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Abstract:  One possible reason for the persistence of domestic violence in Nepal is a domestic 
violence spatial spillover effect in which the occurrence of domestic violence in one household 
or area impacts the incidence of domestic violence in a neighbouring one.  To test the hypothesis 
of a domestic violence spillover effect, we use the 2016 Nepal Demographic and Health Survey, 
including global positioning system (GPS) data, to provide a detailed assessment of the spatial 
relationship between neighbouring households’ opinions and incidence of domestic violence.  
Our a multivariate spatial autoregression model provides evidence of spatial spillover of less 
severe violence, the most common form of physical violence in Nepal, while controlling for 
other factors.  Results suggest that focusing policy efforts to mitigate domestic violence in one 
area may reduce the incidence in neighboring areas, leading to an overall reduction across the 
country.   
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I. Introduction 

The end of Nepal’s civil war in 2006 brought sweeping political, social, and economic 

changes, including improvements in women’s economic empowerment as measured by greater 

employment, women’s say in decision-making processes, and stronger attitudes against domestic 

violence (Menon & Rodgers, 2015; Paudel & de Araujo, 2017).  Nepal’s new government did 

not wait long to pass the 2008 Domestic Violence Act, which defined domestic violence (one of 

the most common types of gender-based violence) as any kind of abuse – physical, emotional, 

sexual, or economic – directed against one person in a family against another.  The government 

also initiated a National Strategy and Action Plan to empower women and fight gender-based 

violence. Ending gender-based violence in Nepal had been a policy goal since the mid-1990s 

because of pressure from women’s groups and some government bodies. However, it took the 

adoption of a human rights framework in Nepal’s new constitution and the promotion of human 

rights by powerful political actors such as the Prime Minister for a domestic violence law to be 

implemented and a strategic plan for ending gender-based violence to be developed (Colombini, 

et al., 2015).  

Despite documented improvements in women’s economic status and the legal efforts to 

end abuse within the home, gender-based violence in Nepal remains high.  In 2016, 22% of all 

women of reproductive age had experienced some form of physical violence at least once since 

the age of 15, with almost one half of those women reporting that the violence occurred 

sometimes or even frequently in the past year (Nepal Ministry of Health, New ERA, & ICF, 

2017). In addition, one quarter of all ever-married women reported that their husbands directed 

some form of violence – emotional, physical, or sexual – against them. Moreover, a 2014 report 
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produced by the Informal Sector Service Center suggested that violence against women was on the 

rise (Nepal Ministry of Health, New ERA, & ICF, 2017). 

One possible reason for the persistence of domestic violence in Nepal despite the 

government’s legal changes is that the country is characterized by a domestic violence spatial 

spillover effect in which the occurrence of domestic violence in one household or area impacts 

the incidence of domestic violence in a neighbouring one.  The assertion that spatial effects are 

associated with domestic violence in Nepal is supported with evidence in Tuladhar et al. (2013) 

that broad ecological zones in Nepal have a statistically significant association with the incidence 

of spousal violence in Nepal in 2011. Specifically, women living in Nepal’s mountain and hill 

zones had lower odds of reporting domestic violence compared to women living in Nepal’s 

lowland region.  However, the study did not examine spillover effects within the ecological 

zones or within regions.   

In principle, spatial effects can operate through a number of channels to increase the risk 

of gender-based violence, including cultural and social acceptance of such behavior, statutory 

laws and enforcement, and copycat actions from neighbor to neighbor.  In a theoretical model of 

the determinants of domestic violence, Koenig et al. (2003) posit that community-level 

characteristics such as social norms, economic development, and crime levels interact with 

individual- and household-level characteristics in impacting domestic violence. Because norms, 

development, and crime often vary within countries by geographical domains, the model implies 

that the determinants of domestic violence have an inherent spatial dimension. This implication 

is supported with evidence from Bangladesh that the risk factors in predicting domestic violence 

are conditioned by the socioeconomic and cultural environments where women live.   
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To test the hypothesis of a domestic violence spillover effect in Nepal, our study uses 

household data from the 2016 Nepal Demographic and Health Survey, including global 

positioning system (GPS) data, to provide a detailed assessment of the spatial relationship 

between neighbouring households’ opinions and incidence of domestic violence.  Identifying a 

spillover effect is important for policy as it can, theoretically, work in reverse in efforts to reduce 

domestic violence.  If proximate households do influence abusive behaviour, then concentrating 

and targeting abuse reduction efforts may be a more efficient and cost-effective method than 

diluting and diffusing the efforts nationwide.   

