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 A B S T R A C T

This paper investigates the socio-economic and geographic patterns associated with femicides 
and examines the role of local policies in combating gender-based violence. First, we construct 
a novel, granular dataset of femicide cases in Italy spanning 2006–2022 and analyze it with 
machine learning techniques. This empirical analysis identifies areas at highest risk for women 
and pinpoints the main territorial predictors of the phenomenon. Second, we collect data on 
all local anti-violence centers (AVCs) and show that our femicide risk map only partially aligns 
with the local deployment of existing public support, suggesting that predictive analytics could 
enhance targeting strategies. Third, using detailed information on the timing of AVC openings 
in each province and a staggered non-parametric difference-in-differences approach, we find 
that, on average, AVC openings did not significantly reduce the number of femicides, although 
they led to a notable decline in sexual violence. These findings suggest ample room to improve 
the targeting and effectiveness of public policies aimed at combating violence against women.

‘‘Every so often, in history, an Antigone stands beside the body she must bury and faces the chorus of the people and the tyrant, 
demonstrating that such sorrow can be a struggle.’’
- Valeria Parrella, an Italian writer, reflecting on Elena Cecchettin’s commitment following the femicide of her sister Giulia.

. Introduction

Gender-based violence is a systemic problem afflicting most countries worldwide, with femicide being its most extreme form. 
he ongoing persistence of this issue has recently drawn increased attention from the media and politics, with several governments 
ccelerating the implementation of measures to counter the phenomenon.1 In May 2024, the European Council adopted the Directive 
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on combating violence against women and domestic violence (2024/1385). This directive criminalizes both online and offline 
offenses, establishes requirements for protection and support, and mandates that Member States transpose it into their national 
law and policy by 2027.

In contrast, public opinion has so far only partially mobilized to demand greater public efforts to combat gender-based violence. 
Across many developed countries, a significant portion of the public still downplays the severity of the issue, either considering 
gender-based violence as a problem confined to less developed countries or to particularly poor segments of society (Frisancho et al., 
2022), or citing excessive concern and media exaggeration.2 Moreover, there is evidence of increasingly popular backlash activism, 
supported by expanding men’s right movements (Botto and Gottzén, 2024). As a consequence, femicides are often perceived—and 
thus dismissed—by substantial segments of public opinion as just another form of general homicide, with critics arguing that their 
unique characteristics and root causes do not warrant special attention or policy remedies. This lack of awareness translates into a 
legislative void: as of April 2025, only three European countries (Croatia, Cyprus and Malta) have recognized femicide as a crime
per se.3 In other European legislative systems, femicides remain undistinguished from homicides, and the gender motive in a murder 
is often not even recognized as an aggravating factor (European Institute for Gender Equality, 2023).

Meanwhile, in many countries, despite an overall decrease in total homicides, the frequency of femicides remains stable or is 
even increasing.4 To address this concerning phenomenon, urgent public action is required. This can take the form of targeted 
communication and educational campaigns to raise public awareness and promote emotional and sexual education in schools; 
the establishment and strengthening of local centers dedicated to combating gender-violence; and other community-level public 
interventions.

How to target these interventions in the territory? Are there areas at greater risk for women where public efforts are more 
required? When anti-violence policies are implemented, are they effective in reducing local episodes of gender-based violence? 
These are challenging questions to answer for several reasons. First and foremost, there are significant data gaps: systematic and 
accurate data on femicide cases are uncommon and difficult to obtain, especially at a high level of granular resolution. Second, 
while the literature on the economic analysis of crime has extensively emphasized the importance of a spatial approach to various 
forms of violent crimes, femicide has largely been linked to idiosyncratic and individual risk factors. Territorial patterns and 
systematic determinants have received less attention in existing research, which has mostly focused on individual and family-related 
drivers.5 Yet, a geographic approach to the issue is warranted due to the deep cultural roots of this phenomenon and the inherent 
connection between culture and territory. Therefore, an improved understanding of the risks and root causes of femicides is a 
necessary precondition to design better and more effective institutional responses. Third, while the phenomenon is widespread at 
the aggregate level, from a purely technical standpoint, femicides are statistically rare events if analyzed at high spatial resolution 
levels (e.g., municipalities), making accurate predictions inherently difficult. As a result, it is unsurprising that there is no research 
specifically aimed at revealing the geography of femicides in the service of policymaking.

In this paper, starting from sparse and unstructured information from several independent, hand-collected data sources, we 
manually assemble a novel territorial dataset of femicides for Italy covering the entire country for the period from 2006 to 
2022. We combine this panel dataset with comprehensive territorial information on demographic, socio-economic, and geographic 
characteristics of Italian local economies. Unlike most extant data sources, our dataset offers several advantages: (i) by focusing on 
deaths as the primary measure of gender-based violence, it is substantially less likely to be plagued by the known under-reporting 
issues compared to outcomes employed in other studies, such as helpline calls or police reports (Iyer et al., 2012)6; (ii) it provides a 
more granular and accurate geographic localization of the killings; (iii) it spans seventeen years, longer than most existing studies; 
(iv) by integrating femicide data with other measures of gender-based violence and newly-collected data on Anti-Violence Centers’ 
(AVCs) location and opening years, it enables analysis of both ex-ante policy targeting and ex-post evaluation.

Italy is a relevant case study due to its high rates of gender-based violence and because it is a country where the issue has recently 
come under intense media and political scrutiny.7 Specifically, a femicide case which occurred in Northern Italy in November 2023, 
resulting in the tragic death of Giulia Cecchettin, a young Italian student brutally killed by her male partner, sparked widespread 
public outrage, leading to mass protests and calls for state action across the country. In a public letter in a local newspaper, Elena 
Cecchettin, the victim’s sister, expressed the belief that femicides constitute state-sanctioned murders. This perspective reinforced 
the recently growing perception in public opinion that femicides are not isolated incidents but rather linked to the failure of public 
institutions and lack of local support.8

‘violence against women’ published from 1994 to 2004 was 1495. This number remained relatively stable in the subsequent decade, with 1909 articles, and 
almost doubled in the last decade, reaching 3852 articles.

2 For instance, in a 2018 survey conducted by the Italian Institute of Statistics (ISTAT), about one-quarter of respondents felt that women can provoke sexual 
violence by how they dress. See ISTAT (2018) for the report.

3 On 23 July 2025, the Italian Parliament introduced femicide as a specific criminal offense under Italian law.
4 Cfr. UN-WOMEN, Gender-related killings of Women and Girls (Femicide/Feminicide), 2022.
5 Outside of economics, there are a few exceptions in the medical literature (Srivastava et al., 2023; VanderEnde et al., 2012; Vyas and Heise, 2016).
6 Moreover, as the under-reporting is likely to be geographically heterogeneous, a targeting analysis based on helpline calls or police reports would likely be 

biased.
7 See UN statistics here.
8 The full letter (in Italian) is available here. An extract from the letter is as follows (translation by the authors): ‘‘Femicide is a state-sanctioned murder because 

the State does not protect us, because it does not shield us. Femicide is not a crime of passion; it is a crime of power. We need widespread sexual and emotional education, 
teaching that love is not possession. Funding anti-violence centers is essential, and we must provide those in need with the opportunity to seek help.’’
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We start by forecasting and mapping femicide risk at the local level. Using our rich dataset, we train Machine Learning (ML) 
models on territorial predictors from previous years to estimate the occurrence of femicides in future years. These ML models 
significantly outperform a benchmark predictor based solely on historical femicide records within each territory when evaluated 
out-of-sample, i.e., on future years not used during model development. The results also reveal that femicide occurrence is more 
strongly associated with demographic predictors than with socio-economic ones. Moreover, even after accounting for the mechanical 
correlation with population variables, femicides appear less likely to occur in rural areas, where levels of female emancipation are 
generally lower. This finding is consistent with previous works advancing a ‘backlash hypothesis’ (Bulte and Lensink, 2019; Daniele 
et al., 2023), i.e., that female economic or political empowerment may be positively associated with violence against women. We 
then use the best-performing among our ML forecasters to construct an indicator of femicide risk for each area, which can inform 
the implementation of place-based policies aimed at combating violence against women.

