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Abstract

Urban analysis often relies on census or census-like survey data, but the redesign of census tract layers often breaks

historical comparability, thereby hampering longitudinal studies at the local scale. In this article, we propose an

automated methodology for making census tracts comparable through the construction of a graph, using spatial join

operations and non-spatial id comparisons. We adopt an aggregative heuristic to minimize the impact of the matching

process on analytical possibilities. To validate the proposed methodology, we deploy it to match the most recent

Brazilian censuses for the São Paulo, Vitória, and Recife metropolitan regions, as well as for the Brazilian Federal

District. We also test our implementation for New York City and Buenos Aires. We then evaluate the results against

available gold standard data and alternative metrics, concluding with a discussion of potential improvements. Our

implementation produces comparability files efficiently and has the potential to enable studies that would otherwise

be impractical.
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1 Introduction

Studies on urban processes and urban planning policies often

integrate multiple data sources with census data, as these con-

stitute an official source with extensive thematic coverage,

nationwide coverage, and temporal regularity. Census spatial

layers also often subsume the spatial basis for other official

surveys, which, in turn, expand the thematic scope of public

statistics. However, urban analytics that rely on historical

data series at the local scale commonly face a methodologi-

cal challenge: the comparability of datasets across different

years.

The consistency of longitudinal studies based on surveys

such as the census requires (I) that the methodology of data

acquisition and aggregation is historically consistent (equiv-

alence of scope), and (II) that the boundaries of the spatial

areal units used for data aggregation correspond to the same

geographic regions (equivalence of spatial structure). The

first condition can be asserted through the technical documen-

tation of each survey, as discussed in Barbosa [2014], and

is not the focus of this article. The equivalence of spatial

structure, however, depends on the geographic scale and the

level of aggregation of the published data and is the focus of

our work.

From the municipal scale to the national scale, spatial struc-

ture equivalence is often easy to satisfy – e.g., census data

aggregated at the municipal level are generally comparable

across different censuses, as municipal boundaries rarely

change. At a finer scale, however – that of census tracts

– the correspondence requires a particular type of data inte-

gration. Unlike the implementation of spatial join operations

in spatial database management systems or Geographic In-

formation Systems software, the integration of census tract

datasets depends not only on the set of geometries but also,

simultaneously, on non-spatial indexes. We elaborate on this

problem in Section 3.

In this article, we present a method to make local-scale

boundary layers comparable over time. We adopt the Brazil-

ian Institute of Geography and Statistics (IBGE) censuses

as our case study, as they pose significant incompatibilities

between boundary layers. Our method relies on both cen-

sus tract ids and polygons, through an aggregative heuristic

(using sum and union operations). To this end, we resort to

the comparability logic adopted in related works. We found

that the most common approach in the literature relies on a

multiplicative heuristic (using weighted interpolations), im-

plying a certain level of homogeneity within each areal unit.

We introduce an efficient algorithm that avoids interpolation,

dismissing the local-scale homogeneity assumption and thus

enabling direct aggregation of raw census data. Our proposed

approach may be particularly valuable for studies of phenom-

ena with high spatial sensitivity – such as the assessment of

urban and housing policies and studies in demography or epi-

demiology – where assuming local homogeneity can lead to

inaccurate conclusions and compromise validity.

We implement our method and apply it to a set of cities;

then we test it using available gold-standard data and dis-

cuss the results to evaluate potential use cases and future

improvements. A Python implementation extending our pre-

vious work [Mendonça and Kon, 2025] is available as open-

source software at https://github.com/peredrozende/
compat_censos. Beyond scientific impact, our results may

serve as an additional tool in helping census bureaus develop

and validate longitudinal datasets.

https://orcid.org/0000-0003-4727-2989
mailto:pedrorezende@ime.usp.br
https://orcid.org/0000-0003-3888-7340
mailto:kon@ime.usp.br
https://github.com/peredrozende/compat_censos
https://github.com/peredrozende/compat_censos
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2 Related Work

The challenges of longitudinal spatial comparability between

incompatible zoning systems have been addressed by the Spa-

tial Analysis literature for decades [Goodchild et al., 1993].

The problem fundamentally derives from the division of the

same geographic region into different, overlapping sets of

zones. This renders data attributed to each zoning system

not directly comparable – e.g. demographic data from two

different censuses –, and specific procedures to achieve com-

parability are required.

A long trend in comparability methods follows the areal in-

terpolation heuristics [Flowerdew and Openshaw, 1987]. The

interpolative approach resorts to a weighted redistribution of

data from one zoning system to another. Such weight func-

tions can be calculated in many ways [Goodchild et al., 1993;

Comber and Zeng, 2019], sometimes using auxiliary dasy-

metric data to increase precision. Ruther et al. [2015] and

Markley et al. [2022] converge that target density weight-

ing with dasymetric refinement outperforms many of the

most common interpolative techniques, but is sensitive to

fast changes in population. Many works deploy methods to

measure accuracy or the degree of error introduced by interpo-

lation [Cockings et al., 1997; Gregory, 2002]. Nevertheless,

although errors can be estimated, they cannot be eliminated,

as they are inherited from the method’s assumptions of total

or partial inner-zone homogeneity.