Research on domestic violence is particularly important during the Covid-19 pandemic. 

Emerging evidence suggests that domestic violence has increased in frequency and severity 

across countries; the United Nations Secretary-General reported that in some countries the 

number of calls for domestic violence support services has doubled. Indeed, researchers have 

found associations between a range of natural disasters and increases in domestic violence 

(Campbell, 2020). Risk factors contributing to this increase include increased psychological and 

financial stress, social isolation, and increases in the amount of time that a victim must spend 

with their abuser as a result of shelter-in-place orders (Peterman, et al., 2020).  Much of this 

violence is perpetrated by men toward women.  The results of this analysis will help in the 

design of evidence-based policies and programs that reduce risks and limit adverse effects during 

the Covid-19 aftermath. 

II.  Geospatial Patterns: Previous Evidence 

Previous studies on gender-based violence have included geographic characteristics in 

their analyses and found them to matter.  For example, Gracia et al. (2015) finds that 
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neighborhood effects play an important role in the incidence of intimate partner violence in 

Spain. In particular, neighborhoods in the city of Valencia characterized by physical delay, low 

socioeconomic status, high rates of misdemeanors and crime, and a relatively large immigrant 

population experience a greater risk of intimate partner violence.  The finding that intimate 

partner violence is spatially patterned rather than randomly distributed across the city suggests 

that prevention efforts can be more effectively targeted if they take into account neighborhood 

risk factors.  As another example, distance to the nearest health facility is modelled as a 

determinant of the likelihood of reporting gender-based violence in Palermo et al. (2013) for a 

sample of 24 countries.  For most countries, this measure is not a statistically significant 

predictor for reporting gender-based violence. However, in two countries (India and Zimbabwe), 

as the distance increases, women are more likely to experience some type of gender-based 

violence.   

Less research on gender-based violence has used spatial regression methods to explore 

spatial spillover effects. Such effects are not captured using traditional/non-spatial regression 

techniques.  One exception is Habyarimana, Zewotir, & Ramroop (2018), which finds that in 

Rwanda there is substantial spatial variation in rates of domestic violence across districts as well 

as residual effects from one district to the next.  In addition to the spatial variation, some of the 

largest risk factors for domestic violence include the husband’s or partner’s alcohol 

consumption, a lower level of education for the husband, polygamy, the woman’s lack of 

property ownership, and the woman’s use of contraception.  Another exception is Miles-Doan 

(1998), a paper that accounts for spatial autocorrelation and finds that disadvantaged 

neighborhoods characterized by high concentrations of people living in poverty, male 

unemployment, and single parents are also associated with higher rates of intimate-partner 
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violence. The author suggests that at least some of the neighborhood effect is due to the 

concentration of resource deprivation, which heightens violent behavior between spouses and 

intimate partners. 

Looking beyond gender-based violence, a growing number of studies in health and 

economics are using geospatial measures combined with multivariable regression analysis to 

examine how spatial dimensions affect outcomes of interest, including health, criminal activity, 

conflict, and macroeconomic aggregates such as tax rates, government spending, and economic 

growth.  As an example of a geospatial analysis in health, Barankanira et al. (2016) use a spatial 

statistical approach applied to DHS data to examine HIV prevalence in Burundi.  Although the 

overall HIV prevalence rate is 1.4% among adults, there is a high degree of spatial heterogeneity 

ranging from zero to 10%. The study’s geostatistical approach accounts for both spatial 

autocorrelation and individual characteristics such as education, age, wealth, and sexual activity 

in estimating the determinants of HIV infection.  Results from multivariate spatial logistic 

regressions indicate that after controlling for spatial heterogeneity, the largest determinants of 

HIV infection include being female, over the age of 35, sexually active, wealthy, and having a 

history of sexually transmitted infection.  These results suggest targeting prevention efforts 

toward particular locations and populations.   

Substantial spatial heterogeneity is also found in child mortality rates and key indicators 

of child and maternal health in 27 Sub-Saharan African countries (Burgert-Brucker, 

Yourkavitch, Assaf, & Delgado, 2015; Pezzulo, et al., 2016).  Findings point to the importance 

of individual and household characteristics (such as birth intervals, maternal education, access to 

health care facilities, and stunting) and geospatial factors (such as malaria prevalence, average 
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temperatures, and the variety of ethnic groups) in explaining variations in child mortality, which 

helps targeting health research and delivery of services. 