We compare this indicator of risk with the geography of existing AVCs and show that the femicide risk map does not fully 
overlap with the deployment of existing public support at the local level, especially in higher-risk areas. This finding suggests that 
the targeting criteria for establishing these centers across the country could be supported and improved by data-driven evidence on 
the spatial distribution and interaction of femicide risk factors.

Next, we exploit the staggered introduction of AVCs across the Italian territory and use a recently developed non-parametric 
difference-in-differences design with variation in treatment timing (Imai et al., 2023) to estimate the impact of the establishment 
of a new AVC on gender-violence outcomes at the provincial level. Our analysis shows that, on average, the local opening of a new 
AVC does not significantly reduce the probability of femicide occurrence, possibly due to incomplete targeting of the areas most at 
risk, as highlighted by the ML analysis. Similarly, it does not have relevant effects on reported abuses against women or stalking, 
but it reduces the number of reported sexual violence cases by about 20%. We also find that the effects of AVCs on some outcomes 
(e.g., sexual violence) are more pronounced in high-risk areas identified through our ML forecasting analysis. This suggests that, 
while AVCs may not have a significant impact on average, they tend to be more effective when implemented in red-flag areas more 
vulnerable to the phenomenon. We have also tested additional channels that might influence AVC effectiveness: diminishing returns 
of subsequent AVC openings and heterogeneous effects conditional on area-specific risk levels.

We make three main contributions to the existing literature on gender-based violence. First, we are not aware of any other 
comprehensive study on the socio-economic geography of femicides. Previous studies have focused on very specific aspects, 
transmission mechanisms, and relationships, such as the role of femicide news in increasing help-seeking behavior (Colagrossi et al., 
2023); the effects of subsidized homeownership programs (Lagomarsino and Rossi, 2023), specialized courts (García-Hombrados 
et al., 2024), or compulsory schooling policy (Erten and Keskin, 2018; Akyol and Kırdar, 2022) on Intimate Partner Violence (IPV); 
the effect of female political participation femicides and rapes in the US (Frisancho et al., 2022), and on Intimate Partner Femicides 
(IPF) in Italy (Denti and Faggian, 2022); the link between local support services and the propensity to report sexual violence (Denti 
and Iammarino, 2022); the distribution of IPF within metropolitan areas (Caporali, 2024); the role of warrantless domestic violence 
arrest laws (Chin and Cunningham, 2019); the relationship between women’s economic empowerment and IPV (Bergvall, 2024); 
and the impact of COVID-19 lockdown (Arenas-Arroyo et al., 2021; Berniell and Facchini, 2021; Miller et al., 2024) and alcohol 
prohibition (Luca et al., 2015) on gender violence trends. In contrast, our analysis explicitly centers on the spatial dimensions of the 
phenomenon, employing a statistical framework built around a four-step ‘‘forecast-map-compare-assess’’ approach for both ex-ante 
targeting and ex-post evaluation. Thanks to this unique approach, we can provide fine-grained, non-parametric evidence regarding: 
(i) the territorial patterns of the phenomenon; (ii) areas most at risk to target future interventions; and (iii) the effectiveness (or 
lack thereof) of existing local measures.

Second, from a methodological viewpoint, we are the first to map femicide risk at a granular level using ML techniques. In this 
regard, our study also speaks to the recent econometric literature leveraging the use of ML for AI-based policy design (Aiken et al., 
2022; Andini et al., 2018; Antulov-Fantulin et al., 2021; Christensen et al., 2024; de Blasio et al., 2022; Carrieri et al., 2021; Johnson 
et al., 2023). ML algorithms enable us to develop forecasting models that can later be used to assess current policy targeting. In this 
regard, our paper demonstrates a proof of concept that systematic femicide patterns can be effectively investigated by coupling ML 
with territorial data.

Third, the territorial perspective of our ML targeting analysis complements the recent and growing micro literature that leverages 
advanced predictive tools for risk assessment in domestic abuse cases (e.g., Grogger et al., 2021; Yu et al., 2023). This body of work 
shows that ML algorithms or linear predictive models trained on criminal histories of individuals fare substantially better than naïve 
methods—such as simple Bayes rules or past outcome averages—in predicting the occurrence of domestic abuse. We add to this 
literature by demonstrating that the same advantage in using ML arises when focusing on local-level, rather than individual-level, 
prediction of gender violence outcomes, particularly femicides. This reinforces the notion that modern AI predictive tools can be 
jointly employed at multiple levels (micro as well as meso) to more effectively anticipate and prevent gender violence phenomena.

Finally, to support evidence-based research and inform more effective policymaking on this urgent and persistent issue, we have 
made both of our new datasets on femicides and AVCs freely available for download via a companion website.9

The rest of this paper is arranged as follows. Section 2 provides a background on gender-based violence and recent trends. 
Section 3 describes the data used for the analysis. Section 4 presents the methodology and evidence from the ML targeting analysis. 
Section 5 illustrates the empirical framework and the results of the causal analysis on AVC openings. Section 6 concludes.

9 The companion website is available at: https://sites.google.com/uniroma1.it/gender-based-violence/home-page.
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2. Background on violence against women in Italy

The United Nations define gender-based violence as ‘‘any act of gender-based violence that results in, or is likely to result in, physical, 
sexual, or mental harm or suffering to women, including threats of such acts, coercion or arbitrary deprivation of liberty, whether occurring 
in public or in private life’’.10 Despite its long-standing nature, it was only in the 1990s that worldwide institutions began to seriously 
commit to addressing violence against women (Rights, 2014). Gender-based violence is a global issue: the World Health Organization 
(WHO) reports that about 30% of women worldwide have been subjected to either physical and/or sexual IPV or non-partner sexual 
violence in their lifetime (World Health Organization, 2021). Still, the WHO stresses that violence against women is preventable 
through a combination of support services.

Among developed countries, Italy ranks as one of the safest in terms of general violence. According to OECD data, Italy’s homicide 
rate (the number of murders per 100,000 inhabitants) is 0.5, well below the OECD average of 2.6 and comparable to neighboring 
countries such as Austria (0.5) and France (0.4) (OECD, 2020). Moreover, homicides in Italy are decreasing over time. As shown 
in Fig.  1, the total number of homicides has halved in recent years. However, this downward trend is highly gendered: while 
homicides involving male victims have declined, those involving female victims murdered because of their gender—i.e., femicides—
have remained stable.11 Indeed, from 2006 to 2022, the share of femicides increased from 0.17 to 0.33 (Fig.  1(b)), indicating that 
while Italy is overall becoming a safer place, this improvement does not extend to women.

Femicides represent only the most extreme form of gender-based violence. In Italy, almost 80% of women who have suffered from 
gender-based violence did not report their abuser to the police (European Union Agency for Fundamental Rights, 2014). This means 
that the majority of cases of violence experienced by women, particularly partner abuse, go undetected. Reasons for this under-
reporting may include victims’ fear of retaliation from perpetrators, lack of trust in the judicial system, shame or fear of societal 
judgment, and other psychological, social, and economic barriers. This phenomenon of under-reporting has severe consequences, 
as it makes it difficult to obtain an accurate estimate of the severity of gender-based violence and complicates the development of 
adequate and appropriate responses to prevent it.

