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Evolution de la ségrégation pendant la journée et frictions spatiales : une
analyse a partir de données de téléphonie mobile

Ce travail exploite des données de téléphonie mobile afin de dépasser une vision statique (ou
résidentielle) de la ségrégation et d’en proposer une vision plus dynamique en étudiant les mobilités
infra-journaliéres des individus. Comme la diffusion des individus dans 1’espace réduit la ségrégation,
ce travail s’intéresse également aux frictions spatiales déterminant ces flux de population.

Par rapport a la situation nocturne, les bas revenus cotoient plus de personnes n’appartenant pas a leur
groupe pendant la journée que ne le font les hauts revenus. La morphologie des villes, notamment la
maniere dont sont organisées les infrastructures de transport entre le centre et la périphérie affecte les
distances parcourues. Les bas revenus sont principalement concentrés dans les espaces ou les freins a
la mobilité sont les plus forts (centre a Marseille, périphérie a Lyon et Paris).

Mots-clés : Ségrégation, big data, données de téléphonie mobile, modéle gravitaire, économie urbaine

Residential segregation, daytime segregation and spatial frictions : an
analysis from mobile phone data

We bring together mobile phone and geocoded tax data on the three biggest French cities to shed a
new light on segregation that accounts for population flows. Mobility being a key factor to reduce
spatial segregation, we build a gravity model on an unprecedent scale to estimate the heterogeneity in
travel costs.

Residential segregation represents the acme of segregation. Low-income people spread more than

high-income people during the day. Distance plays a key role to limit population flows. Low-income
people live in neighbourhoods where the spatial frictions are strongest.

Keywords: Segregation, big data, phone data, gravity model, urban economics

Classification JEL : R23 ; R41 ; C55



District division is part of the mental map of every Parisian who masters its social
symbolism. Living in the 19th or 16th district does not have the same meaning. In Paris,
it is usual to link someone’s social level with the neighborhood he or she lives in. In the
city’s division lines, we recognize those of society.

Pincon and Pincon-Charlot (2009)

1 Introduction

The growing access to high-frequency geocoded data represents an opportunity to understand phe-
nomena that could not be studied before (Einav and Levin, 2014; Glaeser et al., 2018). In the field
of urban economics, where mobility represents a dimension of individual choice, access to individual
positions is fundamental for empirical research. A large literature has been devoted to the mecha-
nisms and effects of spatial segregation since the pioneering studies of the Chicago school of sociology
(Park, 1926). Segregation is known to play a key role in many social outcomes (Sampson, Morenoff,
and Gannon-Rowley, 2002) and have long-term effects on the welfare of children that were raised in
poor neighborhoods (Chetty and Hendren, 2018).

Until recently, because they were based on available data, most of the studies on segregation were
focused on where people live. However, individuals tend to visit places outside their living environ-
ment, exposing them to people from other neighborhoods. Mixing with individuals from other neigh-
borhoods creates opportunity for interactions that can affect an individual’s welfare and thus partially
offset the effects of residential segregation. To better understand experienced segregation (Athey et al.,
2019), one needs to take into account where people go and who they mix with in those places. Since
it is less costly to visit a place than to live there, experienced segregation might be less influenced by
income than residential segregation. Because spatial frictions limit encounters of people from different
neighbourhoods, they play a key role in understanding how experienced segregation may differ from
residential segregation (Davis et al., 2019). With the surge of positional data, assessing the effect of
mobility on segregation and the factors that hinder urban flows becomes an empirical question. This
raises new opportunity to understand the dynamics in place within cities.

We explore the evolution of segregation in the three French biggest cities within a typical day
using individual mobile phone data combined with traditional data sources. As mobile phone data are
anonymous, it is necessary to detect the residence of mobile phone customers and use the surrounding
area to characterise people in the income hierarchy. We propose a methodological framework to infer
from residential data the characteristics of individuals present in anonymized positional data. Results
stability is tested through a series of robustness checks. Our approach aims to limit the ecological
fallacy, which is the incorrect imputation of income at the individual level from aggregated data. Since
more and more big data sources are used in academic research (Einav and Levin, 2014; Glaeser et al.,
2018), this imputation method combining aggregate and individual data is a relevant framework for
social scientists and economists.

Experienced segregation is less extreme than residential segregation. Our results are consistent
with the literature and results on residential segregation as well as recent estimates based on posi-
tional data (Davis et al., 2019; Athey et al., 2019). Comparing nighttime and daytime segregation
provides a better understanding of how population movements and urban structure affect experienced
segregation. For instance, in Paris, even during daytime, low-income people remain concentrated in
the suburban areas where spatial frictions are strongest. The latter are measured using a gravity
model to identify the factors determining flows between neighbourhoods. The results suggest that spa-



tial frictions, inherited from the centre-periphery structure of cities, which in turn affects the social
geography of cities, play a crucial role to determine the flows between neighbourhoods. Low-income
people tend to live in places where transportation costs are higher. Income has a stronger effect on
the likelihood of moving than on the intensity of flows. An econometric model without selection cannot
account for this heterogeneity.

Section 2 justifies the need to measure segregation from an infra-day perspective. An important
aspect of our approach is to adapt traditional measures to the structure of mobile phone data. In
particular, we discuss how segregation can be measured from phone data. Section 3 presents the data
used in this paper. We propose in Section 4 the framework adopted to combine phone and tax data
in order to understand better how people spread-out. Results are discussed in Section 5. Section 6
introduces a gravity model to measure the effect that distance has on population flows. More details
can be found in the Appendices.

2 Residential segregation: drivers and measurement

2.1 Segregation drivers

Segregation is an indirect end point in almost any model where spatial heterogeneity is introduced.
Selection in the real estate market on the basis of income or wealth is a classic segregation mecha-
nism. One of the conclusions of the Alonso’s bid-rent model (Alonso, 1964; DiPasquale and Wheaton,
1996) is that housing prices drive household location choices. In a situation where opportunity costs
of transportation are high, wealthy people will locate themselves close to city centers while poorer
individuals will live in suburbs because of higher housing prices and rent in the center.! At a broader
scale, models that deal with city productivity advantages (Duranton and Puga, 2003) can also generate
segregation taking different forms, income based segregation as well as human capital concentration
in a limited number of clusters. Housing price is a classical channel for public policies to reduce resi-
dential segregation. In France, a national law (Law on Urban Solidarity and Renewal, known as SRU
law) forces municipalities with more than 50 000 people to ensure that at least 25% of the housing
supply is social housing.? In neighborhoods where social housing is important (e.g. 20th district of
Paris), gentrification leading to low-income people exclusion from city center has been more limited
(Pinc¢on and Ping¢on-Charlot, 2010). However, the effect of social housing on segregation is ambiguous.
Public housing can strengthen social mixing but does not ensure that interactions between groups take
place (Chamboredon and Lemaire, 1970). Social housing might even lead to the concentration of poor
clusters (Verdugo and Toma, 2018). In that case, segregation would increase because of public housing.

An alternative approach consists in identifying households’ preferences as driving segregation
through different channels. Schelling (1969) proposed one of the most popular models in that strand
of literature. If households value interacting with people with whom they share characteristics, ex-
treme segregation between homogeneously constituted groups is an end point of residential mobility
process. In that case, housing prices are not the driving force but reflect other factors, some of them
being unobservable. The empirical investigation by Card, Mas, and Rothstein (2008) suggests that
a white flight happens in most American cities when minority shares ranges between 5 to 20%. In a
different perspective, Halbwachs (1906) considers, using early 20th century land data, that supply and
demand in land market are not independent from political and sociological representations. Tiebout

1With lower transportation costs and higher households valuation for space, the reverse situation occurs: poor households
live in city centers while wealthier people live in suburban areas. That configuration is more typical in the US than in Europe.

2The initial 20% social housing objective has been reevaluated to 25% in 2014. Municipalities that do not satisfy this require-
ment must pay a fine.
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Figure 1 — Estimated share of people at home

(1956) model is also useful to understand how households’ location choices creates segregation. When
spaces compete over public good provision and agents’ moving costs are low, homogeneous groups in
terms of preferences also arise in residential spaces. For instance, using school districts borders, Black
(1999) in the US and Fack and Grenet (2010) in the French case showed that housing prices are af-
fected by school quality, leading to unevenly distributed income groups in those cities. Gentrification
is an illustration of Tiebout (1956) sorting: local amenities renovations bring wealthier people into the
neighborhood, leading to rising housing prices gradually excluding low-income people (Banzhaf and
Walsh, 2013).

However, residential segregation is only part of the whole segregation story. Despite living on dif-
ferent neighborhoods, social groups can mix up at different occasions, for instance when they commute
or for some activities that require moving from their living neighborhood. As shown by Figure 1, we
estimate (cf. Section 4 for more details) that the share of people staying at home during daytime varies
dramatically within the day. Thus, to produce a more complete view of segregation, it is important to
take into account the effect of population mobility on socioeconomic groups mixing into urban space.
This could be seen as a generalization of Tiebout (1956) approach where residential location as well
as other spaces consumption would be suggest to choice. Recently, using Yelp data, Davis et al. (2019)
have confronted consumption and residential segregation to conclude that the latter is twice higher
than the former. The conclusion of the paper is quite clear on that point: "Life in NYC is less segre-
gated than one might infer from looking at residential segregation alone” (Davis et al., 2019). People
tend to choose restaurant on the basis of the community they belong to rather than from the neighbor-
hood they come from. Mobility plays a key role in that conclusion because spatial frictions, which would
lead people to go to restaurants closer from home, are not the main driver for choosing a restaurant in
New York.



Using GPS data, Athey et al. (2019) also show that experienced segregation is significantly lower
than residential segregation. Their results suggest that segregation starts to go down at 5am and
increases to its acme in the evening, when most people go back to their homes. They also show that
income mixing is more important in some public spaces than others. With respect to residential areas,
segregation is reduced by 45% in parcs, 50% in restaurants (consistent with Davis et al., 2019). Places
where diversity is maximal are movie theatres (25% of residential segregation). Employment places
are also more diverse than residential areas. The results of Le Roux, Vallée, and Commenges (2017),
based on survey data, also show a decrease of segregation in Paris during the day with respect to
residential segregation. Since it is cheaper to travel somewhere than to live there, it is important
to understand how travel changes the spatial distribution of social groups. This approach is more
data-demanding. First, it requires precise data regarding people location and frequent recording of an
individual’s location. Second, to ensure that inference on population is robust, it is necessary to have
a large sample to avoid selection biases. Census data cannot match those requirements without huge
collection costs. Numeric traces generated by mobile phone activities as well as some smartphone
applications data match those criteria.? The automatic collection of position at small marginal cost
creates the possibility to record locations on a large sample.