Spatial patterns also apply to criminal activity.  For example, previous research has found 

spillover effects in the success of community action programs in reducing violent assaults in 

Sweden.  The programs use several strategies to reduce alcohol consumption and train staff in 

conflict management across several municipalities.  Results indicate that the indirect effect of the 

program on adjacent municipalities exceeds the direct impact within the municipality 

(Brännström, Trolldal, & Menke, 2016).  Another example of spatial spillover effects is the case 

of homicides across municipalities in Mexico.  Flores and Rodriguez-Oreggia (2014) find a 

positive spillover effect on homicide rates attributable to law enforcement and the informal 

sector.  Interestingly, these spillover effects are larger in magnitude in those municipalities 

exposed to military operations run jointly by the state and federal governments, implying that the 

military operations did not effectively reduce levels of violence in the targeted areas.  Rather, 

these enforcement efforts actually contributed to the spread of crime to neighboring 

municipalities, implying that other actions are needed to prevent the diffusion of homicides 

(Flores & Rodriguez-Oreggia, 2014).   

There is a growing literature on spatial spillover effects in conflict at the country level, 

with numerous studies revealing that civil war is more likely to break out in a country if a 

neighboring country is already engaged in civil strife.  In a review of this scholarship and a close 

exploration of this issue, Carmignani and Kler (2017) find a contagion effect if a country’s 

neighbor is at war, and the contagion is more likely if the ethnic composition of their populations 

is similar and refugees are crossing the border.  To prevent the diffusion of civil war, the authors 

recommend regional economic communities to promote trade and peace-keeping (Carmignani & 
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Kler, 2017).  Closely related, political risk can also have cross-border effects and affect 

macroeconomic aggregates such as economic growth.  Zallé (2017) reaches this conclusion in 

the case of 34 African countries and finds significant spatial interdependence of economic 

growth rates that is manifested through political risk.  Government stability, religious tensions, 

and rents from natural resources impact not only individual country growth rates but also those 

of neighboring countries. 

III. Data and Methodology  

The statistical analysis is conducted using the 2016 Nepal Demographic and Health 

Surveys (NDHS), a large nationally-representative sample of women aged 15-49 and members 

of their households. The NDHS surveys provide detailed information on woman’s education, 

literacy, age, marital status, employment status, region of residence, religion, and ethnicity; and 

her husband’s education, literacy, and use of alcohol. Importantly, the 2016 wave of the Nepal 

DHS also includes household spatial data. As shown in Figures 1 and 2, Nepal is a landlocked 

country of almost 26.5 million people distributed across three ecological regions: Mountain, Hill, 

and Terai (lowlands) (Government of Nepal, Central Bureau of Statistics, 2012). One of the 

geographical boundaries used in this analysis combines ecological and regional divisions, 

resulting in seven areas, defined by an indicator in the DHS data file and is common to analysis 

of Nepal. Henceforth, these geographical areas are called spaces, which are also differentiated at 

times by urban status: 1) Center Hill, 2) Center Mountain, 3) Center Terai, 4) East Hill, 5) East 

Mountain, 6) East Terai, and 7) Far Western Hill. 

The 2016 NDHS data also include a module on gender-based violence addressing 

physical, emotional, and sexual forms of violence.  Our sample retains all women aged 15-49 
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who participated in the domestic violence module, amounting to 4,447 observations.  Following 

the precedent set in Palermo et al. (2013), we included both never married and ever-married 

women in the sample to examine the role of marital status as a determinant of domestic violence.  

Some questions were only asked of married women, so those samples are slightly smaller.   

To reduce disclosure risk for participating households, all geocoded DHS datasets go 

through a masking process (Burgert, Colston, Roy, & Zachary, 2013). First, the households are 

aggregated into clusters, with each household in the cluster assigned the coordinates of the 

cluster centroid.  Second, each cluster is geomasked by a displacement process, encompassing 

errors ranging from 0-2 km and 0-5 km in urban and rural areas, respectively.  The displacement 

method is restricted to ensure that households remain within their country and regional borders. 

