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The United States is ranked first in gun possession globally and isamong the
countries suffering the most from firearm violence. Several aspects of the
US firearm ecosystem have been detailed over the years, mostly focusing on

nation- or state-level phenomena. Systematic, high-resolution studies that
compare US cities are largely lacking, leaving several questions open. For
example, how does firearm violence vary with the population size of a US city?
Are guns more prevalent and accessible in larger cities? In search of answers to
these questions, we apply urban scaling theory, which has been instrumental
inunderstanding the present and future of urbanization for the past 15 years.
We collate a dataset about firearm violence, accessibility and ownership

in 929 cities, ranging from 10,000 t0 20,000,000 people. We discover
superlinear scaling of firearm violence (measured through the incidence of
firearm homicides and armed robberies) and sublinear scaling of both firearm
ownership (inferred from the percentage of suicides that are committed with
firearm) and firearm accessibility (measured as the prevalence of federal
firearm-selling licenses). To investigate the mechanism underlying the US
firearm ecosystem, we establish a novel information-theoretic methodology

thatinfers associations from the variance of urban features about scaling laws.
We unveil influence of violence and firearm accessibility on firearm ownership,
which we model through a Cobb-Douglas function. Such aninfluence
suggests that self-protection could be a critical driver of firearm ownership in
US cities, whose extent is moderated by access to firearms.

The origin of cities can be traced back thousands of years to the rise of
human civilization. As human populations grew and settled in fertile
regions, the need for organized communities and shared resources
becamecrucial. These early settlements gradually evolved into cities,
serving as centers of political, economic and cultural activities'. Cities
provided a hub for trade, governance, innovation and socialization,
attractingindividuals from diverse backgrounds. Over time, cities have
growninsize and complexity, shaping the trajectory of human history
and becoming integral to our modernworld Cities are anembodiment
of self-organization that exemplifies how humans have evolved through
intricate interactions among each other and with their surroundings®.

Cities exhibit emergent behaviors characterized by urban scaling
laws**, akin to other complex systems, such as turbulent fluid flows’
orant colonies®. Urbanscaling laws describe the relationship between
population size and certain features of cities, such as the gross domes-
ticproduct (GDP). Alargebody of literature has been dedicated to the
study of urban scaling laws, leading to many insightful conclusions
about the present and future of urbanization. For example, quantities
related tothe volume occupied by infrastructure, such as road surface
area, built area and power cable lengths, exhibit sublinear scaling’.
Quantities related to household needs, such as water and electric-
ity consumption, tend to have linear scaling with population size’.
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Lastly, variables related to social outputs, such as GDP, number of new
patentsand researchand development jobs, tend to have asuperlinear
scaling’. The larger a city is, the less (more) its infrastructure (social
output) per capita will be; household needs per capita, instead, will
not vary with the population size.

The emergence of urban scaling laws can be attributed to social
interactions®*, associated with reciprocating thoughts and experi-
ences thatallow for information exchange’. Superlinear scaling of the
economy and sublinear scaling of infrastructural needs indicate clear
benefits of livingin cities, yet, not every social interactionis conducive
to a scaling law that favors urbanization. As we have seen during the
COVID-19 pandemic, social interactions in cities are also a vector to
support the propagation of infectious diseases®, leading to superlinear
scaling ofincidence with population’. Toaless understood extent, there
isalso evidence of superlinear scaling of crime in cities™.

Regardless of the kind of crime, superlinear scaling has almost
always been observed>" ', For example, thefts show superlinear
scaling in the United States and in countries in Central and South
America (Mexico and Colombia) and Europe (Belgium, Denmark,
France, Italy, Spain and the United Kingdom)®. Likewise, murder and
aggravated assault scale superlinearly with population size for cities
in the United States'. Interestingly, an equivalent scaling has been
found for homicides, which encompass lawful and unlawful killing
of a person™. A few hypotheses have been posited to explain super-
linear scaling of crime. Some scholars'>">'¢ have proposed crimes to
be an output of social interactions, thereby scaling equivalently to
any other socio-economic output (GDP, contagious disease rates,
number of patents and so on). Others have suggested that superlinear
scalingis due to the fact that the prevalence of police officers scales
sublinearly with population size, so that criminals are winning in
number”. Others have described superlinear scaling of crimes within
atheorythat combines economic complexity and cultural evolution,
so that the larger the city, the more it will offer ‘factors’ that allow
its residents to commit a crime". Another potential mechanism may
relate to ‘societal differences in materialinequality”®, whereby higher
levels of inequality in larger cities” will lead to higher incidence of
violent crime.

In the United States, many of these crimes are committed with
guns; for example, about 80% of murders in the United States in 2021
involved guns®. Firearm injuries have been a leading cause of death
in the country for years, surpassing the number of deaths due to car
accidentsin 35 US statesin 2020”. Whereas some authors have demon-
strated that firearm homicides scale superlinearly with population size
in Brazil®, to date, an analogous relationship has not been examined
in the United States. To fill this literature gap and test the hypothesis
of superlinear scaling of firearm violence in the United States, we
examine urban scaling of both the incidences of firearm homicides
and armed robberies.