2.2 Segregation measurement

Spatial segregation is the degree to which some groups live separately from others in a city. This
general definition opens the door to a wide variety of measurement methods. The most widely used
segregation indices are the dissimilarity index (Duncan and Duncan, 1955) and the information theory
index also known as Theil H index (Theil, 1972). The dissimilarity index is a measure of how the
distribution of a group deviates from a spatially uniform distribution. The information theory index
measures the departure of neighborhood levels entropy with respect to city entropy. Both indices
are evenness measures in Massey and Denton’s typology (Massey and Denton, 1988) because they
are based on the idea that a group is segregated if it is unevenly distributed over the space. Both
indices range from 0 (all neighborhoods have the same composition) to 1 (all areas contain one group
only). The dissimilarity index has the attractive feature of being interpretable as the proportion of
minority members that would have to change their positions to achieve an even distribution. The
Theil index value is less easy to interpret. However, the dissimilarity index is not decomposable while
the Theil index is. In particular, it is possible to separate city level inequalities into within and between
components and compute their contributions to overall inequality. We favor the Theil index and report
dissimilarity index results, as well as other indices, into Appendix B.3.

Our Theil index is bimodal. We compute indices using the following population decomposition:
low-income individuals vs others and high-income individuals vs others. Because Theil indices are
invariant to overall population composition, sub-population indices can be compared together. For
instance, with two mutually exclusive groups ¢; and g», a higher H index for g; means that people
belonging to that group are more clustered than people from g,.

To simplify notations, we will not use superscripts for income-group g and subscripts for time di-
mension t. We assume p, is the proportion of the group of interest g into cell ¢ at time ¢. We assume the
city is composed of C' cells. We denote p®%y the proportion of the group of interest into the city at time ¢.
Total population in cell ¢ is denoted n.. Population in the city is N%. Entropy is generally defined as

E(p) =plog (;) +(1—p)log <11p) 1)

3 Apps are not immune to selection bias. Because applications answer a specific need and are associated with smartphones
technologies more used by youngsters, apps users datasets do not reflect population as a whole.



From that operator, it is possible to define cell-level entropy (E(p.) for ¢ = 1, ..., C) and city-level entropy
E(p“%). We take the convention that 0log(co) = 0. Theil index is the weighted average deviation of
cell-level entropy from the city-wide entropy, expressed as a fraction of the city’s total entropy*:

C .
ne E(p™) — B(po)
H = - - 2

2 N B @

Since this index is based on the relative divergence from city-level composition, it is comparable be-
tween cities that do not exhibit the same income distribution or between groups whose proportions at
overall level differ.

Decomposition of a city into cells usually comes from administrative or census areas. In that case,
the entropy index will compare differences between census tracts and overall city composition. The
problem is that administrative borders do not necessary match spatial divisions. The effect of that
phenomenon on segregation indices is known as the modifiable area unit problem (MAUP) identified
by Openshaw (1984).% In this paper, since we have access to geocoded tax data at residence level, we
will not bind ourselves to adopt census tracts. This should limit the MAUP.

Decomposability of Theil index arises from the additivity of logarithm. Assume the neighborhoods
are grouped together into K < C clusters. Let’s denote pg“Ster the proportion of minority group ¢ into
cluster k. nf{l“Ster is the population into cluster k. We generally define the between component as

o i ni[luster E (pcity) _E (p%luster) (3)
B Ncity E(peity)
k=1

It compares entropy of the clusters (E(p‘,;l““er)) with city level entropy (E(p“%)). With the within com-
ponent, it is a question of comparing the entropy of a group with that of the units that define it. We
define H}V for each cluster k as the weighted average of entropy deviations within cluster :

luster
w _ N E(pi ) — E(pc)
Hk - Z cluster E( cluster) (4)
ceclusterk ~ K Pk

The first term represents the share of the population of cluster k& that comes from cell c. The second
term gives the difference between the group-level entropy (£ (p%luSter)) and the cell-level entropy (E(p.)).
Finally, one can rewrite the overall H index as the sum of a between-cluster and within-cluster com-
ponents:

K cluster E ( ptlzcluster )

— T w
H=Hp+ Z Neity B (peity) Hy (5)
k=1

More details can be found in Reardon, Yun, and Eitle (2000).

4By contrast, the dissimilarity index writes as

1 C

D= 2Ncitypcity(1 _ pcity) Z Ne

c=1

city

Pec — P

5This problem is also known as spatial aggregation problem. It is related to the fact that indices are aspatial measures of
segregation because they consider that two individuals living near one another but in separate spatial units are more distant
from one another than are two individuals living relatively far from one another but within the same spatial unit. One solution
proposed by Reardon and O’Sullivan (2004) is to build indices from neighborhood contiguity matrices.



2.3 Residential segregation in France: what do we know from tax data ?

Before exploring the evolution of segregation within the day, it is essential to understand residential
segregation. Floch (2017) proposes an interesting survey on the question. Because we use tax data,
we adopt an income based segregation definition.® In French cities, there is an over-representation
of the two extremes of income distribution with respect to the national territory. Low-income people
are systematically over-represented in the biggest French cities. However, their distribution is not
homogeneous as one can see in Paris (Fig. 2), Lyon (Fig. 3) and Marseille (Fig. 4). In Paris, the
dichotomy between the west (wealthy places) and the east (poorer areas) is quite visible. In Marseille,
low-income households are concentrated in the city center while wealthier people tend to live in the
south of the city or in Aix-en-Provence, a wealthy suburban municipality. Marseille is one of the rare
French cities where poor people are closer from city center than rich people. In Lyon, low-income
individuals are more concentrated in the east of the agglomeration while high-income people live in
the city center or at the west of the urban cluster. The difference in center-periphery structures in
those three cities have effect on the distribution of high- and low-income population. In Paris, at the
overall level, segregation at the top is far higher than at the bottom (Dos Santos, L'Horty, and Tovar,
2010; Oberti and Préteceille, 2016; Floch, 2017).

Time comparisons of indices are generally limited by survey releases. With the exception of Davis
et al. (2019), Athey et al. (2019) and Le Roux, Vallée, and Commenges (2017), most studies regarding
city diversity only understand that phenomenon through long-run evolution or city comparisons. The
access to high resolution data, where individuals are observed repetitively at different places, opens
new perspectives for segregation studies. In particular, this enables to determine the dynamics of
segregation at fine temporal granularity and, in particular the effect of mobility on social mixing.

3 Data

3.1 Tax data

We use an exhaustive household tax dataset geocoded at (x,y) level called Filosofi.” This geocoded
database gives information on the taxable income at the residence level for more than 26 million
households (61.5 million individuals). We consider individuals’ standard of living as defined by the
ratio of disposable income over the number of consumption units.® By abuse of language, we will use
indifferently income and standard of livings terms. Income information is used to characterize phone
users’ economic status following the place she is estimated to live. Geographic coordinates are used
to perform aggregations at very detailed geographic level. Since household residence is geocoded into
(z,y) coordinates, we define our own custom spatial granularity and do not rely on administrative
borders. To ensure privacy, characterization of city neighborhoods income status is performed only if
at least 11 households live inside that neighborhood.

We use the 2014 income tax year. This is the first available year where tax data were exhaus-

6Census data make possible to study other dimensions, especially the distribution of population on socioprofessional status.
Several reasons led us to favor an income based approach. First, French census data are not exhaustive as the tax data we
use. Second, Floch (2017) shows that indices derived from tax and census data lead to similar conclusions. Third, selection on
housing market, thus on residential space, is strongly influenced by income while the link is less direct with socioprofessional
status.

"Every French household that fills a tax form, receives social benefits or pensions belongs to that database. Thus, almost
every French households is in that administrative dataset. Home is geocoded thanks to land register data.

8 According to the modified OECD scale, first adult counts for one consumption unit. 0.5 consumption unit is added for each
other person of the household aged 14 or older and 0.3 CU for the children under 14.
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tive.? Cities are defined using urban cluster concept.!’ In a given urban cluster, both city centers and
suburban areas are included. A direct comparison of areas using cell-level median income would be
reductive, even with our fine spatial granularity (500 meters cells). For instance, within-cell income
variance represents 80% of total income variance in Paris when considering 500x500 meters cells. In
that case, median income spatial distribution will hide potentially strong local inequalities. It is thus
more interesting to focus on the concentration of some income groups. We will focus on income based
segregation for two groups: high- and low-income households. Rather than using a multimodal in-
dex, we study those two extremes of income distribution separately and build dissimilarity indices by
decomposing population into low-income vs others and high-income vs others. High- and low-income
groups are defined with respect to city-level deciles: households belonging to the high income group
are people belonging to the tenth decile (income greater than P90) while low-income people are those
belonging to the first decile (income lower than P10). Formally, for an empirical income distribution
function F,,, we define city-level income thresholds as quantiles, i.e. u”! as F,,(u”!) = 0.1 and p”? as
1 — F,(uP?) = 0.1. At the spatial unit level, described in Section 4, we compute the share of people
belonging to an income group. This is an estimator for the probability of having low-income (or high-
income) people in the neighborhood. In other words, for a spatial unit i, we compute two quantities

Ne

1
plt = P(y, < MDl) = E(l{yxﬂtm}) L Zl{ym<um} (6)
€ z=1

Ne

1
pcDg = ]P’(yx > #Dg) = E(l{yz>#09}) = o Z 1{yI>HD9} @)
€ =1

where n. is the number of people living inside the spatial unit as measured from tax files and the
index refers to individual level. A spatially uniform income distribution would lead to p?! = p?9 = 0.1
in any spatial unit c¢. A value greater (resp. lower) than this benchmark means an over-representation
(resp. under-representation) of the income group in the spatial unit.

3.2 Mobile phone data

We use a pseudonymized call details record (CDR) dataset that gives access to the activity of more than
18 millions phone users during the September 2007 period.!! As shown in Table 1, the CDR contain
information on time, location (cell tower used), as well as caller and call receiver ids. The nature of
the interaction (voice or text message) is also available. The CDR report antenna-level position letting
the exact position of phone user unknown. For segregation studies, two dimensions of information
recorded in CDRs are interesting: interpersonal interactions and geographical positions. We focus on
the spatial dimension. Interactions might be used for a future study on social segregation.

