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Law sets out the rules for society and the economy,
particularly important for interactions between
strangers. Legal code is a form of non-rival
infrastructure, a public good important for investment
and innovation. This paper investigates whether legal
code complexity scales with population size in US
localities. We analyse a corpus of municipal codes
from 3259 cities and measure legal complexity using
various metrics, including number of words, bytes,
and compressed bytes. We find that legal complexity
scales geometrically with jurisdiction population,
with a scaling parameter of approximately 0.2 and
an R? of approximately 0.2. The estimated scaling
parameter is similar to gross domestic product
per capita, consistent with an interpretation of legal
codes as regulating social interactions per capita in
cities.

This article is part of the theme issue ‘A complexity
science approach to law and governance’.

1. Introduction

Law plays a crucial role in society by setting out the rules
for interactions between individuals. This is particularly
important for interactions between strangers, where
there is no pre-existing relationship or trust. The legal
code, which is embedded in language and written down
as a set of rules, serves as a form of infrastructure that
provides a framework for economic and social activities
(e.g. [1]). It is important for investment and innovation,
as it provides certainty and predictability for individuals
and businesses.

Previous research in quantitative urban studies has
shown that a variety of variables scale with city size.
For example, Bettencourt et al. [2] found that variables
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measuring output, such as gross domestic product (GDP), patents and wages, scale with
city size at a reliable superlinear rate. They found that these variables follow a power law
relationship, with an exponent of approximately 1.2. Similarly, variables measuring the volume of
infrastructure, such as miles of roads, also scale with city size, but sublinearly, with an exponent
of approximately 0.8. A “physics of cities” approach to urban processes provides elegant and
satisfying formal models that generate these numbers as strong predictions.

In this paper, we extend this approach to legal code complexity. Does legal code scale
with population size? Is legal code more like output (superlinear) or more like infrastructure
(sublinear)? We empirically analyse this question using a new corpus of municipal codes from
3259 US cities matched to information on local population. We measure legal complexity using
tools from information theory [3]. The preferred measure is the file size (in bytes) of the
compressed municipal codes.

We show that legal code, like the other city variables, is strongly correlated with population
size. The length of the legal code extends sublinearly with city size, with a coefficient of about
0.2. In supporting results, we show that compressed size and uncompressed size scale with
population at almost identical rates. That is, the law does not become more or less textually
efficient as it grows, and our scaling relationships do not reflect redundancies in the legal code or
‘boilerplate’. Correspondingly, we estimate similar coefficients when using other measures of the
volume of legal code, such as the word count.

Next, we look at the coefficients for some alternative text-based sophistication measures,
motivated by the hypothesis that law is an optimal encoding of types of conflicts, so that the
average ‘codeword’ is longer in larger cities. Overall, increasing population is associated with
more complex sophisticated law, as measured by word length, sentence length and the diversity
of the vocabulary. These coefficients are much smaller and less stable, and perhaps reflect that we
do not have a theoretically grounded measure of law as an optimal code.

Finally, we measure the relationship between the length of the (compressed) legal code and
population in two other contexts. We have information on the text of new legislation enacted by
US state government, and the text of judicial opinions published by state appellate courts. We
show that these measures on introduction of new laws over time scale with state population
at a higher rate (between 0.4 and 0.7) than the rate for city population and the stock of law,
but still sublinear, so consistent with infrastructure rather than economic output. We also have
information on the text-based complexity of collective bargaining agreements, which we match
to ‘number of covered employees’ as a corresponding measure of population. Again, we find a
strong linear relationship with a sublinear coefficient.

We conclude the paper with a discussion about the estimated magnitudes. Given that it is
sublinear, legal code might appear more like infrastructure than output. But this is misleading,
because of the non-rival nature of law. The same law regulates all instances of a given type of
conflict, and types of conflict are proportional to social interactions per capita. Legal code should
scale like GDP per capita, i.e. social interactions divided by population. The positive relationship
between legal complexity and population size can be explained by the need to regulate arm’s-
length interactions between individuals in larger cities. As the population increases, the social
distance between individuals also increases, leading to a greater need for legal rules and
regulations, but at a decreasing rate.