Since data aggregation in zoning systems comes from

smaller spatial units within each zone – e.g. household plots

for census data –, the issue can be traced back to the Mod-

ifiable Areal Unit Problem (MAUP), which has also been

extensively known and discussed for nearly a century [Gehlke

and Biehl, 1934; Openshaw, 1979]. The MAUP states that

geographic data can be zoned into an infinite number of poly-

gons of varying size and shape, creating an infinite number

of new arrangements for data aggregation [Buzzelli, 2020].

Such data regrouping can produce drastically different spatial

relationships. Since interpolative methods rely on two pos-

sible zoning systems, their results are equally susceptible to

MAUP effects.

If one had access to the original geographic point of data

collection, MAUP could be avoided by reaggregating the

original point data, and no areal-interpolation assumptions

would be needed. Recent work has highlighted the growing

use of demographic microdata as an alternative to census

zones [Breen and Feehan, 2025], and in some cases, even

census data is now available at finer spatial granularity [Junior

et al., 2025]. But privacy protection constrains how many

variables can be collected or published in point-scale aggre-

gation, and some evidence shows that increasing the level

of data exposure might not bring an equivalent increase in

analytic quality [Norman et al., 2023]. The problem of longi-

tudinal spatial comparability cannot be solved by higher data

precision; nonetheless, as older datasets will still be limited

to lower precision areal aggregation.

In this work, we propose an aggregative method to achieve

longitudinal comparability while avoiding MAUP and the ef-

fects of areal interpolation. More specifically, we focus on the

comparability of local-scale census data. The nature of cen-

sus data breaks some assumptions of areal interpolation: (i) a

pair of census zone systems is not completely independent,

as census tracts are usually derived from previous censuses,

and (ii) a census is spatially organized in a hierarchical fash-

ion, which reduces the possibility of valid polygon overlaps.

Our methodology benefits from these specifics by relying

on census tract indexing, drawing precision, and hierarchical

restrictions.

2.1 Specifics of Census Data

The comparability between census areas is fundamentally

tied to the hierarchy of spatial entities in each national census,

and related work, in general, is produced by technicians and

researchers in close contact with States and their institutions.

Our literature review has shown strong adherence to their re-

spective national censuses, which might lead to blind spots in

topicality due to language barriers. However, some common

issues and trends are recognizable.

Areal interpolation is clearly the dominant method across

older and contemporary studies. The availability of auxiliary

data and overall technical advancements have advanced in-

terpolation and reduced its limitations Ruther et al. [2015].

Studies with an empirical, data-focused approach are far more

abundant than those that deal with longitudinal comparabil-

ity as a topic per se. We have found works with censuses

from Spain [Pérez and Pavía, 2024], Australia [Nguyen et al.,

2023], Canada [Allen and Taylor, 2018; Dias and Silver,

2021], Argentina [Rodríguez, 2021], the United States [Dias

and Silver, 2021; Markley et al., 2022; Jurjevich et al., 2025;

US Census Bureau, 2024a], and Brazil [Lobo, 2009; Reis,

2013; Hirye et al., 2016; Yamaguchi, 2017]. These works

rely on an interpolative heuristic.

Allen and Taylor [2018] published a longitudinal census

tract database for Canada using dasymetric areal interpo-

lation and conflation procedures to reduce the impact of

polygon translation. Conflation is particularly useful when

tract geometry details are reasonably consolidated across

censuses. Many longitudinal databases are available for the

US [Schroeder, 2007; GeoLitycs, 2007; Logan et al., 2014;

Schroeder et al., 2025] using similar interpolative methods.

Australia also has an equivalent longitudinal dataset in which

comparability is established across a sampled group of indi-

viduals [Nguyen et al., 2023]. The existence of ready-to-use

longitudinal datasets facilitates several applied studies in Spa-

tial Analysis and should be pursued in countries with long

time series of census data.

In our work, we focus on the parallels between the Brazilian

census and the structure of the censuses of the United States

and Argentina, which also use geographic entities equivalent

to census tracts (setores censitários in Brazil, radios censales

in Argentina) and have a territorial extent of the same order

of magnitude as Brazil. The Brazilian censuses constitute a

particular challenge since no longitudinal database is available

and tract-level changes are significant between censuses.

In the United States, spatial structure equivalence at the

local scale can be directly ensured using the “relationship

files” between tracts, which are available from the US Census

Bureau [2024b]. These files allow, for example, the creation

of cartographic visualizations of population variation (see

Figure 1). The construction of relationship files relies solely



Restoring Continuity: An Aggregative, Open-Source Methodology for

Harmonizing Disparate Census Tracts Across Time Mendonça & Kon 2026

on the spatial overlap of polygons, meaning that any minor

inconsistency in polygon tracing could result in a mistaken

relation. However, US census tracts are defined as groups of

census blocks, which in turn are bounded by natural delim-

iters (streets, rivers, administrative boundaries). The risk of

identifying false census tract redesign operations is low, as

these natural delimiters constitute a base reference layer that

rarely changes.