The dataset is exhaustive on mobile phone activities of Orange customers in Metropolitan France
for 30 days in September 2007. We do not have additional information on phone users characteristics.
In particular, the residence location of an individual is unknown. Since residence is key to combine
phone data with spatially aggregated tax data, we use a phone user’s track to estimate her residence
neighborhood. The main bias that can arise from this simulation approach is known as the ecological

9Geocoded tax information is available for years before 2014. However, datasets are incomplete up to 2014. The discrepancy

between phone data (2007) and tax (2014) collection year would only be problematic if the relative ranking of neighborhoods
inside cities had dramatically changed. This is unlikely to happen since those changes generally take more than seven years to
happen.

10A urban cluster is an unit offering at least 10,000 jobs and which is not situated in the suburban rim of another urban
cluster.

11Call Details Records (CDR) are billing data. They are automatically collected for calls and text messages, sent or received by
the user together with the interlocutors’ identifiers and the identifier (position) of the cell that dispatched the communication.
See Table 1 for an example.

12



Timestamp Caller Callee Event Duration(sec.) Area_id Cell_id

2007/10/01 12:09:55 HJT22RR1 R482GHO001 VO 365 1548 530012
2007/10/01 12:10:32 TR001BB 25GG2477 SMS 12 32110 255337

Table 1 — Call Details Record: example

mean sd. min P10 P25 median P75 P90 max

Average number of daily events per user 4.3 3.6 1 1.4 2 3.1 5.4 8.7 123
Number of distincts days users appear 20 9.2 1 5 13 23 28 30 30
Average number of events between 7PM and 9AM 2.4 1.7 0 1 1.3 1.9 2.9 4.4 87
per user

Number of distincts days users appear between 15.2 9.4 0 2 7 15 24 28 30
7PM and 9AM

Number of observations: 3,024,884,663

Number of unique phone users: 18,541,440

Table 2 — Septembre 2007 Call Details Record: summary statistics

fallacy, which is the incorrect imputation of income at the individual level from aggregated data. We
propose in Section 4 alternative combinations between sources to measure the sensitivity of segrega-
tion indices to the imputation methodology. Both datasets are anonymous and the combination we
perform with tax data is always based on spatial aggregates, not on individual income data.

This database presents typical features of CDR datasets that are challenging for their automated
analysis. One of the greatest challenges is the temporal scarcity at the individual level (Table 2).'? An
average individual uses his phone approximately 4 times a day. However, phone users are repetitively
measured along the month since the average user appears every two days. For both frequencies, we
are faced with strong phone usages heterogeneity. At the aggregate level, Figure 5 shows how many
of our 18.5 millions French phone users appear at least once for each hour by day. Because individual
recording depends of a phone user activity, the number of observed phone users drops significantly
during the night. We reduce the week to 48 time windows to ensure that a minimum number of users
appear at all times. 24 windows represent weekdays hours and 24 windows represent weekend hours.

Antennas are mostly concentrated in urban areas and along some major communication channels
(railways, highways, etc.) as shown in Figure 10. For this reason, except when estimating phone
users home, we will only consider dense urban areas. Appendix A proposes a methodology to proba-
bilize phone users presence with a more homogeneous spatial granularity. Since phone users income
simulation is performed from spatial aggregates, it is important to use a spatial partition that is less
heterogeneous than the voronoi cells presented in Appendix A.

4 Methodology

Based on 500x500 meter cells, segregation is measured at the city level with a Theil index. We propose
an infra-day picture of segregation where mobility can bring together people otherwise separated in
residential space. Time windows aggregate several days together to construct a typical hour. Thus,
within a given time window, an individual can be measured with uncertainty in several places. That
requires to generalize segregation indices in a probabilistic framework (see Appendix B.3 for other

12This typical feature of CDR is exacerbated by the fact that unlimited packages were not frequent in 2007.
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segregation indices).!3

Phone users economic status is simulated in two steps. They are presented with more details in Ap-
pendix A. This procedure is a Monte-Carlo simulation of phone users status with mixture distributions
for cell home (+2°™ in eq. 19) and income (income distribution moments from eq. 6).

Home estimation First, for a given phone user z, we estimate the distribution of her home cell v2°me
(eq. 19). Because our knowledge on residential space density is a useful information to evaluate the
likelihood that some cells host people, the home estimation method is based on Bayesian estimation
(see eq. 18). Residential density derived from tax data is used as a prior that upweights densely pop-
ulated cells. As shown by Figure 13, using a prior makes the population distribution more consistent
with tax data. Once the distribution of z’s home cells y}mmme is estimated, we draw home cell (denoted
chome) from phome distribution. Starting from there, we restrict the sample to people whose simulated
home cell belongs to Paris, Lyon or Marseille.

Income group simulation From tax data, in each cell, we know the complete income distribution.
We extract, for each cell, the frequency of people belonging to first and last income deciles (eq. 6).
Given c°m¢ we use Bernoulli simulations (with weights pff;},me and pfé%me) to simulate x phone user
economic status. This method gives a value of 0/1 for belonging, for instance, to the high-income group.
Simulations for low-income and high-income indices are run independently. For instance, assume
someone is estimated to live in a cell where p?,.. = 0.4. To simulate his group, a Bernoulli distribution

chome

with a 40% probability of success will be drawn.

Segregation indices at city level In general, Theil index (2) measures the deviation of a cell en-
tropy from the city level entropy. The generalized version we propose, using cell presence probability,
is constructed by analogy with the standard definition. Instead of having observations, we have prob-
ability at cell level c for time ¢. We denote P, ;(c) the probability that phone user x has to be in cell ¢ at
time ¢. Let’s denote X' the subset of users whose position is observed at least once during time window
t. Assume we focus on income group g. The frequencies used in (2) can be rewritten

Z cx PZE t(c)lacEg
Pe,t = = . (83)
' > wex Pai(c)
city ZmeX 1169
Py = card(X) (8b)

pe,: denotes, for instance, the average proportion of phone users in a cell around the Eiffel tower at
time ¢ that belong to income group g. pfity denotes the same proportion at city-level. In eq. (8a), we
consider the share of people observed in cell ¢ at time ¢ that comes from income group ¢. In eq. (8b),
we define the share of people observed at time ¢ that comes from income group g. The generalization
of (2) writes as

C

Yvex Pat(e) E(pes) — B(pf™)
Z cafd(/’\,’) E(pS)

H, = 9

c=1

13Eq. (2) can be seen as an expectation. In that case, our probabilistic framework is just a case where observations are not
sampled from a degenerated probability distribution (observation inside unit  in eq. (2) can be seen as presence with probability
1) but where presence location follows a non-degenerated probability measure. In other words, the index we propose is a Theil
index with a more complicated measure.
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where F is the entropy transformation (1). The equivalent generalization of other segregation indices
is presented in Appendix B.3. Indices are computed for the 48 time windows defined previously. It is
implicitly assumed that the sample of phone users belonging to X is representative of the population
as a whole. In other words, it is assumed that there are no income-related characteristics that could
cause users to appear or disappear over time.

As it is emphasized in Appendix A, to account for the downward bias with respect to tax data, it
is necessary to assume people not observed during nighttime are at home. Appendix B proposes ro-
bustness checks in voluntarily maximizing (or minimizing) the likelihood that individuals belong to
the income group of interest. The conclusion of those tests is that the bias that could arise from eco-
logical fallacy should be of limited importance. These alternative methods show that the methodology
adopted is the one that best reproduces residential segregation. Regardless of the method, a similar
segregation dynamic is observed, with a significant decrease in indices during the day.

A note on the computational challenge

The call details record volume is 1.5TB. This represents more than 3 billions observations, geocoded at
antenna level. We transform the individual traces at antenna level data into individual traces at 500
meters level. This operation is performed for the whole French sample (18.5 million individuals). The
probabilization of an individual presence, described by Appendix B.1, creates a more voluminous object
than her initial antenna level presence. Only after estimating residence, we restrict ourselves to the
sample of people that lives within Paris, Lyon and Marseille. Estimating residence requires to draw
a home cell for 18.5 million phone users using a rejection method based on observed nighttime proba-
bilities. Phone data are processed within Orange facilities using pySpark framework with an Hadoop
Distributed File System (HDFS) infrastructure. The typical Spark configuration we use requires 80
slave executors.

The gravity model applied in Section 6 is also very computationally demanding. The model is esti-
mated on origin-destination flows using 500 meter cells. In Paris, the whole dataset represents more
than 80 million observations. The non-linear optimization required to find the maximum likelihood
estimator has, as far as we know, never been applied on such large scale data. We chose to use a
random 5% sample of the whole dataset (see Section 6) to speed up computations and reduce memory
needs. Results are very similar with those on the whole dataset (See Appendix C). We used R software
to find the maximum likelihood estimator. Because the existing implementations were not adapted to
large scale data, even with the 5% sample, we optimized some steps with C++. Some investigations
are still needed to speed up computations.

5 Results

5.1 Validation with tax data

Nighttime segregation derived from phone data should be comparable to levels based on residential
data. Indices derived from positional data by Athey et al. (2019) are generally lower than those based
on residential data. Our results are similar on that aspect (Table 3). We estimate the levels of segrega-
tion for the high-income earners better than for the low-income group. For the latter, since the indices
can be low in residential data, the error percentages are larger.

To understand better the mechanisms at stake, we propose to explore dynamics by considering
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PARIS LyoN MARSEILLE
Low-income High-income Low-income High-income Low-income High-income

Weekdays
Max difference with tax data 0.017 0.023 0.029 0.018 0.016 0.003
Relative difference with tax data (%) 21.59 11.99 30.96 12.86 12.66 1.73
Weekend
Max difference with tax data 0.018 0.024 0.03 0.019 0.017 0.004
Relative difference with tax data (%) 22.07 12.59 31.79 13.81 13.42 2.47
Theil index in tax data 0.08 0.191 0.093 0.14 0.124 0.146
Max. Theil index in phone data 0.062 0.168 0.064 0.122 0.108 0.144

Max difference with tax data: H' — H™a%(t)
Relative difference with tax data (%): 1 — H/H™a%(¢)

Table 3 — Divergence between maximum segregation in mobile phone and tax data

Paris Lyon Marseille
Low-income High-income Low-income High-income Low-income High-income

Weekdays
Max amplitude 0.05 0.12 0.06 0.1 0.08 0.11
Relative amplitude (%) 76.72 68.77 88.03 82.03 77.82 77.8
Within night (19h-9h) relative 61.67 55.5 71.46 65.56 64.46 61.48
amplitude (%)

Weekend
Max amplitude 0.05 0.12 0.05 0.1 0.08 0.11
Relative amplitude (%) 75.3 69.99 86.18 81.95 79.05 77.6
Within night (19h-9h) relative 50.65 45.59 55.91 50.89 52.5 50.02

amplitude (%)

Max amplitude H™a% — fmin
Relative amplitude (%): 1 — H™» / [j™ax

Table 4 — Maximum variations in segregation along the day

neighborhoods evolution inside city. Neighborhoods are often characterized using residential income
data (see for instance Floch, 2017). It is interesting to use both spatial and temporal dimensions in
mobile phone data to characterize places with more dimensions.