Still, there are many open questions about the mechanisms underlying the relationship
between population and legal code size. For example, it could be due to the volume or diversity
of interpersonal conflicts, or by the volume or diversity of economic activity. Those are interesting
questions for future work.

2. Background

(@) Scaling laws in city size

The scaling laws observed in city size have been extensively studied in the interdisciplinary field
on the “physics of cities’, arising out of urban economics and other quantitative social sciences
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Figure 1. Scaling laws in cities. Source: Bettencourt [4].

analysing cities. One of the classic findings is Zipf's Law, which states that the size distribution of
cities follows a power law relationship.

In addition to Zipf’s Law, Bettencourt et al. [2] found that many variables scale with city size.
That is, for some city outcome Y, we have Y =aN#, where N is city population and 8 is the scaling
factor (figure 1).

The previous work has focused on two categories of variables describing cities: those
measuring productivity and those measuring the volume of infrastructure. For variables
measuring productivity, such as GDP, patents and wages, Bettencourt et al. [2] found that they
scale superlinearly with city size. These variables follow a power law relationship, with an
exponent of 8~ 1.2. For variables measuring the volume of infrastructure, such as miles of roads,
there is also a power law relationship, but it is sublinear—an exponent g ~ 0.8. This means that
as city size increases, the volume of infrastructure increases, but at a slower rate compared to
variables measuring productivity.

The scaling laws observed in city size can be explained by a basic trade-off between
agglomeration and congestion. As cities grow, there are increasing agglomeration benefits, such
as access to a larger labour market and knowledge spillovers. However, there are also increasing
congestion costs, such as traffic congestion and higher housing prices. The balance between these
benefits and costs determines the optimal size of a city.

(b) Explanations for scaling: physics

The scaling laws observed in city size can be explained by both physical and economic factors.
A physical model is provided by Bettencourt [4], who proposed a mechanistic explanation
based on the geometry of interactions in a circular city. According to this framework, the
local productive interactions in a city, which can be measured by income, are proportional to
the number of pairwise interactions per unit area. The local productive interactions generate
income that is proportional to the infrastructure costs of transporting every individual across
the diameter of the city. Thus we obtain a relationship where area scales with population with a
coefficient of g = %, and so transportation infrastructure (which are linear in physical distance)
scale with coefficient % and income, proportional to population squared over area, scales with
coefficient %.

While simple, intuitive and roughly correct, this model does not have quite the right scaling
coefficient, which is 1.2 for the superlinear case and 0.8 for the sublinear case. As we detail
in the electronic supplementary material, appendix, Bettencourt [4] augments the model above
by having individual interactions occur via decentralized networks, and so the mean distance
between individuals is proportional to the inverse square root of population density: more people
per unit area means the average distance between them falls, but less than proportionally, as
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would be the case, for example, in small-worlds networks where the average network distance
is a logarithmic function of the total population. Further, Bettencourt [4] has GDP proportional
to the number of interactions per total network area. These two assumptions yield a superlinear
scaling parameter of GDP with population of 7/6 and a sublinear scaling of infrastructure with
population with coefficient 5/6. GDP per capita, being driven by social interactions per total
network area per capita, scales with parameter 1/6, as does the volume of social interactions per
capita.
Some more formal details are presented in electronic supplementary material, appendix C.

() What about law?

Law is made of language, which itself displays a variety of scaling laws [5]. But beyond
complex and robust communication between individuals, legal codes also regulate disputes,
both between individuals, as well as between individuals, organizations and governments (e.g.
[6]). In addition, law serves a pivotal coordinating function, setting expectations and allowing
coordinated and efficient transactions [7]. We can think of a volume of social interactions, which
generate a proportional number of types of potential conflicts and coordination problems that
need to be resolved by the legal system. For smaller communities and less complex societies,
informal norms suffice (e.g. [8]). But at some point in increasing social complexity, those conflict
management rules and coordinating norms become encoded as legal text (e.g. [9]). Once resolved
and encoded into law, that type of dispute or dilemma can be more readily adjudicated in
every future instance. Put differently, we can say that laws are non-rival in effect once written
down.