Clusters are another spatial division used in this analysis. However due to masking, it is not 

possible to use clusters when producing maps. Separate and precise publicly available GIS 

national and regional data is used for this purpose. 

This paper utilizes cross-sectional, multivariate regression, grounded in a conceptual 

model of partner abuse with gender-specific levels of economic empowerment, to study the 

spatial nature of domestic violence.  Spatial analysis permits the investigation of spatial 

heterogeneity and the identification of hotspots for domestic violence which is not possible in a 

standard statistical analysis using predetermined geographical boundaries, such as provinces and 

states.  If spatial relationships are present and not accounted for, and those same relationships are 

correlated with an included explanatory variable, the estimated coefficients suffer from the 

omitted variable bias. 
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The methodology for this analysis is a multivariate spatial autoregression (SAR) model in 

which the proximity of domestic violence and related unobservable characteristics are explicitly 

included as determinants of domestic violence by geographic cluster.  The SAR model is an 

extension of the linear regression model and permits various spatial effects on the outcome 

variable (Anselin, 1988).  For a full analysis and comparison, a standard regression including 

dummy variables for spaces and domestic violence rates within are also included.   

The general one-period SAR model is:   

𝐷𝐷𝑖𝑖,𝑁𝑁 = 𝜆𝜆∑ 𝑊𝑊𝑖𝑖,𝑁𝑁𝐷𝐷𝑖𝑖𝑖𝑖,𝑁𝑁
𝑁𝑁
𝑗𝑗=1 + 𝛽𝛽𝑋𝑋𝑖𝑖,𝑁𝑁 + 𝜃𝜃 ∑ 𝑊𝑊𝑖𝑖,𝑁𝑁𝑋𝑋𝑖𝑖𝑖𝑖,𝑁𝑁

𝑁𝑁
𝑗𝑗=1 + 𝛼𝛼 + 𝜀𝜀𝑖𝑖,𝑁𝑁  (1) 

where 𝜀𝜀𝑖𝑖 = 𝜌𝜌∑ 𝑊𝑊𝑖𝑖,𝑁𝑁𝜀𝜀𝑖𝑖𝑖𝑖,𝑁𝑁
𝑁𝑁
𝑗𝑗=1 + 𝜇𝜇𝑖𝑖,𝑁𝑁.  𝐷𝐷𝑖𝑖 is an indicator of domestic violence in region i; 𝑋𝑋𝑖𝑖 is a set 

of exogenous regressors including measures of economic empowerment, 𝑊𝑊𝑖𝑖 is a spatial weight 

matrix equal to some positive number if cluster j is a neighbour of cluster i and zero if it is not or 

if i = j. The parameters 𝜆𝜆, 𝜃𝜃, and 𝜌𝜌 are the spatial autoregressive parameters. Specifically, 𝜆𝜆𝑊𝑊 is 

the endogenous spatial interaction effect allowing other nearby outcomes to affect outcomes, 𝜃𝜃𝑊𝑊 

is the exogenous spatial interaction effect allowing nearby covariates to affect outcomes, and 𝜌𝜌𝑊𝑊  

is the spatial autoregressive error effect allowing nearby errors to affect outcomes.   The general 

model is adjusted by restricting 𝜆𝜆, 𝜃𝜃, and 𝜌𝜌.  For example, the standard linear regression model 

implicitly sets these parameters equal to zero.  If spatial spillovers exist and are associated with 

an included variable in X, then omitted variable bias exists. 

In SAR models, the spatial weighting matrix, W, is specified prior to estimation.  

Because of the geomasking procedure used in the DHS, the model must rely on regional 

relationships (clusters) rather than exact points (households), without knowledge of potential 

shared borders.  The spatial distance weighting matrix is constructed as an inverse distance ratio 
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for household clusters rather than a normalized contiguity matrix. The matrix W is scaled so that 

the largest eigenvalue is equal to 1 to avoid explosive solutions.    

IV. Summary Statistics 

Table 1 shows summary statistics for our sample.  Most women are married (78%), 

Hindu (86%), literate (68%), and have at least a primary level of schooling (65%.)  Amongst 

married women, their husbands are on average more educated, as 88% have at least a primary 

level of schooling. Almost half of the husbands report drinking alcohol (44%.) 

