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ARTICLE INFO ABSTRACT

Keywords: Education is a fundamental right, supported by initiatives like Education for All (EFA) and the Millennium
Inf_fquality Development Goals (MDGs). Despite progress, full educational access remains challenging, particularly in highly
C?‘m‘le ) criminal areas.

Simulation . This paper examines the impact of crime on school access in the municipality of Rio de Janeiro. Using ancillary
OpenRouteService . e e 1 . . . . .

Educational access data and geospatial artificial intelligence (GeoAI), we downscaled official police crime records to street level. By
GeoAl considering different levels of crime tolerance in school path choices, we simulated how crime can force students

Rio de Janeiro

to walk longer distances to avoid violence.

Our findings indicate a 48.60 % average increase in travel time to the closest school for students whose
shortest routes intersect with high-crime areas. This adjustment reduces mean crime exposure by 44.10 % and
maximum exposure by 81.94 %. Both individual crime risk aversion and no-go areas of criminal disputes
significantly (p < 0.05) impacted educational access. Estimating street-level crime exposure was challenging due
to spatial bias in official and crowdsourced crime reporting.

These methods and insights are crucial for improving educational access in high-crime areas, providing a
better understanding of barriers to equitable education, and being applicable to other cities and accessibility
studies for various societal needs.

1. Introduction

key to fostering equality, eradicating poverty, reducing crime, and
supporting sustainable development (United Nations, 2015; United

Education is recognized globally as a fundamental human right and a Nations Educational, Scientific and Cultural Organization, 2014).
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Article 26 of the Universal Declaration on Human Rights underscores the
inalienable right to education for all (United Nations, 1948). Despite
significant global strides, 244 million children and youth still face bar-
riers to education access due to persistent social, economic, cultural, and
security-related obstacles (UNESCO, 2022). Education can serve as a
transformative force, offering individuals a pathway to social mobility
and labor market access by increasing legitimate employment oppor-
tunities and wages, thereby diverting youth from criminal activity
(Lochner, 2020). However, social disparities often create barriers to
accessing quality education, resulting in a cyclical effect where these
disparities are perpetuated, as high crime rates and socioeconomic in-
equalities limit educational opportunities, which in turn contribute to
further social inequality and crime (UNESCO, 2022).

Among OECD countries, Brazil ranks 38th out of 44 in educational
participation for children under 14 years old (OECD, 2024), contra-
dicting the rights ensured by Brazil’s Federal Constitution, which gua-
rantees free education from early childhood to tertiary education
(OECD, 2021). Brazil has made significant strides in reducing its Gini
index from 63 in 1989 to 52 in 2022 through expansions in educational
attainment (OECD, 2021; World Bank, 2024a). This improvement is
partly due to initiatives like the Bolsa Familia, a conditional cash
transfer program that reduced poverty by 15 % and extreme poverty by
25 % (de Souza et al., 2019) and has had a significant effect on school
attendance, reducing dropout and abandonment rates (Santos et al.,
2019). The Bolsa Familia program has also contributed to significant
crime reductions (Chioda et al., 2016), addressing inequalities worsened
by drug trafficking and urban gang violence. However, high crime rates
in urban areas still pose a significant barrier to school attendance and
access, impacting students’ safety and their ability to engage in educa-
tional activities. Therefore, creating opportunities for education in such
environments remains essential to breaking this cycle and further
reducing social inequality and crime in Brazil.

Most Brazilians (88 %) live in urban areas (World Bank, 2024b),
where access to education can vary significantly, resulting in educa-
tional disparities between regions and schools (Rodrigues et al., 2020).
Socioeconomic status significantly affects educational opportunities,
sometimes compelling children from impoverished families to forgo
schooling in favor of contributing labor to the household (Fast, 2020;
Ferrao & Alves, 2023). Additionally, settlement patterns and structures,
including the uneven distribution of schools and educational resources,
often disadvantage certain neighborhoods (Curtis et al., 2015).
Numerous studies have reported disparities in geographical access to
education due to inadequate public transportation, infrastructure de-
ficiencies, cultural barriers that discourage certain groups, such as girls,
from attending school, and safety concerns (Afoakwah & Koomson,
2021; Andersson et al., 2012; Bautista-Hernandez, 2023; Ermagun &
Samimi, 2018; Lee et al., 2013; Mandic et al., 2023; Mitra & Buliung,
2015). High crime rates in urban areas can further exacerbate educa-
tional access issues, deterring students from attending school and
influencing their transportation choices (Appleyard & Ferrell, 2017;
Chen et al., 2018; Mitra & Buliung, 2014; Patil et al., 2024; Wiebe et al.,
2013). Dangerous and disruptive violence incidents, including street
gun battles, may force students to seek safer modes of transportation,
which not all can afford, leading to social exclusion and curtailed aca-
demic goals. There is evidence that exposure to violence on the school
path leads to absenteeism, particularly when the routes traveled require
walking through streets with higher rates of violent crimes (Burdick-Will
et al., 2019; Burdick-Will et al., 2021). In the 2019 National Survey of
School Health (PeNSE), which interviewed 11.8 million students from
the 7th grade of primary education to the 3rd grade of secondary edu-
cation, 11.6 % of students reported discontinuing school attendance due
to safety concerns during their commute. The percentage was twice as
high for public school students compared to their private school coun-
terparts. This issue was most pronounced in the state of Rio de Janeiro,
where 17.6 % of respondents - the highest percentage recorded in the
survey - missed at least one day of school in the last 30 days due to
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concerns about their commute (Instituto Brasileiro de Geografia e
Estatistica (Ed.), 2022). Moreover, most studies on access to education,
employment opportunities, and public services use traditional routing
models that focus solely on finding the shortest path routes, ignoring key
local context information such as the spatial distribution of urban crime
(Ermagun & Samimi, 2018; Pereira, 2018). Despite advances in routing-
based simulations to analyze cumulative access to opportunities, a
research gap remains in studying crime-associated inequalities in urban
accessibility.

This study aims to address the gap by analyzing the extent to which
crime in the municipality of Rio de Janeiro influences inequalities in
geographical access to education. Initially, official crime statistics
(Instituto de Seguranca Ptblica, 2024; Ministério Ptblico do Estado do
Rio de Janeiro, 2024) and the locations of past shootings registered by
the crowdsourced data platform “Fogo Cruzado” (Cruzado, 2024a) were
downscaled to the street level. In this process, ancillary data, including
street view imagery and GeoAl, was employed to derive perceptual
crime-safety scores at the street level, which were then used to refine
and spatially disaggregate police crime records. The refined data were
incorporated into routing-based simulations using OpenRouteService
(ORS) (HeiGIT gGmbh, 2024a; HeiGIT gGmbh, 2024b) to model school
routes that avoid high-crime areas and quantify cumulative travel time
differences to the closest schools in relation to crime patterns. Various
crime weight factors were implemented in routing to analyze variations
across different individual crime aversion levels. The study focused on
pedestrian walking, as many low-income children use active trans-
portation on their way to school and not all have access to motorized
transportation options like private automobiles or public transport. By
conducting these analyses, we seek to inform urban planners about
critical intervention points, thereby facilitating steps towards equal ac-
cess to education and its associated sustainable socioeconomic benefits
(Bell et al., 2022; Lochner, 2020). Specifically, we seek to answer the
research question: “To what extent does crime potentially inhibit
geographical access to schools, measured by cumulative average travel
time?” Answering this question can inform policies aimed at achieving
the United Nations Sustainable Development Goals (SDGs), particularly
Goal 10: Reduced Inequalities, and Goal 4: Quality Education. More
broadly, it can promote more inclusive cities and reduce inequalities in
access to opportunity.