Figure 1. Demographic changes in Ohio mapped using census tract compa-

rable areas [US Census Bureau, 2024a].

For the Argentine census, Rodríguez [2021] proposes and

applies a method of tract “correction” across the 1991, 2001,

and 2010 censuses through spatial union operations. The pro-

cess aims to adjust inaccuracies in tract boundaries by using

fixed layers of natural delimiters (see Figure 2). The method

is tailored for each census, employing validation criteria for

corrections, such as the distance between the centroids of

two tracts or the visual, human-assisted overlap of polygon

borders. The methodology was applied to the whole extent of

Argentina, meaning that intensive human work was required

to check and edit tract geometry. All software used in the

process (ArcGIS, Excel, SPSS) is proprietary. The result is

available as an official file by the National Scientific and Tech-

nical Research Council (Conicet), enabling straightforward

creation of compatibility tables by polygon overlay.

In the Brazilian context, the major difficulties for compa-

rability are the geographic imprecision in polygon tracing

and the absence of complete spatial coverage in digital files

for the 1991, 2000, 2010, and 2022 censuses [Hirye et al.,

2016; Lobo, 2009; Reis, 2013]. Yamaguchi [2017] catego-

rizes studies on the comparability of Brazilian census tracts

according to the use of auxiliary dasymetric data, such as

satellite imagery or socioeconomic indicators. The works

Figure 2. Breaks in retrospective comparability between 1980-1991 and

1991-2010 censuses in Distrito Escolar X, Buenos Aires, according to [Ro-

dríguez, 2021]

.

reported by the author rely on areal interpolation to reaggre-

gate data onto a new regular grid, or use compatibility tables

(equivalent to the US Census Bureau’s relationship files) at

larger geographic scales.

Compatibility tables link redesign operations to each of

the census units involved, enabling the identification of cor-

responding areas across censuses and the reconstruction of

spatial structure equivalence. Yamaguchi cites the work of

the Institute of Applied Economic Research (IPEA), which

usesMinimum Comparable Areas (MCAs) derived from com-

patibility tables of municipal grids from 1872 to 2000 [Reis

et al., 2008], which have been employed in many publications

of the institute.

The principle of MCAs is to ensure that data are reaggre-

gated into a geographic polygon layer consistent with the

methodologies employed in the historical series. By perform-

ing only sum operations on quantitative variables and polygon

merging, the methodology of data collection and aggregation

remains unaltered. Interpolative methodologies, on the other

hand, add new layers of assumptions – such as the homogene-

ity of a variable’s distribution within a geographic entity –

to calculate interpolation weights between the original grids

and the new regular grid.

In terms of implementation, interpolative compatibility

requires operations between geometries (polygons, points)

and, depending on the use of auxiliary data, manual checks

of the resulting features, as is the case in Rodríguez’s method

for the Argentine census. IPEA’s implementation of MCAs

is based on simple relational algebra operations but requires

the additional step of creating compatibility tables.

In this work, we seek to enable the application of the ag-

gregative heuristic of MCAs at the census tract scale. This

heuristic offers greater conceptual simplicity, circumvent-

ing the need for the additional assumptions inherent in an

interpolative approach. In other words, our approach avoids

methodology-induced errors in data aggregation, allowing

clean demographic rates at local scale. Beyond making com-

parability achievable with little human effort, it makes it pos-

sible to assess comparability for finely-traced tracts such as

those from the US Census or the resulting layers of Rodríguez

work in Argentina. Furthermore, unlike the Argentine solu-

tion, we provide an open-source implementation. In doing so,

we facilitate reproduction, reuse and future improvements.
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3 Brazilian Census Background

Modern census data in Brazil is acquired exclusively through

door-to-door in-person interviews. IBGE adopted census

tracts for the first time in the 1940 Census, with the original

purpose of organizing data collection by enumerators. An

urban census tract represents an area that aggregates a set

of households that can be surveyed by the same enumerator.

Starting with the 2000 Census, the geographic boundary layer

of tracts began to be publicized in digital format, along with

data aggregated by census tract, enabling the broad use of

census data in geospatial databases and demographic analytics

at the local scale (see Figure 3). Since then, beyond its original

operational function, the census tract has also acquired an

analytical function for several areas of knowledge.

In recent censuses, the adoption and improvement of dig-

ital mapping technologies improved tract tracing but made

census tract geometries incompatible across censuses (Figure

4). For the 2022 Census, IBGE developed a decentralized

redesign system of the census grid using high-resolution im-

agery, which allowed for more precise tract boundaries but

further accentuated the differences compared to older census

grids.

Figure 3. Brazilian census tracts for the 2022 Census. Study cases chosen

for our work are pointed in red: São Paulo Metropolitan Region (SPMR),

Recife Metropolitan Region (RMR), Vitória Metropolitan Region (VMR)

and the Federal District (FD).

The redesign of census tracts has been a recurring topic in

IBGE’s technical notes [IBGE, 1980], and it is also present

in publications of the US Census [US Census Bureau, 2024b]

and Argentina’s census [Rodriguez and de Grande, 2024].