At the level of the individual, the probability of any given conflict or coordination problem will
increase with the number of social interactions—that is, social interactions per capita. If legal code
works to efficiently encode this increasing variety of social conflicts and dilemmas, we would
expect the legal code to increase in the number of interactions per capita.

As cities increase in population, the number of interactions increases. That is partly due to
increased population density and more local interactions on the street. A person in a larger city
also has more opportunities to physically meet with more people and businesses, as they are
easier to get to. Further, cities tend to have more non-physical interactions through remote and
digital communications.

As in the discussion above of the Bettencourt [4] model, due to the organization of social and
physical networks, local social interactions do not scale quadratically with population, but instead
scale with parameter 7/6. Taking the assumption that the legal code increases in interactions per
capita with the rate at which interactions increase with population together, the volume of legal
text might scale with number of interactions per capita, i.e. 7/6 —1=1/6. As we will see this is
remarkably close to the coefficient we observe in the data.

Of course, not all laws work to regulate pairwise interactions. Take rules on taxes, for example,
which are about the relationship between a taxpayer and government. Or rules on government
administration, which are only about interactions within government organizations. This model
of social interactions does not apply to those types of provisions. Still, in these cases, one would
expect that rules around these things would have to increase as more potential conflicts or
unusual actions might be observed.

Further, many entities that are focal points for law, such as corporations, are not physically
embodied and do not take up space. A city could have thousands of corporations that are
providing digital services, requiring many legal provisions, but without any connection to
physical proximity or population density.

(d) Explanations for scaling: economics

In economics, Mulligan & Shleifer [1] provide an alternative model for how laws might scale with
city size. In their model, laws regulate conflicts, and there is some frequency distribution f(L)
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across the different types of conflicts, ordered such that higher L means less frequent conflicts.
They assume a constant benefit b per person of writing a law to cover a conflict and a fixed cost of
writing a law k. Based on these assumptions, the legislators should write laws until the marginal
benefit is equal to the fixed cost,

bNf(L*) =k, (2.1)

which gives the equilibrium legal stock L*. So long as there is a decreasing density f, a monotonic
relationship between law and population will be observed. If f(-) is a power law, then L* N#
with g > 0. But the model does not generate predictions on the magnitude of j.

(e) Municipal codes

To investigate the scaling laws of legal code complexity, we take as our main application
municipal codes in US cities. Municipal codes are the collection of laws and ordinances that
govern specific cities or towns. Each city has its own set of codes that are often tailored to its
unique needs or circumstances. The codes cover a broad range of topics, including regulations on
land use, zoning and building codes. The ordinances are also related to public health and safety,
such as sanitation, noise control and animal regulations. Additionally, municipal codes regulate
local business activities, manage public resources like parks and roads, and set guidelines for
local government administration and elections. These codes are regularly updated to reflect new
developments and changing needs within the community.

3. Methods

(a) Data collection and pre-processing

This paper uses a corpus of municipal codes from 3259 US cities. We obtained the raw municipal
codes from LexisNexis. These are the compiled sets of effective statutes and do not include rules
from local administrative bodies, for example utilities or school boards. We removed markup
to keep only the ordinance texts. We also de-duplicated the data by keeping the most recent
version of each clause. More detail on the data processing is included in electronic supplementary
material, appendix A.

We have data on city variables, notably population, from the US census. Our core empirical
results consist of correlations between a variety of summary statistics of the text of the municipal
codes and the logarithm of population, following the scaling literature discussed above (figure 2).

In the supporting results on legal scaling in alternative jurisdictions, we use information on
the texts of state legislation and state court opinions collected by Ash et al. [10]. Data on collective
bargaining agreements in Canada come from Ash et al. [11], while those from Brazil come from
Lagos [12].