Upon developing a scaling law for firearm violence, we focus on
firearm ownership and accessibility—two other key elements of the
US firearm ecosystem® %, Recent statistics suggest that the number
of firearmsin the United States has reached 393.3 million®®, more than
onefirearm per person, placing the United States at the very top rank of
gun possessionglobally”. Consistent with these figures, the number of
licensed firearm dealers has reached about 78,000 shops, passing “all
McDonald’s, Burger King, Subway and Wendy’s locations combined,
and twice the number of US post offices”®. We examine urban scaling
of the percentage of suicide deaths committed with firearm, scaled by
the city population. Inthe absence of a national registry, this quantity
has been shown to be one of the best proxies of the prevalence of
firearm ownership (Methods). The rationale behind this proxy is that
the more guns are used as a means to take one’s own life, the more
likely they are prevalentin that community. The prevalence of federal
firearm-sellinglicenses, instead, offers a direct measure of the ease of
access to (legal) firearms®.

Within the framework of urban scaling, we study along-standing
question in firearm research: why do people buy guns? A popular
theory”~*'advocates for self-protection, whereby people will purchase
weapons as they fear for themselves and their loved ones to be victims
of violence. Quantitative evidence in favor of this explanation is lim-
ited, due to difficulties in teasing out cause-and-effect relationships
from complex datasets. We propose to use the variance of cities with
respect to the scaling laws to help address this technical limitation.
Specifically, we investigate the triad consisting of the incidence of
homicides (as a measure of violence that would trigger a desire for
better self-protection), firearm ownership and prevalence of federal
firearm-selling licenses.

Deviations from scaling laws are typically referred to as scale-
adjusted metropolitan indicators (SAMIs)*’. SAMIs are used to disen-
tangle local features from population size, providing a true measure of
localurban performance at different scales. They have been previously
employedin various attempts of understanding urban structures and
relationships between cities®. For example, whereas per capita homi-
cide rates have been increasing from 1990 to 2010 in Brazilian cities,
theaverage of the SAMIs for cities above and below the scaling law have
been approaching zero, suggesting that more violent cities (above
the scaling law) have been experiencing areductionin homicides and
less violent ones (below the scaling law) an increase in homicides®.
Analyses with the SAMIs should yield more reliable conclusions, asno
spuriousrelationships among urban features would appear due to the
scaling laws. By applying tools of casual discovery on the SAMIs, we
demonstrate an influence of firearm accessibility and homicides on
firearm ownership, which we use to formulate a Cobb-Douglas model**
to predict firearm ownership in the country. The use of such models
in the study of urban scaling phenomena has been recently explored
by Sarkar et al.** and Ribeiro et al.* in the context of urban economies
and CO, emissions, respectively.

The study has two main contributions. First, we apply urbanscaling
theory to detail the role of population size on firearm violence, owner-
shipandaccessibility in US cities. We demonstrate that firearmviolence
scales superlinearly, like a social output, in contrast with firearm owner-
ship and accessibility. Both these quantities exhibit sublinear scaling,
similar to the scaling observed with respect toinfrastructure: there are
fewer firearms and selling licenses per capita as cities grow in size, yet
firearm violence per capita increases. Second, we propose a broadly
applicable methodology that combines causal discovery tools and
SAMIs toinfer associationsin urban science. Using our methodology,
we offer supportin favor of the theory of self-protectionas a driver of
firearm ownership.

Results
Urbanscaling
Urban scaling laws are expressed as simple power law models
yi = cnlef, 1)

whereie{l, ---, N} such that Nis the number of cities, y;is the urban
feature of city i (such as GDP) and n; is the population size of city i
(metropolitan and micropolitan statistical areas, MSAs and MicroSAs,
respectively; Methods). cis a constant, and S is the scaling exponent.
We say that the scaling is superlinear when > 1, sublinear when S <1
andlinear when 8 =1.cand S are usually found by fitting alinear model
using the ordinary least squares regression on the logarithmically trans-
formed data’. The &s are the SAMIs, which capture the deviation of each
city from the nominal scaling in equation (1)**. SAMIs are dimension-
less measures, independent of the city size, which offer a metric of
performance of any city with respect to others.

Weinvestigate urban scaling of five urban quantities in the United
States: incidence of homicides, incidence of firearm homicides, preva-
lence of federal firearm-selling licenses, incidence of armed robberies
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Fig.1|Results on urban scaling of firearm violence, accessibility and
ownership in the United States. a-d, The dots identify incidence of firearm
homicide as a function of the combined population in 810 cities from 2014 to
2019 (a), incidence of armed robbery as a function of the combined population
in 649 cities from 2013 to 2018 (b), prevalence of federal firearm-selling licenses
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asafunction of the combined population in 833 cities from 2014 to 2019 (c) and
prevalence of firearm ownership as a function of the combined population in
each of the 833 cities from 2014 to 2019 (d). Data about firearm homicides were
intentionally hidden for areas with less than ten homicides per the privacy policy
ofthe CDC.