This evidence implies that femicide counts can be considered the only indicator for which measurement error in violence against 
women is minimized. Nevertheless, from a statistical standpoint, femicides are rare events. It is therefore important to complement 
their analysis by also examining other forms of gender-based violence. Fig.  2 shows a significant increase in reports of gender-related 
crimes in recent years, indicating that awareness campaigns and broader efforts against gender-based violence have helped foster 
an environment in which women feel increasingly empowered to report abuse without fear. Specifically, the number of stalking 
reports has risen steadily since 2009, the year stalking was formally recognized as a criminal offense in Italian law.12

A further rise in reports of stalking and abuse is observed after 2013, with the introduction of D.L. 93/2013, which strengthened 
the protection framework for victims of violence. In fact, in addition to increasing penalties, the law introduced immediately 
enforceable precautionary measures such as the immediate removal of the perpetrator from the family home, a ban on approaching 
places frequented by the victim, and the possibility of monitoring the perpetrators with an electronic tag. Moreover, the D.L. 93/2013 
required law enforcement officers to promptly report cases of gender-based violence to the public prosecutor and established priority 
handling of reports to ensure a swift response. All these innovations helped encourage women to report their abusers by lowering 
the risk of retaliation.

Beyond legislative measures, the Council of Europe Convention on Preventing and Combating Violence Against Women and 
Domestic Violence13 underscored the need for a widespread presence of highly specialized support services such as AVCs, which are 
crucial to support women experiencing all forms of violence, both in the short and long term, and to assist victims in their journey of 
recognizing and escaping violence, with a strong emphasis on awareness-raising.14 In this context, AVCs play a key role. They offer a 
safe space to talk anonymously and without judgment, provide legal advice and support for police reporting, and offer psychological 
counseling and job training to promote labor market inclusion and economic independence. In the most urgent scenarios, AVCs 
provide safe and confidential accommodation in shelters for women and their children, protecting them from the abuser, and 
coordinating with authorities to ensure adequate security measures, such as issuing protection orders.15 Additionally, AVCs serve 
as crucial community-based training hubs, with volunteers and staff often leading training programs at schools and other support 
facilities. This helps raise awareness about gender-based violence and contributes to fostering community-wide change. Hence, the 
presence of an adequate network of AVCs across the territories is fundamental, particularly to reach marginalized women, enabling 
them to seek assistance and increasing their awareness of the risks they face (CETS No. 210 of the Council of Europe). In Italy, AVCs 
can be established and managed by public and/or private organizations (for a detailed review, in Italian, of AVC organizational and 
management structure, see Demurtas et al. (2019)). Despite this difference, public and private AVCs share similar challenges. For 

10 Declaration on the Elimination of Violence against Women, Proclaimed by General Assembly resolution 48/104 of 20 December 1993.
11 Although data from the Ministry of the Interior provide the most reliable counts of women killed, they do not record perpetrators’ motives and thus cannot 

distinguish femicides from other homicides of women. More broadly, Italy, like many developed countries, including France, the UK, and the US, does not 
publish a single comprehensive official series on femicide. In our dataset, we specifically identify femicides by extracting information from detailed reports that 
document the motive behind each killing.
12 The crime of stalking was introduced in Italy with Decree-Law 11/2009, which, by inserting Article 612-bis into the Penal Code, provided a more concrete 

response in the fight against violence against women.
13 This treaty was signed in Istanbul on 11 May 2011. As of April 2025, it has been ratified by 38 countries and the European Union.
14 Often victims are so threatened by their abusers that they are too scared to seek help (see, for instance, Women’s aid).
15 See, for instance, the definition provided by Refuge, the largest domestic abuse organization in the UK, or ‘‘D.i.Re - Donne in Rete contro la violenza’’, a 

large net of Italian AVCs.
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Fig. 1. Homicides and femicides over time in Italy.
Source: Authors’ elaboration of own data (femicides) 
and data from Italian Ministry of the Interior (other 
murders).

instance, the presence of volunteer workers and severe funding constraints is not exclusive to privately-operated centers but is 
widespread across both public and private AVCs. According to Demurtas et al. (2019), of the 77 centers that provided information 
on their funding source (both public and private), 55.8% indicate self-financing as their main source of income; another substantial 
form is also represented by donations (45.5%), from both private entities (14.3%) and private citizens (31.2%).

Fig.  3 illustrates the expansion of AVCs in Italy over the last twenty years. In 2004, there were 104 AVCs, primarily located in 
central regions (mainly Tuscany and Emilia Romagna), while several regions lacked any services addressing gender-based violence. 
By contrast, as of June 2024, coverage has expanded substantially, especially in Southern regions, with 457 centers in place and at 
least one AVC operating in every Italian province.

3. Data

The empirical analyses are based on the combination of several data sources on: (i) femicides; (ii) AVCs’ locations and opening 
years; (iii) reports to the police on crimes against women; (iv) calls to the helpline against gender-based violence; (v) socio-economic, 
territorial, and demographic characteristics.

We collected yearly data on femicides at the municipal level by digitizing information from reports provided by the non-
governmental organization ‘‘Casa delle Donne per Non Subire Violenza’’. These reports, issued annually since 2006, provide detailed 
information about each femicide incident in Italy, including the name and age of the woman killed, the municipality where the 
incident occurred, the weapon used, and a brief description of the context in which the femicide took place. A non-trivial challenge 
in assembling these data was that—especially in earlier report editions—the recorded municipality was often misspelled, listed only 
5 
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Fig. 2. Temporal evolution of violence against women by type of crime.
Notes: Vertical bars indicate the introduction of the crime of stalking, and the strengthening of the protection system for victims of violence.
Source: Authors’ elaboration of data from Italian Ministry of the Interior.

Table 1
Mismatch in the locations of femicides without case-by-case verifications (example 
years).
 Year

 2008 2016  
 % of mismatched locations 37.86% 16.53% 
Notes: This table presents the percentage of femicides that, in selected sample years, would have 
been incorrectly assigned to the wrong locations without further refinement based on checks from 
national and local newspapers. The data for the initial assignment of locations were extracted 
from reports provided by the non-governmental organization ‘‘Casa delle Donne per Non Subire 
Violenza’’.

by the frazione (borough), or substituted with the nearest medium- or large-sized city rather than the actual site of the killing.16 For 
this reason, for all femicide cases in our dataset, we complement these data with contextual information drawn from local newspaper 
articles to retrieve the actual municipality where the murder occurred and refine the final dataset. Table  1 highlights the importance 
of this additional cross-check across different sources: it reports that, for two example years for which we conducted this inspection, 
without this further step, the share of femicides misattributed to incorrect locations would have been extremely high (around 27% 
on average). This refinement, therefore, enables more accurate geographic attribution of femicide cases than in previous literature.

By crossing these sources, we gathered data on 1940 femicides that occurred in Italian municipalities over the period 2006–2022. 
Besides the longer timespan and the aforementioned geographic refinement, our data differ from previous literature (e.g., Colagrossi 
et al., 2023), as we do not restrict our analysis to IPF and consider all femicide cases, not just those perpetrated by intimate partners, 
i.e., IPF. Indeed, although a large part of murderers are current or former partners, we deem it important to also take into account 
femicides committed by relatives (mostly brothers or fathers), colleagues, or unknown individuals.17 To give an idea, on average, 
since 2006, episodes of IPF have accounted for 60% of total femicides, while the other 40% were committed by men with whom 
the victims did not have, or had previously had, a sentimental relationship.18 That being said, we also conduct separate analyses 
using only IPF data and obtain consistent results.

We then retrieved information about the locations of all AVCs across Italy from the website of the Department for Equal 
Opportunities as of June 2024. For each of the 457 AVCs, we supplemented the location information by manually identifying 
the exact year each opening took place. This information was derived from multiple sources: regional spokespersons, official AVC 

16 For example, a femicide that happened in Terracina is reported in Latina, two municipalities located in the Latina province of the Lazio region, but distant 
more than 20 km apart.
17 Moreover, by looking at all femicides, we can also account for sex-workers murdered by their clients, whose deaths are frequently underreported in the 

media.
18 Out of 1940 femicides collected, 62 involved multiple femicides within the same day and the same family unit (typically, partner and children, partner 

and her sisters, partner and mother). We registered these episodes as single events to avoid over-reporting in a single municipality.
6 
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Fig. 3. Presence of anti-violence centers across Italian municipalities.
Notes: The data is updated as of June 2024.
Source: Authors’ elaboration of own data.
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websites, local newspapers, and direct contact with AVC directors. In doing so, we took into account that for most AVCs, the official
information on the opening year was not reliable, since regional registers define the opening date as the moment of official recognition 
within the national network. It is often the case that an AVC operates effectively for many years in a territory before being included 
in the network.

