Risk analysis has 

developed in a unitary understanding of probabilities and probabilistic sense to comprehensive 

systems that identify the interplay between physical hazards and socio-economic systems (Tol, 

1996; Füssel & Klein, 2006). The literature review is a synthesis of theoretical and empirical works 

on risk, hazard, exposure, sensitivity, and adaptive capacity, but with special focus on the economic 

implications and applicability of the work in the context of risk management in Nepal (Smit & 

Pilifosova, 2001; Adger, 2006; Asian Disaster Preparedness Center et al., 2010).

Risk Analysis: Theoretical Foundations

Conceptualization of Risk in early economic and engineering texts and methods. Early economic 

and engineering literature defi ned risk as the product of the probability of an adverse occurrence 

and its eff ects. This concept was formalized by Kaplan and Garrick (1981), who formulated the 

idea of risk as a product of likelihood and impact, becoming foundational in disaster risk analysis, 

environmental economics, and engineering. Probabilistic analogs of this were borrowed into 

welfare economics, where the analysis of expected damages incurred by ecological degradation 

and natural hazards was in expected loss terms and expected utility (Spicer, 1978; Matten, 1995). 

The initial models of climate-economy models furthered this model by adding the issue of climate 

variability to the economic performance. The research by Rosenzweig and Parry (1994) indicated 

the responsiveness of agricultural production to the change in temperature and rainfall, and 

climate exposure was identifi ed as a cause of economic risk. Tol (1996) also provided another 

conceptualization of disaster losses as the product of intensity and socio-economic sensitivity of 

hazard, which brought the vulnerability into the economic loss estimation.

Nevertheless, the models emphasized in the earlier years treated vulnerability mostly in an 

implicit manner, meaning that the models emphasized physical exposure and the magnitude of 

hazards but little on adaptive capacity and institutional responses. In the early 2000s, there was a 

signifi cant change in concept, with the introduction of vulnerability-based paradigms. According to 

Smit and Pilifosova (2001), vulnerability is a factor of exposure, sensitivity, and adaptive capacity, 

which means that even when the exposure is high, a high adaptive capacity may decrease the risk 

signifi cantly. The social vulnerability theory, which stressed governance, institutions, and access 

to resources as key mediators of risk, reinforced this point of view (Adger, 2003; Adger, 2006). 

Based on these premises, Fussel and Klein (2006) have off ered one of the most powerful integrated 

frameworks that conceptualizes risk as a product of hazard and vulnerability, with vulnerability in 

its turn being a product of exposure, sensitivity, and adaptive capacity. It later became part of IPCC 

estimates and was generalized to climate, environmental, and socio-economic hazards (Cardona 

et al., 2012). Fussel (2007) also stressed that vulnerability is dynamic and contextual, which is 

determined by the economic means, policy reaction, and institutional capacity. 
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These frameworks are economically linked in terms of risk and damage capabilities, integration 

of exposure and effi  cacy, and adaptive investments. Smith and Wandel (2006) hypothesized that 

exposure and sensitivity amplify an increase in damages, whereas adaptive capacity minimizes 

economic losses and adaptation costs. As a result, risk management is reduced to an economic 

optimization problem of investments in adaptation and resilience. 

Adaptive Capacity, Risk, and Economics

The literature on adaptive capacity has been paying more and more attention to the economic 

aspect of adaptive capacity. Adaptive capacity is now understood to be largely dependent on 

fi nancial resources, technological capability, quality of governance, and eff ectiveness of policies 

(Fussel, 2007; Walker et al., 2004). Adaptive capacity is no longer considered as the availability 

of resources, but it is a dynamic process that entails institutional learning, leadership, and social 

capital (Pelling and High, 2005). The behavioral and cognitive aspects have expanded theoretical 

knowledge. Grothmann and Patt (2005) also emphasized that adaptive capacity is translated into 

actual risk reduction because of the risk perception, self-effi  cacy, and decision-making processes. 