and prevalence of firearm ownership. The incidence of homicides
or firearm homicides and the prevalence of federal firearm-selling
licenses can be found from the Center for Disease Control (CDC) and
from the Listing of Federal Firearms Licensees from the Bureau of Alco-
hol, Tobacco, Firearms and Explosives (ATF), respectively (Methods).
For armed robberies, we employ the Gun Violence Archive dataset
published on Kaggle (Methods). Because there is no accessible data
about firearm ownership in the United States, we use the percentage
of suicide deaths committed with firearms as a proxy, following estab-
lished practices (Methods). Specifically, for each city, the estimate of
the prevalence of firearms ownership as the fraction of the number
of suicide deaths committed with firearm over the total number of
suicides, scaled by the population size of the city (Methods). Suicide
datacanalso bedirectly accessed from the CDC (Methods).

Urban scaling for the incidence of firearm homicides (Fig. 1a),
incidence of armed robberies (Fig. 1b), prevalence of federal firearm-
selling licenses (Fig. 1c) and prevalence of firearm ownership (Fig. 1d)
reveal nonlinear scaling. Specifically, in agreement with observations
on firearm violence in Brazil*?, the incidences of firearm homicides
and armed robberies in the United States scale superlinearly with
B=115(Be(1.10,1.19); c=10"*¢; ¢=0.15) and 8=1.10 (B € (1.05, 1.14);
¢c=107%; g=0.14), respectively. In line with survey results from Pew
Research Center on gun ownership in urban versus rural America”,
prevalence of firearm ownership scales sublinearly with §=0.95

(B€(0.94,0.97); c=10%"; 6=0.01). Likewise, we find that prevalence
of federal firearm-selling licenses scales sublinearly with = 0.66
(B<(0.63,0.69); c=10"*; 0= 0.04). Superlinear scaling is observed
forhomicideincidence with 8=1.12(8 € (1.08, 1.15); c=1075%; ¢=0.11)
(Supplementary Fig.1), in strong agreement with the scaling reported
by Bilal et al."*, based on a smaller dataset (376 US cities) and an earlier
time period (up t02016). Scaling results for the incidence of suicides and
firearm suicides are presented in Supplementary Discussion 1. Results
about the SAMIs of the three main variables are in Supplementary
Discussion 2. Scaling results obtained by varying the number of cities
are examined in Supplementary Discussion 3.

Analysis of associations based on SAMIs

To study relationships among the SAMIs of homicide incidence,
prevalence of firearm ownership and prevalence of federal firearm-
selling licenses, we adopt the framework pioneered by Pearl, which
relies on conditional independence among variables®. Through
conditional independence, one can delve into the nature of the
associations that are seen from scatter plots between the SAMIs
(Fig.2a-c), hinting at the independence between homicide incidence
and prevalence of federal firearm-selling licenses and at their associa-
tions with prevalence of firearm ownership. We rely on conditional
mutual information, a model-free measure of dependence among
variables® (Methods).
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Fig.2|Results from the study of SAMIs of violence, firearm ownership and
firearm accessibility. a-c, Scatter plots and histograms showing marginal
and pairwise joint distributions of the SAMIs of the three examined variables:
homicide incidence and prevalence of firearm ownership (a), prevalence of
federal firearm-selling licenses and prevalence of firearm ownership (b) and
prevalence of federal firearm-selling licenses and homicide incidence (c).
The contour plots visually represent the joint distribution; the more tilted the
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d, Collider structure discovered through our framework and estimation of the
fitted Cobb-Douglas model in equation (2) versus data; Fand .= 0.95 represent
prevalence of firearm ownership and its scaling exponent, L and 3, = 0.66 the
prevalence of federal firearm-selling licenses and its scaling exponent, Hand
B, =1.12homicideincidence and its scaling exponent and 8, and 3, are the
exponents of the Cobb-Douglas model for Hand L, respectively.

Mutual information results on pairwise dependencies and con-
ditional mutual information results on triple-wise dependencies are
summarized in Table 1. For a 5% significance level, the SAMIs of the prev-
alence of firearm ownership are dependent on the SAMIs of homicide
incidence and on the SAMIs of the prevalence of federal firearm-selling
licenses. These pairwise dependencies still hold when conditioning
on the third variable; that is, the prevalence of firearm ownership
depends on the incidence of homicides also when conditioning on
the prevalence of federal firearm-selling licenses, and it depends on
the prevalence of federal firearm-selling licenses also when condi-
tioning on the incidence of homicides. These results alone address
only symmetric, bidirectional relationships. However, the incidence
of homicides and the prevalence of federal firearm-selling licenses
are not dependent, and conditioning on the prevalence of firearm
ownership makes them dependent. Under standard causal learning
assumptions®®, this is the classic case of a ‘collider®, where one can
conclude that both the incidence of homicides and the prevalence of
federal firearm-selling licenses influence the prevalence of firearm
ownership (Fig. 2d); Methods provide details on the deduction of the
collider, and Supplementary Discussion 3 provides robustness tests
of our claims with respect the use of alternative measures of violence,
accounting for the presence of external confounders (such asincome

inequality or urbanicity) and use of synthetic data. We warn prudence
ininterpreting these findings as true cause-and-effect relationships
duetotheinherentinability to test for assumptions of causal learning
from data, such as causal sufficiency, faithfulness and Markovian-
ity. The observed associations could, in fact, emerge due to direct or
indirect causality*.