(b) Complexity measures

We measured legal complexity from text, following recent work in legal linguistics [3,13]. We use
various complexity metrics, including the number of words, bytes and compressed bytes in the
legal code. We also calculated linguistic sophistication measures, such as characters per word and
words per sentence, as well as entropy measures, such as word entropy.

Table 1 presents summary statistics of the various text-based measures of legal complexity.
Table 2 shows pairwise correlations between the measures. As can be seen in figure 3, both
city population and municipal code size are heavily skewed. For each, the log of the variable
(figure 3b) is much closer to a normal distribution than the level (figure 3a), already suggesting
some thicker-than-exponential tails.
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Table 1. Summary statistics.

variable (logs) N mean s.d. min. max.
city population 3243 9.61 1.66 4.45 16.10

Table 2. Correlation matrix across text complexity measures.

Population  Uncompr Compr Ratio Word Sentence Section Word Len  Sent Len Entropy
Uncompressed Size 0.4705
Compressed Size 0.4586 0.9988

Comp/Uncomp Ratio 0.3177 0.1831 0.1354

Word Count 0.4569 0.9216 0.9219 0.1407

Sentence Count 0.4458 0.9856 0.9869 0.1305 0.9114

Section Count 0.3061 0.7928 0.8033 -0.088 0.8642 0.7849

Characters Per Word 0.2739 0.0521 0.0397 0.2589 0.0939 0.0638 -0.1891

Word Per Sentence 0.1129 0.1032 0.0909 0.2663 0.0714 -0.0643 0.0989 -0.2131

Text Entropy 0.3108 0.0817 0.0748 0.1527 0.1194 0.0969 -0.0571 0.4015 -0.1617

Unique Words Used 0.365 0.9612 0.9657 0.0618 0.8797 0.9506 0.7807 -0.0088 0.0908 0.0137

4. Results

(a) Scaling of legal complexity with population

Figure 4 illustrates the relationship between municipal code size and city size with binned
scatter plots. Figure 4a shows the relationship between log municipal code size (in uncompressed
bytes) and log city population. Figure 4b shows the same but with compressed code file size.
We can see that there is a strong positive relationship between code size and city size. The
coefficient estimates and R? are the same regardless of compression. Legal complexity increases
with population size and the relationship is linear on the log-log scale, suggesting a power law
relationship between legal complexity and population. Code increases with population at a rate
of about  =0.2. The R? is quite high at 0.2, meaning that city population explains substantial
cross-city variation in legal code size.

Some supporting results are reported in the electronic supplementary material, appendix.
First, electronic supplementary material, appendix figure A.1, shows the relationship between
compressed file size and city population but as a scatter plot, rather than a binned scatter plot,
showing each observation on the full vertical scale. The strong positive and linear relationship is
still crystal clear.
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Figure 3. Distributions of city population and municipal code size. Information on the distributions of city populations (left
plots) and the compressed file size of municipal code texts (right plots). Includes histograms in levels (a) and histograms in logs

(b).

Second, electronic supplementary material, appendix figure A.3, shows the plot for city
population and the ratio of compressed to uncompressed file size. Given that the slopes for each
of these variables on their own are so similar we expect a small coefficient here. While significant
and positive, it is small, at 0.006. This means that codes do not tend to be come more repetitive, or
use more boilerplate, as they get longer with population size. One interpretation of this finding is
that legal code is kept relatively efficient at all scales in our sample. If anything, larger cities have
a higher information content in their legal code compared to smaller cities.

Bettencourt [4] reports a range of 0-0.25 as the empirical bounds on the parameter governing
how social interactions per capita scale with population size, where recall that the theoretical
prediction was 8 = %. Our estimate is very close to the theoretical prediction, and well within
the empirical range, consistent with our model linking the volume of law to the volume of social
interactions in the city.