Furthermore, we attempted to collect data on the management characteristics of each AVC, but this information is difficult to 
source as most of AVCs—especially smaller ones—do not disclose this information on their websites (which are very often not proper 
websites, but Facebook profile pages). Since 2017, ISTAT has managed a survey on the territorial distribution of AVC. Although these 
data offer detailed insights into management and funding types, they are collected at the regional-level. Moreover, as highlighted 
in Demurtas et al. (2019), many AVCs are promoted by a public (private) entity, and managed by a private (public) one, making it 
challenging to classify AVCs as purely public or purely private. However, as we argued in Section 2, public and private AVCs share 
similar challenges, as volunteer participation and funding constraints are not systematic features that distinguish public from private 
AVCs.19 Hence, such resource limitations are endemic throughout the system, irrespective of management structure. Therefore, while 
funding constraints and understaffing likely influence AVC effectiveness, these conditions appear to be structural features of the 
entire system rather than factors that differentially affect public versus private centers.

By digitizing all the information described above, we assembled a unique geolocalized dataset on femicides and AVC locations 
and openings across Italian municipalities for the period 2006–2022.20 These variables will be used for both the targeting and causal 
impact exercises. In what follows, we separately present the data sources and characteristics of the additional variables used in each 
analysis.

3.1. Data for the targeting analysis

For the ML-based targeting analysis (detailed in Section 4.1), we chose the Local Labor Market (LLM) level as the most appropriate 
unit of spatial analysis.21 Each LLM is an aggregation of two or more neighboring municipalities, defined by ISTAT based on daily 
commuting flows from place of residence to place of work. Choosing LLMs instead of municipalities as the unit of spatial analysis is 
a good compromise between the granularity of the data and the relative rarity of the femicide event. We employ yearly LLM data 
covering the period from 2006 to 2022.22 We cover all 610 Italian LLMs and the outcome is a dummy variable, which is equal to 
1 if, in a given year, there is at least one femicide occurrence in the LLM, and 0 otherwise.

The initial pre-treatment information set consists of over 100 variables. They include the industrial structure, macro-regional 
dummies, labor market characteristics, socio-economic and demographic data (including information about weddings), features of 
the housing market, information on the electoral turnout and the related gender gap, local politics, and crime rankings and scores. 
The latter two variables are constructed from a composite of crime indicators compiled by the newspaper Il Sole 24 Ore. All these 
data are included at the LLM level.23 See Table A.1 in Appendix A for a detailed description of the variables and their sources.24 and 
the gender composition of the police force (Miller and Segal, 2019)—but such data were unavailable at a sufficiently disaggregated 
level for the period under study. In this set of covariates, we included the first two lags of all the predictors, considering also as 
predictors the lags of the outcome variable. This implies that we collapse the original 2006–2022 dataset into a dataset covering 
the period 2008–2022.

3.2. Data for the AVC impact evaluation

The causal analysis on the effect of AVC openings is conducted at the provincial level due to the sensitive nature of the data, which 
made it impossible to get some of the key variables at a more disaggregated geographical level.25 Despite having lower granularity 
compared to municipal and LLM data, the provincial level still offers relatively high spatial resolution, as Italian provinces (NUTS-3 
units) can be considered as roughly comparable to US counties (Barone et al., 2025). In particular, we use administrative data on 
reports to the police regarding gender violence. Data are provided by the Department of Public Safety of the Italian Ministry of the 
Interior. We collect information related to crimes of stalking, abuse against family members and cohabitants, and sexual violence. 

19 For instance, according to ISTAT data, the fraction of paid staff over total staff is higher in privately managed AVC (22.1%) rather than in publicly-managed 
ones (7.2%). Moreover, in Sicily region – where according to ISTAT data there are no AVC entirely managed by private entities – 66% of total workers are 
volunteers.
20 Another important measure to tackle violence against women is the establishment of women’s shelters, which provide safe temporary accommodation for 

women and children escaping domestic violence. In our analysis, we do not consider the presence of women’s shelters because, for safety reasons, it is not 
possible to retrieve their exact locations or other relevant information.
21 The criteria used to determine Italian LLMs are similar to those used to define Metropolitan Statistical Areas in the US or Travel to Work Areas in the UK.
22 We have collected data for all variables beginning in 2006, except for calls to the 1522 helpline, which are available only from 2013 onward. A separate 

targeting analysis incorporating 1522 calls as predictors is presented in Appendix C, covering the period 2013–2022.
23 Crime rankings, and crime scores are collected at the provincial level. For these variables, we assign the crime ranking and score of the corresponding 

province to each LLM. The number of 1522 helpline calls, also collected at the provincial level, has been distributed based on the population of each LLM within 
a province.
24 It would also have been informative to include additional predictors—such as the rate of conscientious objection among gynecologists (Muratori, 2025).
25 Over the period considered, the number of provinces has changed slightly, especially in the region of Sardinia. We use the 107 provinces as defined in 

2023, with the only exception being the province of Southern Sardinia, which has been aggregated with the province of Cagliari due to the unavailability of 
separate data for both provinces for all years.
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For all these data, which cover the period 2006–2022, we have information on whether the victim is a woman. We complement 
this information with our original data on femicides, distinguishing between all femicides and IPFs only.

We also include provincial-level data on calls to the national helpline against gender-based violence (1522). Since these data are 
available only from 2013 onward, we will use them as an alternative outcome variable when analyzing provinces that opened an 
AVC from 2014 onward. Finally, we have collected demographic (population) and economic (per capita income) variables, which 
will be used to normalize the outcome measures per 1000 inhabitants and as additional controls in robustness checks.

4. Machine learning, femicide risk, and policy targeting

4.1. Methodology

We build an ML pipeline to forecast the likelihood of femicide occurrence in a given year and LLM. This probability can be 
interpreted as the risk that at least one femicide will occur in a certain territory in the near future. The primary aim of this exercise 
is to use machine predictions to assess whether territories at higher risk are sufficiently addressed by existing preventive policies, 
and to determine if ML-based targeting rules could more effectively guide interventions across territories.

The phenomenon we aim to forecast has several characteristics that are important to bear in mind, making our exercise inherently 
challenging. First, we are faced with a phenomenon which, although widespread on a national scale, is, from a statistical point of 
view, a relatively rare event. In fact, among our territorial units (LLMs), the likelihood that at least one femicide occurs in a given 
unit and year is only 12.44%. Second, while the phenomenon is linked to the socioeconomic and cultural characteristics of the 
territories and communities, it is also characterized by an inherent idiosyncratic component related to the peculiar characteristics 
of the perpetrators who commit femicides. These characteristics might not necessarily correlate with those of the community to 
which they belong (and, in some cases, not even with the characteristics of their families). Third, while undoubtedly many femicides 
are the result of a history of violence and oppression, there remain some unpredictable components that would be impossible to 
forecast, even if one were to study the phenomenon at the individual level. In this respect, we acknowledge that our aim is not to 
provide forecasts meant to inform action on an individual case basis. Instead, the information we provide should be used at the 
same level as the information we use in our analysis, which is on a territorial basis.