Toinfer thesigns of associations between homicide incidence and
the prevalence of firearm ownership and between the prevalence of
federal firearm-selling licenses and the prevalence of firearm owner-
ship, we perform aSpearman partial correlation (Table 1). We register
that the associations are both positive: the worse a city is performing
withrespectto homicides, the more firearms it has. Similarly, the more
acity has access to firearms, the higher it is its firearm ownership. To
stress theimportance of using the SAMIsinstead of the per capitarates,
we note that Spearman correlation between per capitarates for homi-
cide incidence and the prevalence of federal firearm-selling licenses
would yield a spurious significant negative correlation (p =- 0.157
and p <0.001; Supplementary Discussion 4 provides details on how
spurious correlations might arise).

We calibrate a Cobb-Douglas model to predict the prevalence of
firearm ownership interms of the incidence of homicide and the preva-
lence of federal firearm-selling licenses (Methods). The fitted powers
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Table 1| Results of the analysis of associations based on
scale-adjusted metropolitan indicators to explain firearm
ownership in US cities

Null hypothesis MI P

0.048 0.265
FLL

p<0.001 p<0.001

0.106 0.400
F1H

p<0.001 p<0.001

0.005 0.003
L1H

p=0.273 p=0.930

0.041 0.288
FLLIH

p<0.001 p<0.001

0.090 0.413
FLHIL

p<0.001 p<0.001

0.007 -0.116
LLH|F

p=0.043 p=0.001

Table of pairwise and triple-wise results from mutual information (MI) and Spearman
correlation (p) of the three examined variables: the prevalence of firearm ownership (F),
prevalence of federal firearm-selling licenses (L) and homicide incidence (H). The first column
indicates the null hypothesis with ALB|C implying that A is independent of B given C, the
second column represents the mutual information with the corresponding p values (one-
sided) and the third column represents the Spearman correlation with the corresponding p
values (two-sided). Bold associations are significant at a 5% level.

for incidence of homicides and prevalence of firearm licenses are
B,=0.45(B,€(0.41,0.48)) and B,=0.68 (B, € (0.62, 0.74)), respectively,
R?>=0.61(Fig.2d). Giventhat B, + B8, >1, returnstoscale areincreasing,
meaning that an increase in both the incidence of homicides and the
prevalence of federal firearm-selling licenses by a factor k produces an
increase in the prevalence of firearm ownership by more of afactor k.

Discussion

Over thelast15years, the theory of urban scaling has provided critical
insight into the present and future of urbanization®. The superlinear
scaling of GDP, number of new patents and research and development
jobs with population size is a compelling argument for cities to grow
and thrive. Yet not allurban features that grow superlinearly are actu-
ally beneficial to cities. Several studies have documented that crime
also grows superlinearly with population size ™, with crime per capita
being higherinlarger cities than smaller ones. In this Article, we apply
urban scaling theory to the study of firearm violence, ownership and
accessibility in the United States.

Unlike most nations, the United States has a strong tradition of
individual gun ownership* and the Second Amendment of its Constitu-
tionguarantees the right to bear arms*. In agreement with the recent
survey by Pew Research Center” that broadly identified that 46% of
adultsinrural areas ownafirearm compared with only19% of adultsin
urban areas, we document sublinear scaling of prevalence of firearm
ownership. At 8=0.95, per capitafirearm prevalence decreases with the
population size of a city so that per capita prevalence would drop by
afactor of two when comparing a small community of ~1,000 people
withalarge city of millions. Sublinear scaling is also found with respect
to the prevalence of federal firearm-selling licenses, suggesting that
licensed dealers locate proportionally more insmaller cities, probably
toserve the increased fraction of gun owners.

Sublinear scaling has been systematically discovered in previous
urban scaling studies addressing different forms of infrastructure
volume of cities (road surface area, built area and power cable lengths
andsoon)®. Could thisimply that firearms are some sort of infrastruc-
ture for US cities or at least that some segments of the American society
view them as such? Infrastructure generally refers to the physical and
organizational structures and facilities necessary for the functioning

of a society. Firearms are not infrastructure in this traditional sense,
and many Americans raise issues of public safety and violence around
firearms®. Yet, as detailed by Boine et al.”, “gun culture is not mono-
lithic”; there are many attitudes and behaviors related to firearms in
the country. The network of gun dealers and ownersin the country may
be viewed by some segments as infrastructure needed for self-defense,
recreational purposes and criminal activity. In this vein, the observed
sublinear scalings are not unexpected.