2. Related work

This study builds on two primary research areas: street-level crime
modeling and the integration of crime patterns into routing and
educational accessibility analyses.

2.1. Street-level crime modeling

High-resolution crime modeling has become essential in crimi-
nology, as research increasingly seeks to capture and predict crime
patterns at finer spatial scales. However, data protection policies and
privacy constraints often restrict crime data to anonymized, aggregated
forms, limiting their effectiveness for localized analyses in urban plan-
ning, public safety, and targeted resource allocation (Herrmann, 2013).
Consequently, much of the existing literature has focused on modeling
crime at administrative levels, such as police units, employing a range of
datasets and computational techniques (He & Zheng, 2021; Jing et al.,
2024; Kang & Kang, 2017). In contrast, few studies have attempted to
downscale crime data to the street level, where analysis is often con-
strained by the lack of high-resolution, ground-truth data.

The emerging availability of high-resolution geospatial data, offers
new opportunities to refine crime modeling at finer scales. Instead of
relying solely on crime incident interpolation (Chen et al., 2024; Kim
et al., 2023) or spatiotemporal probability estimates based on historical
data (Garcia-Zanabria et al., 2022), recent studies have integrated
detailed street-level features. Such contextually enriched models can
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better account for the factors underlying crime distribution and may
provide more robust, forward-looking insights into potential hotspots,
particularly as urban environments evolve. For instance, Musah et al.
(Musah et al., 2020) developed a predictive model for residential bur-
glary risk by integrating factors such as street accessibility, road segment
length, and business density within a negative binomial Poisson
regression framework, producing a spatially explicit map of burglary
risk predictions at the street level. Andersson et al. (Andersson et al.,
2017) leveraged street-level imagery and a 4-Cardinal Siamese Con-
volutional Neural Network (4-CSCNN) to classify areas into high- and
low-crime clusters, illustrating the potential of CNNs in crime predic-
tion. Expanding on this, Kang et al. (Kang et al., 2023) employed deep
learning to produce a numerical safety score for each street segment
based on perceptual cues from street view imagery. While these ap-
proaches offer valuable insights reflecting survey data, they have not yet
been applied to downscale official crime records to the street level,
highlighting a research gap in utilizing such street-level features to
enhance crime risk predictions.

2.2. Crime-conscious routing for accessibility studies

Pedestrian routing applications typically prioritize distance or travel
time when generating route suggestions (Siriaraya et al., 2020). How-
ever, growing evidence highlights the value of incorporating additional
factors into routing algorithms, such as greenery along routes (Ludwig
et al., 2021), preferences for quieter (Novack et al., 2018) or less
polluted pathways (Luo et al., 2018; Sharker & Karimi, 2014), safer
routes (Garvey et al., 2016; Goel et al., 2017), and paths through socially
active areas (Nishimura et al., 2016; Novack et al., 2018). Research
consistently shows that individuals are often willing to take longer
routes to satisfy various personal preferences and needs (Salazar
Miranda et al., 2021; Shatu et al., 2019).

The integration of crime risk into routing analysis has garnered
substantial attention in urban studies, particularly in high-crime envi-
ronments. Numerous studies have examined how crime levels influence
individual routing decisions (Alpkocak & Cetin, 2020; Byon et al., 2010;
Galbrun et al., 2016; Kaur et al., 2021; Levy et al., 2020; Mata et al.,
2016), with additional research emphasizing the necessity of modeling
realistic route-choice behaviors rather than relying solely on optimal,
shortest-path assumptions when evaluating accessibility (Lima et al.,
2016). For instance, Sullivan et al. (Sullivan et al., 2017) have demon-
strated that individuals navigating insecure environments often priori-
tize personal safety over travel efficiency, highlighting the critical role of
perceived security in route selection. Similarly, Kaur et al. (Kaur et al.,
2021) found that individuals with higher crime risk aversion are more
willing to accept longer detours to minimize exposure to crime. How-
ever, while longer detours may enhance perceived safety, they can also
become burdensome, particularly when they significantly extend travel
time or distance. Therefore, an effective crime-conscious routing algo-
rithm must balance crime exposure reduction with route efficiency to
ensure a practical and user-friendly experience. Incorporating adjust-
able detour limits based on individual crime risk aversion could enhance
the system’s flexibility, making it more appealing not only to vulnerable
populations but also to a broader range of users.

To the best of our knowledge, this study is the first to integrate street-
level crime data into a routing-based accessibility analysis that explicitly
accounts for varying levels of crime risk aversion. Although prior
research has explored the relationship between urban crime and
accessibility at broader administrative scales (Setiawan et al., 2019;
Tung et al., 2018), few studies have utilized advanced routing engines to
incorporate crime-conscious decision-making into street-level accessi-
bility models. While this research specifically addresses educational
access for adolescents, the proposed framework offers a scalable and
adaptable approach for broader accessibility studies centered on crime
safety considerations.
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3. Materials and methods

Here we propose a novel method to quantify the impact of urban
violence on access to opportunities and demonstrate the proposed
workflow in a case study of access to education in the municipality of
Rio de Janeiro (cf. Fig. 1). The first step involved downscaling official
police crime statistics to a 200 m grid using ancillary data on social
inequality, perceptual safety, and armed groups, with a priori expecta-
tions of influencing urban crime patterns. Second, this data, along with
the locations of past shootings and the road network, was used to esti-
mate a crime index at the street level. Third, the estimated street-level
crime index and the locations of dispute areas were utilized to
perform crime-conscious pedestrian routing, thereby quantifying
geographical accessibility to schools, measured by cumulative average
travel time, and addressing the research question. Before we present
each methodological step in detail, we present the context of the case
study region and our data sources in the next subsections.

3.1. Case study region

The municipality of Rio de Janeiro was chosen as our study area
because it remains one of the most dangerous megacities in South
America (Hirata et al., 2022) (cf. Appendix B). Researchers have
described crime in the municipality of Rio de Janeiro as akin to an armed
conflict or war (Muggah, 2017), featuring a high degree of armed
violence that often draws in the police and uninvolved locals, and is
often discussed in conflict-evoking terms, particularly regarding drug
trafficking (Grillo, 2019; Hirata & Grillo, 2019). Experts cite poor con-
ditions and inequality in state institutions such as schools as contributors
to the cycle of crime and violence (Camargo et al., 2021) as well as
Brazil’s population of young men, generally rampant inequality, drug
use, weapon access (Murray et al., 2013), and economic woes (Britto
et al., 2022).