Giff ord et al. (2011) further extended this perspective and put emphasis on psycho-social elements, 

including trust and perceived effi  cacy of adaptation measures, as infl uencing adaptive responses. The 

literature on development economics of the recent past has also discussed the mutual relationship 

between risk and economic growth. Hallegatte (2013) stated that economic development, on the 

one hand, predisposes more exposure, which may raise investments in risky regions, and protection, 

through the possibility of better infrastructure and reducing risks. This forms a dynamic trade-off  

whereby growth produces and eliminates risk. Mortreux and Barnett (2017) also emphasized that 

intangible aspects like place attachment and social cohesions are also crucial in the long-term 

resilience.

Administrative Improvements in Risk Estimation

Risk estimation methodology has changed over time, originating with deterministic and 

indicator-based methods to probabilistic and econometric methods and simulation-based methods. 

In fi nancial economics, nested simulation methods have been created to estimate complicated risk 

measures in an effi  cient way. The regression-based nested simulations suggested by Broadie, Du, 

and Moallemi (2015) are much more eff ective in terms of the convergence rates. In contrast, the 

multilevel Monte Carlo techniques used by Giles and Haji-Ali (2019) are aimed at estimating 

the nested expectations in the context of risk assessment. Despite the fact that these techniques 

have historically been used to look at fi nancial portfolio risk, their relevance to economic Risk 

associated with climate is becoming known. These techniques come in handy, especially when 

estimating tail risk and extreme events, which are the focus of climate and disaster risk analysis. 

Nevertheless, their use in the climate vulnerability literature has been very sparse, particularly 

in low-income and low data-intensive environments. The integrated risk frameworks have been 

operationalized by empirical studies in climate economics through the use of econometric models. 

Weis et al. (2016) used multiplicative and log-linear specifi cations to estimate the elasticity of 

hazard, exposure, sensitivity, and adaptive capacity on off er proportions of their contribution to 

the overall Risk. These strategies can help policymakers fi nd cost-effi  cient ways of minimizing 

economic losses through addressing signifi cant vulnerability factors. 
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Risk and Vulnerability: Empirical Evidence in Nepal

The principle of risk assessment of the empirical risk assessment in developing countries like 

Nepal has signifi cantly depended on the indicator-based, spatial, and participatory approaches. 

Due to its vulnerable geology, varying climatic conditions, and socio-economic limitations, Nepal 

is highly susceptible to numerous hazards that include fl oods, landslides, drought, earthquakes, 

and glacial lake outburst fl oods. The Nepal Hazard Risk Assessment (ADPC et al., 2010) reported 

massive exposure and identifi ed the necessity of vulnerability mapping and economic analysis 

(scenario). The latest Nepal-based research has embraced combined IPCC risk models that have 

been adjusted to the local socio-economic realities. Regmi et al. (2023) conceptualized indicators 

of hazard, exposure, sensitivity, and adaptive capacity through participatory techniques and proved 

that low adaptive capacity considerably contributes to economic risk irrespective of equal exposure 

to hazard. Huss and Negi (2024) demonstrated that diff erences in adaptive capacity at the basin 

level have signifi cant impacts on vulnerability to glacial lake outburst fl oods, although the hazards 

have a similar intensity. This notwithstanding, the majority of the empirical research in Nepal is 

cross-sectional and descriptive, which provides little information regarding the causal processes 

or the economic scale of the risk in question. Microscopic econometric or probabilistic methods 

are used to determine the conversion of climate-sensitive variables into economic losses in sectors. 

Consequently, there is still a limited scope of evidence-based prioritization of risk management 

investments. 