Reciprocally to firearm ownership and accessibility, theincidence
of firearmviolence scales superlinearly with population size. By asso-
ciating firearmviolence with criminality, this finding is consistent with
the view that criminality is a socio-economic output of a city*>'?, which
follows a superlinear scaling, such as GDP, number of new patents and
research and development jobs. Particularly relevant to our observa-
tions is the recent theory by Gomez-Lievano et al.", which explains
superlinear scaling of socio-economic output in terms of the economic
complexity of the specific phenomenon and cultural evolution. Within
thistheory, the number of concurrent factors Mthatarerequired fora
specificphenomenon controls the scaling exponent, proportionality
factor and variance. As such, when comparing homicides with homi-
cides with firearm, one should see anincrease in the complexity of the
phenomenon by at least one, that is, the action of securing a firearm.
In agreement with this theory, we register an increase in the scaling
exponent, adecrease in the intercept and an increase of the variance,
when comparingscaling laws for homicides with firearm and homicides
(Supplementary Discussion 5).

Urban scaling laws detail the nominal behavior of cities with
respect to their population size, but, obviously, they do not capture
the totality of the variance about urban quantities. Deviations from
scaling laws are called SAMIs—arelevant commodity for scoring cities’
performance and understanding urban systems at different scales.
Here we put forward an approach to discover associations between
urban features using SAMIs in urban science, focusing on answering
along-standing question in firearm research: why do people in the
United States buy guns? In our previous work**, we studied nation-and
state-level patterns of firearm ownership as functions of mass shoot-
ings, media coverage of shootings and media coverage of firearm
regulations. Through time series analysis, we discovered an influence
of media coverage of firearm regulations on firearm prevalence. Such
arelationship supports the hypothesis that people buy guns as they
fear that new regulations may be enacted to curtail their rights to own
firearms, offering a statistical basis to the anecdotal observation of
increased firearmsales at the time of the election of President Obama
when stricter regulations were on the horizon®,

Our previous work** does not offer support for another known
driver of firearm prevalence, that is, self-protection®~', People may
want to purchase a firearm under the fear that they and their loved
ones could be the victim of a crime. Working with finer data from
99 geographic areas (nationally representative counties and county
clusters from the General Society Survey*®), Rosenfeld et al.” created
astructural equations model to study the relationship between social
trust and firearm ownership, while controlling for several conditions,
including firearm violence. Their results point at an indirect effect of
social trust on firearm ownership through firearm violence, whereby
they propose that “people arm themselvesin response to mistrust only
insofar as mistrust is translated into high levels of firearm violence”.
Despite the important insights the work offered, it is based on a rela-
tively small dataset of 99 areas and, mostimportantly, it uses amodel
that is not designed to discover causal structures: as acknowledged
in the paper, “the result holds only if we (the authors) have properly
specified the causal direction of the relationship between firearm
homicide and firearm prevalence”.

Here werevisit the hypothesis of self-protection as adriver of fire-
armownership by combining the conditional independence framework
of Pearl** withurbanscaling theory. In agreement withRosenfeld etal.”’,
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we discover that people may purchase firearms due to a desire for self-
protection, as expressed by the level of violence they will experiencein
their city. The effect of such adriver is moderated by another associa-
tion, between firearm ownership and accessibility—aresult previously
hinted at by Chao et al.”. Importantly, increasing the number of vari-
ablesinthe analysis or modifying the way violence is measured does not
affect the nature of these associations (Supplementary Discussion 3).
Onthe basis of these findings, we calibrate a Cobb-Douglas function
thatis consistent with urban scaling to model to predict firearm own-
ership in terms of the incidence of homicides and the prevalence of
federal firearm selling in cities.

This study is not free of limitations. In particular, we identify two
main limitationsrelated to the data collection. The first oneis the lack
of a direct measure of firearm ownership in the United States, which
forces the community to utilize proxies that can be estimated from
available data. On the basis of the literature*~*°, we choose to use the
fraction of suicide deaths committed with firearm as a valid proxy of
firearm ownership. Suchaproxyisbased onthe premise that people use
afirearmfor suicide only asafunction of their ownership of afirearm,
thereby discounting personal choice in the selection of the way to take
their own life. The second limitationis in the notion of accessibility of
firearm, which is purely based on the prevalence of federal firearm-
selling licenses, thereby discounting other means (legal or illegal) to
purchase afirearm. As detailed by Wintemute®, “guns sold by licensed
dealers account for only about 60% of the guns soldin the United States.
Guns sold by private parties, collectors and unlicensed vendors at gun
shows account for 40% of all gun sales”—none of these routes to gun
ownership are part of our study. In addition, we should acknowledge
that federal firearm-selling licenses do notimpose limitations on where
to trade, thereby potentially straining the association between the
prevalence of federal firearm-selling licenses and ease of access to
firearms in a specific city. In principle, an authorized dealer can also
sell online®’—presently, we have no ability to track these activities.

Despite these limitations, our effort provides critical, city-level
insight into the firearm ecosystem, which helps detail scaling laws
and underpinning associations about firearm violence, ownership
and accessibility. Alongside these insights, our work contributes a
methodology to study associations between urban features based on
SAMIs, whichis broadly applicable to urban science.