Not only is crime an issue, but police responses may exacerbate the
problem through an “outrageous” number of civilian deaths (Ford,
2022), especially for racial minorities, in official statistics. Injunctions to
limit the number of police raids even reduced civilian and police deaths
(Hirata et al., 2021), as most raids target stolen goods and respond to
robberies rather than address Rio’s violent drug trafficking enterprises
(Grillo & Martins, 2020). Police special operations routinely result in
“unpredictable urban battles against armed criminals”, halting normal
life functions such as schools, work, and even hospital operations (Hirata
et al., 2022). In this context, Brazil has experienced an expansion of
milicias, which are armed criminal groups known for drug trafficking
and extortion rackets (Fahlberg & Vicino, 2016). These groups are
sometimes praised for maintaining some level of tranquility in otherwise
routinely violent neighborhoods (Hirata, 2022). Unlike gangs, they tend
to be partially composed of former or off-duty policemen and politicians
(Riccio & Skogan, 2017), blurring the distinction between the enforcers
and contravenors of law and order. Due to these unique features of Rio’s
urban crime, the city represents a compelling case study region for
simulating and analyzing how crime shapes access to public services like
education. Further insights into the facets of crime in the municipality of
Rio de Janeiro are provided in Appendix C.

3.2. Crime statistics

Our data on crime statistics come from three inputs: (i) official crime
statistics collected at the police unit level, (ii) crowd sourced data on
locations of reported shootings, and (iii) the areas of current dispute
between armed groups.

The official police statistics, collected at 21 police units between
January 2003 and October 2023 (Instituto de Seguranca Publica, 2024;
Ministério Ptblico do Estado do Rio de Janeiro, 2024), contained data
on various types of crimes, including homicides, theft, robberies, and
drug trafficking (cf. Appendix D). This crime data was compiled from
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Fig. 1. Methodology for assessing how urban crime impacts travel time to schools. A schematic workflow illustrating the downscaling process of crime statistics to a

200 m grid using ancillary data is given in Appendix A.

police reports filed at Rio de Janeiro State Civil Police Secretariat
(SEPOL) stations and complemented with State Military Police (SEPM)
information. Data quality control was provided by the General Police
Inspectorate (CGPOL) of the State Civil Police Secretariat. Due to the
infrequency of some types of crimes, not all crime types were considered
equally in our analysis, recognizing their potential to influence the sense
of street-crime safety among pupils in urban areas in various ways.

The location of past shootings registered by the crowdsourced data
platform “Fogo Cruzado”, spanning from May 7th, 2016, to October 1st,
2023, were gathered from the openly accessible Fogo Cruzado API
(Cruzado, 2024a). This dataset comprised 24,215 point coordinates on
armed violence, averaging 9.2 daily records. The downloaded data
contained attributes detailing crime types, gender, and age distribution
of victims. Among the included crime types were: “attempted robbery”,
“homicide”, “dispute”, “execution”, “attack on civilians”, “cargo rob-
bery”, “fight”, “street robbery”, and “police operation”. However, 64.01
% of the records remained unclassified. In total, 7681 fatalities were
reported (cf. Appendix E).

Areas of dispute between armed groups, identified by research

[ Municipal boundary (Rio de Janeiro)

-1 Police unit (CISP)

® Shooting

Il Dispute area

Crime counts

I (372,404 - 574,977]

N [270,068 - 372,404)

I [248,714 - 270,068)
[185,788 - 248,714)
[12,862 - 185,788)

institutes of local crime investigation in the municipality of Rio de
Janeiro (Grupo de Estudos dos Novos Ilegalismos Universidade Federal
Fluminense, 2024; Defensoria Publica do Estado do Rio de Janeiro,
2024; FAU-UPS, 2024; Instituto Nacional de Ciencia e Tecnologia -
UFRJ, 2024; NEVCU-UFRJ, 2024; NEV-USP, 2024; Nticleo de Pesquisas
em Cultura e Economia, 2024; Redes da mare, 2024), were made
available upon request by Fogo cruzado for the year 2019 (Cruzado,
2024b; Hirata et al., 2022) (cf. Appendix F.9). These areas are charac-
terized by a high potential for sudden violent eruptions involving either
criminal actors or confrontations between organized criminal groups
and law enforcement agencies. Such incidents pose significant risks to
civilians residing in or transiting through these neighborhoods. In
disputed areas, the threat of crossfire compels residents to remain in-
doors, resulting in a cessation of public activities. Armed groups,
including police forces, engage in conflicts over territorial dominance,
governance, and control within these regions (Fig. 2).

20 km

Fig. 2. Official crime statistics, location of shootings, and dispute areas. Areas with no population, including steep regions of rainforest, are shown in white.
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3.3. Methods

3.3.1. Street-level crime index

To downscale the collected crime statistics from police unit to street
level, we employed a downscaling approach similar to dasymetric
mapping (Eicher & Brewer, 2001), a geospatial technique aimed at
enhancing the accuracy of thematic maps by using higher resolution
auxiliary data - such as land-use information - to downscale aggregated
population data. In our study, we assumed that crime incidents do not
occur uniformly within each police unit and that ancillary data on social
inequality, perceptual crime-safety, and location of armed groups are
associated with the spatial occurrence of crime in urban settings.

Based on these assumptions, we first downscaled official crime sta-
tistics to a 200 m grid utilizing the ancillary data. The hyperparameter of
200 m was chosen for the experiment because it balances the need for
detailed spatial resolution necessary for routing with the practicality of
data management, allowing for more granular analysis of crime patterns
while maintaining a manageable dataset size. To achieve this down-
scaling, crime data was spatially disaggregated using ancillary datasets,
ensuring alignment with official records at the administrative level.
During this process, all crime types and each ancillary indicator were
given equal consideration. The downscaling formula for allocating crime
counts from each police unit j to individual grid cells A;, indexed by i, is
defined as follows:

1
Ti_j = Wij'—'Ti V] eJ (1)
n
n
dwy=1 VjeJ )
i1
where:

e T;; represents the estimated crime count for grid cell A;; within
police unit j,
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e w;; denotes the weight applied to grid cell A;;, derived from
ancillary data to capture the relative likelihood of crime occurrence,

e n; is the total number of grid cells allocated to police unit j, with
each grid cell assigned to the police unit containing the majority of its
area,

e T represents the total recorded crime incidents within police unit

Subsequently, we applied zonal statistics utilizing the 200 m down-
scaled official crime numbers and 10 m OpenStreetMap (OSM) road
segment buffers to estimate the crime index at street level (cf. Fig. 3).
The number of shootings within OSM road segments was added as an
additional indicator of the crime. Shootings and the crime statistics
collected for police administration units were weighted equally to model
a street-level crime index. The formulas for street-level crime index Cy is
given by:

I 1
Ce=gx M| D Ty | +5x4(S) VkeK ©)

i€Gy

where:

e (Cy denotes the street-level crime index for street segment k,

® > icc Tij represents the aggregate of downscaled crime totals for
all grid cells in the set Gi, comprising those cells intersecting the buff-
ered area of road segment k,

e S indicates the total count of shooting incidents recorded within
the 10 m buffer surrounding street segment k,

e J7(-) denotes min-max normalization, applied to scale values
between zero and one.