5.2 Segregation dynamics

An illustration of the evolution of low-income concentration during the day in Paris is presented on
Figures 6. In both Figures, one can see that low-income people tend to be more concentrated in the
north-east during nighttime. This is consistent with tax data (Figure 2). Poorer households are still
more concentrated in the north-east and south-east, the two nighttime hotspots. However, they also
spread in the city-center and the west of the urban cluster, a region from which they are excluded in
residential space (Figure 2).

The infraday evolution of segregation is reported on Figure 7. Indices are bootstrapped (50 itera-
tions). For both low- and high-income groups, segregation reaches its acme at night and goes down to a
relatively stable level during the day. Segregation does not seem to be different during weekends, both
in terms of level and within-day variation. The effect of mobility on spatial income distribution is not
negligible: all segregation indices lead to the conclusion than city are less segregated during daytime
than nighttime. Magnitudes are more important with a Theil index (around 75% decrease) than with a
dissimilarity index (around 50%). Income groups distribution is less uneven during the day. However,
because only spatial segregation is considered, nothing can be said about interactions that occur when
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Figure 6 — Low-income concentration at 6am and 4pm during weekdays in Paris urban cluster

(b) Low-income distribution at 4pm
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people cross the same public space (here defined at 500 meters cells level). Daytime level for Theil H
index is around 0.05 for high-income people in Paris, two times higher than low-income index.

When using the same segregation index than Davis et al. (2019), i.e. the dissimilarity index, we
find a similar order of magnitude for the decrease of segregation index. This magnitude is not far from
the one derived by Athey et al. (2019) using isolation index. The magnitudes we get are greater than
the 15-30% daily variation measured by Le Roux, Vallée, and Commenges (2017) from Paris transport
survey data.

Variation is significant within the night. Between the acme (around 4-5am) and its lowest point
(generally 7-8am), the dissimilarity index has known a 30 to 40% decrease. At 7am, segregation
is close from its daytime level. Conclusions regarding segregation evolution are not affected by the
income estimation method as pinpointed in Appendix B. In all simulation schemes, daily segregation
is stabilized after 10 am (commuting time). Segregation takes more time to return to its maximum
level than it takes to fall. Athey et al. (2019) results are similar. A slight difference in mornings is
visible between weekend and weekdays. Flows that bring people out of their living environment take
place later on the weekend compared to weekdays.

From Figure 7, we can see that segregation falls relatively more, for both high- and low-income
populations, in Lyon than in Paris and Marseille. For the low-income group, the hierarchy between
the cities that can be observed during nighttime changes during daytime. Segregation starts to be
lower in Lyon than in Paris around 6am and up to 9pm. For the high-income group, there is no change
in the hierarchy of segregated cities during daytime. Paris stays the city where segregation at the top
is the highest.

5.3 Characterizing places by their population pattern

Clustering consists in grouping together places with similar characteristics. We propose to identify a
few types of homogeneous spaces based on the evolution in the concentration of low- and high-income
people inside the cell. The goal is to find some places that share common patterns in terms of socioe-
conomic composition. Neighborhoods could also be characterized according to the facilities available
and phone data could be used to study the differentiated use of urban space between social groups.
Nevertheless, despite the precision of our grid, 500 meters uncertainty regarding people presence re-
mains too important for the conclusions of such an approach to be reliable. Therefore, we favour the
use of population dynamics at the cell level, controlling for the socioeconomic environment as well as
equipment data to characterize clusters.

Our variable of interest is the sequence of low-income and high-income concentrations in our cells.
In other words, we gather places using (p?tl)i,ogtgu and (p29)170§t§47 series. We resort to k-means
classification algorithm, an unsupervised machine learning technique, to group cells with similar pat-
terns. Our goal is to find a partition, among all possible K-partitions, that minimizes the Euclidean
distance between points and cluster center. We partition cities in K = 4 types of places. We charac-
terize them from the dynamics of segregation. The choice of 4 clusters is motivated by the trade-off
between variety and parsimony. A larger number of clusters results in only a moderate decrease in
the sum of squared errors. Having four clusters still allows to deduce interesting intuitions about the
spatial partition derived.

The mean profile of the clusters as well as the map of the partition are represented in Figure 8.
Cluster 1 correspond to high-income neighborhoods. During nighttime, high-income people represent
around 40% of the cell population. On the contrary, the proportion of low-income people during the
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night is very low (less than 5% of the cell). The day brings a bit of diversity to these spaces, but they
remain unequal. Conversely, the north-east of Paris concentrates the majority of the cells belonging to
cluster 2, which is the one of low-income cells. High income people remain less present during daytime
in these places than would be expected with a spatially uniform distribution. It is natural to find that
the position of clusters 1 and 2 is consistent with the heatmap derived from tax data. For both income
groups, clusters 1 and 2 correspond to places where low-income or high-income are 2 to 4 times more
concentrated than expected by a uniform prior. Cluster 3 represents cells with a dynamics similar to
cluster 1. However, these cells concentrate more middle class people since the proportion of low-income
is similar to cluster 1 while the concentration of high-income is lower. Except in the north-east where
we find some cells belonging to cluster 2, cluster 3 completes cluster 1 to cover the center of Paris.
Finally, cluster 4 represents middle-class cells where both low and high-income concentration are close
to the uniform distribution prior.

A multinomial logistic model is estimated to evaluate the importance of some environmental vari-
ables on the likelihood of belonging to a given cluster. The residential composition of neighborhoods
plays a key role in explaining clusters, which is confirmed by Table 5 for Paris. Cluster 4, the one
close to the constant uniform pattern, is taken as the reference'*. Reported estimates represent log
of the relative risk ratios between categories. Population concentration in tax data affects the type of
cluster a neighborhood belongs to. For instance, the higher high-income concentration in residential
data will be, the more likely a neighborhood will belong to the cluster 1. However, surprisingly, the
high-income variable is not significant for cluster 3. Regarding low-income concentration, the sign
follows the intuition for cluster 1 and 3. However, from Figure 8, we would expect the coefficient to
be positive for cluster 2, which is not the case. Cluster 1 covers the neighborhoods where jobs are the
most concentrated, especially La Défense central business discrict or Paris center. This is natural to
find a positive and significant relationship between the number of jobs and the likelihood to belong to
cluster 1. The higher the number of shops around a cell will be, the less likely it will belong to cluster
2 or 3. A high number of shops around a cell could reflect two types of spaces: city center places with
many shops (most likely in cluster 1) or commercial areas in the suburbs (most likely in cluster 4). The
contribution of each cluster to the overall segregation is presented in Figure 9'°.

Given the data available, we cannot go further to link cell-level social composition with some of the
amenities of the cell, as Athey et al. (2019) propose. More recent data, giving access to a more complete
information on equipment and the possibility to use a lower-level spatial granularity, might be of
crucial importance for public policies. For instance, that could help to determine and the amenities
that favor social mixing.

Phone data (Figure 8) as well as tax data (Figures 2, 4 and 3) exhibit a gravity structure. Even
during daytime, we can still identify places where more people from a given income group are con-
centrated: they are generally not far from places where income group is concentrated in tax data.
Hotspots in tax data are still hotspots in phone data even if daytime flows reduce inequalities between
districts. This suggests the existence of spatial frictions that limit the homogenization of cities and
explains why segregation does not disappear completely during the day.

14This means the general form of the model is, for k = 1, 2, 3,

exp(BxX)
1+ 3005 exp(BrX)
B coefficients are directly reported on Table 5. When exponentiated, these values are equal to relative risk ratios.

15Cells that were not assigned to some cluster because of missing values have been associated into an additional cluster. As
one can see in Figure 9, these cells have a marginal influence on overall segregation.

P(cluster = k) =
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Table 5 — Explaining clusters in Paris with multinomial logistic regression models

Dependent variable:

High-income neighborhood = Low-income neighborhood = High-income with middle-class  (Reference)
(Cluster 1) (Cluster 2) (Cluster 3)

(Intercept) —2.637* —0.382 0.368 (Ref)
(0.457) (0.388) (0.752)

Low-income concentration in tax data (%) (1) —0.100*** —0.083*** —0.055** (Ref)
(0.026) (0.024) (0.026)

High-income concentration in tax data (%) (1) 0.026*** 0.059*** 0.010 (Ref)
(0.009) (0.008) (0.013)

Employment in cell (log number of people) (2) 0.229*+* 0.041 —0.009 (Ref)
(0.072) (0.056) (0.069)

Number of shops in cell (log) (3) —0.150 -0.015 —0.240 (Ref)
(0.116) (0.113) (0.153)

Number of shops in adjacent cell (log) (3) 0.041 —0.364*** —0.451%** (Ref)
(0.132) (0.111) (0.139)

Number of schools in cell (4) —0.092 —0.087 0.020 (Ref)
(0.059) (0.077) (0.074)

Number of schools in adjacent cell (4) —0.074** —0.182*** —0.018 (Ref)
(0.024) (0.037) (0.030)

Number of sport and entertainment facilities in cell (4) —0.033 —0.104 0.009 (Ref)
(0.122) (0.247) (0.196)

Number of sport and entertainment facilities in adjacent cells (4) —0.276** —-0.178 —0.182 (Ref)
(0.133) (0.156) (0.247)

Number of subway and train lines in cell (5) -0.174 —0.053 —0.849 (Ref)
(0.315) (0.364) (0.747)

Number of subway and train lines in adjacent cell (5) —0.155 —0.133 —1.056 (Ref)
(0.251) (0.315) (0.701)

Observations 2,254

Log likelihood (by obs.) —0.429

Bayesian information criterion 2,213

Note: *p<0.1; **p<0.05; ***p<0.01

(1) Low and high-income concentration (p°* and pP°) defined by eq. (6)
(2) Data: CLAP 2014 (Conaissances Locales de I’Appareil Productif)
(3) Data: Corporate data 2014 (Cotisation fonciére des entreprises combined with Sirene

data)

(4) Data: Equipement data 2007 (Base publique des Equipements)

(5) Data: Public transport lines dataset

22



WlHigh-income people. concentrated (daytime and nighttime)

| = A ) S
High-income peoplé mixed with other groups during daytime
Mixed places ( )

I Low-income neighborhoods

(a) Map

Cluster

High—income mix with other groups High-it
40% :

30%

20%

10%

Share of people coming

%
IS
> ' '
()
£ =
o] L Mixed places
Lg’ 40% :
£
e
E
30%

i Y = ~— =

0 10 2 50 40

10%

0 10 2 50 40
Hour

Income group — High-income — Low-income

(b) Clusters mean profile

Figure 8 — Places classification in Paris urban cluster

23



6 A gravity model for infra-day population flows

6.1 Specification

Gravity models are a common approach to estimate flows between two regions: see, for instance,
Anderson and Van Wincoop (2003) for a gravity model with trade flows. The phone data literature,
e.g. Krings et al. (2009), refers generally to Zipf’s law to model these flows. According to that law,
flows decrease at rate 1/d*> where d is the distance between origin and destination. This power 2
rate is generally taken for granted in the mobile phone as well as in many urban geography papers.
However, this gold standard of a log2 relationship between distance and interactions poorly fits short
distances (under 10km in Krings et al., 2009) which are relevant in urban areas. A correct estimate
for travel costs at small geographic scale, i.e. urban level, would contribute to grasp better human
dynamics in places where population is denser. In a city where spatial frictions are strong, people from
distant neighborhoods will have limited interactions. The higher spatial frictions will be, the closer
experienced segregation and residential segregation might be.