Methods

Data

Homicide data were collected from the CDC Wonder causes of death
database at a county level®. Specifically, the ‘ICD-10 Codes’ cause
of death was filtered according to the code ‘X85-Y09 (Assault)’. The
codes for homicides with firearm were ‘X93 (Assault by handgun dis-
charge), X94 (Assault by rifle, shotgun and larger firearm discharge)’
and ‘X95 (Assault by other and unspecified firearm discharge)’. In
Supplementary Discussion 3, we expand the definition of homicides to
include deaths assigned to injuries of ill-defined intent, Code 'Y10-Y34
(Event of undetermined intent)’. Interestingly, the superlinear scaling
is not affected by potential undercounting of deaths due to injuries
of ill-defined intent as reported by the CDC>?. These deaths are more
frequentinsmaller urbanareasso thatitis prudent to ensure that they
would not affect the superlinear nature of the scaling of homicide
incidence. Our analysis points to a modest reduction in the scaling
exponent, from =112 € (1.08, 1.15) to f=1.07 € (1.04, 1.11), adecrease
inthevariancefromo=0.11too=0.08and anincreasein theintercept
fromc=10"%toc=10"*".

From the same source, we retrieved suicide at the county level
datausingthe codes ‘X60-X84 (Intentional self-harm)’. The codes for
suicide with firearm were ‘X72 (Intentional self-harm by handgun dis-
charge)’, ‘X73 (Intentional self-harm by rifle, shotgun and larger firearm
discharge)’ and ‘X74 (Intentional self-harm by other and unspecified
firearmdischarge)’. Fromthe CDC Wonder database, we also collected

population data. For city i, we estimated prevalence of firearm owner-
ship (F;) from the incidence of suicides (S;), the incidence of suicides
with firearm (SF,) and the population (n;), as F;= n,SF,/S,. This proxy
has been validated against data about the percentage of households
reporting ownership of afirearm across 170 cities*’, 21 states*’ and the
nine Census regions*® with correlation coefficients of 0.86, 0.90 and
0.93, respectively.

Data about armed robberies were obtained from the Gun Vio-
lence Archive dataset on Kaggle that ends in 2018%, as incidents that
include the word ‘armed robbery’ in the incident’s characteristic. The
geographical coordinates of the armed robberies datawere aggregated
onacounty level using the ARC GIS software** and the US census shape
files*. To convert from county codes of homicides, firearm homicides,
suicides, firearm suicides and armed robberies to MSAs and MicroSAs,
we relied on data from the US Bureau of Labor Statistics*®, year 2013.

Data on federal firearm-selling licenses at the zip code level were
collected from the ATF Listing of Federal Firearms Licensees, which
begins in 2014°". Specifically, we counted the number of licenses in
August for each studied year and aggregated them over the years. The
dataset contained eight types of license as follows: ‘type 01 Dealer in
Firearms Other Than Destructive Devices’, ‘type 02 Pawnbroker in
Firearms Other Than Destructive Devices’, ‘type 06 Manufacturer of
Ammunition for Firearms’, ‘type 07 Manufacturer of Firearms Other
Than Destructive Devices’, ‘type 08 Importer of Firearms Other Than
Destructive Devices’, ‘type 09 Dealer in Destructive Devices’, ‘type 10
Manufacturer of Destructive Devices’ and ‘11 Importer of Destructive
Devices’. Type Olis by far the most common (Supplementary Table1).
All the types of license allow for selling except for type 06 (ref. 58),
which we consistently excluded from our study. To convert from zip
codesto MSAs and MicroSAs, werelied on data from the Missouri Cen-
sus Data Center® (CBSA/ZIP, 2010 geographies). Firearm licensesina
zip code belonging to more than one MSA or MicroSA were counted
multiple times to account for the fact that persons from different,
neighboring cities could purchase a firearm from the same seller. For
example, zip code 57785 belongs to both Spearfish and Rapid City,
South Dakota, and persons from both cities may buy a firearm there.

Toimprovethereliability of the data, we combined all the variables
over six-year windows. Incidence of homicides, incidence of firearm
homicides, prevalence of federal firearm-selling licenses and fire-
arm prevalence were computed over six years, from 2014 to 2019. We
stopped in 2019 before the COVID-19 pandemic hit the United States,
bringing new insecurities in people’s lives that might have sparked
more firearm purchases®®®". Incidence of armed robberies was also
computed over six years, but one year before (from 2013 to 2018) as
the Kaggle dataset did not contain information past 2018. As aresult,
populationrefers to the combined population over six years, measures
ofincidencerefer to total counts over six-year intervals and measures of
prevalence should beintended over the combined population over the
six-year interval. For example, incidence of homicides in city i means
the total number of homicides suffered by city i from 2014 to 2019;
likewise, firearm prevalencein city i should be viewed as the combined
number of firearm owners in city i from 2014 to 2019.