The resulting street-level crime index Cy was normalized between
zero and one using min-max scaling, as required by the routing engine,
where a value of one represents high crime and a value of zero repre-
sents low crime. A detailed description of applied ancillary data for the
downscaling of the official police records to the 200 m grid is provided
in Appendix F. For simplicity, the islands within the municipality of Rio

A) Estimated crime level

—  Streets and paths

(Z__3 10 meter buffer

Estimated crime level

EE
0% 100%

B) Estimated street-crime level

Estimated street-crime level

s
0% 100%

0 200 400m
| E—

Fig. 3. Panel A and B illustrate an example of the downscaling process of the estimated crime index from a 200 m grid to street level. Zonal statistics were applied
using a 10 m buffer for each OSM road segment. A perceptual crime-safety score derived from street view imagery was utilized to refine official police records. This
involved employing a deep neural network to extract perceptual crime-safety features from street view images, including elements such as safety fences, street lights,
busy areas, and trash, which influence perceived crime safety. A perceptual crime-safety score was calculated for each image. Panel C displays images where in-
dividuals might feel more unsafe compared to the street view images in Panel D. ©2023 Google.
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de Janeiro were excluded from the study area.

A crucial component of our street-level crime index refers to safety
perceptions derived from street view images. Beyond purely measuring
physical dimensions of crime-related activities, incorporating human
subjective safety perceptions comprehensively incorporates the human
dimensions into our crime indices. To accomplish this, we downloaded
over 400, 000 street view images using the Google Street View Static
APL To measure safety perceptions of these images, we utilize a pre-
trained deep convolutional neural network that has been trained on the
expansive Place Pulse dataset. This global dataset has collected more
than one million ratings regarding perceptions on street view images
worldwide, and has been widely used for understanding human per-
ceptions of environment. With advanced deep learning methods, we
derive safety perception scores on a scale from 1 to 9, with 9 repre-
senting the highest level of safety perceptions. This allows us to quan-
titatively assess and compare the human safety perceptions of different
urban environments within the street view imagery. This methodology
has been widely in several prior studies such as Dubey et al. (Dubey
et al., 2016) and Zhang et al. (Zhang et al., 2018). For a more detailed
discussion of the technical aspects of this approach, including the spe-
cific algorithms and validation processes used, please refer to Appendix
F.2.

3.3.2. Crime-conscious pedestrian routing

For the crime-conscious pedestrian routing, we utilized the ORS, an
open-source routing engine that operates on OSM road network data
(HeiGIT gGmbh, 2024a; HeiGIT gGmbh, 2024b). The ORS offers various
services, including the calculation of shortest and fastest origin-
destination paths for different transportation modes, such as biking,
walking and driving. To find the optimal route between two points
efficiently, different routing algorithms are implemented in ORS. This
optimization problem is solved by the classical Dijkstra algorithm
(Dijkstra, 1959) or by speed-up alternatives such as A* (Hart et al.,
1968) or Contraction Hierarchies (Geisberger et al., 2008) - depending
on the constraints of the routing problem the best algorithm is auto-
matically selected by the ORS. In this study, we use the walking profile
for routing, which considers OSM-tagged road attribute features, such as
road type, access restriction, and obstacles, such as barriers or traffic
signals. Transportation via ferries was avoided for simplicity. We chose
walking as it is a form of active travel mode that does not exclude certain
groups, acknowledging that not all people have access to motorized
transportation modes like public transport or cars (Kotoula et al., 2021).
In addition, this approach seemed particularly relevant when modeling
the mobility of students. For the heuristic calculation of the shortest path
for pedestrians, the cost function of the ORS is expressed as follows:

CP)=>1 @

seP

where:

e P is a path consisting of a sequence of OSM road segments
(51,82, .--,5n),

e s represents an OSM road segment along the path P,

o [, represents the length in meters of the OSM road segment s.

In our case study, we adapted the default cost function for shortest-
path pedestrian routing with a penalty function that captures the crime
risk to model more realistic routing choices in the urban crime context.
We modified the cost function of crime routing Crme for the path P as
follows:

Ccrime(P) = Z(Q'Cs’ +ls) (5)

seP

where:
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o ¢, is the scaled crime index of the road segment s, where 1 represents
high crime and 0 represents low crime,

e [ is the scaled length of the road segment s, scaled to a range of [0,1]
where the longest segment in the dataset is scaled to 1 and the
shortest to 0,

e ¢ isacrime weight factor controlling the influence of the crime index
on the routing choice, with possible values
a€{0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1.0}.

This cost function considers both the scaled length of OSM road
segments and the scaled estimated crime index, with the weighting
factor a ranging between 0.1 and 1 and adjusting for the trade-off be-
tween minimizing road length and avoiding high-crime streets. A higher
weighting factor potentially results in a safer but also longer path. A
lower weighting factor potentially leads to smaller detours but higher
crime exposure. Of course, the actual route depends on the available
alternatives: if all road segments are similar with respect to crime
exposure, the weighting factor will have no influence on the route
optimization. A multiplication-based cost function approach was chosen
because the crime index represents an intensity value. An illustrative
example of a short walking route compared to a crime-conscious
walking route to the closest school is visualized in Appendix G.

In addition, to incorporate the estimated street-level crime index as a
soft routing constraint into the ORS, we excluded road segments that
intersect with dispute areas - identified as zones of high criminal expo-
sure (cf. Fig. 2) - from our routing graph, applying these exclusions as
hard constraints in routing decisions. Consequently, youth living within
these conflict areas were not considered in the routing analysis, as it is
assumed that residents in these areas prefer to stay at home for safety
reasons. As a result, these individuals were assigned a NaN (not a
number) value for school accessibility, reflecting their exclusion from
the routing model. This affected 44,117 students, which represents 3.76
% of all youth in the municipality of Rio de Janeiro.