Since we aim to equip the policymaker with an ML tool that forecasts future outcomes based on present data, we include only 
lagged (rather than contemporaneous) values of the predictors in the ML pipeline. Moreover, a key departure from the standard 
ML routine is that we do not use a random split to divide the sample into two disjoint subsamples, namely the training set and 
the testing set. Instead, we adopt a criterion of non-random split on time to carry out our forecasting task (Cerqua et al., 2024). 
The rationale for this choice lies in the peculiar nature of panel data: we need to preserve the temporal structure of the data and 
avoid time-dependent data leakage, i.e., the fact that using a random split would result in having future years in the training set 
to retrospectively predict the past in the testing set (Cerqua et al., 2025). Therefore, from a forecasting perspective, we use an 
expanding-window approach for model assessment, selection, and validation, focusing on one-step-ahead forecasts (Hyndman and 
Athanasopoulos, 2018). This means that in each iteration, for all units in our sample, we use all the information from the present 
and previous years (with data starting from 2006), to predict the likelihood of the occurrence of at least one femicide in the next 
year. For example, to predict what happens in year 2019, we train the model to forecast training instances of the outcome based on 
the predictor information from the period 2006–2017. After training the model, for each area, we plug the predictor data related 
to year 2018 to forecast femicide occurrence (or lack thereof) in 2019.

To alleviate the rare-event issue (i.e., the strong imbalance of our binary outcome variable), after splitting the dataset into 
a training and testing set based on the non-random split on time, we artificially rebalance the training set observations using a 
Synthetic Minority Over-sampling Technique (SMOTE) (Chawla et al., 2002). SMOTE over-samples the underrepresented class of 
the outcome variable (femicide occurrence, in our case) to create a larger (1.75 ratio) synthetic but almost perfectly balanced training 
dataset. In this synthetic training set, the frequency of the variable measuring the likelihood of femicide is 50%. Since we also use 
categorical variables (such as those related to the province to which the LLMs belong), and the classic version of SMOTE can be 
problematic when dealing with categorical predictors (Elreedy and Atiya, 2019), we apply a more recent version of SMOTE named 
SMOTENC, which is specifically designed for this purpose.26 Importantly, we exclusively apply the outcome rebalancing routine to 
the training data, allowing our ML models to efficiently learn how to forecast the outcome. However, we test their out-of-sample 
forecasting ability exclusively on the original testing set, which features the real-world skewed distribution of the outcome variable.

As a benchmark to assess the quality of the performance of the ML models, we create a naive forecaster that is the average 
historical outcome of femicides in the five years preceding the forecast year for each LLM. This provides a credible and intuitive 
measure of risk often used in policy reports, serving as our reference to evaluate the usefulness of our empirical exercise.

The rest of the pipeline follows a standard approach where we fine-tune a set of popular ML models, namely random forest, 
neural networks,27 extreme gradient boosting (XGBoost), bagging, and the more traditional logistic regression (logit). We compare 
the performance of all these techniques in forecasting femicide occurrence on testing set years using different—and complementary—
metrics such as the Area Under the Curve (AUC) of the ROC (Receiver Operating Characteristic), Sensitivity (True Positive Rate), 

26 See this link for more information about the SMOTENC routine.
27 We employ a basic fully connected network made of three layers (64, 32, 1).
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Fig. 4. Performance metrics of ML models.
Notes: Performance metrics over 100 iterations with highlighted 95% confidence intervals.

Specificity (True Negative Rate), and Balanced Accuracy (the arithmetic mean of Sensitivity and Specificity). We will use Balanced 
Accuracy to select the best-performing model, as it provides a more reliable accuracy assessment for imbalanced data.

Finally, to ensure the robustness and reliability of our forecasts and provide statistical significance estimates for the performance 
metrics, we run 100 iterations using different random seed numbers. We then report average measures across all iterations along 
with their estimated standard deviation. For the reader unfamiliar with ML, Appendix B provides more details on the ML algorithms 
and the performance metrics.

4.2. Main results

The results of our forecasting exercise on the testing set years 2018–2022 are shown in Fig.  4.28 It is evident that all models 
perform better than the naive model, with the exception of the Specificity metric. Compared to this naive forecaster, a lower value of 
Specificity of our models implies that: (i) we are less likely to forecast correctly the absence of femicides in a given area (fewer true 
negatives); (ii) we are more likely to forecast a femicide in an LLM where, in fact, a femicide did not happen (more false positives). 
Conversely, a higher value of Sensitivity implies that we are more likely to correctly forecast a femicide in an LLM where a femicide 
did happen (i.e., we identify many more true positive instances). In our context, we argue that, ceteris paribus, false negatives are 
substantially costlier than false positives. Thus, Specificity should be less valued than Sensitivity, or, from another perspective, it is 
relatively better to have a conservative indicator of risk. Furthermore, when we examine the Balanced Accuracy (see Table C.1 in 
Appendix C), we find that all models perform significantly better than the naive historical predictor.

28 We report the ROC curves in Figure C.1 in the Appendix.
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Fig. 5. AVC coverage vs. ML-based femicide risk indicator.

Among our proposed models, XGBoost slightly outperforms the others, although the statistical differences in terms of performance 
(with the exception of the naive model) are very small. Overall, the good performance of the models documents that, despite our 
caveats on the inherently complex nature of this social phenomenon and the prominent role of idiosyncratic factors and individual 
components, predictive models trained on aggregate territorial data can capture a substantial share of the out-of-sample variation and 
evolution of the phenomenon at the local level. This, in turn, strongly supports the adoption of a data-driven territorial approach to 
analyze femicide risk, and confirms that, beyond important idiosyncratic drivers, femicide risk is also linked to systematic territorial 
and community-level factors.

To enhance the interpretability of the machine predictions, Figure C.2 in the Appendix reports the average SHAP values (Lundberg 
and Lee, 2017) of the most important predictors for the best-performing XGBoost model (for comparison, we also report those 
of the logit model in Figure C.3), while Figure C.4 reports the mean absolute SHAP values of the top 10 predictors across all 
models. Overall, the most important predictors associated with femicides are related to the demographic characteristics of local 
economies. While this was not unexpected, partly due to the mechanical correlation of femicide occurrence in more populated 
areas, the prominent role played by predictors such as a dummy for rural areas—associated with a lower probability of femicide 
occurrence despite the inclusion of several population-related predictors—suggests that the traditional view of gender-based violence 
being more prevalent in close-knit, isolated, and less modern communities is outdated and that, if anything, femicide risk is higher 
in areas where gender emancipation is generally greater, consistent with the ‘‘backlash hypothesis’’ linking women’s emancipation 
with increased gender-based violence (Bulte and Lensink, 2019; Daniele et al., 2023).

We also note that the XGBoost model and other non-linear models do not consistently outperform the simpler logit model. 
This is an important finding from the perspective of the real-world usability and applicability of ML models for targeting public 
policies. In particular, we acknowledge the nontrivial complexity vs. interpretability trade-off in AI-powered policy design and 
recognize that transparency is a key issue when ML is intended for use in public policy (Athey, 2017). For this reason, the fact 
that easily interpretable models like logit can perform almost as well as complex and harder-to-interpret learners such as random 
forest and XGBoost, and even black-box models like neural networks, is significant. It highlights that, should policymakers be 
unwilling to leverage the potential of ML forecasting for femicide risk targeting due to concerns about transparency, explainability, 
and accountability, they might be willing to trade off a bit of forecasting accuracy in exchange for more interpretability and 
communicability of the targeting policy rule, and choose simpler and more explainable models over more complex ones. At the same 
time, this does not mean abandoning the ML framework for AI-powered policy design. When used within a predictive framework, 
rather than causal inference, and relying on the conventional ML pipeline based on training, testing, and out-of-sample prediction 
aimed at minimizing variance in outcome prediction on unseen data—which is not the case in traditional econometrics, where logit 
is typically used for in-sample estimation of parameters of interest, with an exclusive focus on reducing bias, even at the cost of 
overfitting and extreme out-of-sample variance—logit also fully belongs to the family of ML models. Just like Ordinary Least Squares 
or the LASSO family, it is a basic and parametric ML model based on linear and functional form assumptions (Hastie et al., 2009).