All the data acquired were aggregated over MSAs and MicroSAs
because they are one of the functional definitions of cities®>. Out of the
388 MSAs and 541 MicroSAs studied, seven MSAs and five MicroSAsin
Puerto Rico were removed as they were not part of the CDC dataset.
Additional 26 MSAs and 58 MicroSAs were removed as they experi-
enced no homicide or had no federal firearm-selling licenses (firearm
prevalence did not have null values for these cities), resulting in a total
of 833 statistical areas, or cities. The three main variables (incidence
of homicides, firearm prevalence and prevalence of federal firearm-
selling licenses) were studied for this same set of 833 cities to ensure
consistency in the analysis of associations. For the scaling analysis of
other variables (armed robberies and firearm homicides), we removed
cities that had null values of those variables, separately (for example,
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cities that did not experience armed robberies but suffered firearm
homicides were still considered in the firearm homicides scaling).
Hence, we studied 366 MSAs and 283 MicroSAs for armed robberies
and 355 MSAs and 455 MicroSAs for firearm homicides.

Urbanscaling

Tofind fand the s foreach of the variables, the logarithmically trans-
formed datawerefitted intoalinear model using ordinary least square
regression. To compute the standard errors for the R* and the 95%
confidence interval on 8, we took into account heteroscedasticity.
Heteroscedasticity in regression is the dependence between the vari-
ance of the residuals and the regressor, which is typically accounted
for in urban scaling fits®>. The white test of heteroscedasticity®*
indicates the presence of heteroscedasticity for all three variables:
incidence of homicides (p value <10™), prevalence of firearm owner-
ship (pvalue = 0.033) and prevalence of federal firearm-selling licenses
(p value <107*). Linear regression estimations were performed using
the Python package Statsmodels®. In the text, we also report the vari-
ance o computed for the SAMIs.

Cobb-Douglas model
The Cobb-Douglas modelis written as

F = CHh\ LB, (2)

where Fis prevalence of firearm ownership, Hincidence of homicides
and L prevalence of federal firearm-selling licenses. From the scaling
analyses, weknowthat F ~ Nf, H ~ NB»and L ~ NP, with8,=0.95, B,=1.12
and B, = 0.66 as the scaling exponents of prevalence of firearm owner-
ship, homicide incidence and prevalence of federal firearm-selling
licenses, respectively. To retrieve F ~ N% from the Cobb-Douglas
model, we set the following constraint:

BiBr + BaBr = Br- 3)

The resulting model has only two free parameters, Cand 3, because it
canbewrittenas follows:

lnF—&lnL=lnC+ﬁ1<lnH—ﬂ—HlnL>, 4)

B B

so that the calibrationis performed the same way as the scaling laws.

Analysis of associations based on SAMIs

Traditionally, teasing out associations in complex systems has relied
onthe use of time series®®, whereby causality has been typically rooted
in a Wiener-Granger sense® or in dynamical systems theory®®. In the
former case, alink from Xto Zcorresponds to the possibility of reduc-
ing the uncertainty in the prediction of the future Z from knowledge
about the history of X*’. In the latter case, a link from X to Zis related
tothe variables belonging to the same dynamical system®®, The use of
time seriesis problematic, if not unfeasible, when working with urban
data, which have high spatial resolution (~100-1,000 cities) and low
time resolution (yearly sampling for afew years). Toaddress thisissue,
we leveraged the conditional independence framework originally
developed by Pearl™,

The conditionalindependence framework does not require tem-
poral dataasituses directed acyclic graphs (DAGs) to describe causal
structures from conditional independence tests*®. The framework is
based onseveral assumptions, one of thembeing acyclicity, thatis, two
variables cannot be drivers of one another. This assumption may not
hold true in many applications. The framework could be extended to
temporal data®®, where one may argue for cyclic causality; however,
such aroute is not feasible for urban data such as hours, where only a
handful of temporal snapshots are available. Another assumption of

the framework is that there are no unobserved variables. Should this
assumption not hold, one might propose different DAGs with hidden
variables that are compatible with the set of independence tests of
Table 1. Specifically, should we relax the assumption and allow for
unobserved variables, we would conclude that: (1) either L > For there
exists an unobserved common cause of L and F or both; and (2) either
H - Forthere exists an unobserved common cause of Hand F or both.
Practically, contemplating this possibility calls for exploring larger
DAGs with more variables (Supplementary Discussion 3).

Themaincomponent of the conditionalindependence framework
is astatistical test forindependence between two variables conditioned
onothers. Typically, simple correlations are employed; however, cor-
relation assumes a linear relationship between the variables, which
might not hold for all real-world systems. Rank correlations relax the
assumption of linearity, but they assume a monotonic relationship
between the variables, which also might not hold. To test for possible
nonlinear relationships between random variables, we rely on aninfor-
mation-theoretic measure known as conditional mutual information®.