3.3.3. Crime-conscious access to closest school

To address our research question regarding the extent to which crime
impacts access to schools, as measured by average travel time, we
considered 1412 private and public schools geolocated in OSM, span-
ning levels one to three according to the International Standard Classi-
fication of Education (ISCED). To model different levels of risk aversion
towards crime, we simulated ten different crime weight factors for our
estimated crime index within the adapted cost function for routing (cf.
Formula 6). The higher the crime weight factor, the safer and potentially
longer the school path is expected to be, assuming there are significant
variations in crime levels across different routes. However, if crime is
uniformly distributed within a region, the crime weight factor will have
minimal impact on routing decisions. For the routing, we sampled
20,943 origin locations, represented by the centroids of our 200 m crime
index grid. Each origin was weighted by the number of children and
adolescents (aged 5-19 years) residing in the corresponding grid cell.
These population counts, retrieved from the WorldPop database (Tatem,
2017), summed to a total of 1,172,758 for the entire municipality of Rio
de Janeiro. For each origin, the shortest path and ten crime-conscious
paths - for different crime weight factors - to the closest school were
calculated. This resulted in 230,373 (11720, 943) simulated school trips
for the municipality of Rio de Janeiro. In doing so, we assumed that all
pupils attend the closest school to their home location. To quantify
crime-associated inequality in geographical access to education, we
calculated the cumulative travel time difference between school trip
simulations that considered crime and those that did not. Here, “cu-
mulative travel times” refers to travel times weighted by the youth
population, specifically the 1,128,640 out of 1,172,758 youth popula-
tion traveling.. Visualizing these differences enabled us to map resi-
dential areas with varying levels of crime impact on access to the closest
school.
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3.3.4. Road network analysis

To create a product applicable to urban planning, we generated a
classified road network that indicates avoidable, unavoidable, ideal, and
preferable routes. Avoidable street segments were identified by
extracting the route segments of the shortest route, which were not
identical to the crime-conscious route. Preferable street segments were
identified by extracting the route segments of the crime-conscious route,
which were not identical to the shortest route. Unavoidable route seg-
ments were defined as streets or paths which were contained in both the
shortest and crime-conscious routes and showed a crime index higher
than 0.5. Streets where the shortest and crime-conscious routes were
identical and which had a crime index lower than 0.2 were considered
ideal route segments, i.e. the route is simultaneously short and safe. The
extracted route segments were classified for each simulated school path.
Finally, the predominant classification for each OSM street segment
across all population-weighted simulated school paths was visualized.

4. Results
4.1. Street-level crime index

Fig. 4 illustrates the estimated crime index for each OSM street
segment in the municipality of Rio de Janeiro. The estimated crime
distribution follows an east-west gradient, with a higher crime index
observed in the northeastern districts of the municipality. This pattern
aligns with the shootings data presented in Fig. 2.

4.2. Crime-conscious access to closest school

Panel A of Fig. 5 illustrates the simulated trip distribution based on
travel time to the closest school. Notably, 73.49 % of the population-
weighted simulated trips fell within the 0-10 min travel time class,
indicating that approximately three-quarters of the population had
relatively quick access to schools. 94.21 % of the population can access a
school within 20 min of walking. This highlights that the majority of the
population had reasonable access to schools in the municipality of Rio
de Janeiro. However, 5.79 % of the population had estimated travel
times longer than 20 min, indicating the portion of the population with
longer simulated travel times to school. Panel B of Fig. 5 depicts the
spatial distribution of crime-conscious travel times to the closest school,
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illustrating the influence of school density and urban infrastructure on
educational access. Central urban zones, characterized by high human
activity, exhibited higher school densities, resulting in shorter
population-averaged travel times. In contrast, peripheral urban areas,
characterized by marginal settlements, high rural-urban migration, and
lower average incomes (cf. Appendix F.5), exhibited longer travel times.
These findings align with the broader understanding that the causes of
disparities in educational access within urban areas are multifaceted and
linked to socioeconomic factors and settlement structures, which often
disadvantage certain population groups (Curtis et al., 2015; Fast, 2020).

4.3. Cumulative travel time difference to closest school

Panel A of Fig. 6 illustrates the spatial distribution of the cumulative
travel time difference to the closest school, comparing the shortest route
with a crime-conscious route using a crime weight factor of 1.0. Areas
with high crime rates, particularly near dispute areas, exhibited high
positive cumulative travel time differences. Conversely, regions with
lower crime exposure demonstrated shorter travel times, indicating that
students in these areas supposedly face fewer detours to avoid crime,
thereby reflecting higher educational accessibility. This spatial variation
highlights the impact of local crime on educational accessibility, iden-
tifying critical areas where enhancing safety could improve school ac-
cess for affected populations. By applying a crime weight factor of 1.0,
indicating high personal risk aversion to avoid crime on the way to
school, 1765 (8.4 %) out of 20,943 simulated school paths involved a
detour. Analyzing whether the increase in travel time due to crime-
consciousness (for all school paths with detours) depended on the
travel times to the closest school (without considering crime) revealed
no significant (p > 0.05) change, suggesting that the increase in travel
time due to crime-conscious routing was independent of the shortest
travel distance to the school (cf. Fig. 6, Panel B).

4.4. Mean vs. maximum crime exposure

The proposed routing approach balances the trade-off between travel
time and crime exposure by incorporating both hard constraints
(avoidance of dispute areas) and soft constraints (balancing travel time
with crime exposure) (cf. Fig. 7). Fig. 8 demonstrates that out of the
1765 school paths with crime-conscious detours, 7.99 % have a lower
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Fig. 4. Panel A illustrates the urban crime index at the street level for the municipality of Rio de Janeiro, following an east-west gradient, with high crime estimates
in the east. Two smaller crime clusters were estimated in Vila Kennedy and Cidade de Deus, neighborhoods known for high crime rates (Fahlberg et al., 2020). Areas
without roads are shown in white. Panel B demonstrates the distribution of OSM road segment lengths in the municipality of Rio de Janeiro over estimated crime
levels, highlighting that the method of zonal statistics buffering (cf. Fig. 3) led to a small number of long road segments with high average crime levels. It also
illustrates the skewness in the distribution of street crime levels across all road segments and the distribution of OSM road lengths. The plots at the margin shows

kernel density representations of the distribution of values across the two axes.
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Fig. 5. Panel A illustrates the amount of simulated trips (n = 20,943) and population-weighted simulated trips (n = 1,146,690) per travel time to the closest school.
Panel B highlights the spatial distribution of crime-dependent travel time to closest schools. Travel times are displayed at the level of 200 m cells using a quantile
color scheme. Areas with no population, including steep regions of rainforest, are shown in white. Both result plots are shown for a crime weight factor of 1.0, which

ranks crime avoidance very high.
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Fig. 6. Panel A visualizes the impact of crime on commute duration to the closest school. Panel B shows the increase in duration of safer routes compared to shortest
routes, grouped by 10-min intervals of the shortest school access duration. Illustrated results of Panel B are shown for 1765 school paths with crime-conscious
detours, with a crime weight factor of 1.0, reflecting high individual risk aversion to avoiding crime during the journey to school.

average crime exposure, and 3.80 % have a lower maximum crime
exposure than shortest school paths. Here, the average crime exposure is
the mean crime rate along the route, and the maximum crime exposure
is the highest crime rate encountered along the route. The scatterplots
illustrate that the relative decrease in crime exposure was more pro-
nounced on school paths that have high levels of crime exposure. The
clear majority (91.76 %, n = 19,213) of simulated crime-conscious de-
tours showed no change in mean crime exposure, 7.99 % (n = 1672)
showed a reduction in mean crime exposure and only 0.25 % (n = 53)
showed an increase in mean crime exposure. Even more (96.07 %, n =
20,115) simulated crime-conscious detours showed no change in
maximum crime exposure, only 3.80 % (n = 795) showed a reduction in
max crime exposure, and 0.13 % (n = 28) an increase in maximum crime
exposure. These single occurrences of minor increases in mean or
maximum crime exposure presumably occurred because the trade-off
function sometimes prioritized routes with lower maximum crime
exposure, even at the cost of a slight increase in mean exposure, to avoid
paths with high crime spots and vice versa.