We then construct an ML-based territorial risk measure for femicides based on the aggregation of the binary predictions of all 
the models, with the exception of the naive model. Specifically, the risk indicator is constructed by averaging the binary predictions 
of each model over the 5-year out-of-sample forecasting period (2018–2022) and across each ML model.29

From a targeting perspective, we then compare machine predictions with actual policy implementation at the local level. In Fig. 
5, we display the coverage of AVCs (in the left panel we consider all AVCs as in 2022, while in the center panel we only consider 
AVC that opened after 2017) and compare it with the femicide risk indicator described above. While there is a good correspondence 

29 Therefore, within a given LLM, the indicator ranges from 0 to 1, where a value of 1 means that, across all 5 years, every ML model predicted at least one 
femicide occurrence, while a value of 0 indicates that no ML model predicted any femicide throughout the entire period. We opted to average across all ML 
models due to the absence of statistically significant differences in performance, as depicted in Table C.1.
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Fig. 6. Openings of AVC vs. ML-based femicide risk indicator (2018–2022).
Notes: This figure shows the degree of overlap between the ML-based femicide risk indicator and AVC coverage by tertiles.

between areas at the lowest risk and a scarce or null coverage of AVC, we observe that high-risk areas are much less covered by an 
adequate presence of AVCs. This result suggests that the coverage of AVCs falls short where they are needed most. This finding is 
also confirmed by Fig.  6, which shows the degree of overlap between the ML-based femicide risk indicator and AVC coverage by 
tertiles. In the figure, the left panel displays all AVC openings, while the right panel focuses on those between 2018 and 2022. Based 
on this ML analysis, we conclude that policy targeting can be significantly improved, including from a cost-effectiveness standpoint, 
by directing resources and policy efforts toward high-risk areas that remain insufficiently covered.30

To further validate this targeting analysis, we conducted several sensitivity analyses. First, we repeated the analysis using a 
narrower definition of femicides, restricting it to IPF. Second, to include helpline calls to 1522 among the predictors, we re-ran the 
baseline analysis over a shorter time-span beginning in 2013. Results are strongly consistent with the main findings (see Appendix 
C). This reinforces the notion that current targeting rules for public measures against gender-based violence remain suboptimal, 
with local policy interventions still not more prevalent where they are most needed.

5. The causal effect of AVC openings

In this section, we explore the effect of local public policies on reported violence against women by exploiting the staggered 
introduction of AVCs across the Italian territory.

5.1. Methodology

The primary econometric challenge in analyzing the effects of an AVC opening is that provinces with AVC openings may 
systematically differ from other provinces. To identify suitable counterfactuals for the provinces treated, we employ a recent 
evaluation technique proposed by Imai et al. (2023), which is a non-parametric generalization of the Difference-in-Differences (DiD) 
estimator designed specifically for time-series cross-sectional (TSCS) data (e.g., regions, provinces, LLMs).

With this approach, for each province treated i, we first select a set of control provinces that did not open a new AVC within 
a certain number of years (as described below) before and after the year of the AVC opening in province i. We then reweight 
this matched set, denoted as 𝑀𝑖, using the covariate balancing propensity score (CBPS) weighting (Imai and Ratkovic, 2014). This 
method assigns a higher weight to control provinces within 𝑀𝑖 that exhibit greater similarity to the province treated i in terms 
of pre-treatment trends of the outcome and control covariates. Specifically, we use the lagged values of all dependent variables—
stalking, abuse against family members and cohabitants, sexual violence, femicides and IPF—as pre-treatment covariates. To account 
for differences in province sizes, all variables are measured per 1000 inhabitants. For each province treated, we estimate the 
counterfactual outcome by computing the weighted average of the control provinces. Finally, we calculate the DiD estimate for 
each treated province and average them to obtain the average treatment effect on the treated (ATT).

An important step in this procedure involves selecting a non-negative integer F as the number of leads. This value represents the 
outcome of interest measured F periods after the treatment is administered, where F = 0 represents the contemporaneous effect. By 
choosing 𝐹 = 5 we analyze the treatment effect up to five years after the AVC opening. Additionally, we select another non-negative 
integer L as the number of lags to adjust for. This choice must consider the bias–variance trade-off: while a larger value enhances the 

30 We acknowledge that there might be other criteria, beyond femicide risk, that led the policymaker to establish or not establish AVCs in a given area. This 
is the issue of so-called ‘omitted payoffs’ (Kleinberg et al., 2018), which is common in the literature on ML for policy targeting. However, we note that while 
there might be other payoffs for the policymaker that we do not observe, reducing the risk of the most extreme form of gender-based violence is certainly a 
priority among them.
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credibility of the parallel-trend assumption (PTA),31 it also reduces the number of untreated provinces, making it more challenging 
to identify suitable matches with similar pre-treatment trends. In our case, we opted for L = 5.

We define the ATT as: 

𝛿(𝐹 ,𝐿) = 𝐄
{

𝑌(𝑖,𝑇+𝐹 )

(

𝑋𝑖,𝑡 = 1, 𝑋(𝑖,𝑇−1) = 0, (𝑋𝑖,𝑇−𝑙)𝐿(𝑙=2)
)

+

−𝑌(𝑖,𝑇+𝐹 )

(

𝑋𝑖,𝑇 = 0, 𝑋(𝑖,𝑇−1) = 0, (𝑋(𝑖,𝑇−𝑙))𝐿(𝑙=2)
)

|𝑋𝑖,𝑇 = 1, 𝑋𝑖,𝑇−1 = 0

} (1)

where the provinces treated are those that opened the AVC, i.e., 𝑋(𝑖,𝑇−1) = 0 and 𝑋(𝑖,𝑇 ) = 1. In this definition 𝑌(𝑖,𝑇+𝐹 )
(

𝑋𝑖,𝑡 = 1, 𝑋(𝑖,𝑇−1)

= 0, (𝑋𝑖,𝑇−𝑙)𝐿(𝑙=2)
)

 is the (observed) potential outcome under a treatment change, whereas 𝑌(𝑖,𝑇+𝐹 )(𝑋𝑖,𝑇 = 0, 𝑋𝑖,𝑇−1 = 0, (𝑋𝑖,𝑇−𝑙)𝐿(𝑙=2))

represents the potential outcome without the AVC opening. In both cases, the rest of the treatment history, i.e., 
(

𝑋𝐿
(𝑖,𝑇−𝑙)𝑙=2

)

=
{

𝑋𝑖,𝑇 ,… , 𝑋𝑖,𝑇−𝐿

}

, is set to the realized history. In our case, 𝛿(5, 5) represents the average causal effect of an AVC opening on 
the outcome five years after the treatment, assuming that the potential outcome depends on the treatment history up to five years 
earlier. Given the availability of data from 2006 to 2022, we only consider as treated those provinces where the first AVC was opened 
between 2011 and 2017, or where an additional (in most cases, the second) AVC was opened during the same period, provided 
there were no AVC openings in the previous five years. See Table A.2 in the Appendix for more details on the 22 provinces treated. 
Simultaneously, for each province treated, the matched set 𝑀𝑖 includes only provinces with no AVC openings in the five years before 
and after the year of the AVC opening in province i.

We then compute the DiD estimates of the ATT for each treated observation and then average them across all treated observations. 
Formally: 

𝛿(𝐹 ,𝐿) = 1
∑𝑁

𝑖=1
∑𝑇−𝐹

𝑡=𝐿+1 𝐷𝑖,𝑡

𝑁
∑

𝑖=1

𝑇−𝐹
∑

𝑡=𝐿+1
𝐷𝑖,𝑡

{

(

𝑌𝑖,𝑇+𝐹 − 𝑌𝑖,𝑇−1
)

+

−
∑

𝑖′∈𝑀𝑖

𝜔𝑖′
𝑖𝑡
(

𝑌𝑖′ ,𝑇+𝐹 − 𝑌𝑖′ ,𝑇−1
)

} (2)

where 𝐷𝑖,𝑡 is the treatment dummy. The non-parametric generalization of the DiD estimator is based on three assumptions.

Assumption 1. Absence of the carryover effect. This implies that the potential outcome for province i at time T+F does not depend 
on the previous treatment status of the same province after L time periods. In other words, we allow for the possibility that past 
treatments affect future outcomes up to L years.