Conditional mutual information makes no assumption about the
underlying causal mechanism. The concept of conditional mutual
information is based on the fundamental notion of (differential)
entropy of arandom variable X

HX) = — f p(0) log p(x)dx. ®

The entropy of random variable measures the unpredictability of its
outcomes or the average surprise its outcomes can carry; henceit can
be writtenalso as H(x) = (- log p(x)) measured in nats*. Mutual informa-
tionis defined as the amount of information shared between two ran-
dom variables, Xand Z, I(X, 2) = H(X) - H(X|Z) = H(Z) - H(Z|X). Mutual
information serves as a measure of statistical association, inthe sense
that if Xand Z are independent, then /(X, 2) = 0. Conditional mutual
informationis defined as the shared information between tworandom
variables Xand Zgiven a set of variables W

1X,Z1W) = HXIW) + HZIW) — HX, Z\W). (6)

Because the true probability distributions are unknown, we rely on
the estimator proposed by refs. 70,71 and the corresponding statistical
testing scheme proposed by ref. 72 to assess the significance of the con-
ditional mutual information. This estimator does not require fitting a
kernelfor the probability distributionandis based on the nearest neigh-
bor statistic, which provides good estimates for small datasets. Usually,
totest the significance, the estimated mutual informationis compared
toasurrogate distribution generated by randomly shuffling data of the
Xvariable to destroy the relationship between Xand Z. However, such
anapproach will also destroy the relationship between Xand W, which
does not produce a correct null distribution. The algorithm in ref. 72
proposes a local permutation scheme of the nearest neighbors that
conserves the information between X and W while destroying the one
between Xand Z, thereby offering an adequate statistical test.

The conditionalindependence tests were performed on the SAMIs
to control for the role of the population sizein cities and grounding the
associations in the variations of cities from the nominal behavior that
scaling laws would predict. Interestingly, using per capita rates rather
than SAMIs would beget spurious resultsin the presence of underpinning
sublinear or superlinear scalings (Supplementary Discussion 4 provides
details on how spurious correlations might appear). The estimation
and the statistical tests have only two free parameters, the numbers
of nearest neighbors for the estimate k., and the number of nearest
neighbors thatshall be permuted for the significance test k. Follow-
ingthe suggested parametersinref.72, weset ke, = 0.15Nand k¢, = 10.
The surrogate distributions were each made from 10,000 null estimates
from the randomly permuted data.
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Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Datasets that are allowed to be shared are available on The Dynamical
Systems Laboratory’s Github.

Code availability
Scripts used for this study are available on The Dynamical Systems
Laboratory’s Github.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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|X| The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|:| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

|X| The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name, describe more complex techniques in the Methods section.

[X] A description of all covariates tested
|:| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

|X| A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

|X| For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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|X| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection No software was used to collect data.

Data analysis Python 3.8 was mainly used to analyze the data (statsmodels 0.14, https://github.com/dynamicalsystemslaboratory/Urban-Scaling-of-the-
Firearm-Ecosystem). ARCGIS (2023) was used to pre-process armed robberies data.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy
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Scripts and datasets that are allowed to be shared are available on The Dynamical Systems Laboratory’s Github (https://github.com/dynamicalsystemslaboratory/
Urban-Scaling-of-the-Firearm-Ecosystem)
CDC Wonder: https://wonder.cdc.gov/ucd-icd10.html




ATF: https://www.atf.gov/firearms/listing-federal-firearms-licensees-ffls-2016

Armed robberies: https://www.kaggle.com/datasets/jameslko/gun-violence-data
County_MSA_Crosswalk:https://www.bls.gov/cew/classifications/areas/county-msa-csa-crosswalk.htm
Zip_MSA_Crosswalk:https://mcdc.missouri.edu/applications/geocorr2018.html
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Population characteristics NA
Recruitment NA
Ethics oversight NA

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|:| Life sciences |X| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description The work quantitatively studies urban scaling laws for firearm-related variables, including firearm ownership, violence, and
accessibility in the United States (U.S).

Research sample 929 Metropolitan and Micropolitan statistical areas (MSAs and MicroSAs)
in the United States were studied. These were the available sample corresponding to the period studied (2013-2019).

Sampling strategy We considered all the MSAs and MircoSAs in the U.S. The scaling laws requires the data to be logarithmically transformed, hence
cities that have values = 0 were ignored in their corresponding empirical scaling law.

Data collection Data was downloaded Online as csv files from publicly available datasets without any instruments. The researcher was not blind to
the research hypothesis.

Timing The data was collected between June 2023 and July 2023 for the initial submission. More data was collected during October 2023
during the paper revision.

Data exclusions All cities in Puerto Rico were excluded due to unavailable data from the CDC.
Non-participation No participant was included in this study.
Randomization The study relies on observational data, hence randomization was not an option.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Materials & experimental systems

Methods

Novel plant genotypes ~ NA

Authentication NA

n/a | Involved in the study n/a | Involved in the study
X[ ] Antibodies X[ ] chip-seq
X[ ] Eukaryotic cell lines X[ ] Flow cytometry
|Z| |:| Palaeontology and archaeology |Z| |:| MRI-based neuroimaging
X[ ] Animals and other organisms
X|[ ] clinical data
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Seed stocks NA
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