Considering all school paths with an increase in travel time and a

reduction in either mean or maximum crime exposure, the left panel of
Fig. 9 demonstrates that the absolute decrease in mean crime exposure
was, on average, 20.32 % higher for school paths that did not cross
dispute areas (n = 418) compared to those that do (n = 1347). Similarly,
the right panel of Fig. 9 shows that the mean relative increase in
maximum crime exposure was, on average, 2.74 % higher for school
paths not crossing dispute areas compared to those that did. The relative
increase in travel time to the closest school was 19.79 % higher for
school paths that cross dispute areas than for those that do not. While the
decrease in mean crime exposure appeared to consistently increase with
larger relative increases in travel time, the highest decrease in maximum
crime exposure occured at around a 100 % relative increase in travel
time to the closest school, as indicated by locally weighted scatterplot
smoothing (LOWESS) (Cleveland, 1981).

4.5. Crime weight factor

The simulation process is highly influenced by the selected individ-
ual crime risk aversion factor (cf. Fig. 10, Panels A to D). Panel A
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Fig. 7. Exemplary visualization, based on two extremely long detours due to crime avoidance. Left panels (A) illustrate an example where both hard and soft crime
constraints influence the school path choice, while the right panels (B) show an example where only soft crime constraints affect educational access. In the left panels
(A), the crime-conscious route avoids the disputed area (black), resulting in a 277.71 % longer travel time (35:09 min) but achieving an average crime index value
nearly 3 times lower (63.04 % reduction) compared to the shortest path to the closest school. In the right panels (B), the crime-conscious detour results in a 293.94 %
longer travel time (45:18 min) but achieves an average crime index value nearly 17 times lower (94.21 % reduction) compared to the shortest route to the closest
school. Line segments shared by both routes are marked by dashed colors. In other scenarios, crime-conscious detours can render the second nearest school more

accessible than the closest school due to modifications in the travel route.

illustrates the percentage increase in travel time to the closest school as
the crime weight factor is adjusted from 0.1 (low crime risk aversion) to
1.0 (high crime risk aversion), highlighting particularly that the
maximum percentage increase in duration becomes larger between 0.1
and 0.7. The mean increase in duration for a crime weight factor of 0.1
was measured to be 12 %, while the average increase in travel time to
the closest school is twice as high for a crime weight factor of 1.0 (cf.
Panel B). This trend follows a saturation pattern, as we observe a slight
leveling off in the increase of the mean increase in duration. A similar
saturation pattern in the sensitivity analysis was observed for the
number of simulated detours (cf. Panel C). Panel D highlights the
decrease in shared route fractions between the shortest school access
routes and crime-conscious school access routes as a function of the
crime weight factor. While a crime weight factor of 0.1 results in an

average shared route fraction of 65.13 %, a crime weight factor of 1.0
results in a shared route fraction of 54.85 %.

4.6. Road network analysis

Fig. 11 illustrates the predominant classification (avoidable, prefer-
able, unavoidable, and ideal) of each OSM road segment based on all
population-weighted school trip simulations. Due to the low share of
crime-conscious detours (8.4 %) in all simulated school paths, most road
segments were classified as ideal. Ideal route segments are both part of
the shortest and crime-conscious path to the closest school with a crime
index below 0.2, offering a safe and short route. Especially interesting
for intervention planning are the unavoidable routes. Unavoidable route
segments were defined as common to both the shortest and crime-
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Fig. 9. Decrease in mean (left panel) and maximum (right panel) crime exposure compared to the increase in travel time of simulated crime-conscious walking routes
with detours (distance shortest < distance crime-conscious route) to closest school in the municipality of Rio de Janeiro, with a crime weight factor of 1.0 applied in
the simulations. All points at y = —100 indicate crime-conscious routes for which the mean or maximum crime exposure dropped completely to zero. All points at
y = 0 indicate crime-conscious routes for which there was either no change in mean or maximum crime exposure, with more routes showing changes in mean crime
exposure than maximum exposure. The black line represents the locally-weighted scatterplot smoothing (LOWESS). The plots at the margin shows kernel density

representations of the distribution of values across the two axes.

conscious routes but with a crime index above 0.5, pinpointing road
segments where high-risk pedestrian commute to the closest school was
inevitable in the conducted simulations. In the scenario using a crime
weight factor of 1.0, 41,010 students (3.63 % of the young population)
had to travel through these unavoidable routes.
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5. Discussion

This study quantified the critical role of urban violence in shaping
educational access in the municipality of Rio de Janeiro. It thereby ad-
vocates for a comprehensive approach to understanding social dispar-
ities beyond traditional metrics such as census statistics. By
incorporating individual crime risk aversion factors and simulating no-
go areas into routing models, the study revealed significant barriers to
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Fig. 10. Detour sensitivity towards the crime weight factor. Panel A visualizes the distribution of the change in duration over all simulated crime weight factors.
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school paths with detours due to crime-conscious routing for each crime weight factor. Panel D illustrates the fraction of the route shared between the shortest and
safest routes to the closest schools, indicating a lower fraction of shared routes with an increasing crime weight factor.

equitable education linked to urban crime patterns. While the analysis
provides valuable insights, several limitations regarding (i) the estima-
tion of the crime index at street level and (ii) the simulations for
analyzing crime-conscious access to education should be acknowledged.

5.1. Limitations of the street-level crime index

Estimating a crime index at the street level remains a challenge
primarily due to the limited spatio-temporal resolution of available
crime reports. This study employed a downscaling mapping approach to
redistribute official crime statistics at the street scale, ensuring consis-
tent aggregation results. However, in the absence of ground truth data at
street scale, the accuracy of this disaggregation remains uncertain.
While our approach of downscaling with ancillary data aims to provide a
more realistic representation compared to a random distribution of
events, it is important to recognize that this method is based on certain
assumptions which we believe better reflect real-world conditions. We
acknowledge that the selection of a 200 m grid and 10 m road buffer as
the primary spatial units for downscaling crime records to street-level
introduces certain dependencies in our results, which may vary with
alternative resolutions. This selection also involves potential impacts
from the Modifiable Areal Unit Problem (MAUP), where results can be
sensitive to the chosen spatial unit, potentially affecting the interpre-
tation of crime patterns. While our approach seeks to balance spatial
granularity with computational feasibility, a sensitivity analysis of grid
and buffer sizes could yield insights into how variations in spatial
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resolution might impact the accuracy and interpretability of the crime
index. However, even with sensitivity analyses, challenges will persist as
long as crime records remain available only at highly aggregated levels.
Although high-resolution crime data are often collected, they are
generally not shared due to data protection policies, ethical consider-
ations, and security protocols. Implementing anonymized data-sharing
practices could greatly enhance methodological precision. Collabo-
rating with local authorities to explore ethical avenues for sharing
anonymized, high-resolution records may offer a promising direction for
future research.