Assumption 2. Absence of interference. The potential outcome for province i at time T+F does not depend on the treatment status 
of other provinces.

Assumption 3. PTA holds after conditioning on the treatment, outcome, and covariate histories. 
𝐄
[

𝑌𝑖,𝑇+𝐹
(

𝑋𝑖,𝑇 = 0, 𝑋𝑖,𝑇−1 = 0, (𝑋𝑖,𝑇−𝑙)𝐿𝑙=2
)

−𝑌𝑖,𝑇−1 ∣ 𝑋𝑖,𝑇 = 1, 𝑋𝑖,𝑇−1 = 0, (𝑋𝑖,𝑇−𝑙 , 𝑌𝑖,𝑇−𝑙)𝐿𝑙=2, (𝑍𝑖,𝑇−𝑙)𝐿𝑙=0
]

=

= 𝐄
[

𝑌𝑖,𝑇+𝐹
(

𝑋𝑖,𝑇 = 0, 𝑋𝑖,𝑇−1 = 0, (𝑋𝑖,𝑇−𝑙)𝐿𝑙=2
)

+

−𝑌𝑖,𝑇−1|𝑋𝑖,𝑇 = 0, 𝑋𝑖,𝑇−1 = 0, (𝑋𝑖,𝑇−𝑙 , 𝑌𝑖,𝑇−𝑙)𝐿𝑙=2′ (𝑍𝑖,𝑇−𝑙)𝐿𝑙=0
]

(3)

where 𝑍𝑖,𝑡 is a vector of observed time-varying confounders for province i at year t. Therefore, the conditioning set comprises the 
treatment history, the lagged outcome, and covariate history, which in our empirical analysis corresponds to the other dependent 
variables. Choosing a relatively large value of L (in our case 𝐿 = 5) increases the credibility of both the limited carryover effect and 
the PTA.

This set of assumptions is less stringent than those employed by the most common methodologies for analyzing TSCS data, such as 
the two-way fixed effects estimator (TWFE), dynamic panel models, matching methods, and the DiD estimator (Imai et al., 2023).32 
Additionally, unlike other recently proposed estimators (e.g., the DiD with multiple time-period estimators by De Chaisemartin and 
d’Haultfoeuille (2024) and Callaway and Sant’Anna (2021)), this approach explicitly tests for pre-treatment trend differences in 
all covariates and does not rely on parametric assumptions. Nonetheless, in Appendix D we show that our results remain robust 
when using alternative matching and weighting methods to refine the matched set of control units, as well as De Chaisemartin and 
d’Haultfoeuille (2024) and Callaway and Sant’Anna (2021) estimators (see Table D.1).

31 Equivalence of pre-trends becomes more demanding with an increase in the number of pre-treatment periods. This makes intuitive sense in the DiD setup, 
where equivalence of pre-trends in a larger number of periods is regarded as stronger evidence for the plausibility of the PTA (Dette and Schumann, 2024).
32 Recent literature has shown that estimates from TWFE models in which the timing of policy changes are staggered over time can be biased when the 

treatment effect is heterogeneous (see, among others, Callaway and Sant’Anna, 2021; De Chaisemartin and d’Haultfoeuille, 2024; Imai and Kim, 2021).
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Before presenting the estimates, it is important to assess the credibility of Assumptions 2 and 3 to guarantee the validity of 
the empirical analysis. Assumption 2 would be violated if women were able to move across provinces to attend an AVC. We do 
not view this as a concern in our context. Indeed, it is unlikely that a woman experiencing abuse or violence would travel to 
another province to regularly attend an AVC and subsequently report the crime there. The support provided by AVCs typically 
requires frequent sessions over time, making cross-province travel impractical for most victims. Therefore, the potential outcome of a 
province is unlikely to be affected by the availability of AVCs in neighboring provinces. Anyway, in Section 5.2 we test the robustness 
of the causal estimates against potential violations of this assumption. As for Assumption  3, the non-parametric generalization of 
the DiD estimator allows examination of the covariate balancing between treated and matched control observations. This enables 
investigation of whether the treated and matched control observations are comparable with respect to the pre-treatment trends of 
the variables of interest (Imai et al., 2023). The covariate balance plot is reported in Figure D.1 of Appendix D. Each line represents 
the balance of each main lagged outcome. It is evident that imbalance levels remain stable across the 5 pre-treatment years and 
fully within the (−1, 1) standard deviation range. It is important to note that we control for the same covariates (the five dependent 
variables) across all empirical analyses, meaning that the covariate balance plot presented in Figure D.1 is the same for all the 
analyses presented below. This figure thus offers strong support for the credibility of Assumption  3 in our analysis.

5.2. Main results

Fig.  7 illustrates the pre- and post-treatment evolution for both treated and control provinces (after the CBPS reweighting) 
for all dependent variables. The vertical black bars represent 95% confidence intervals for the estimated counterfactual outcome. 
Confidence intervals are computed using a block-bootstrap procedure (see Imai et al., 2023). This graphical representation follows 
the approach proposed by Cattaneo et al. (2025).

Panel (a) shows that the opening of a new AVC at the local level has a negligible effect on the likelihood of femicide occurrence. 
Likewise, this result holds even when considering only IPFs, suggesting that new AVC openings exert no distinct effect on overall 
femicides compared to those committed by intimate partners. These results are consistent with the findings of García-Hombrados 
et al. (2024), who find no significant effects of specialized IPV courts on IPFs, suggesting that existing institutional interventions 
may face limitations in preventing the most severe forms of gender-based violence. In contrast, Panel (c) demonstrates a pronounced 
reduction in the number of reported sexual violence incidents, with statistically significant estimates (at the 5% level) at times 𝑡+2, 
𝑡+ 3, and 𝑡+ 4. Conversely, Panels (d) and (e) show a small increase in the number of reported abuses against women and stalking 
incidents in provinces with an AVC opening, but none of these estimates is statistically significant.

We perform several robustness checks to assess the sensitivity of our results (see Appendix D, Table D.1). First, we use propensity 
score matching (PSM) (Rosenbaum and Rubin, 1983), Mahalanobis distance matching, and the inverse propensity score weighting 
(IPW) method (Hirano et al., 2003) to offer alternative matching and weighting methods for refining the matched set of control units. 
Second, we check whether additional covariates affect our estimates by adding population and per capita income to the vector of 
observed time-varying confounders. Third, to mitigate concerns about potential spillover effects, we exclude from the control group 
any provinces that border treated ones or have borders within 20 km of the municipality where the AVC was established. Fourth, 
we use the dynamic version of the DiD with multiple time periods estimators developed by De Chaisemartin and d’Haultfoeuille 
(2024) and the semi-parametric DiD estimator proposed by Callaway and Sant’Anna (2021). These results broadly corroborate the 
main findings.