The analysis focuses on physical violence. Given the large number of questions 

pertaining to domestic violence, particularly in the domestic violence module, and the likelihood 

of significant correlation between the resulting variables, we aggregate measures via indexes. All 

ever-married women in the domestic violence module are asked several questions about physical 

violence perpetrated by their spouse including slapping, punching, kicking, strangling, burning, 

threatening/attacking with a weapon, and forced sex/sexual acts which are grouped into three 

categories: 1) less severe violence, 2) severe violence, and 3) sexual violence.  The three physical 

violence variables are converted to the [0, 1] scale indicating the presence of any physical 

violence in the past 12 months and constitute our three physical violence indexes.  

The values for the three violence indexes are shown in Table 2 for each space.  Less 

severe physical violence is more common than severe and sexual violence and is most prevalent 

in the Mountains (East and Center). The lowest prevalence of less severe violence is in the East 

Hill and East Terai spaces. Severe and sexual violence is not only less common overall, but also 

consistently so across spaces. Those spaces with greater incidence of less severe violence also 

show the highest levels of severe and sexual violence. 
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Moran’s I (I) is commonly used to test for global spatial autocorrelation (relationships 

between regions).   Generally, the global I is defined as: 

𝐼𝐼 =
∑ ∑ 𝑤𝑤𝑖𝑖𝑖𝑖𝑧𝑧𝑖𝑖𝑧𝑧𝑖𝑖𝑛𝑛

𝑖𝑖=1
𝑛𝑛
𝑖𝑖=1

∑ 𝑧𝑧𝑖𝑖
2𝑛𝑛

𝑖𝑖=1
  (2) 

where n is the number of regions, zi is the standardized value of variable z in region i, and wij is 

the ijth element of a row-standardized spatial weight matrix (W).  The metric is on the [-1, 1] 

range, where a positive (negative) value indicates a positive (negative) spatial autocorrelation 

across the regions.  In this analysis, a positive I indicates that a high (low) incidence of domestic 

violence in one cluster is associated with a high (low) incidence in neighboring clusters.  A 

common null hypothesis is spatial randomization, or I = 0 where the test statistic is:  

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑑𝑑𝑆𝑆𝑎𝑎𝑑𝑑𝑎𝑎𝑎𝑎𝑎𝑎𝑑𝑑 𝑀𝑀𝑀𝑀𝑎𝑎𝑆𝑆𝑆𝑆′𝑠𝑠 𝐼𝐼 =  𝐼𝐼−𝐸𝐸[𝐼𝐼]
�𝑉𝑉𝑉𝑉𝑉𝑉[𝐼𝐼]

   (3) 

A statistically significant value indicates spatial autocorrelation. Table 3 shows I for each 

domestic violence index. Both less severe and severe physical violence are positive and 

statistically significant supporting the idea that those clusters with high levels of these types of 

violence are proximate to others also with high levels of the same types of violence. 

 Another spatial correlation measure is the Getis-Ord 𝐺𝐺𝑖𝑖∗(𝑑𝑑) statistic which detects hot- 

and cold-spots from a local perspective (Kondo, 2016).  𝐺𝐺𝑖𝑖∗(𝑑𝑑) is defined generally as: 

𝐺𝐺𝑖𝑖∗(𝑑𝑑) =
∑ 𝑤𝑤𝑖𝑖𝑖𝑖(𝑑𝑑)𝑥𝑥𝑖𝑖𝑁𝑁
𝑖𝑖=1

∑ 𝑥𝑥𝑖𝑖𝑁𝑁
𝑖𝑖=1

   (4) 

where 𝑤𝑤𝑖𝑖𝑗𝑗(𝑑𝑑)is the ijth element of the spatial weight matrix w.  This 𝑤𝑤𝑖𝑖𝑗𝑗(𝑑𝑑) element is equal to 1 

if dij < d and 0 otherwise.  The numerator is the local sum of variable x within a circle of d 
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kilometers (radius) from the centroid of region i. The denominator is the sum of x for all regions.  