Besides the limited resolution of the available crime data, it is
important to note that crime statistics may be subject to underreporting,
particularly for less visible crimes such as assault and robbery. These
biases can affect the accuracy of the estimated street-level crime index,
especially in deprived neighborhoods which experience underpolicing
and lesser law enforcement (Hirata, 2022). Consequently, the results of
our approach may not fully capture the true distribution of urban crime
in the municipality of Rio de Janeiro, underscoring the necessity of
integrating additional data sources (cf. Appendix F), such as social
media e.g. information from Telegram groups on shootings, to enhance
the robustness of crime estimates.

Another limitation arises from the equal weighting of various types
of crime statistics and ancillary data during the downscaling process for
simplification. This uniform weighting does not account for the differing
impacts and reporting frequencies of various crime types, which could
skew the resulting crime index. Future work should consider differential
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Fig. 11. OSM road network classification of road segments as avoidable (5.69 %), preferable (6.59 %), unavoidable (0.38 %), and ideal (87.32 %) on routes to the
closest school. The visualization reflects the predominant classification across all population-weighted simulated school paths. The visualized road segments do not
represent the entire OSM road network, only the segments selected in our simulated student routes. A major proportion of the unavoidable route segments were
either the initial or final segments of the school path, where alternative routes are often not given.

weighting schemes based on the severity and prevalence of different
crimes to improve the accuracy of the street-level crime index and
potentially test different weightings of ancillary data using regression
models to determine their optimal weighting.

The observed east-west gradient in official crime statistics and our
crime estimates (cf. Figs. 2 and 4) - with higher estimated crime rates in
eastern districts of the municipality of Rio de Janeiro and lower esti-
mates in the west - can be attributed to several factors. One factor is the
similar east-west socioeconomic gradient across the municipality of Rio
de Janeiro (cf. Appendix F.5), with lower average household income in
western districts and higher income in the eastern parts. Regions with
lower average household income are hypothesized to exhibit lower
crime reporting rates relative to the actual occurrence of crimes,
potentially due to diminished perceptibility or tolerance of such in-
cidents. Another explanation for the bias in official crime statistics is
that the western districts of the municipality of Rio de Janeiro are pre-
dominantly controlled by milicias (cf. Appendix F.9). Milicias,
composed primarily of former police officers, politicians, and soldiers,
have taken over areas previously dominated by drug gangs. While they
have mitigated violence associated with drug trafficking, residents are
now subjected to extortion by the milicias for essential services such as
gas, water, and transportation (Hirata et al., 2022). The threat of severe
repercussions for speaking out against milicias leads to underreporting
of crimes to official authorities, which we observe (cf. Figs. 2). Despite
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their initial goal of enhancing security, there is evidence that these areas
continue to experience high levels of criminal activity due to the absence
of formal law enforcement (Hirata et al., 2022).

5.2. Constraints of crime-conscious routing and educational access
simulation

Considering the aforementioned limitations in estimating a crime
index at the street level, the crime-conscious routing developed in this
study also has its constraints. It inherently depends on the location of
urban violence and the spatial distribution of dispute areas. Addition-
ally, the fluid and evolving nature of crime hotspots necessitates adap-
tive and responsive modeling techniques, which were not considered in
this study. Therefore, prioritizing methodologies to estimate disputed
areas and adapt intervention maps in a timely manner is essential for
future research aimed at enhancing the accuracy of crime impact anal-
ysis. Leveraging additional data sources, such as local news, could yield
a more comprehensive and timely understanding of urban crime dy-
namics, potentially facilitating more effective and proactive
interventions.

In addition, does the simulation of crime-conscious access to schools
encounter major limitations. Firstly, the simplification of all students
walking to school does not account for alternative modes of trans-
portation such as school buses, cars or transit. Secondly, the assumption
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that all students attend the closest school, regardless of the type of
school or the students’ age, oversimplifies the actual school selection
process. This approach neglects variations in school types and the po-
tential for students to attend schools based on parental work locations or
personal preferences. These assumptions were made to simplify the
analysis but should be carefully considered when interpreting the results
and their implications for policy and urban planning. Future studies
could benefit from incorporating more complex models that account for
different transportation modes and more realistic school selection be-
haviors to provide a more comprehensive understanding of educational
accessibility in the context of urban crime.

The quality of OSM data significantly impacts our analysis of how
crime affects educational access in the municipality of Rio de Janeiro.
The level of completeness of OSM roads affects the quality of the
accessibility analysis (Barron et al., 2014; Wang et al., 2013), as
incomplete data can create gaps in the network, leading to inaccurate
routing analysis and a misrepresentation of true accessibility to schools.
In our study, we found that 96.6 % of Microsoft roads (Microsoft, 2024)
(as of February 27, 2023) were matched by OSM (as of July 2, 2024) for
the municipality of Rio de Janeiro, indicating a high level of
completeness in the OSM dataset, assuming that the Microsoft road
dataset is sufficiently complete. For our study, this figure suggests that
OSM data is sufficiently reliable, especially considering that roads and
particularly major roads are usually the first features to be mapped in
OSM (Barrington-Leigh & Millard-Ball, 2017). Smaller roads and foot-
paths are mapped later in most places, which could introduce some bias,
especially in favela areas in the municipality of Rio de Janeiro. Thematic
accuracy is also crucial, as accurate and complete road attributes, such
as road type, are essential for precise modeling of which paths can
actually be used by pedestrians. In this study, we applied pedestrian
routing based on OSM data, which generally considers almost all paths
walkable except for roads limited to cars such as highways.

Additionally, accurate mapping of school locations is essential for
determining accessibility measures; incorrect or missing school data can
lead to overestimating or underestimating the impact of crime on
educational access. Estimating the completeness of school data is more
challenging than for roads due to the lack of recent local ground truth
datasets with precise school locations. However, the ohsome quality API
(OQAPI) tool (Heidelberg Institute for Geoinformation Technology,
2024) helped us to estimate completeness for the schools in the mu-
nicipality of Rio de Janeiro based on a saturation curve approach
(Briickner et al., 2021). The tool indicated that school mapping reached
saturation, a typical pattern in OSM mapping when reaching a higher
state of completeness. However, the absence of school-level classifica-
tion data in OSM for some schools prevented the differentiation between
various school types in this analysis. These OSM data quality issues
introduce potential biases. The results in Fig. 6 suggest that urban
violence only affects school access locally. However, this impression
arises because the analysis includes all types of schools. While the mu-
nicipality of Rio de Janeiro has a substantial number of primary schools,
the availability of childcare and high schools is much more limited
(Saraiva et al., 2022). This discrepancy introduces bias in our crime-
related findings. Future research should focus on validating OSM data
against official sources and incorporating community feedback to
improve the accuracy and relevance of mapped information. An addi-
tional check for the completeness of OSM school data could be con-
ducted by calculating the number of students per school to ensure
plausibility.