Synthesis and Research Gap

The literature shows clearly that there is a shift in the hazard-based risk analysis into integrated 

systems that embrace the exposure, sensitivity, and adaptive capacity. The conceptual progress has 

given special emphasis to the importance of socio-economic structures, institutions, and adaptive 

processes in developing economic risk. The methodological inventions of econometrics and 

simulation present potent instruments for quantifying risk and uncertainty. There is still, however, 

a signifi cant gap in the application of these more advanced methods to developing, multi-hazard 

contexts like Nepal. The current research is based too much on indicators and spatial analysis, and 

not a lot of econometric or probabilistic unemployment estimates on economic risk. Closing this 

gap is critical in designing evidence-based risk management strategies and helping in sustainable 

development. This paper aims to fi ll this gap by combining economic analysis with the hazard-

exposure-sensitivity-adaptive capacity framework to produce policy-relevant information to 

manage the Risk in Nepal.

Methodology

The present study is based on secondary data sets. The data sets for 77 districts were collected 

from the Ministry of Health and Population through the Report on Vulnerability and Adaptation 

Assessment of Climate-Sensitive Diseases and Health Risks in Nepal (2022). This is the empirical 

analysis of a cross-sectional dataset of all the districts for the year 2022.

The hazard, exposure, sensitivity, and adaptive capacity variables were then built at the district 

level with secondary data along with composite index methods frequently used in climate risk and 

vulnerability studies (Nardo et al., 2005; OECD, 2008). 

The framework of vulnerability is used in operationalization such that the risk appears as a 
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result of the interaction between climatic hazard factors and socio-economic vulnerability factors 

(IPCC, 2014). The hazard variable is the measure of the occurrence and intensity of the climatic 

catastrophes in each district. The indicators include the frequency of fl oods, landslides, droughts, 

and extreme rainfalls in the past. These indicators are the physical realization of hazard events that 

can result in the generation of economic losses (Cardona et al., 2012; IPCC, 2014). 

The exposure variable is where the populations and economic assets are located in the hazard-

prone regions. These are the indicators, such as the population density of the district, the ratio of 

settlements and agricultural land in the areas of vulnerability, and the infrastructure concentration. 

These indicators depict the extent to which human beings and properties are vulnerable to the 

possible risks (IPCC, 2014; Cutter et al., 2003). 

Sensitivity is used to measure the impacts of hazards on economic systems and populations. 

Some of the indicators are poverty levels, agricultural dependence as a livelihood, demographic 

vulnerability (children and older population), and the food security situation. Such variables include 

the vulnerability of the socio-economic systems to the eff ects of hazard (Turner et al., 2003; Cutter 

et al., 2003). 

The adaptive capacity is how districts can foresee, react to, and recover from the eff ects of 

hazards. These may be literacy levels, access to healthcare facilities, availability of infrastructure, 

and access to water and sanitation facilities. Increased adaptive capacity will make the community 

less vulnerable because it enhances the capacity of the community to deal with environmental 

stress (Smit and Wandel, 2006; IPCC, 2014). 

A minmax transformation was used to normalize all the indicators so that they are comparable 

across the districts. Hazard, exposure, sensitivity, and adaptive capacity composite indices were 

then used to index the normalized indicators with an arithmetic mean, which is usually followed 

when constructing vulnerability and risk indices (Nardo et al., 2005; OECD, 2008).

Model Formulation

The methodology of risk assessment embraced in this paper is an integrated economic risk 

assessment framework that is anchored on the Intergovernmental Panel on Climate Change. In this 

paper, the concept is presented where risk is a product of hazard, exposure, sensitivity, and adaptive 

capacity (IPCC, 2014). Similar to Fussel and Klein (2006) and Fussel (2007), economic risk is 

defi ned as the product of climatic hazards and socio-economic vulnerability, with vulnerability 

being defi ned as the product of exposure, sensitivity, and adaptive capacity. The economic risk in 

district i at time t can be formally defi ned as:

Risk
it
= f (Hazard

it
, Exposure

it
, Sensitivity

it
, Adaptive Capacity

it 
)

The model can be written in econometric linear form as:

Risk
it
=α+β

1
 Hazard

it
 +β

2
 Exposure

it
 +β

3
 Sensitivity

it
 -β

4
 Adaptive Capacity

it
 +ε

it

(β
1
 >0,β

2
 >0,β

3
>0,β

4
 <0 and ε

it
  represents the disturbance term) and Adaptive Capacity is  

negatively associated with risk.