We interpret our results through the lens of two counterbalancing mechanisms. The establishment of AVCs likely generates both 
a reporting effect (increasing victims’ propensity to report crimes) and a violence reduction effect (decreasing the actual incidence 
of violence). On the one hand, a new AVC provides support to women experiencing abuse, violence, and stalking by helping them 
recognize the crimes committed against them and encouraging formal reporting to authorities. A distinctive characteristic of such 
abuses is that victims often endure it over long periods, leading to normalization that blurs their perception of the situation’s severity. 
In this context, the opening of a new AVC in the area enables abused and stalked women to recognize their victimhood and take 
concrete steps toward reporting their abusers—what we conceptualize as the reporting effect. On the other hand, the opening of an 
AVC helps raise awareness of patriarchal norms through targeted and intensive training activities aimed at local institutions and 
society. This, in turn, should help curb extreme forms of violence against women, such as sexual violence. We call this a violence 
reduction effect.33

The presence of this effect is supported by the observed reduction in reported sexual violence. This reduction could theoretically 
stem from two alternative mechanisms: either the opening of a new AVC inhibits women’s willingness to report sexual violence, 
or a new opening gradually contributes to reducing the prevalence of violence. While the former explanation is unlikely given the 
centers’ mission and protocols, the latter is consistent with the documented experiences of AVC staff and volunteers.34

In this context, the null effects observed for reported abuses and stalking can be understood as the consequence of these opposing 
mechanisms—the reporting effect and the violence reduction effect—offsetting each other, leading to no observable net change in 
reported crimes. Two additional considerations enhance our interpretation of these findings. First, abuse and stalking crimes are 
more often associated with IPV cases, where the incentive to report is weaker. Second, the weak effect on the number of reported 

33 We thank an anonymous referee for their suggestions regarding the formalization of the effects.
34 Volunteers reported this experience to us in direct conversations during data collection and in interviews conducted to gain a comprehensive understanding 

of the support network’s functioning.
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Fig. 7. Main estimates.
Notes: The vertical black bars report 95% confidence intervals for the outcome of the estimated counterfactual scenario. Confidence intervals are 
computed using a block-bootstrap procedure (see Imai et al., 2023).

abuses against women and stalking incidents aligns with the Italian AVCs’ reported experiences: indeed, as claimed by ‘‘D.i.Re 
- Donne in Rete contro la violenza’’, a large net of Italian AVCs, only 28% of assisted women choose to pursue legal action. One 
reason behind this evidence is the so-called institutional secondary victimization.35 Indeed, institutions that interact with women (such 
as social services, law enforcement, courts, etc.) continue to hinder the development of a trust-building process that might encourage 

35 For instance, after a complaint is filed, mothers frequently face charges of parental alienation, which threatens their ability to obtain custody or limits their 
parental rights.
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Fig. 8. Heterogeneity - Sexual violence cases per 1000 inhabitants.
Notes: The vertical black bars report 95% confidence intervals for the outcome of the estimated counterfactual scenario. Confidence intervals are 
computed using a block-bootstrap procedure (see Imai et al., 2023). Panel A: Treated units are those with the risk indicator above/below the 
median. The risk indicator is computed as the population-weighted average of the LLM risk indicators in each province. Panel B: The number of 
provinces with no pre-existing AVCs before receiving the treatment is 8, while those with one or more AVCs already operating is 14.

women to seek justice. For this kind of mechanism, Italian institutions have been condemned by the European Court of Human Rights 
and the European Parliament.36

Finally, we explore the effect of AVC openings on helpline calls. Results show that the openings have no significant impact 
on helpline call volumes (Figure D.2).37 Still, the insignificant effect is unsurprising: the typical sequence of events operates in the 
opposite direction: victims generally contact the 1522 helpline for initial support, after which helpline operators recommend visiting 
local AVCs. Once a woman accesses an AVC and becomes integrated into a structured support pathway, there is diminished need 
to contact the helpline, as the 1522 service typically functions as an entry point rather than a secondary resource in the support 
process.

5.3. Heterogeneity analysis

In this subsection, we explore possible mechanisms behind the above results across two dimensions. First, the effectiveness of 
local interventions may vary according to the area-specific risk level. Second, AVC openings may have diminishing returns, meaning 
that initial positive effect decreases as additional AVCs are established in the same area.

The misalignment between our ML risk indicator and AVC coverage raises the question of whether AVC effectiveness varies with 
local risk characteristics. To investigate this potential mechanism, we split our sample by the median value of our risk indicator. 
Fig.  8(a) shows that the impact on sexual violence crimes is greater in high-risk areas. Results for other outcomes are reported in 
Appendix D, Figure D.3. This heterogeneity points out the importance of accurately mapping femicide risk not only to optimize 
resource allocation but also, possibly, to increase the effectiveness of AVCs.

To test the second mechanism, we divided our sample into two groups: those with no pre-existing AVCs before the first AVC 
opening, and those with one or more AVCs already operating. We then replicated our estimates for all five outcomes. The results 
(reported in Appendix D, Figure D.4) reveal no significant differences between these two groups of provinces regarding femicides, 
abuses, and stalking crimes. However, we observe a small decrease in IPF immediately after the opening in provinces with no 
pre-existing centers. Moreover, the significant reduction in sexual violence cases shown in Fig.  7(c) appears to be largely driven by 
first AVC openings (Fig.  8(b)). This indicates that the effectiveness of AVC openings is greater in areas previously lacking support 
services for violence victims.

6. Conclusions and policy implications

The fight against gender-based violence is slowly but increasingly moving to the core of the political agenda, yet implementing 
effective strategies requires stronger and more concerted efforts. For instance, the European Cohesion Policy investments and the 
Italian National Recovery and Resilience Plan recognize gender equality as one of their cross-cutting priorities (Giannantoni and 
Rodríguez-Pose, 2025). Still, eradicating femicides and, more generally, gender-based violence remains a pressing challenge, not 

36 For a deeper explanation of these mechanisms, see the D.i.Re Annual Report and the Report on Institutional victimization.
37 A caveat applies: data on helpline calls are only available starting from 2013, meaning that we have 12 treated provinces from 2014 onward to have at 

least one pre-treatment year.
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only due to the issue’s inherent complexity but also because of limited awareness and understanding of its root causes, risk factors, 
and potential policy solutions.

In this paper, we have contributed to filling this knowledge gap by conducting a comprehensive study on the territorial patterns 
associated with femicides, gender-based violence, and local policy interventions. First, we forecasted and mapped local-level femicide 
risk using ML models. Our femicide risk indicator indicates ample scope for improving current fund allocation for public policies 
against gender-based violence, supporting the use of data-driven targeting criteria to enhance place-based policy planning. Second, 
we examined the impact of AVC openings on femicides and other gender-based crimes using a staggered non-parametric DiD 
approach. We found that the opening of a new AVC leads to a negligible decline in femicides but a substantial and statistically 
significant reduction in sexual violence cases.

Our findings carry important policy implications. The establishment of AVCs typically follows a bottom-up approach, with 
centers often initiated by local volunteer efforts and later supported through funding decisions made at higher levels of government. 
However, our targeting analysis indicates that exclusive reliance on bottom-up initiatives for AVC placement proves suboptimal. A 
more effective strategy would involve establishing new centers in areas identified as high-risk through data-driven methods.

The finding of null effects of AVCs on certain key outcomes is likely due, at least in part, to imperfect targeting. However, 
this may also result from its interaction with other important and potentially binding factors, such as structural constraints related 
to AVC resources and capacity, including limited funding, staffing issues, and shelter availability. Unfortunately, data on these 
variables at a useful level of aggregation remain unavailable. In particular, the Istat surveys on anti-violence centers and shelters 
provide aggregate data at the regional level, including the number of shelters and available beds, total staff employed, the share of 
paid and volunteer workers, professional composition, and the type of funding received (public and/or private). However, there are 
no systematic data (at any level of aggregation) on the actual amount of funds received, nor on whether such resources originate 
directly from the state, from regional administrations, or from national funds channeled through regions or public calls. As a result, 
we cannot determine whether improved targeting alone would be sufficient to enhance the impact of these centers, or whether such 
efforts may need to be complemented by broader structural reforms targeting AVCs. This highlights the need for publicly available 
granular data on broader aspects of gender violence.

Furthermore, the limited impact of AVCs on femicide reduction suggests that these local support structures should be com-
plemented by additional policies, such as innovative programs specifically aimed at influencing male behavior and addressing 
the root causes of gender-based violence, through primary prevention initiatives that promote gender equality and respectful 
relationships from an early age—for instance, educational initiatives involving schools, families, and communities to confront gender 
stereotypes. This integrated approach would leverage the strengths of local support networks while addressing the systemic factors 
that perpetuate the most extreme forms of gender-based violence.

Overall, the results reveal that a holistic territorial approach to the problem offers valuable insights for improving both the 
targeting and evaluation of policies aimed at combating violence against women. This, in turn, underscores that the role played 
by systemic, community-level, and local factors in shaping the evolution and heterogeneity of the phenomenon and the associated 
policy remedies is a key avenue to explore for future research.
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