5.3. Customization and adaptation of crime-conscious routing

The proposed approach of crime-conscious routing allows for
analyzing educational access within heterogeneous urban landscapes by
simulating various crime aversion factors, which can be customized to
reflect the intensity of local crime conditions and individual risk per-
ceptions. When transferring this approach to different settings, it is
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crucial to adjust the parameters to ensure they are salient for the new
context. Such customization ensures the model’s relevance and sensi-
tivity to crime dynamics across different regions and addresses
community-specific safety concerns. Additionally, cross-cultural con-
siderations can be incorporated, making the model adaptable to diverse
cultural differences in risk perception and crime-reporting behaviors.

The proposed method was designed with the potential to facilitate
the integration of frequently updated urban crime data, if available, to
develop dynamic routing solutions that can respond to emerging crime
threats. This capability can be developed and integrated in future iter-
ations of the approach. Recognizing that crime is a highly dynamic
phenomenon, this feature is particularly beneficial for practical appli-
cations. For instance, in the municipality of Rio de Janeiro, data streams
from the near real-time shooting alert apps “Fogo Cruzado” (Cruzado,
2024a) and “Onde tem tiroteio” (Onde tem tiroteio, 2024) could
enhance the model’s responsiveness to near real-time crime incidents,
thereby improving its efficacy in selecting safer routes to school. The
proposed concept can additionally be adapted to analyze crime-
conscious access to other public facilities beyond schools, such as hos-
pitals, parks, and community centers. This scalability extends its appli-
cability across multiple domains, addressing a wide range of public
safety and accessibility issues.

5.4. Community engagement and validation

Engaging local communities in providing feedback on crime hotspots
and perceived safety could further enhance the model’s accuracy and
acceptance. Developing citizen science initiatives, where community
members contribute data and insights, can result in more nuanced and
locally informed crime mapping and routing decisions. Additionally, it is
important to involve local communities in validating the model to
ensure its usefulness and relevance. This process would help verify that
the model meets the actual needs and perceptions of the community
rather than being solely based on assumptions by researchers.

An example of the necessity for community validation can be illus-
trated using Panel B of Fig. 9. This figure depicts a school route for a
hypothetical student living in Favela Santa Marta (Botafogo) and trav-
eling to a school in the Humaitd neighborhood. Our simulations suggest
that the safer route would be much longer than the shortest path to
school, crossing Corcovado Mountain and passing through Laranjeiras
and Botafogo to avoid the lanes, stairs, and streets of the favela. How-
ever, ethnographic evidence indicates that residents of favelas generally
do not perceive their own neighborhoods as risky (Mano, 2021; Mene-
zes, 2018). This perception of safety changes mainly during special
police operations and conflicts, which are not common everywhere
(Cavalcanti, 2024; Silva & Menezes, 2020). Specifically, Santa Marta is
not frequently affected by such disputes and operations (Grupo de
Estudos dos Novos Ilegalismos, 2020; Grupo de Estudos dos Novos Ile-
galismos, 2021a; Grupo de Estudos dos Novos Ilegalismos, 2021b; Grupo
de Estudos dos Novos Ilegalismos, 2021c; Grupo de Estudos dos Novos
Ilegalismos, 2022). Consequently, a typical student would likely not
choose such an extensive detour to reach school, except possibly during
extreme events. This highlights that while our simulations provide
valuable proof of concept, they may not fully capture real-world com-
plexities. The perceptual crime-safety classification of street view im-
ages, using the neural network pre-trained with the Place Pulse dataset
and applied for downscaling, might require contextual adaptation, as
perceptions of violence are locally embedded. Therefore, integrating
local knowledge is crucial for refining the model and enhancing its
practical relevance. Further refinement with local expertise is essential
to improve the accuracy and applicability of crime impact analyses.

5.5. Implications for urban planning and policy

The classified road network map (cf. Fig. 11) reveals important im-
plications for urban planning and policy decisions aimed at improving
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safety and access to essential services. By illustrating the spatial distri-
bution of safe versus high-risk routes and the interplay between
educational access and urban crime, this approach offers detailed in-
sights into the impact of crime on educational access. It can inform
targeted interventions and resource allocation to enhance public safety,
such as strategically placing street lights or CCTV cameras, or providing
school buses as a safe commuting option (Burdick-Will et al., 2019;
Burdick-Will et al., 2021). However, the specific findings for the mu-
nicipality of Rio de Janeiro are highly dependent on official crime sta-
tistics, which inherently exhibit biases due to underreporting.
Underreporting can vary across different areas, influenced by crime
prevalence, gang control, individual differences in perceptions of crime,
and varying levels of trust in law enforcement, thereby affecting the
spatial accuracy of the data.

Insights from this study can be utilized to develop educational pro-
grams and awareness campaigns that enhance public understanding of
safety-related issues in urban environments. Educating residents about
safer routes and the importance of reporting crime can foster a more
proactive community and improve safety. A limitation to the general-
izability and transferability of the proposed methods is their reliance on
openly available crime data and geospatial ancillary data for down-
scaling, which were manually obtained among other sources from local
law enforcement agencies and municipal data repositories. Increased
open-source sharing of anonymized police statistics, particularly at a
granular level below police ward units and at the scale of individual
crime incidents, could significantly benefit further studies and
applications.

6. Conclusion and outlook

This study reveals the profound impact of urban violence on
educational access in the municipality of Rio de Janeiro by modeling
crime-conscious school path choices. It highlights the potential of
routing-based accessibility analysis to understand social disparities
beyond conventional metrics like census statistics. The analysis shows
that urban crime patterns create significant (p < 0.05) obstacles for
students, disproportionately affecting their access to education. This
crime-associated inequality in geographical access to education un-
derscores the importance of integrating crime risk into urban planning
and education policy. Policymakers can leverage these insights, e.g. on
unavoidable school path segments featuring high crime estimates, to
design interventions that mitigate the adverse effects of urban violence
on educational access. For instance, enhancing security in critical areas
and improving transportation options for at-risk students can directly
address these barriers.

The developed method is not only applicable to educational access
but can also be extended to other opportunities such as employment and
healthcare. It is adaptable to different locations and can incorporate
various modes of transportation and more accurate crime data as they
become available. This versatility allows for the analysis of access to
diverse urban opportunities beyond education, considering additional
hypothesized factors influencing access. Future research could integrate
near real-time routing workflows and personalized risk profiles based on
sociodemographic backgrounds, enhancing the study’s utility for near
real-time applications, particularly in the municipality of Rio de Janeiro
with the availability of the near real-time crowdsourced data platform
for urban violence. Additionally, modeling educational access more
realistically by considering different levels of schools could further
enhance the applicability of this method. Exploring crime exposure at
different times of the day and considering motorized transportation
options, given affordability, could provide deeper insights into urban
violence dynamics and access to essential social services. Enhancing
street-level crime estimates and refining the identification of no-go areas
remain critical challenges. Addressing these issues will improve the
accuracy and applicability of the method, providing more detailed in-
sights for urban planners and policymakers.
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In summary, this study not only quantifies the impact of urban
violence on educational access but also offers a flexible tool adaptable to
various urban planning challenges. By providing actionable insights,
this research supports the design of policies that promote equitable
opportunities and resource allocation, contributing to the broader goals
of sustainable urban development, social equity, and improved quality
of life in both developed and developing contexts.
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