The manuals point to a set of logical operations resulting

from the redesign of a census tract, which we systematize as:

• Split: when a census tract is divided into several

(1 : n, n > 1)
• Merge: when more than one census tract is joined

(n : 1, n > 1)
• Maintenance: when the tract is maintained (1 : 1)

• Reconfiguration: when there is no single unambiguous

relation of split, merge, or maintenance (m : n, with
m, n > 1)

Figure 5 illustrates how these operations can be summa-

rized into MCAs using a comparability graph. In the IBGE

censuses, the technical manuals also introduce another vari-

able related to redesign, associated with tract type (urban or

rural). In this article, we disregard qualitative aspects of the

census tract. We consider the census tract solely as a geo-

graphic entity composed of a polygon and an identifier code

(id).

The id of a census tract is a structured numeric string, as

shown in Figure 6, where the first digits determine the tract’s

membership to higher-level geographic entities. Since the

coding of parent entities is usually consistent across censuses,

the redesign of census tracts generates correspondences of

the form r = (I, J), where I and J are sets of census tracts

from censuses CI and CJ , respectively, such that every tract

s ∈ (I ∪ J) in the same relation r is a member of the same

higher-level geographic entity.

Isolating tract ids from their polygons, a redesign oper-

ation between censuses produces the following possible id

relations:

• Exclusion: an id ceases to exist;

• Creation: an id is created;

• Maintenance: an id is maintained and identifies the

same census tract;

• Disassociation: an id exists in both censuses but refers

to different geographic entities. This is a particular case

of two unrelated tracts that underwent exclusion and

creation.

Census tracts are validated by prior recognition of localities

by enumerators, who may modify them according to oper-

ational needs. Situations of polygon reconfiguration or id

disassociation are not indicated as best practices in the techni-

cal manuals, but they do occur. The maintenance of tracts, in

turn, assumes that both the polygon and id of tracts across two

censuses represent the exact same geographic entity. From

a computational perspective, identifying compatible groups

of census tracts across two censuses can be divided into two

fundamental problems: (i) identifying maintenance cases, en-

suring that they do not include tracts with id disassociation,

and (ii) correctly identifying the subsets of tracts involved in

each redesign operation.

4 Methodology

Based on the literature review, we propose an automated

methodology for the aggregative harmonization of census

tracts, using their polygons and ids to generate Census Tract

MCAs and comparability tables. The algorithm that imple-

ments this methodology contains three subroutines – iden-

tification, division identification, and forced overlap – that,

combined, construct an undirected graph which we call the

comparability graph. A more detailed description in pseu-

docode is available at section 7, alongwith a visual description

of our implementation.
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Figure 4. Census tracts of the same geographic extent in the Bela Vista neighborhood, central São Paulo, in the 2000, 2010, and 2022 censuses. Figure from

[Mendonça and Kon, 2025].

Figure 5. Conceptual diagram of tract redesign operations across census

A, B and C, and their abstraction into a comparability graph. Relationship

between pairs of censuses form A-B and B-C census MCAs, and the whole

period forms a single A-B-C MCA.

The order in which these procedures are applied should

preserve as much as possible the original definition of ids and

polygon shapes, creating a “funnel-like” flow that starts with-

out geometric manipulations, used to identify maintenance

operations. The following procedures employ increasingly

complex geometric manipulations — polygon intersections

for division identification, and then buffer-based intersections

for forced overlap— but only among subsets of tracts defined

by the logical structure of the redesign operation. Tracts in-

volved in maintenance operations, for instance, should not be

included in division identification.

At the beginning of the algorithm’s execution, the com-

parability graph is empty, containing only vertices that rep-

resent census tracts from two censuses. During execution,

relationships between tracts that do not belong to the same

higher-level geographic entity are considered inconsistent

and, therefore, discarded.

All the subroutines of the MakeComparable algo-

rithm are implemented as methods for an inherited

networkx.Graph class named comparability_graph,
as available at https://github.com/peredrozende/
compat_censos/blob/main/utils.py.

Figure 6. Structure of the census tract ids.

4.1 Identifying Maintenance Operations

The goal of the maintenance step is to uniquely identify pairs

of tracts tI , tJ that represent exactly the same geographic

area in both censuses. To assert this condition, we apply

several criteria. We first verify the absolute preservation of

location, that is, whether two tracts with the same id are not

geographically distant. We then check the relative location,

that is, whether it is possible to identify neighboring tracts that

were also preserved between censuses. Finally, we evaluate

whether the polygons were preserved, that is, whether tI and

tJ did not undergo geometric redesign to represent a different

geographic extent. Once these criteria are met, we add the

edge tItJ to G, representing a 1:1 redesign operation (Figure

13, item 1). The tracts classified as such are spared by default

from the subsequent steps, since they should not receive new

correspondence links.