The physics-based theoretical model of legal scaling was motivated by the frequency of
pairwise social interactions. That is, as cities become larger, populations become more dense, and
more interactions and conflicts occur. To get at this theoretical mechanism more directly, we also
relate legal complexity to population density (population per square mile). As shown in electronic
supplementary material, appendix figure A.3 panel A, there is also a very strong relationship
between complexity and density, with a similar R? and larger coefficient of = 0.3. That statistical
relationship even holds when we control for city population (electronic supplementary material,
appendix figure A.3 panel B), and the R? doubles to 0.44, suggesting that there is an additional
need for more laws when there is higher density, over and above the total number of people
covered by laws.
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bytes. Statistics give OLS slope coefficient, standard error in parentheses and R2.

(b) Alternative measures of text complexity

To assess the robustness of the relationship on city size and code size, we produce statistics
using some alternative measures of legal code size and complexity. Electronic supplementary
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material, appendix figure A.4, reports similar binned scatter plots and slope statistics for three
alternative legal detail measures: counts over words, sentences and sections. If fine-grained
details about how legal concepts are written and distributed across documents are responsible
for our results, then we should expect to see differences in how these alternative measures
of legal code size vary with population. First, and most notably, the statistics using log word
count are identical to those with file size: the log-log slope is f=0.2 and the R? is 0.21.
Sentence count is also nearly identical with g =0.19, R* =0.2. Section count is not as close
at =0.14, R>=0.09, probably reflecting formatting and drafting style differences in how
sections are split up across cities. The results for word count and sentence count give us
additional confidence in the robustness of these relationships. Further, they give us confidence
in using log word counts as a legal complexity measure when file sizes are not available (as
below).

Next, we show the relationship between population size and some alternative text-based
complexity measures that reflect linguistic sophistication or readability. Figure 5 shows that
word length (figure 5a), sentence length (figure 5b), text entropy (figure 5c¢) and vocabulary
size (figure 5d) are all positively increasing in city size, but none show the 0.2 linear
scaling documented above for volume of text. For all of these, the slope is relatively small
and R? is low. So text sophistication does not necessarily proxy for legal volume. Still, in
general, we observe positive relationships between these complexity measures and population
size, indicating that legal complexity tends to increase with population size across different
dimensions.

LsL0€207:28€ ¥ 205 Y subi 144 ®1syjeuinol/bio'Buysigndaposefor



(c) Comparison with other corpora

To further validate our findings, we compared the scaling of legal complexity with population size
to other corpora. First, we use texts from US state governments as an alternative local government
legal text source. Here, we have information on newly enacted statutes over time, rather than a
recent snapshot of the compiled code. Those are taken from Ash et al. [10], who collected from
HeinOnline. Further, we have the collection of judicial opinions published in state appellate
courts over time. That is available from Ash & MacLeod [14], who assembled the opinions from
Bloomberg Law and LexisNexis. We can match the time series of legal documents to historical
state population for the years 1900-2010.

This comparison differs to the city analysis in three ways. First, as producing compressed file
sizes for these historical corpora is somewhat complicated, we use the log word count as the
preferred measure of the volume of legal output. Second, since it is panel data, we cluster standard
errors by state to allow for serial correlation across years within state. Third, we use time fixed
effects to isolate cross-sectional comparisons and report ‘within’ R? that summarizes explained
variation net of the fixed effects.

Figure 6 shows the results for how current population is associated with current volume of
text in statutes and legal opinions published in a year. As with the overall size of city codes, state
code size substantially reflects state population. In fact, it is an even stronger relationship than
with the cities. Legislation increases with population at a rate of g = 0.4 with R? =0.26; judicial
opinions correspondingly increase at a rate of 8 =0.7 with R2 =0.66.

An advantage of the panel nature of the state data is that we can look at changes in these
metrics over time. Electronic supplementary material, appendix figures A.5 and A.6, show
analogous plots and results for legislation and courts, respectively, but for 20-year periods since
1900. We can see that there is a substantial linear relationship throughout the time period, which
has become somewhat stronger over time. For legislation, we see  =0.25 in the earliest period,
increasing to f = 0.54 in the latest period. For courts, it is more stable, with g = 0.7 in the earliest
period and B = 0.78 in the latest period.