We propose to estimate travel costs to evaluate spatial frictions. In particular, we quantify the
difference in transportation costs for low- and high-income people. We address a second limitation in
the gravity models proposed in the mobile phone literature, namely the lack of control variables, and
discuss the specification of an econometric model to measure flows determinants. The estimation of
travel costs might be biased due to selection issues that need to be accounted for.

We address several challenges regarding inference from gravity models with estimation procedures
that have first been developed by the international trade literature. Building a gravity model at 500m
granularity scale with a population sample of nearly one third of a large city is a very ambitious task.
The zero-inflated models we use make the estimation more complicated because they are computa-
tionally very demanding.'® However, this complexity is necessary to derive robust estimates of travel
costs, especially when looking at heterogeneity across several dimensions including income.

Our observed flows are probabilities to see people living in cell ¢+ and belonging to income group g
go to cell j. Forgetting about the income group dimension, we define p;_,; as the sum of probabilities
of people being in cell ¢; between 2 and 6pm and living in cell ¢;. Think for instance of people living
in Saint-Denis and going to the Eiffel Tower in the afternoon. p;_.; parameters form therefore an
origin-destination matrix where the origin point is the living neighborhood.

In migration studies, the framework of the random utility model is often used to derive a gravity
model that takes the following form (Beine, Bertoli, and Fernandez-Huertas Moraga, 2016):

MMy

(10)
B
Dy

Pisj = a

where M; and M; are origin and destination characteristics (reminiscent of the mass variables in
Newton equation). The coefficients 31, 8> and 35 determine the effect of each variable on the strength
of the link between cells i and j. 3 is often denoted as the distance-decay parameter. A first approach
consists in deriving the empirical counterpart of equation (10) after log-linearization:

(OLS) log(pi—j) = Bo + B1log(M;) + B2 log(M;) — B3 log(Dij) + €i; (11)

16Routines available in R to fit negative binomial models (MASS and pscl packages) require too much RAM to be imple-
mentable. We thus created an R package based on C++ to reduce memory requirements and speed up computations. That
package will be published on Github. However, even with that implementation, fitting a maximum likelihood model with large
scale data is still challenging.
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where ¢;; is an error term. Assuming ¢;; ~ N(0,0?), the model can be estimated by OLS. However,
this approach has several drawbacks. In particular, it does not account for heteroscedasticity. This
may matter since the variance of flows might be related to the characteristics of origin and destination
regions, especially their distance.

Santos Silva and Tenreyro (2006) and Santos Silva and Tenreyro (2011) advocate in favor of count
models to estimate gravity equations because they account for heteroscedasticity. Santos Silva and
Tenreyro (2006) and Head and Mayer (2014) also discuss the robustness of count data models to mea-
surement errors. The two most common count data regression techniques used in this framework are
based on Poisson and negative binomial distributions.!” In both cases, the model writes

Aij = Ey0(pij|Mi, My, Dij) = exp (Bo + f1M; + BoMj — B3 D) (12a)
(Poisson) P(p;; = p) = M

with r(pil/a) 1 Va /oy \P (12b)
(NB) P(pij =p) = INCES NGV (H—a)\i) (1+a;“>

« is known to be a dispersion parameter in the negative binomial model. The two distributions are
based on the same conditional mean model (12). Conditional expectation is underscored by f and
0 to highlight the fact that the model prediction depends on distributional assumptions (a density
probability function f with relevant parameters 6 that will either belong to Poisson or negative bino-
mial family). Assumption regarding family f will lead to favor Poisson or negative binomial model
(12a). This will have implications regarding the conditional variance V; 4(p;;|M;, M;, D;;). Under a
Poisson model, Vg (pi;j|M;, M;, Dij) = Eyo(pij|M;, My, Di;) = X;. With a negative binomial model,
V(Y;|X;) = Ai(1+ a)g;). The conditional variance depends on the dispersion parameter . Thus, a
negative binomial model will be used to model overdispersion or underdispersion.'8

A more critical problem arises when using a log-linearized gravity model. This approach implies to
drop out flows where p;_.; = 0, i.e. situations where no flows are observed. Non-linear transformations
of eq. (11) of the dependent variable should not be used to solve this problem (Santos Silva and Ten-
reyro, 2006). This sample selection problem is reminding of Heckman (1979): OLS ignore information
regarding flows determinants and are likely to convey some estimation bias. Santos Silva and Tenreyro
(2006) and Santos Silva and Tenreyro (2011) argue that count data models are well suited to handle
zero-valued variables. For instance, with Poisson distribution, the likelihood of having a zero value
is exp(—A;j) = exp(—pX;;). However, fitting such models on a large frequency of zeros might bring
some parameters values to be measured with bias, especially when zeros are not random with respect
to observables. A solution to solve that problem is to use the standard Heckman (1979) correction
for sample selection. In the standard framework, covariates that determine selection are introduced
using the inverse Mills ratio. Helpman, Melitz, and Rubinstein (2008) address the biases generated
by the unobserved country pairs flows with that approach. Zero-inflated models are the equivalent
Heckman (1979) models in count data framework. They consist in extending the count data process
with a selection model that determines the likelihood of observing a zero (Lambert, 1992).

Zero-flows are very common given the fine spatial granularity we adopt. For instance, for low-
income in Paris, we observe around 4.5 millions cell level flows. However, the total number of flows
that could arise is far more important (around 85 millions)!®. Given the sparsity of the selected flows

17Poisson and negative binomial are discrete distributions. They are, originally, designed to handle counts. However, they can
be used to model continuous valued dependent variables

18By overdispersion (resp. underdispersion), we mean situations such that the variance of the data is far too big (resp. small)
to make the underlying distributional assumption in Poisson model (mean and variance are equal) suitable. See Appendix C for
more details.

19The complete origin-destination matrix has a dimension of approximately 115 millions cells. However, empty cells cannot be
considered as an origin point in phone data since nobody is supposed to live there, whatever the data source is. Thus, we should
not consider empty cells has being a potential origin point (but they can be a destination point). This reduces the total number
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within all potential flows, zero-inflated count data models seem more appropriate. They offer a general-
ization of Heckman (1979) procedure in a count data framework. With zero-inflated models, observed
data are a mixture of two distributions. With a probability 7;;, count is zero. This is the selection
process. Selection depends on some characteristics Z. With probability 1 — 7;;, counts (potentially in-
cluding some zeros) are generated according to a count data model. Variables that explain the observed
outcome are denoted X. The probability density function writes as

P(p’i%j = p) = 71—(Z)l;D:O + (1 - 7T(Z))fcount(pp() (13)

with feount(p|X) the probability density function of the distribution used in the outcome model. The
choice of the selection model, which may be a logit or probit model, is justified by theory or by a
statistical performance criterion. The choice for the count data distribution depends on the structure of
the conditional variance for the outcome model. Even if they are far more computationally demanding,
zero-inflated models are fundamental to estimate better spatial frictions.

Among possible specification choices, relying on the BIC criterion, we chose to apply a zero-inflated
negative binomial model for all cities and all income groups. This specification is consistent with the
data structure that exhibits a large share of zeros with respect to observed flows and a high vari-
ance for observed flows. As regards the parametric assumption in the selection process equation, our
specification is based on the logit model. The gravity model we estimate takes the following form:

) exp(Zi;7)
1 P(p: .. =17y = W 14
(election)  B(py > 0) = 1 -, =  S2ES) s
(outcome) Ai(Xij) = Eyo(piss| Xij) = exp(Xi;8) (15)

where v and 3 are sets of parameters that need to be estimated. The model is estimated by Maximum
Likelihood. The log-likelihood for both Poisson and negative binomial are presented in Appendix C.
The results are reported in Tables 6, 7 and 8 while the results related to the other specifications are
reported in Appendix C. We assume that the same set of variables explains the selection and the
outcome. This means that Z = X. Identification relies on the functional form of the likelihood function
(see eq. 32 and 33). With a model estimated by Maximum Likelihood, theoretically, this does not create
an identification issue under the hypothesis that the functional form is correct (see Appendix C and
Papadopoulos and Santos Silva, 2008). However, as for the Heckman sample correction, an exclusion
restriction would make the identification more credible. That exclusion restriction would take the form
of a variable affecting the likelihood of observing zero-flows but not the strength of flows between the
two regions. Finding such valid instrument is not trivial in our context. We thus choose to use the
same covariates in selection and outcome equations.