There are cases of distinct tracts that represent the same

geographic extent but do not share the same id. Although they

are, conceptually, a maintenance case, it is not possible to

establish an unambiguous relationship. The correspondence

between these tracts will be identified in later steps.

https://github.com/peredrozende/compat_censos/blob/main/utils.py
https://github.com/peredrozende/compat_censos/blob/main/utils.py


Restoring Continuity: An Aggregative, Open-Source Methodology for

Harmonizing Disparate Census Tracts Across Time Mendonça & Kon 2026

4.2 Identifying Splitting Operations

In this stage, we aim to identify relationships between census

tracts whose codes were created, deleted, or disassociated,

based on the spatial overlap of their polygons, to detect cases

where a tract was split. Tract splitting implies a redesign op-

eration of type 1 : n, in which the area of the resulting tracts
is fully contained by the original tract. We also allow occur-

rences where two disassociated tracts with the same id overlap

spatially, creating a split operation with n = 1. In such cases,
we label the split operation as disassociated maintenance and,

by default, do not spare these tracts from other stages. Never-

theless, these cases are accounted as maintenance operations

when assessing the results.

There might be significant differences in the precision of

polygon tracing between two census tract boundary layers.

Because of that, it is necessary to reduce the sensitivity to

spatial overlap, as we cannot expect split tracts to be fully

contained within their predecessors. Figure 13, item 2, il-

lustrates this procedure. The first criterion we used is the

removal of residual polygons based on the area-to-perimeter

(A/P ) ratio. Next, we compute the ratio between the area

of each intersected polygon and the area of the tract from

the most recent census to which it originally belongs. For

intersection pairs where this ratio is above a parameterized

threshold Lmin – that is, when the intersected area represents

at least a Lmin fraction of the area of a tract from the newer

census – we add an edge between the respective vertices of

these tracts in the comparability graph.

4.3 Forced Overlay

The filters applied in the previous steps exclude exceptional

cases of redesign operations, usually associated with recon-

figuration operations (m : n). In these cases, we perform a

forced spatial overlay. We select the isolated nodes from the

comparability graph and apply a negative buffer parameter-

ized to retract the polygon boundaries by B meters. Then,

we group the polygons by census and intersect them with the

complete census tract boundary layer of the complementary

census, removing residual polygons using the same criterion

as before (the A/P ratio). This process is repeated symmetri-

cally for both censuses. The remaining intersection pairs are

added to the graph as forced correspondence edges (Figure 14,

items 3a and 3b).

4.4 Encoding of MCAs

The steps described above yield a graph whose components

correspond to bipartite sets of census tracts from the two cen-

suses. From the members of each component, it is possible

to create comparability tables with relations rC = (t, K),
where K is the identifier of a component and t is a census
tract from a census C such that t ∈ vertices(K). Two ta-

bles are created, one for each census. We use the table to

generate a new polygonal geographic layer of census tract

MCAs by dissolving the polygons of tracts belonging to the

same component K (Figure 14, item 4). The components are

classified according to the redesign operation they represent

(1 : 1, 1 : n, n : 1, or m : n).

5 Implementation and Testing

We implemented the comparability algorithm in Python 3, as

described in Figures 13 and 14. Each step of the algorithmwas

implemented as a method of an inherited graph object from

networkx library. We used geopandas to read and handle

the spatial databases from both censuses, and shapely for

geometric operations on polygons. To standardize units and

reduce the use of computational resources in the following

steps, census tract layers are first pre-processed to identify

neighbors and perform geographic reprojection into a UTM

metric coordinate system.

To identify absolute location preservation in maintenance

operations, a pair of tracts is considered to be in maintenance

only if the distance between their centroids is at most half the

sum of the diagonals of their bounding boxes. This ensures

that the smaller the tract (that is, the more detailed the local

tracing of the census tract boundary layer), the lower the

tolerance for spatial displacements. The criterion of relative

preservation was adopted by verifying the adjacent polygons

of each tract, requiring that at least one neighboring tract be

maintained.

We ran tests for six regions in three national censuses:

• Brazilian Census: São Paulo Metropolitan Region

(SPMR), Recife Metropolitan Region (RMR), Vitória

Metropolitan Region (VMR) and the Federal District

(FD), all for 2010-2022 censuses, with data available at

IBGE GeoFTP service;

• Argentine Census: Buenos Aires Province and City,

for 2010-2022 censuses, with data available at Conicet

repositories;

• US Census: New York City (NYC), for 2010-2020

censuses, with data available at US Census Bureau FTP

service.

The higher-level geographic entity was set based on the

existence of a higher-level polygon redesign during the target

period. The subdistrict (11 digits) was adopted for SPMR

and RMRec, the district (9 digits) for DF and RMVitoria,

the place (7 digits) for NYC, and the province (2 digits) for

Buenos Aires.

To assess test results, a different gold standard source was

applied for each national census (Figure 14, item (5) on edge

assessment). For the Brazilian Census, IBGE recently re-

leased a comparability table for the 2010 and 2022 censuses.

Although a visual check of the relationships in this table re-

vealed some inconsistent census tract pairs, this is the only

publicly available reference. For the Argentine Census, we

rely on Rodriguez and de Grande [2024] tracing adjustments

to create a comparability table via a simple spatial overlay of

tract polygons. For the US Census, we use the relationship

table published by the US Census Bureau.