Results and Discussion

OLS Regression Results 

The OLS regression results with risk as the dependent variable and Hazard, Exposure, Sensitivity, 

and Adaptive Capacity as independent variables are presented in Table 1. The regression equation 
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examines the predictors of risk for 77 districts. The general model is statistically signifi cant with 

F-stat = 46.61, p = 0.000, with R-squared 0.936, suggesting that about 93 % of the fl uctuations in 

the risk of the districts are explained by the hazard, exposure, sensitivity, and adaptive capacity. 

Hazard (β
1
= 0.565, p = 0.000), Exposure (β

2 
0.365, p=0.000) and sensitivity (β

3 
0.542, p = 0.000) 

found infl uencing risk positively, the higher the level of hazard, exposure, and sensitivity, the higher 

the risk. On the other hand, there is a negative, signifi cant impact of adaptive capacity (β
4
 -0.407, 

p = 0.000), indicating that greater adaptive capacity has a negative impact on risk. The fi ndings 

suggest that mitigation of risks should be concentrated on minimizing the hazard, exposure, and 

sensitivity, and increasing the adaptive capacity to handle district-level risks effi  ciently.

To the policy makers (Federal Government, Provincial Government, and Local Levels), the 

regression fi ndings demonstrate that eff ective risk management measures require thorough and 

specifi c measures on the district level. The disaster preparedness programs and the strong early 

warning systems should be a priority of interventions since hazard, exposure, and sensitivity are 

the most signifi cant contributors to the overall risk, and the strengthening of critical infrastructure 

in the high-risk districts (Wooldridge, 2013). Vulnerability can further be reduced by enhancing 

adaptive capacity via capacity building, training on technical matters, community awareness 

campaigns, and effi  cient allocation of fi nancial and human resources that can help in improving 

the eff ectiveness of response (UNDRR, 2015). Also, exposure reduction strategies, which include 

moving key infrastructures, landuse policies, and risk vulnerability in urban and rural development 

plans, are essential in averting possible losses (World Bank, 2018). Working in collusion among 

local governments, communities, and the involvement of the private stakeholders would enhance 

resilience, facilitate knowledge exchange, and implement the strategies in a sustainable manner 

(Benson & Clay, 2004). Through hazard minimization, exposure management, and improvement 

of adaptive capacity, district authorities are able to streamline the resource allocation process to 

reduce the socio-economic and environmental losses and develop long-term resilience to both 

natural and anthropogenic shocks (IPCC, 2014).

Table 1: OLS Regression Results for Risk (R)

Variable Coeffi  cient Std. Error t-Statistic Prob.

H 0.565 0.050 11.206 0.000

E 0.365 0.043 8.355 0.000

S 542 0.035 15.107 0.000

AC  0.040 -9.950 0.000

Constant (             -0.213 0.028 -7.399 0.000

R² =0 .936, Adjusted R² = 0.932, F-stat = 261.37, p = 0.000

Source: Author’s Own Calculation through Eviews 13

Coeffi  

e Infl ation Factor

Variance Infl ation Factor (VIF) is a diagnostic method employed in regression modeling in order 

to identify the presence of multicollinearity, a phenomenon whereby two or more independent 



Adhyayan Journal, Vol. XIII, No-13, April - 2026
93

variables are highly correlated (Kutner et al., 2005). Collinear predictors have overlapping 

information, and thus, it is hard to distinguish the special infl uence of a particular variable on the 

outcome by the model (Hair et al., 2010). VIF measures the degree of infl ation of the variance (and 

therefore, the standard error) of an estimated coeffi  cient of linear regression relative to a model in 

which the predictors are perfectly independent (Marquardt, 1970). In the case of each variable, X
i
, 

the VIF is provided through the formula:

Where  is the coeffi  cient of determination when it is regressed on all the other independent 

variables (O’Brien, 2007).