We follow the literature by using population in home and destination cells to control for mass terms
(M; and M; variables in eq. 10). Because we are interested in daytime flows, we control for employment
in both cells. We also introduce controls for the cell composition in tax data because they are likely to
affect cell attraction. Distance-related terms are decomposed between city center and suburbs because,
given differences in transportation infrastructures or transportation modes between urban and rural
areas, flows between cells travel costs are likely to be heterogeneous between city centers and suburbs.
To help interpretation, we also introduce, when estimating the model for Paris, the cluster (derived in
Section 5.3) the origin and destination cells belong to.
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Table 6 — Marseille: gravity model (zero-inflated negative binomial specification)

Dependent variable:

LOW-INCOME

HIGH-INCOME

Selection Outcome Selection Outcome
Population in home cell (log) 1.456*** 0.728*** 1.306*** 0.723***
(0.024) (0.015) (0.022) (0.015)
Population in destination cell (log) 0.092*** —0.016*** 0.077*** —0.004
(0.009) (0.006) (0.009) (0.006)
Employment in home cell (log) 0.243*** 0.153*** 0.253*** 0.142***
(0.011) (0.007) (0.010) (0.007)
Employment in destination cell (log) 0.391*** 0.111*** 0.364*** 0.084***
(0.009) (0.005) (0.008) (0.005)
pfl in destination cell (tax data) 1.505*** 0.428*** 1.861*** 0.322**
(0.269) (0.148) (0.265) (0.145)
pfg in destination cell (tax data) —1.064*** 0.204** —0.811*** —0.029
(0.138) (0.094) (0.131) (0.090)
Distance (suburbs — suburbs) —2.439**  —1.070** = —2.328*** —1.023***
(0.028) (0.017) (0.026) (0.018)
Distance (center — suburbs) —2.594*** —1.121*** —2.438*** —1.069***
(0.026) (0.014) (0.023) (0.013)
Distance (suburbs — center) —2.106***  —1.105***  —2.041*** —1.033***
(0.026) (0.016) (0.024) (0.016)
Distance (center — center) —2.424*** —1.614*** —2.195%** —1.611***
(0.035) (0.016) (0.032) (0.015)
a (dispersion) 1.6 1.5
Count distribution Negative Binomial Negative Binomial
Selection distribution Logit Logit
Observations 1,368,224 1,333,298
Log likelihood (by obs.) —-0.1 —-0.1
Bayesian information criterion 183,804 182,764

Note:

*p<0.1; **p<0.05; ***p<0.01

Dependent variable p{ , ;i low (resp. high) income density in cell ¢; that live in cell ¢;
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Table 7 — Lyon: gravity model (zero-inflated negative binomial specification)

Dependent variable:

LOW-INCOME

HIGH-INCOME

Selection Outcome Selection Outcome
Population in home cell (log) 1.352*** 0.766*** 1.500%** 0.896***
(0.024) (0.014) (0.028) (0.013)
Population in destination cell (log) 0.072*** —0.034*** 0.097*** —0.033***
(0.009) (0.005) (0.009) (0.005)
Employment in home cell (log) 0.157*** 0.098*** 0.187*** 0.081***
(0.011) (0.006) (0.012) (0.006)
Employment in destination cell (log) 0.271*** 0.087*** 0.288*** 0.097***
(0.007) (0.004) (0.008) (0.004)
pfl in destination cell (tax data) 2.187*** —0.479*** 1.009*** —0.392***
(0.330) (0.151) (0.321) (0.146)
pfg in destination cell (tax data) —0.573*** 0.538*** —0.973*** 0.790***
(0.134) (0.087) (0.144) (0.088)
Distance (suburbs — suburbs) —3.023*** —1.860*** —3.367*** —1.858***
(0.035) (0.020) (0.041) (0.020)
Distance (center — suburbs) —2.665*** —1.525*** —3.038*** —1.530***
(0.030) (0.014) (0.037) (0.015)
Distance (suburbs — center) —1.713*** —1.553*** —1.628*** —1.583***
(0.031) (0.016) (0.041) (0.018)
Distance (center — center) —1.939*** —1.251*** —2.345%** —1.242***
(0.034) (0.017) (0.039) (0.017)
a (dispersion) 1.4 1.5
Count distribution Negative Binomial Negative Binomial
Selection distribution Logit Logit
Observations 860,362 849,734
Log likelihood (by obs.) —-0.1 —-0.1
Bayesian information criterion 218,929 219,668

Note:

*p<0.1; **p<0.05; ***p<0.01

Dependent variable p{ , ;i low (resp. high) income density in cell ¢; that live in cell ¢;
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Table 8 — Paris: gravity model (zero-inflated negative binomial specification)

Dependent variable:

LOW-INCOME HIGH-INCOME

Selection Outcome Selection Outcome

Population in home cell (log) 1.000*** 0.708*** 0.978*** 0.579***
(0.008) (0.005) (0.007) (0.005)

Population in destination cell (log) 0.043*** —0.079*** 0.017*** —0.068***
(0.003) (0.002) (0.003) (0.002)

Employment in home cell (log) 0.151%** 0.061*** 0.161*** 0.061***
(0.004) (0.002) (0.004) (0.002)

Employment in destination cell (log) 0.380*** 0.099*** 0.350*** 0.117**
(0.003) (0.002) (0.002) (0.002)

pP?! in destination cell (tax data) 0.302*** —1.038*** 0.419*** —1.101***
(0.093) (0.049) (0.092) (0.047)

pP? in destination cell (tax data) 1.518%** 0.773*** 1.488%** 0.695***
(0.054) (0.031) (0.053) (0.030)

Destination cell belongs to cluster 1 (where high-income people are over-represented) 0.597*** 0.066*** 0.656*** 0.054***

(0.019) (0.009) (0.019) (0.009)
Destination cell belongs to cluster 2 (where low-income people are over-represented) —0.102*** —0.224*** —0.023* —0.270***
(0.014) (0.008) (0.014) (0.008)
Destination cell belongs to cluster 3 (where high-income mix with middle class) —0.154*** 0.111*** —0.222*** 0.114***
(0.014) (0.010) (0.014) (0.010)
Distance (suburbs — suburbs) —2.623*** —1.649** —2.567** —1.665***
(0.009) (0.004) (0.008) (0.004)
Distance (center — suburbs) —2.398*** —1.377** —2.299** —1.371***
(0.009) (0.004) (0.009) (0.004)
Distance (suburbs — center) —1.682%** —1.430*** —1.629** —1.438***
(0.009) (0.004) (0.009) (0.004)
Distance (center — center) —1.995*** —1.115*** —1.959*** —1.195***
(0.014) (0.007) (0.015) (0.007)
« (dispersion) 1.6 1.5
Count distribution Negative Binomial Negative Binomial
Selection distribution Logit Logit
Observations 8,430,820 8,426,330
Log likelihood (by obs.) -0.1 -0.1
Bayesian information criterion 1,976,421 1,975,188
Note: *p<0.1; **p<0.05; **p<0.01

Dependent variable pf_, ;+ low (resp. high) income density in cell ¢; that live in cell ¢;
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6.2 Results

Estimations for zero-inflated negative binomial models are reported on Tables 6, 7 and 8. They are
based on a random 5% sample of the observed as well as non-observed flows. This approach is used
to reduce time and memory needed to estimate the model. Appendix C presents results based on
the whole sample for Marseille and Lyon.?’ Statistical theory ensures that favouring a sample with
exhaustive data has a low cost (confidence intervals decrease at the speed of \/n) compared to the gains
in terms of speed of implementation (algorithmic complexity of regression depends on n).

Both selection and outcome equations are presented. Other specifications are reported in Appendix
C. In terms of performance, the difference between the model explaining low-income flows is compa-
rable with the model concerning high-income flows. The model fits better for Marseille than for Paris
and Lyon.

Population in home cell plays the expected role both in selection and outcome equations. As regards
the selection model, flows are more likely to occur when origin cells are dense. Population in destina-
tion cell plays the same role, which is expected. Population should play the same role on the outcome
model: the higher population is at the origin or destination, the stronger flows should be. We find such
evidence regarding home population in home cell but not in destination cell. Employment always play
the expected role: the higher employment is, the more likely flows will be observed and the stronger
flows will be. The relationship between flows and income groups concentration in tax data is less easy
to interpret. In the three cities, the higher the residential concentration of low-income residents is, the
higher the probability of not observing a flow to that neighborhood in the afternoon will be (selection
equation). Conversely, neighborhoods with a strong concentration of high-income residents attract
more flows. In the outcome equation, the estimates vary between cities. The difference may come
from the fact that flows are directed to city centers during the day, which are places where most high-
income people live in Paris and Lyon while, in Marseille, low-income people are more concentrated in
city center.

The clustering performed, for Paris, in Section 5.3 helps to understand better the structure of urban
flows. In the cells belonging to the high-income cluster, we are more likely to observe incoming flows,
which tend to be stronger, other things being equal. This is consistent with the central position of
these places in Paris’ map (Figure 8a). Regarding the other cells where high-income people are over-
represented (cluster 3), we also observe stronger flows. However, this time, the effect on selection is
going the other way around: cells in this cluster are less likely to observe flows. Cluster 3 is more
heterogeneous than cluster 1, which means that we observe purely residential cells in cluster 3 from
which population outflows during the day. Finally, neighborhoods belonging to cluster 2 are less likely
to experience inflows (selection model) and flows tend to be weaker (outcome model). This result
illustrates the difference in attractivity during the day between Paris western high-income areas and
north-eastern low-income areas.

Spatial frictions are measured in two ways. The more costly distance is, the less likely flows be-
tween two cells happen. In terms of selection, higher coefficients account for spatial frictions. In the
outcome equation, which measures the strength of a tie between two places, high estimates account
for high travel costs. Hence, expected signs are negative in the selection equation and negative in
the outcome model, which we find in all models. In Marseille, the difference in the coefficients of the

of cells to 85 millions.

20For Paris, maximum likelihood model takes around 36 hours to converge on the whole sample and requires around 180Gb
of RAM. This is not desirable to have such memory and time consuming models. Only the main specification (zero-inflated
negative binomial specification) has been estimated on the whole sample of observed and non-observed flows. Point-estimates
are almost identical with Table 8. The main difference with the model estimated on a 5% sample is in the size of the confidence
interval, which is a second order difference.
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outcome equation for low-income and high-income people is small. The difference between these two
populations takes place in the selection model. The results suggest that the further away a space is,
the less people from high-income neighborhood go there. This might be related to the ability of the
well-off to locate their homes closer to their frequent destinations. In Lyon, the difference between
income groups is found in the selection model but also in some coefficients of the outcome model, no-
tably those concerning flows between suburbs. In these flows, it is for poor households that distance
has the greatest impact on the probability of observing flows. On the other hand, there is almost no
difference between the coefficients for flows within the city center. This reflects the dense network
of public transport in the centre of Lyon. In Paris, the main difference between high and low-income
people is found in the selection model. Distance has a much more negative effect on the probability
of observing flows among people from poor neighborhoods than among rich ones. On the other hand,
the differences in coefficients between the outcome equations of rich and poor populations are more
marginal. In general, income has more influence on the heterogeneity of the coefficients in the selec-
tion model than on the outcome model. The conclusions regarding the difference in spatial frictions
between suburbs and urban centers are robust to the specification adopted (Appendix C). Zero-inflated
models coefficients are comparable between specifications for a given city and income group. The main
difference is between traditional models (OLS and count data models) and zero-inflated models. The
main specification, based on zero-inflated negative binomial models, improves significantly the quality
of the fit.