Edges in the comparability graph are classified as false

and true positives, and missing edges are accounted for as

false negatives. We then calculate recall, precision, and F1-

score. For parameter sensibility test, we ran A/P ratio values

ranging from 0.1 to 2.0 and Lmin ranging from 0.1 to 1.0,

using 0.1 steps. Figure 7 exemplifies the resulting graph for

a small portion of the SPMR.

https://geoftp.ibge.gov.br/organizacao_do_territorio/malhas_territoriais/malhas_de_setores_censitarios__divisoes_intramunicipais/
https://ri.conicet.gov.ar/handle/11336/149711
https://ri.conicet.gov.ar/handle/11336/149711
https://www2.census.gov/geo/tiger/
https://www2.census.gov/geo/tiger/
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In addition to the regular implementation, which aims to

make a pair of censuses comparable, we also implemented a

proof of concept for recursive comparability using the zone

polygon layers of São Paulo Metropolitan Region Origin-

Destination Survey (OD Survey). The OD Survey was con-

ducted with full SPMR coverage in 1987, 1997, 2007, 2017,

and 2023, and spatial zoning files are available for every

edition. A recursive implementation consists of running the

comparability algorithm using the result of a previous run

paired with a third polygon layer. To make such implementa-

tion possible, MCAs are encoded with the same leading set

of digits of its higher-level geographic entity. Since newer

polygon layers tend to have more accurate tracing, recursive

comparability should preferably run retrospectively.

To assess each step of the algorithm separately,

we implemented them as separate methods of a

comparability_graph class that inherits from

networkx.Graph. This implementation enables flexi-

ble chain operations when building the comparability graph.

The default chain implementation follows the “funnel”

pipeline: first identify maintenances, then identify splittings,

then force overlays. To ensure that no census tracts remained

disconnected, we apply a series of forced overlay operations

with three different B values (-20, -10, and 0 meters). We

did not discard tracts classified as maintenance in the last

iteration.

5.1 Alternative Metrics

As official ground-truth comparability tables are not available

for any given pair of censuses, an alternative way of assess-

ing results is needed. We propose the following metrics for

general result assessment:

• Inconsistent maintenance: Number of maintenance

edges (assumed 1 : 1) involved in redesign operations
other than 1 : 1;

• Inconsistent splitting: Number of division edges (as-

sumed 1 : n) involved in m : n redesign operations;

• Unconnected polygons: Number of tracts that remained

disconnected at the end of the harmonization process;

• Persistent unconnected: Number of census tracts that

did not receive any edges for any buffer B < 0;
• Large redesigns: Number of m : n redesign operations

where both m and n are greater than 10.

In an ideal execution, there should be no inconsistent main-

tenances or unconnected polygons, and the occurrences of

persistent unconnected polygons, inconsistent splittings, and

large redesigns should be low.

6 Results and Discussion

Figure 8 shows the results of the proposed metrics as we

varied the A/P ratio and the Lmin parameter for each re-

gion. Regarding the A/P ratio variations, they exhibit region-

dependent behavior (e.g., increasing inconsistent maintenance

in SPMR and decreasing it in VMR), resulting in a weak over-

all correlation with the assessed metrics. Fine-traced tract

layers, such as those of NYC, Buenos Aires, and FD, further

weaken this correlation, as overlay operations do not produce

residual geometries. Since SPMR persistent unconnected

polygons were the most sensitive to A/P ratio variations, we

chose to adopt a low value (0.3) as the default, though the

overall results call for improvements in residual geometries

filtering strategies.

The Lmin parameter variations result in a more legible

pattern. Metrics such as precision show a parabola-like curve

peaking at Lmin ≈ 0.5, that is, at a 50% threshold for area

overlays in splitting. But recall is minimum at the same

threshold, requiring caution. Precision measures true posi-

tives among retrieved elements, where false positives mean

unnecessary aggregation of census tracts. Recall, on the other

hand, considers false negatives, which means insufficient

census tract aggregation. Since lacking aggregation is more

severe than oversimplification under an aggregative heuristic,

recall is a preferable metric over precision. Thus, we adopted

a default 0.8 value for Lmin, where recall starts to stabilize

while precision has not yet plummeted. Results point out

that Lmin also has a residual effect on fine-traced tract layers,

since polygon overlay in such cases is rarely ambiguous. Nev-

ertheless, the best precision and recall values for each region

range from around 90 to 100%, indicating that the algorithm

produces a successful, automated comparability graph.

Table 1 presents the final results and metrics from this

implementation, and Figure 11 shows the MCAs classified

by type of operation. Maintenance operations prevail over

the others, and reconfiguration and union operations are un-

common, as expected. The order of steps in the algorithm

corresponds to the most frequent redesign operations (mainte-

nance, division, and reconfiguration), fulfilling the proposed

“funnel-style” classification flow.

The correlograms in Figures 9 and 10 support the adop-

tion of our five proposed metrics, as they show moderate to

high negative Spearman correlations with the gold-standard

recall and precision. We use Spearman correlation since

some metrics vary non-linearly, as shown in Figure 8. The

five proposed metrics also show moderate to high positive

cross-correlation, suggesting that different types of compa-

rability inconsistencies might not be independent. This is

not unexpected, since all inconsistencies stem from the same

phenomenon: manual census tract redesign. Overall, our

metrics serve as a proxy for the gold standard and may thus

be deployed as an alternative assessment strategy when no

gold-standard data is available.