Although there is no universal cutoff , the following thresholds are commonly accepted in the 

statistical literature (Kutner et al., 2005; Hair et al., 2010)

(1) If, VIF = 1 there is no correlation, the predictor is absolutely independent.

(2) If 1 < VIF < 5: Moderate correlation: In most studies, this is acceptable and does not need 

any corrective measures.

(3) If VIF value is above 5 up to 10: large correlation; indicates the coeffi  cients might be 

unstable and respond to minimal alterations in the data (Akinwande et al., 2015).

(4) If VIF > 10: Multicollinearity is severe; normally, this is a statistic that indicates that the 

regression coeffi  cients are not estimated accurately and needs to be corrected, either by dropping 

redundant variables or dimensionality reduction (Belsley et al., 1980).

Table 2 shows the results of the Variance Infl ation Factor (VIF) as one of the diagnostic tools to 

determine possible multicollinearity. Such fi ndings are used as a foundation of redundancy testing, 

which identifi es the statistical insignifi cance of certain variables, and thus, they are not necessary 

to be included in the model.

Table 2: Variance Infl ation Factors Test

Variables Coeffi  cient Variance Uncentred VIF Centered VIF

H 0.002 18.004 1.616

E 0.002 18.801 1.337

S 0.001 6.357 1.367

AC 0.002 13.994 1.251

0.009 21.526 NA

Source: Author’s Own Calculation through Eviews 13

From Table 2, it is observed that the Centered VIF values give a good confi rmation of the 

integrity of the model. Having a value between 1.251 and 1.616, the values are very low compared 

to the standard of 5.0, and this implies there is no multicollinearity. Although the values of the 

Uncentered VIF seem larger (reaching 21.52), this is also a typical structural residual of having 

a constant in a model when variables do not have means of zero. The Centered VIFs are low, 

hence you can conclude with high confi dence that Hazard, Exposure, Sensitivity, and Adaptive 

Capacity are independent predictors. Such statistical independence guarantees the accuracy of the 
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coeffi  cients that are calculated, and this means that the overall climate health risk across the 77 

districts in Nepal can be interpreted reliably, where each dimension is contributing to it in its 

unique way.

Scale Coeffi  cient

The rationale behind the use of scaled (standardized) coeffi  cients in regression analysis is that 

it allows the relative signifi cance of explanatory variables when measured on diff erent scales to 

be compared. Standardization is the conversion of variables into units of standard deviation that 

allows the direct measurement of the eff ect sizes in the same model. It is especially useful in 

multivariate regression, where the raw coeffi  cients cannot be compared because of the diff erent 

units of measurement. Standardized coeffi  cients increase the level of interpretability and facilitate 

substantive inferences by establishing the predictors with the greatest impact on the dependent 

variable. Gelman (2008) suggested scaling predictors so as to enhance the interpretability of applied 

research. On the same note, Menard (2011) observed that standardized coeffi  cients can be used in 

comparing eff ects on variables. Long (1997) highlighted their importance in interpreting regression 

models in social science research. Allison (1999) explained that standardization is used to compare 

eff ects, and Cohen et al. (2003) emphasized that it is useful in applied statistical modeling and 

interpretation of the eff ect size.

The results of the scaled regression with risk as a dependent variable are shown in Table 3. 

The results demonstrate that Hazard (H), Exposure (E), and Sensitivity (S) have a positive eff ect 

on risk, whereas Adaptive Capacity (AC) has a negative eff ect. The strongest impact is observed 

on Sensitivity (standardized coeffi  cient = 0.528), then on Hazard (0.426) and Exposure (0.289). 