6.3 Discussion and limitations

The three limitations of using GPS data acknowledged by Athey et al. (2019) also apply to phone data.
The first source of measurement error might come from the imputation, at the individual level, of
characteristics based on the environment an individual comes from. This error is often denoted as
ecological fallacy. Appendix B is devoted to that point. Using exhaustive tax data as ground truth for
residential segregation is of particular help to evaluate the potential bias from this approach. Our ap-
proach brings nighttime indices relatively close to residential segregation levels, though slightly lower.
The second potential source of measurement error stems from the fact that the exact position of phone
user is unknown. Constructing a more satisfactory model for position than the one generally used in
the mobile phone literature is the object of Appendix A. It takes place in a collective effort at European
level to improve population density inference from cell phone data (Ricciato et al., 2015). It is hard
to acknowledge the effect of ignoring the exact position of phone users on estimations, especially for
the gravity model. However, count models have been shown to be less sensitive to measurement error
(Santos Silva and Tenreyro, 2011). Combined with a zero-inflated approach, which takes the selection
problem into account, a count model should yield more precise estimates for transportation cost than
those derived from OLS. Robustness checks presented in Appendix C show that the conclusions are
not sensitive to the functional form assumed in the econometric specification.

The second limit of positional data discussed by Athey et al. (2019) comes from the sparsity of
measurement at the individual level within a day. Individual traces in call details records are incom-
plete. Access to individual signalling data on a large sample would help to better reconstruct individual
traces that could be used, for instance, to derive the individual exposure to other socioeconomic groups.
However, signalling data volume would make computational challenges even more binding.

Finally, we chose to only focus on spatial segregation. It is well-known that being close to another
group does not ensure that interactions take place (Chamboredon and Lemaire, 1970). However, even if
people do not always interact, ensuring that populations from diverse horizons have access to the same
public space is crucial from a public policy perspective. Understanding the dynamics of segregation
as well as the spatial and social heterogeneity in transportation costs can lead to better select policy
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tools to fight segregation. For instance, in the presence of large transportation costs for poor people in
Marseille city center, more public transportation infrastructure could reduce the isolation of some of
the poorest neighborhoods.

7 Conclusion

From the combination of phone and tax data, we study the evolution of segregation within typical
days and the structure of spatial frictions in three French cities. We propose an innovative method-
ology to estimate phone users’ income and derive segregation indices that account for mobility. Our
method is well-suited to many anonymized dataset where individuals positions are recorded but their
characteristics are unknown. Measures of segregation dynamics are robust to the home and income
assignment methods adopted. We show that segregation goes down significantly during the day. In
that sense, residential data lead to overestimate experienced segregation (Davis et al., 2019; Athey
et al., 2019). However, residential segregation is still of interest. In the first place, living environ-
ment determines many outcomes in the life of an individual but also affects his descendants (Chetty
and Hendren, 2018). In the other hand, since people spend around two thirds of their time at home
(Biichel et al., 2019), residential surroundings still determine a large part of experienced segregation.
Spatial frictions will play a key role in making experienced segregation and residential segregation
differ. One should keep in mind that living in the same place does not guarantee that people interact
together. Social segregation, which is more related to the interactions, should be the object of further
research.

Measured with an entropy based index (Theil, 1972), we estimate that segregation is around 70%
lower during daytime than during nighttime. With a dissimilarity index (Duncan and Duncan, 1955),
variations are less extreme (around 50%) and comparable with Davis et al. (2019) and Athey et al.
(2019) orders of magnitude. Most of the decrease in segregation happens early in the morning: at
9pm, segregation is already 40% lower than nighttime segregation at its acme. Segregation goes up
when people start to go back home. Our empirical strategy to estimate the heterogeneity of spatial
frictions across income groups and city areas is based on a gravity model. We use a zero-inflated
count data model in order to account for censored flows and measurement error. The results help to
understand better why some places are more segregated than others during daytime. For instance,
in Paris, the spatial frictions are stronger for people living in suburban areas, where most low-income
people live. The structure of mobility frictions differs across cities. In Marseille, a city with a large
center but limited public transportation, people living in city centers face higher travel costs. In Lyon
and Paris, two cities whose spatial and social structures are similar, flows between suburban areas are
more affected by distance. Urban structure, more than income in both cities, is a strong determinant
in transportation cost heterogeneity.

Some of the limits to our approach stem from the fact that phone use in 2007 was less frequent
than in recent years. With more recent data, the understanding of segregation could be significantly
improved. GPS data would also provide a better precision in the detection of individual coordinates and
improve the possibility to zoom around some places. Athey et al. (2019), for instance, use 150m square
cells, enabling to draw a very detailed analysis on segregation by public space type. Our 500 meters
cells are still a large area that affects the ability to characterize cells based on amenities. However,
zooming around some places with a focal length of this diameter is already a significant improvement
in our knowledge of spatial inequalities.

A more complete vision of segregation helps calibrating the most appropriate instruments to reduce
excessive spatial inequalities. It is crucial to ensure conclusions derived from mobile phone data are
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consistent with existing knowledge regarding urban segregation and produce information that could
not be measured from classical sources. Exploring the infra-day dynamics of segregation while ensur-
ing levels consistent with segregation measured from tax data is a way to satisfy both requirements.
As automatically generated geocoded traces are expected to produce more and more knowledge for
economists and social scientists, it is necessary to provide a rigorous framework for combining big
data with complementary sources. Some of the challenges regarding mobile phone data combination
with official statistics sources are addressed in this paper. Combined with tax data, mobile phone data
help grasping better the dynamics of segregation at high temporal frequency and its interaction with
spatial frictions at fine spatial granularity.
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mean  s.d. min P10 P25 median P75 P90 max

Size (km?) 30.01 40.57 0.0022 0.18 1.25 10.9 47  85.87 42451
Population in tax data (voronoi) 3427 2769 1 470 1295 2871 4882 7082 28,630
Number of cells per voronoi 143 179 1 4 12 63 225 392 1788
Number of voronoi per cell 1.2 0.46 1 1 1 1 1 2 28

Table 9 — Spatial units: summary statistics
A Methodology to combine sources

That technical appendix describes the methodology adopted to use the spatial dimension of mobile
phone data.We will first explain how we probabilize phone users presence at 500 meters cell level
before turning to the estimation of home and income status.

A.1 Spatial granularity

Precise phone user location is unknown because communications are reported at the antenna level.
Detecting phone users location requires to map space with an antenna coverage. We follow the mobile
phone literature by adopting voronoi tesselation (Voronoi, 1908; Aurenhammer, 1991) as our coverage
model. Voronoi polygons map each point to the closest antenna.?! Each antenna is associated with a
convex polygon (hereafter called "voronoi") that represents its coverage area. Figure 11 shows a simple
graphical representation of voronoi construction.

The main problem with such an approach is that the size of the voronois depends on the local den-
sity of antennas: in regions where the density is low (rural areas), voronois are large, which adds
uncertainty to the phone user location (Figure 10). In other words, Voronoi tesselation produces highly
heterogeneous spatial units which might result in problematic spatial aggregations of tax data, com-
monly referred as MAUP (modifiable area unit problem, Openshaw, 1984). Orders of magnitude that
are reported on Table 9 show that voronoi polygons are very heterogeneous in both size and popula-
tion. Since we combine mobile phone and tax data at the spatial unit level, it is important to choose
units that are comparable in terms of size. While this is a fundamental aspect for the quality of the
work carried out on mobile phone data, this issue is little explored in the literature. The framework
presented in this paper ambitions to make the combination between phone and socioeconomic data
more consistent by probabilizing phone users at the cell level and applying spatial aggregations based
on the same level of spatial granularity.

A.2 Individual presence probabilization and home estimation

All along this paper, we probabilize phone users’ locations by transforming events observed at voronoi
level (v),ey into cell level events (c¢).cc (V and C are, respectively, the collection of voronoi and cells).
Bayes’ rule is used to that end. A stylized example is showed on Figure 12. The idea is to collect
probabilities at cell level ¢ knowing that a phone event occured into voronoi/antenna v.

Abstracting from time dimension, let’s denote S(v) voronoi v surface and S(c N v) intersection area

211n real life, antennas coverage model is more complicated and depends on antenna characteristics, traffic use, meteorological
conditions... The combination of these elements are hard to forecast and understand *ex-post*. Voronoi tesselation is generally
seen as an agnostic model because it is equivalent in assuming that each point in space is covered by the closest antenna
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Figure 11 — Voronoi tesselation: principle

between cell ¢ and voronoi v. The probability that an event observed by antenna v occurred in cell ¢ is
equal to
IF’(C N 11) S (c N v)

Pelv) = =3 = "5 (16)

with an implicit assumption that every point within a voronoi has the same likelihood of being the
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origin of the call. Bayes’ rule is then used to recollect presence at cell level

Veel, Pyilc) = Z P(C|’U)Pm’t(v) an

veV

where V is the set of voronoi polygons and C the set of 500 meters cells. The probability P, ,(v) is
the frequency by which v appears in phone user trace at time ¢. The time dimension ¢ has been
reintroduced to pinpoint the fact that location in a given place is conditional to a time window.

A.3 Home estimation

Without prior knowledge on individual characteristics, we estimate phone users home cells from their
nighttime trace (defined in the broad sense as any time between 7pm and 9am). We use our knowledge
of population distribution from administrative data as a prior to improve the quality of home detection.
Cells with high population density in administrative data should be more likely to host someone in
phone data.

Using tax data, the population density is introduced as a prior to weight more cells within voronoi
where residential density is higher. On the contrary, non dense areas are penalized by that prior.
Residence probabilities reweighting at cell level is given by

P, (ch°me|v) x ]P’(ch"me) P, (v|c) (18)
—— ——

prior from ratio betwee)n areas

population density s SU( 2)6

where the superscript home has been added to emphasize the fact that this bayesian approach is
valid for home detection only. The x operator emphasizes that it is a proportionality relationship
between terms, not a numerical equality??. Eq. (18) shows that the prior distribution is used to
reweight information derived from a location using our knowledge on antennas coverage area and
characteristics of cells inside that coverage area.

Phone user 2 home probabilities can be written as

Ve, € C, vhome(e) = ai z P, (chome|v)P(v) (19)
T vey

where P(v) is the frequency by which z appears into v; in nighttime trace and a, a normalization term
that ensures the measure »2°™¢ sums to one.

Introducing spatial prior makes sense when estimating phone user’s residence. However, it does
not when looking at presence probabilities. It is expected that population estimates based on phone
data will coincide with those based on tax data. It justifies to weight more the cells containing more
population. Reweighting presence is only valid at night, when people are supposed to be at home. On
the other hand, when it comes to places frequented, it cannot be assumed that calls only take place in
residential spaces. People may be in buildings, in forests or on the road. Thus, we make no assumption

22Kq. (18) can be derived the following way. From Bayes rule,

1
Pa(H ) = s

Prior from population density is the same for everybody, which makes possible to write P(ch™¢) rather than P, (cP*™e) in eq.
(18). The grid coverage of France being the same for home detection and presence detection, intersection areas do not differ.