Inconsistent splittings are particularly high in SPRM, RMR,

and VMR, when compared to the other cities. NYC tracts

are geometrically comparable by default; Buenos Aires tracts

have been made comparable by Conicet; and FD tracts have

regular shapes because Brasilia is a planned city. The greatest

inconsistencies occur where the regularity of polygons across

censuses has been violated to either improve geographic pre-

cision or to accommodate changes in the urban grid, both

of which are more common in most Brazilian cities, such

as SPRM, RMR, and VMR. Nevertheless, these values il-

lustrate how specific local knowledge is key for assessing

comparability results.

The gold standard assessment is higher for fine-traced cen-

sus layers. For instance, the gold-standard metrics for NYC

and Buenos Aires are high and remain unaffected by parame-
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Figure 7. Example of comparability graph overlayed to the resulting MCA polygons for a portion of Bela Vista, central São Paulo. Red lines in frame c

represent false positives, and yellow lines are false negatives. Ratios in frame d show the proportion of previous tracts (2010 census) to new tracts (2022

census).

ter variation, as expected due to the use of overlaying natural

boundaries for polygon tracing. Nevertheless, no region has

achieved a 100% score for both recall and precision, as ex-

pected, at least for NYC and Buenos Aires, suggesting that

the gold standard data may be inconsistent. For the Brazil-

ian regions, we identified inconsistent relationships between

tracts in a visual assessment of the ground truth data. In other

words, gold standard data does not correspond to ground truth,

but it is the best publicly available reference for assessment.

It nevertheless poses a mild risk to conclusion validity.

We also performed a visual inspection of the resulting

graph and MCAs to understand the redesign patterns of false

positives and negatives. There is a general pattern of misiden-

tification related to illogical relationships between geometries

and ids, as illustrated by Figure 12. Such cases would require

new approaches for residue filtering and geometry assess-

ment.

6.1 Threats to Validity

Regarding our study design, there are a few threats to validity

to consider. All possible redesign operations are logically

contained within our redesign typology (1 : 1, 1 : n, n : 1,
m : n), asserting construct validity. We chose large urban

agglomerations from each targeted national census, assuming

they pose the biggest computational challenges due to urban

complexity. Many of the selected regions contain rural and

semi-urban areas, but there is a risk that metrics and results

might change when dealing with large extents of rural or

forested regions – which were not the main focus of this

work.

Also, regarding external validity, there is a risk of errors

in the redesign identification being spatially correlated. As

a consequence, incorrect data reaggregation would not be

spatially random, violating a key quality indicator for spatial

data. Nevertheless, this risk stems from the original tract

redesign process, often defined by the needs and expertise

of local census workers. That is, this risk originates in the

dataset and is not exclusive to the aggregative heuristic.

As Figure 8 illustrates, parameters have different effects in

different regions. Since correspondence errors might not be

spatially random, there is a risk that the global parameters in

our implementation could exacerbate the spatial concentra-

tion of errors in reaggregated data. A method for statistical

assessment of this error could strengthen our conclusions,

similar to those proposed for areal interpolation Cockings

et al. [1997].

6.2 Conclusion

The adopted aggregative heuristic allows the resulting MCAs

to be used in urban studies that rely on precise, unambigu-

ous data reaggregation. This is the case in [Mendonça et al.,

2024], which used a preliminary version of this algorithm to

classify demographic transformations in the SPMR between

2010 and 2022. Our method discards the base assumptions of

interpolative heuristics, which are known sources of reaggre-

gation errors and imprecision. In general, longitudinal studies
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Figure 8. Variation of metrics for different values of the A/P ratio and Lmin, with all other parameters held constant.

Figure 9. Spearman correlogram for A/P ratio sensibility tests on all

regions.

based on local-scale census series that depend on accurate

spatial joins between georeferenced data – such as urban lots

or points of interest – can benefit from the implementation of

this methodology.

Compared to non-automated methods used in related work,

the cost of performing this operation manually is significantly

reduced, though human intervention can mitigate potential

localized inaccuracies. Running the code on a commodity

computer (Intel i7-9700F with 32GB RAM) took approxi-

mately 3–4 minutes to pre-process the census tract layers and

run the comparability algorithm for the SPMR, the largest and

most polygon-dense of the chosen regions. We expect this

cost reduction to favor national demographic agencies and

enable urban research that would otherwise be unfeasible.

We believe that our algorithm also facilitates the work

of those who intend to perform a full manual correction for

comparability, since most of the geometry tracing process

Figure 10. Spearman correlogram for Lmin sensibility tests on all regions.

can be replaced by simple additions and exclusions to the

comparability graph. The implementation in Python also

simplifies MCA creation for censuses such as the Argentine,

where geometry imprecision is not a major issue, but direct

comparability files are not available.