Further, we can look at within-state changes in population and published legal text. Electronic
supplementary material, appendix figure A.7, shows that after taking out state fixed effects, there
is still a positive relationship. That means that as a state’s relative population increases, so does
its relative legal publication intensity. And the slope is still quite substantial, with g =0.13 for
legislation and 8 =0.44 for court opinions. This means that if a state’s population increases by
10% in a given year, there is predicted to be a 1.3% increase in enacted legislative texts, and a 4.4%
increase in published judicial opinion texts.

Finally, as an alternative source of legal text besides government-produced laws, we look
at a private legal ordering as codified in labour union contracts. For Canada and Brazil,
available from Ash ef al. [11] and Lagos [12], respectively, we have large corpora of contracts
matched to metadata on the company, namely the number of employees covered as an
analogue to city or state population. In Brazil, the level of coverage is typically a sector
by local labour market, while in Canada the level of coverage is typically an establishment
or firm.

These plots and estimates are shown in figure 7. In both Canada (figure 7a) and Brazil
(figure 7b), there is a clear and strong positive linear relationship. However, it is less tightly
connected than for the government-produced laws. The estimated rates of increase are g =0.14
for Canada and B =0.07 for Brazil, with R?, respectively, at 0.07 and 0.05. Union collective
bargaining agreements are negotiated between unions and employers (or employer associations)
and are constrained by concerns of employer profitability as well as the outside options of
unionized workers. The fact that the roughly log-linear relationship between jurisdiction size
(here bargaining unit) and amount of text governing the jurisdiction remains in the very different
context of private orderings in the labour market is an intriguing suggestion that the regulation—
population relationships we have uncovered at the political level above is revealing of a more
general mechanism.
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(b) state judicial opinion text and state population
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Figure 6. Scaling results for volume of state legislation and judicial opinions. How state population (horizontal axis) is related to
the number of words in state legislation (a) and judicial opinions (b) published by year. All variables are in logs. Statistics report
0LS slope coefficients, standard errors (clustered by state) and R? (within B2, meaning the variation explained after residualizing
out fixed effects). Time fixed effects absorbed.

5. Discussion

This work has documented a robust positive relationship between the volume of law regulating
a jurisdiction and the number of people in the covered jurisdiction. This work builds on previous
literature on scaling laws in cities, which previously has focused on how productivity and
physical infrastructure scale with respect to city size [4]. We find that legal code volume scales
strongly and sublinearly with the number of people in the covered jurisdiction, with a scaling
parameter of approximately 0.2 in the cross section for municipal code size and city size.
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(a) Canadian collective bargaining agreements
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(b) Brazilian collective bargaining agreements
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Figure 7. Collective bargaining agreements: length versus employees. How company size measured by number of employees
population (horizontal axis) is related to the number of words in collective bargaining agreements, separately for Canada (a)
and Brazil (b). All variables are in logs. Statistics report OLS slope coefficients, standard errors and R.

Our simple social interaction-based model of legal volume would predict 8 = %, which is
not far from the estimated = L. Taking that model at face value, we can say that a positive
relationship between legal complexity and population size can be explained by the need to
regulate social interactions between individuals in larger cities. As the population increases, the
number of interactions between individuals also increases, leading to a greater need for legal
rules and regulations. This is reflected in the increase in the absolute amount of law, which scales
with population size. The 0.2 parameter is remarkably close to the 1/6 parameter on the volume
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of social interactions in Bettencourt [4] and well within the range of empirical estimates given in
that paper.

A statistically significant positive sublinear relationship, albeit with different parameter
values, holds across a range of jurisdictional contexts—US cities, US state legislatures, US state
courts, Canadian union contracts and Brazilian union contracts—and across different dimensions
of the complexity of legal code—compressed or uncompressed text file size, word/sentence
counts and text sophistication scores.