Thus the 𝐺𝐺𝑖𝑖∗(𝑑𝑑) statistic is the ratio of the local sum to the total sum for each region, and hot/cold 

spots are identified as spatial outliers. The standardized Getis-Ord is the equivalent of a z-value:   

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑑𝑑𝑆𝑆𝑎𝑎𝑑𝑑𝑎𝑎𝑎𝑎𝑎𝑎𝑑𝑑 𝐺𝐺𝑖𝑖∗(𝑑𝑑) = 𝐺𝐺𝑖𝑖
∗(𝑑𝑑)−𝐸𝐸�𝐺𝐺𝑖𝑖

∗(𝑑𝑑)�

�𝑉𝑉𝑉𝑉𝑉𝑉�𝐺𝐺𝑖𝑖
∗(𝑑𝑑)�

   (5) 

For statistically significant positive values of the standardized 𝐺𝐺𝑖𝑖∗(𝑑𝑑), the larger the z-

score, the more the intense the clustering of high values or hot spots. Table 3 shows the number 

of hot and cold clusters in Nepal. There are no cold spots, but there is evidence of 15, 20, and 22 

cases of less severe, severe, and sexual violence, respectively. Figure 3 shows how the hotspots 

for less severe and severe physical violence and sexual violence are distributed across regions in 

Nepal. The darker the color the “hotter” the spot is. The western part of the country has hotspots 

for all forms of violence. Central and Eastern Nepal also have considerable hot spots for severe 

physical and sexual violence. Western Nepal shows evidence of hot spots for these types of 

violence, but they are not as severe.  

Table 4 defines the four combinations of Moran’s I (positive or negative) and 𝐺𝐺𝑖𝑖∗(𝑑𝑑) 

(high or low) and their implications. For example, when Moran’s I is positive and 𝐺𝐺𝑖𝑖∗(𝑑𝑑) is high, 

then high value observations (e.g. high incidence of domestic violence) tend to cluster together 

and their neighbors are similar.  Closely related, when Moran’s I is positive and 𝐺𝐺𝑖𝑖∗(𝑑𝑑) is low, 

then low value observations tend to cluster together and their neighbors are similar.  Applying 

this interpretation of combinations of different values of Moran’s I and 𝐺𝐺𝑖𝑖∗(𝑑𝑑), we now go back 

to our estimates in Table 3 for each violence index cluster mean in 2016. Moran’s I is positive 

and statistically significant for two of the three measures of physical violence, and hotspots exist 
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for each measure. The greatest number of hotspots exist for sexual violence although the 

associated Moran’s I is not statistically significant. The interpretation is that the incidence of 

sexual violence is high and clustered together while neighbors tend to be neither similar nor 

dissimilar. In contrast, the least number of hotspots exist for less severe violence while it is for 

this type of physical violence that Moran’s I has the largest magnitude and is measured with the 

most precision.  Hence there is a lower incidence of less severe violence among households that 

cluster together geographically, and their neighbors are similar.   

V.  Regression Results 

Table 5 shows regression results for the three physical violence indexes using OLS and 

SAR models.  Each model includes measures for female characteristics, socioeconomic status, 

and husband characteristics.  The correlation coefficient between female literacy and educational 

status is 0.73 so only literacy is included in the regression to avoid collinearity. The OLS models 

include dummy variables for geographic spaces.  The SAR models are estimated at the cluster 

level, using a dependent spatial lag (endogenous).  

The less severe violence index models have greater explanatory power than the other two 

violence models. Female literacy and husband drinking are statistically significant across both 

models for less severe and severe violence, with the predicted sign: Literate women are less 

likely to be physically abused and women with husbands who drink are more likely to be 

physically abused. The less severe SAR model provides evidence of spatial spillover of less 

severe violence, the most common form of physical violence in Nepal, while controlling for 

other factors. This is stronger evidence than the spatial summary statistics discussed earlier.   

VI. Conclusion 
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Understanding the extent to which there are spatial-spillover effects helps to improve the 

effectiveness of policy efforts to reduce domestic violence.  Focusing policy efforts in one area 

may reduce the incidence in neighboring areas, leading to an overall reduction across the 

country.  Policies to educate men and women about the social, economic, and legal consequences 

of domestic violence can work to reduce the acceptance and justifiability of abusive behaviors.  

Spillover effects facilitate the spread of violence prevention efforts across households, which is 

crucial for curtailing and ending domestic violence in Nepal. If such policies lead to real changes 

in the patriarchal culture where physical abuse is accepted, fewer children will be exposed to 

environments in which their mothers are abused. It has been found that boy children with 

mothers who are abused are more likely to become abusers themselves in adulthood, while girl 

children are more likely to enter into abusive intimate relationships as adults (Kishor & Johnson, 

2004). Breaking that cycle is a step towards permanent reductions in violence against women in 

the home.   