This implies that a one-unit deviation in the sensitivity causes the greatest change in the risk and, 

consequently, it is the most signifi cant element of the model. The elasticity results support this 

trend. Hazard has a value of elasticity that exceeds one (1.026), meaning that 1% rise in hazard 

raises risk by a margin higher than 1 and is highly responsive. The elasticities of sensitivity and 

exposure are also positive and signifi cant, and confi rm their role in raising the level of risk. In 

general, the fi ndings attest to the fact that the risk increases with hazard, exposure, and sensitivity, 

as per the conventional disaster risk models. 

On the other hand, the negative and statistically signifi cant correlation between Risk and 

Adaptive Capacity (AC) is negative (standardized coeffi  cient = -0.333; elasticity = -0.803). It 

means that an increase in adaptive capacity is a major risk mitigation factor. Namely, adaptive 

capacity increases risk by 1 percent, which reduces the risk by about 0.80, proving its protective 

and mitigating eff ect. The signifi cance of resilience-building interventions in risk mitigation 

approaches can be seen based on the magnitude of this eff ect. The constant value (-0.213) is the 

risk level when all predictors are the same and is a negative value, implying a negative intercept 

in the model. On the whole, the fi ndings conform to the generally established conceptualization of 

risk as a hazard-exposure-sensitivity product, mediated by adaptive capacity. The results indicate 

that the policy interventions to minimize the sensitivity and enhance the adaptive capacity would 

have the most signifi cant eff ect on decreasing the general risk.
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Table 3: Scale Coeffi  cient Results 

Variables Coeffi  cients Standardized 

Coeffi  cients

Elasticity at Means

H 0.564 0.426 1.026

E 0.365 0.289 0.790

S 0.542 0.528 0.763

AC -0.407 -0.333 -0.803

-0.213 NA -0.776

Source: Author’s Own Calculation through Eviews 13

Conclusion and Recommendations

This paper assesses the economic impact of Risk in Nepal by incorporating the hazards, 

exposure, sensitivity, and adaptive capacity in an econometric model. The OLS results of the 

regressions show that the most important determinants of risk on the district level are hazard and 

sensitivity, and exposure is also positively impacting the results. Adaptive capacity is negatively 

related to risk, and this implies that improvement in adaptive capacity has the potential to reduce 

economic losses to a certain degree. VIF tests and Scale Coeffi  cient tests confi rm the strength of 

the model and allow the inference to be made on the policy formulation. These results support the 

theoretical views of Füssel and Klein (2006) and Adger (2006), which discuss the vulnerability 

as exposure-sensitivity-adaptive capacity functional perspective and the economic aspect of risk. 

These fi ndings are consistent with empirical evidence on the issue in Nepal: high adaptive capacity 

and high hazard exposure levels result in high socio-economic and environmental vulnerability 

(Regmi et al., 2023; Khadka et al., 2024). The fi ndings reveal that an effi  cient process of risk 

management must be based on a multidimensional strategy, which incorporates physical hazard 

reduction with socio-economic interventions. The study can prove that economic losses can be 

reduced by making specifi c investments in infrastructure, capacity building, and early warning 

systems by quantifying the contribution of key variables. In general, the study contributes to the 

risk knowledge in Nepal by off ering a policy-oriented framework of correlating climate-sensitive 

conditions to economic performance that allows the allocation of resources based on evidence, 

disaster preparedness, and resilience-building intervention at the district level (Wooldridge, 2013; 

UNDRR, 2015). 

The results show that mitigation of hazards and reduction of their sensitivity through early 

warning systems, disaster preparedness actions, and enhancement of critical infrastructure should 

be the priority of the federal, provincial, and local policymakers (World Bank, 2018; Wooldridge, 

2013). Adaptive capacity should be increased in terms of technical training, community awareness, 

and eff ective allocation of resources to mitigate vulnerability. Urban and rural development plans 

should incorporate exposure reduction approaches, such as land-use planning and changing 

locations of critical infrastructures. The coordination of government agencies, communities, and 

other non-government stakeholders can boost resilience, enhance knowledge sharing, and achieve 

long-term adoption of risk management measures (Benson and Clay, 2004; IPCC, 2014).
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