Law adapts to the needs of a growing population. It provides a framework for economic
and social activities, ensuring that interactions between individuals are regulated and conflicts
are resolved. As population size increases, the legal code becomes more complex, reflecting the
increasing complexity of interactions between strangers. This complexity provides certainty and
predictability for individuals and businesses, enabling them to make informed decisions and
engage in economic activities.

On the other hand, the estimated growth rates are not constant across contexts. Looking at the
publication of new laws in the state legislatures, we estimate a higher rate of 8 =0.4, and an even
higher rate in state courts of 8 =0.7. In the labour union contracts, we estimate lower rates of
B =0.07-0.14.

There could be many reasons for these differences. For example, is it intuitive that
court opinions are more sensitive to population, as they are more directly connected to the
number of conflicts in a jurisdiction. Teasing out such mechanisms is an important area for
future work. For example, one could look at a wider range of covariates and evaluate their
influence with multivariate regressions. Or one could look at differences in scaling across
different legal topics, such as laws regulating social interactions versus laws regulating public
goods.

In this vein, it will be an interesting area for future work to consider other dimensions of
complexity. For example, one could use the structure—i.e. sequential structuring—of the codes.
The number of sections, or the depth or hierarchy of clauses, would be informative on complexity
and specialization. Similarly, one could measure cross-references within the code. One could then
understand whether increases in linguistic volume are also associated with more branching and
speciation of topics. Developing such specialized measures would be quite valuable to better
understand the scope of these patterns.

Such alternative complexity measures could draw even more from information theory. An
efficient coding perspective on law in our framework could imply that the average ‘legal
codeword’ is proportional to the negative entropy of types of social conflict. If social conflicts are
uniformly distributed across interactions, then E[codeword] = 1 log(N). We lack a well-defined
measure of legal codewords, and for the proxies for codewords we have examined here, we do
not see this relationship and leave further examination to future work.

Such extensions would require significant data collection and development of causal research
designs that are beyond the scope of this paper. While there may be diverse proximate
mechanisms behind these differences in scaling parameters, the uniformly sublinear scaling
also suggests some general forces may be at play, and we leave further investigation of this to
subsequent work.
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Appendix Material: Scaling Laws

Elliott Ash, Christoph Goessmann, Suresh Naidu

A Data Appendix: Municipal Codes

We obtain the U.S. municipal codes as individual XML files from LexisNexis. Each
XML file corresponds to a current or past section of a municipal code.After an initial
deduplication, we have a raw dataset containing 464 million code sections.

Using a custom parser written in Python, we flatten the hierarchical XML data and
write it to a PostgreSQL database.

The main variables that we parse are the:

o legal text of the section,
e jurisdiction (i.e., state),

o hierarchy which allows us to place the section within a municipal code (i.e.,

municipality, chapter, article, division)

e and a currency_statement which, in combination with hierarchy, lets us infer

if the section was repealed in the meantime.
Based on these variables, we further construct the following variables:

e normalized_hierarchy_path, which serves as a time-independent identifier of
a section across multiple XML files resp. time. For normalization, we remove
leading and trailing spaces for each hierarchy element, convert to uppercase, and

use regular expressions to normalize different spellings such as ‘Sec.’” and ‘Section’.

o most_recent_version (boolean), flagging if that section is the most recent ver-
sion of a section. We flag the section with the most current date among all sections
with the same normalized_hierarchy_path with TRUE (4,932,775 in total).

» repealed (boolean), flagging if that section was repealed. Evaluates to TRUE if
hierarchy contains the word ‘repealed’ or if currency_statement contains the
phrase “**** Current through’ (1,114,420 in total).



The intersection of most_recent_version and NOT repealed comprises 4,879,545
sections and represents the dataset that we use in our analysis. To ensure sufficient
query performance when working with the PostgreSQL database, we partition our table

by state.