Policy efforts to address domestic violence are particularly relevant for the Covid-19 

pandemic and its aftermath.  Efforts to mitigate domestic violence as tensions mounted within 

households from the health crisis and associated economic insecurity should be prioritized. 

Domestic violence intensifies during disasters and crises (Bahn, Cohen, & Rodgers, 2020). The 

COVID-19 crisis is longer term, more people are confined to their homes, there is an uncertain 

endpoint, many are struggling financially, and people are scared and grieving. Even before 

Covid-19, domestic violence was a major public health issue, associated with a range of negative 

physical and mental health consequences (Ellsberg, Jansen, Heise, Watts, & Garcia-Moreno, 

2008; Bonomi, et al., 2009). Globally, one in three women are survivors of domestic violence 

(Garcia-Moreno, Jansen, Ellsberg, Heise, & Watts, 2006). Despite the negative health 
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consequences associated with DV, survivors are often unable to leave their abusive relationships 

due to a lack of finances and other resources (Fugate, Landis, Riordan, Naureckas, & Engel, 

2005). In addition to being disproportionately impacted by DV, on average women are also less 

financially secure than men (Anderson, et al., 2003).  It is difficult to overstate the scale of this 

problem for those who are subject to abuse of all kinds. Our results imply that resources cannot 

be diverted away from shelters and care services that meet the needs of victims of abuse. 

Such efforts can have important economic repercussions outside the home as well.  A 

number of studies have linked domestic violence to women’s productivity in the workforce.  

Macroeconomic effects of violence against women include a decrease in women’s labor force 

participation rates.  Evidence for India indicates that more violence against women is associated 

with lower labor force participation rates, where strong stigmas around sexual violence act as a 

disincentive for women travel to work.  This effect is even stronger for women in patriarchal 

households characterized by domestic violence (Chakraborty, Mukherjee, Rachapalli, & Saha, 

2018). 

More broadly, Nepal’s objective of reducing gender-based violence is consistent with the 

United Nations’ Sustainable Development Goals (SDGs).  In fact, SDG#5 (out of a total 17 

goals) calls for gender equality and the empowerment of women and girls, including the specific 

target to “eliminate all forms of violence against all women and girls in public and private 

spheres, including trafficking and sexual and other types of exploitation,” (Garcia-Moreno & 

Amin, 2016).  Moreover, SDG #16 calls for the promotion of peace, justice, and institutions for 

sustainable development, with the specific target of ending abuse and violence against children. 

This attention given to addressing all types of violence against women and girls, and violence 

against children, is unprecedented at the international level. There is mounting evidence 
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regarding the link between achieving gender equality and empowering women and girls, poverty 

reduction, and sustainable economic growth. Crucial to attaining these SDGs is an integrated 

approach where social, economic, and political aspects are equally considered and addressed. 

Our results suggest that such an approach necessarily consider spatial effects in how households 

respond to education and policy reforms related to gender-based violence. 
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Figure 1. Map of Nepal by Region 

 

Source: (Nations Online Project, n.d.)  
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Figure 2. Map of Nepal by Ecological Zones 

 

Source: (Chhetri, 2009)  
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Figure 3. Getis-Ord Statistics, 2016 
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Table 1. Summary Statistics, Women in DHS Domestic Violence Module 

    
# Obs.  

(Unweighted) 
% of sample  
(Weighted) 

Women Characteristics    
Married  3,710 0.776 

Never married  619 0.198 
Divorced/Separated/Widowed  118 0.026 

Age, Under 21  822 0.233 
Age, 21-34  2,177 0.446 

Age, 35 or over  1,448 0.321 
Hindu  3,901 0.860 

Socioeconomic     
Education, At least primary  2,822 0.654 

Literate  3,041 0.678 
Wealth: 1st quintile  1,023 0.173 

Wealth: 2nd quintile  932 0.194 
Wealth: 3rd quintile  893 0.207 
Wealth: 4th quintile  871 0.222 
Wealth: 5th quintile  728 0.204 

Husband Characteristics    
Education, At least primary  3,869 0.875 

Drinks alcohol  1,809 0.443 
Geographic indicators    

Center Hill  663 0.169 
Center Mountain  689 0.201 

Center Terai  603 0.213 
East Hill  575 0.098 

East Mountain  672 0.171 
East Terai  641 0.058 

Far Western Hill  604 0.089 
Urban   2,822 0.624 

Note: Weight is the domestic violence weight provided by DHS.  N = 4,447. 
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Table 2.  Violence Index Means by Region in Nepal 