Regarding the Brazilian Census, the diverging, region-

specific results shown in Figure 8 reveal the need for a region-

aware approach. Due to the decentralization of redesign op-

erations, the precision and consistency of boundary layers

between censuses may vary considerably across different

cities. Consequently, the choice of parameters may have sig-

nificantly different effects when applied to different spatial

contexts. This is also true within metropolitan regions. As

shown in Figure 11, reconfiguration operations tend to con-

centrate in peripheral, semi-rural, and rural areas, potentially

leading to information loss in analyses focused on these re-

gions. In denser areas, such as highly vertical neighborhoods,
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Figure 11. MCAs by identified redesign operation. Map (e) was clipped to the city of Buenos Aires due to size.

census tracts tend to be very small and more sensitive to minor

boundary adjustments.

Based on the evaluation of the results, we identify twomain

directions for future improvements to the proposed method-

ology.

The first is the development of a more robust approach

for selecting the parameters A/P , Lmin, and B. The A/P
ratio may be complemented or replaced by other geometric

metrics such as elongation, compactness, and curvature. A

systematic assessment of the combined effects of these param-

eters could improve the selection of their values. However,

the choice of global parameters tends to balance distortions

between areas with dense census tract boundaries (urban cen-

ters) and sparse ones (semi-rural and rural regions). Thus, we

consider automated, region-dependent parameter selection a

more promising alternative.

A second path for future enhancements follows the exam-

ple of comparability approaches that employ auxiliary data.

The use of satellite imagery, land-use data, identification of

uninhabited areas, and road network layers could improve the

comparability results by reducing the influence of uninhabited

regions — that is, areas of low relevance for demographic

studies.
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7 Appendix

In this section, we present additional details of the compara-

bility algorithm and its implementation in our study.

7.1 Comparability Algorithm

Let us consider two census layers MI from census I , and MJ

from census J , both composed of tracts t. The aggregative
comparability procedure consists of constructing an undi-

rected graph G = (V, E) as follows:

VI = {t | t ∈ MI}
VJ = {t | t ∈ MJ}

V = VI ∪ VJ

E = MakeComparable(VI , VJ)

Where MakeComparable is a function implementing Al-

gorithm 1. The notation geom(t) in the algorithm represents

the polygon of census tract t, and id(t) represents the iden-
tifier code of tract t. The notations geom(T ) and id(t) rep-
resent the set of polygons and identifier codes for a set of

tracts T . Each component of the resulting graph represents

a redesign operation, with a set of tracts from each census

involved in that operation.

7.2 Python Implementation

Figures 13 and 14 illustrate the comparability pipeline im-

plemented in Python for this study. Additional Jupyter

Notebooks with examples are available at https://github.
com/peredrozende/compat_censos.

Algorithm 1:MakeComparable

1 [p]
Input: VI , VJ

Output: Set E of edges of type tItJ , tI ∈ VI , tJ ∈ VJ

2 E, C ← ∅;
// Step 1: Identify maintenance operations

3 for each tI ∈ VI do

4 if id(tI) ∈ id(VJ ) then
5 tJ ← tract in VJ with id = id(tI);
6 if tI and tJ are in the same absolute and relative

location and preserve their shapes then

7 E ← E ∪ {tItJ} ;
8 C ← C ∪ {tI , tJ};
9 end

10 end

11 end

12 for each tJ ∈ VJ : tJ /∈ C do

// Identify disassociated maintenance
13 if geom(tJ ) intersects a geom(tI) of some tI ∈ VI

such that id(tJ ) = id(tI) then
14 E ← E ∪ {tItJ};
15 C ← C ∪ {tI , tJ};
16 end

// Step 2: Identify splitting operations
17 if geom(tJ ) has a portion of its area larger than Lmin

in geom(tI) of some tI ∈ VI and the overlay

intersection geom(tI) ∩ geom(tJ ) is not residual
then

18 E ← E ∪ {tItJ};
19 C ← C ∪ {tI , tJ};
20 end

21 end

// Step 3: Forced overlay
// Redefine polygons of VI and VJ with buffer

22 geom(VI)← {buffer(geom(t), B) | t ∈ VI};
23 geom(VJ )← {buffer(geom(t), B) | t ∈ VJ} ;
24 N ← {t | t ∈ VI ∪ VJ , t /∈ C};

// Step 3a: Force overlay from I to J
25 for each tI ∈ (VI ∩N) do
26 if geom(tI) intersects geom(tJ ) of some tJ ∈ VJ and

geom(tI) ∩ geom(tJ ) is not residual then
27 E ← E ∪ {tItJ}
28 end

29 end

// Step 3b: Force overlay from J to I
30 for each tJ ∈ (VJ ∩N) do
31 if geom(tJ ) intersects geom(tI) of some tI ∈ VI and

geom(tJ ) ∩ geom(tI) is not residual then
32 E ← E ∪ {tItJ}
33 end

34 end

35 return E;

https://repositorio.ufba.br/handle/ri/24036
https://repositorio.ufba.br/handle/ri/24036
https://github.com/peredrozende/compat_censos
https://github.com/peredrozende/compat_censos
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Figure 13. Diagram of the first two steps of the algorithm building the comparability graph, labeling classes and methods as implemented in Python.
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Figure 14. Diagram of the final steps of the algorithm building the comparability graph, labeling classes and methods as implemented in Python.
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