B Additional Tables and Figures

Figure A.1: Scatter Plot: Municipal Code Size and City Population
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Log Compressed/Uncompressed Size Ratio

Figure A.2: Ratio of Compressed to Uncompressed File Size

Log Compressed/Uncompressed Size Ratio and Log Population

slope=.006 (0)
R2=.1

T
6 8 10 12
Log Population

14



Figure A.3: Compressed Size and Population Density

A. Without Log Population Controls
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B. With Log Population Controls
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Figure A.4:

Log Law Word Count
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City Population and Municipal Code Length
A. Word Count

Log Law Word Count and Log Population

12.5
slope=.201 (.009)
=21
124
11.5
114
T T T T T
6 8 10 12 14
Log Population
B. Sentence Count
Log Sentence Count and Log Population
10
9.51 slope=.186 (.009)
R2=.2
ga
8.5
T T T T T
6 8 10 12 14
Log Population
C. Section Count
Log Law Section Count and Log Population
7.57
slope=.135 (.01)
R2=.
7A
6.5
T T T T T
6 8 10 12 14

Log Population

5



Log Word Count in Statutes

Figure A.5: State Population and State Legislation, by 20-Year Period

A. 1901-1920
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Notes. How state population (horizontal axis) is related to the number of words in state
legislation, by 20-year period as indicated. All variables are in logs. Statistics report
OLS slope coefficients, standard errors, and R-squared. Time fixed effects absorbed.



Figure A.6: State Population and State Court Output, by 20-Year Period

A. 1901-1920
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legislation, by 20-year period as indicated. All variables are in logs. Statistics report
OLS slope coefficients, standard errors, and R-squared. Time fixed effects absorbed.



Figure A.7: Within-State Changes in Population and Legal Complexity
A. State Legislation
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C Model Appendix

A physical model is provided by Bettencourt (2013), who proposed a mechanistic ex-
planation based on the geometry of interactions in a circular city. According to this
framework, the local productive interactions in a city, which can be measured by income,
are proportional to the number of pairwise interactions per unit area. This relationship
can be expressed as
N2

Y x o (2)
, where Y is income, N is the city size, and A is the city area. In order for everyone in
a city to be able to reach every other part of the city, there needs to be a certain level
of infrastructure. The per-person infrastructure costs, denoted as %, are proportional
to the diameter of the city, which is itself proportional to the square root of the city

area. Hence, we can write

C o AZN. (3)

In equilibrium, the per capita income, Y/N, is equal to the per capita transportation
costs, C'/N. That is, % x Az, or
Ao N3. (4)

So land area is sublinear in population. Next, we plug that back into costs to get

C ,

— o N'? 5
N (5)
that is, per capita infrastructure costs are sublinear. Finally, plug that back into income
to get

Y « N. (6)

Therefore income is superlinear in population. These relationships explain the sublin-
ear scaling of physical infrastructure and the superlinear scaling of economic output
observed in cities, but the coefficient is slightly off.
A more accurate physical model is provided by Bettencourt (2013). Suppose A,, < A
is the network area. Then GDP is given by
N2

YocA—n (7)

In order for everyone in a city to be able to reach every other part of the city, minimum



income Y = N/A < Y/N needs to cover the cost of the mean distance in the city
AH/P Where H is a fractal Hausdoff dimension between D and D + 1. Fixing on the
case D = 2and H = 1 we get:

H+D

Nox A5 = A%? (8)

Further, the mean distance between individuals is given by d oc AYPNP-D/D —

(N/A)~Y2 when D = 2. So total network area is mean distance times the number of

individuals, given by:

A, = dN o (NA)Y? c N171/6 (9)

And total GDP per capita is given by Y oc N'+¥1/6. The § = 1/6 coefficient is close
to the 0.2 coefficient observed in the data.

Adding Law: A simple way to incorporate law into this model is to suppose that
the amount of law is proportional to the number of social interactions per capita. Since
total social interactions are given by X—j oc N'*9 the volume of law would be given by
L < N, and so law would scale with population with a coefficient of 0.2, very close to

what we see in the data.
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