 

    
Less severe 

violence Severe violence Sexual violence 
Nepal  0.227 0.100 0.070 
Center Hill  0.186 0.090 0.063 
Center Mountain  0.347 0.116 0.066 
Center Terai  0.213 0.104 0.079 
East Hill  0.119 0.066 0.044 
East Mountain  0.240 0.117 0.083 
East Terai  0.148 0.101 0.074 
Far West Hill   0.189 0.076 0.079 
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Table 3. Moran's I and Getis-Ord Statistic Summaries 

 

 

Note: ***, **, * denotes Moran’s I significant at the 1%, 5%, and 10% 
levels, respectively.  Hot and cold spots significant between 1% and 5% 
levels.  An exponential spatial weight matrix is used for both Moran’s I and 
the Getis-Ord statistics. 

  

Moran's I
Cold Hot

Less severe violence 0.265*** 0 (0.0) 15 (3.9)
Severe violence 0.106* 0 (0.0) 20 (5.2)
Sexual violence 0.073 0 (0.0) 22 (5.7)

N 383 383 383

Getis-Ord (counts(%))
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Table 4. Combinations of Moran's I and Getis-Ord G(d) Statistics 

 

  
Moran's I 

Negative Positive 

Getis-Ord 
G(d) 

Low  
low value observations tend to 

cluster together, their 
neighbors are dissimilar 

low value observations tend to 
cluster together, their 
neighbors are similar 

High 
high value observations tend to 

cluster together, their 
neighbors are dissimilar 

high value observations tend to 
cluster together, their 
neighbors are similar 
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Table 5. Regression Results: OLS and SAR 

                  

 
Less Severe 

Violence Index   
Severe Violence 

Index   
Sexual Violence 

Index 
  OLS Spatial  OLS Spatial  OLS Spatial 
Women Characteristics         

Age, Under 21 0.13 0.10  0.21** 0.14**  0.09 0.09* 
Age, 21-34 0.00 -0.02  0.01 -0.01  -0.01 0.01 

Hindu -0.02 0.00  -0.03 -0.02  -0.04 -0.02 
Socioeconomic          

Literate 
 -

0.26***  -0.23***  
 -

0.16*** -0.09***   -0.05  -0.02 

Wealth: 1st quintile -0.06 -0.10**  -0.03 -0.01  
-

0.09** -0.07*** 
Wealth: 2nd quintile 0.06 0.07  -0.02 -0.01  -0.06 -0.04 
Wealth: 3rd quintile 0.15** 0.13***  0.08** 0.08**  -0.01 -0.01 

Wealth: 4th quintile 0.02 0.02  -0.02 0.01  
-

0.09** -0.07* 
Husband Characteristics         

Education, At least primary -0.19**  -0.22***   -0.02 -0.05  0.02 -0.03 
Drinks alcohol 0.20*** 0.15***  0.08*** 0.08***  0.07** 0.09*** 

Geographic indicators         
Center-hill (urban) 0.06   0.04   0.02  
Center-hill (rural) 0.09**   0.05**   -0.01  

Center-mountain (urban) 0.10*   -0.02   -0.02  
Center-mountain (rural) 0.07   0.00   0.01  

Center-terai (urban) 0.14***   0.06**   -0.01  
Center-terai (rural) 0.04   0.01   0.01  

East-hill (urban) 0.03   0.02   -0.02  
East-hill (rural) 0.01   0.03   -0.01  

East-mountain (urban) 0.11**   0.05*   0.00  
East-mountain (rural) 0.09**   0.05*   0.01  

East-terai (urban) 0.09**   0.09***   0.03  
East-terai (rural) 0.01   0.02   0.02  

Farwest-hill (urban) 0.09*   0.03   0.04  
Spatial controls         

Spatial_dep  0.45**   0.45   0.10 
(Pseudo)R2 0.43 0.35  0.22 0.14  0.08 0.07 

N 4,444 383   4,444 383   4,444 383 
NOTE: OLS uses cluster means of all variables for comparison with the spatial regressions. 
Note: ***, **, * significant at the 1%, 5%, and 10%, respectively.  Results from 2016 NDHS. 
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