This enable to write P, (v|c?°™¢) = P, (v|c). Finally, at individual level, for a given v, P (v) is a constant and thus can be ignored
when considering proportionality. Everything put together yields (18).

P, (U|Ch°me)]P’$ (chome)
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on where they have more chance to be located when considering presence probabilities ; population
prior is used for home probabilities only. Figure 13 shows the substantial improvement of the quality
of population estimates due to adding prior information on population distribution in the Bayesian
model of localization.

Phone user status simulation is processed in two steps. First, we simulate phone users living place
given the whole sequence of individual home probabilities. Then, we use cell level probabilities of
belonging to group g to simulate phone users income groups. This is a Monte-Carlo simulation of phone
users probability of belonging to low- or high-income group with mixtures of income distributions (the
weights being given by the probability distribution of home locations vh°™e),

A4 Income simulation

The principle of income assignment is to simulate phone user’s income status given local income indi-
cators (eq. 6) and phone users’ likely homes (eq. 18). Let’s denote income groups k = {D1,D9}. We
proceed in two steps, for a given phone user x:

1. Draw phone user = residence (c1°™°) from her likely home track v"°™¢. The phone user’s home
chome will be used to simulate the income group an individual belongs to

2. Given cell residence c°™¢, we draw socioeconomic status (does phone user belongs to k?) from cell
probabilities of belonging to low-income or high-income group given by eq. (6). In other words,
for the income group of interest g, knowing phone user home cell is chom®

P(z € g|chome) = 1 home (20)

where we denote by & the income group of interest. We perform high- and low-income simulations
independently to compute bimodal segregation indices. Our approach is a Monte-Carlo simulation
of phone user’s income group in a context where both home and income are unknown. Indeed, for K
iterations of the procedure we develop, the estimator at individual level for the probability of belonging
to income group g would be

_ 1 &
Po(zeg) = K Z lisegy
k=1

which is, an estimator for the probability of being in group g, mixture of two probability distributions
(Vg}vlome and Mg ),

home
Cax

yg
Plx€g) =Py, <y?) =E(Y <y9) = // chdugome
CJ—oo

where F, is the income distribution inside cell c.
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(a) (b)

(d) (e)

® (g
Figure 12 — Probabilization: illustration

Lecture : this is an example to illustrate the home detection process for a given phone user. We focus on two
specific Voronoi polygons v; and v2 (a). By night, over the month, 2/3 of the phone events of the user are located
in v; - i.e. processed by the corresponding antenna - and 1/3 are located in v; (b). We allocate these events to the
grid based on conditional probabilities (P(c;|v;)):,; computed via Bayes’ rule. If allocation is performed using only
relative shares of tiles in the Voronoi polygon they intersect (see (c) and (d)) - i.e. we use an uninformative prior
equal to 1 for all tiles - then probabilized home detection is given by (e). However, if we assume that population
is actually denser in tiles that intersect v; (f), then probabilized home detection is modified when the prior is
incorporated (g).
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Figure 13 — Population counts from probabilistic home detection at France level
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B Robustness checks

B.1 Comparing segregation in tax and phone data

In order to compare segregation indicators derived from the different data sources, it is necessary
to focus on nighttime hours. Figure 5a shows that only a fraction of our sample is observed during
nighttime. This is natural because the main activity during nighttime is not making calls or writing
text messages. A candid use of nighttime traces leads to segregation indices that are biased downward
and do not produce enough spatial clustering. In the case of Paris, the segregation indices, without
correction, would be 35 to 40% lower than those of the tax data. It is thus necessary to understand the
reason behind the discrepancy between tax and phone data nighttime segregation.

Several factors could explain the discrepancy between sources. We investigate some of them in
Table 10 by reporting dissimilarity indices in different tax data bootstrap settings. The three specifi-
cations we adopt are designed to evaluate the sensitivity of segregation indices to simulations. Con-
fidence intervals at 95% are reported. The first bootstrap setting (specif. 1) is a standard bootstrap
inside cells where tax data observations are sampled with replacement. The goal is to assess whether
randomly drawing individuals rather than observing the population has any effect on segregation in-
dices. The dissimilarity indices are not really affected by this randomization. Having a sample from
exhaustive tax data - either one third of total population (specif. 2) or based on a home distribution
density that matches the one determined from phone data (specif. 3)*? - leads to the same conclusion.
The simulation approach per se cannot explain the difference between segregation indices in phone
and tax data.

Another candidate to explain the discrepancy between sources is the fact that only people observed
at a given time ¢ are used to compute dissimilarity indices from mobile phone data (eq. 21). Time
aggregation to create a typical day is not enough to ensure every users are measured somewhere at
any moment. As pointed in Table 2, our main problem is the sparse phone users trace. Two treatments
have been explored to evaluate the effect of individual temporal sparsity on segregation indices. Our
first approach was to create time windows regrouping more hours?*. This allowed us to measure
more users in each time window. At the slowest hour, we were measuring the presence of two thirds
of the sample in this approach. Nevertheless, the levels for our night-time segregation estimators
were still too low compared to those from residential data. One reason could be that taking larger
time windows make phone users dispersed in more places, which can smooth differences in social
composition between the cities areas. While that approach did not correct the downward bias for
segregation, it had the cost of bringing less remarkable infra-day dynamics. We thus stick to the time
window defined in Section 4 and investigate in another direction.

The solution applied here is consists in imputing missing users during nighttime into their home
with probability 1. The effect on nighttime segregation (19:00 to 09:00) is reported in Figure 14.
Within-night segregation follows the expected pattern with flatter profiles in the heart of the night.
We still find that segregation increases sharply at night. Between the two extremes of nighttime
segregation (8 am and 3 am), segregation is estimated to drop by 31% during weekdays and 26%
during weekends.

A candid use of phone data, i.e. without any correction for users not observed during nighttime,

23The population distribution used in specification (3) corresponds to the home cell distribution that is used in phone data
when performing one stage simulation method. This is not the one that is used in our main method to simulate home but
rather the most likely home distribution we can infer from phone data.

24That alternative window was based on the following aggregations: 23:00-06:00, 06:00-10:00, 10:00-15:00, 15:00-19:00 and
19:00-23:00. Friday night was considered as a weekend night while Sunday night belongs to weekdays night
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DISSIMILARITY INDEX

Observed value

Bootstrap design

(1) (2) (3)
LyoN
Low-income 0.295 0.298 0.300 0.298
[0.298;0.299] [0.299;0.302] [0.296;0.299]
High-income 0.475 0.479 0.480 0.465
[0.478;0.479] [0.479;0.482] [0.464;0.466]
LyoN
Low-income 0.303 0.317 0.321 0.312
[0.315;0.319] [0.318;0.325] [0.309;0.316]
High-income 0.379 0.397 0.403 0.403
[0.395;0.399] [0.399;0.405] [0.400;0.407]
LyoN
Low-income 0.354 0.373 0.378 0.387
[0.371;0.375] [0.374;0.381] [0.382;0.391]
High-income 0.387 0.409 0.415 0.427
[0.407;0.411] [0.412;0.419] [0.424;0.431]

Data:

2014 geocoded tax data over households (accounting for individuals) at France level

Notes:

Median Dissimilarity Index (eq. 2)over 100 iterations is reported. 95% confidence intervals

are reported into brackets
(1): Bootstrap inside each cell with uniform weights (probability being chosen: 1/n;)

(2): Bootstrap inside each cell with uniform weights for 1/3 population (probability being

chosen: 1)
n

(3): Bootst}ap inside each cell with uniform weights for population from mobile phone data
(probability being chosen:

1

Tphone :

Table 10 — Effects of performing simulation in tax data
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Figure 14 — Paris: effect of imputing missing people into home during nighttime
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would produce indices 35 to 40% lower than tax data levels. Re-scaling segregation results to get
a more consistent estimates of residential segregation is thus possible by imputing position for non-
observed users during nighttime. More continuous phone traces would help us in estimating more
precisely residence and presence at any time. Individual passive phone data as well as recent Call
Details Record would satisfy that requirement and lead to better estimates for segregation. More
precise individual traces could also have the advantage of getting a finer spatial granularity that
would lead to better estimates of income group by reducing the infra-cell income variance.

Assuming phone users are at home during the night can make sense given the residence definition
we adopted (phone users September nighttime trace). However, it would be a strong hypothesis to
also impute phone users to home during daytime. Although imputation would concern less phone
users (people are more active during daytime), many phone users have no reason to be at home during
daytime weekdays. Assuming they are at home might bias segregation estimators. In other words,
it seems undesirable to impute missing users at home during daytime. The approach we used brings
consistent orders of magnitude with recent estimates by Davis et al. (2019) or Athey et al. (2019).
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B.2 Alternative home and income simulation methods

In this section, we propose robustness tests by comparing our method with other home or income esti-
mation strategies. The last two methods of income simulation aim at evaluating whether segregation
indices are sensitive to situations where the ecological fallacy, i.e. the error in income group assign-
ment due to the error related to home detection, is maximum. The following One stage simulation
approach enables us to investigate the stability of results in a simplified income assignment scheme.

1. One stage simulation: Phone user’s home is not simulated from likely home track but consid-
ered as the cell where she has maximum probability of having the residence. This is a simplified
version of the preceding approach where the first step, namely home simulation, is skipped. More
precisely, instead of drawing home from 2°™¢ we take cho™¢ = arg max,., v2°™¢(c;). Income group
assignment is unchanged.

2. Cell with max probability: Given a phone user likely home track, residence is assigned to
the cell where the probability of being of income group £ is the highest. This situation enables to
have an estimates for segregation when we assign too many phone users to the sub-population of
interest.

3. Cell with min probability: Given a phone user likely home track, residence is assigned to
the cell where the probability of being of income group k is the lowest. This situation enables to
have an estimate for segregation when we do not assign enough phone users to the sub-population
of interest.

For low-income people (Figure 15a), segregation is closer from the lowest possible level than from
the highest one. Simulation scheme changes the level of nighttime segregation but does not always
shift up daytime segregation: in three out of four methods, daytime segregation levels are almost equal.
For high-income segregation (Figure 15b), the segregation dynamics we obtain is between the two ex-
treme methods that exaggerate ecological fallacy. Surprisingly, there is one method (cell with max
probability)that produces a flat segregation profile. A more important point is the strong difference
in level between our main methodology (two-step estimation procedure) and the one-step approach.
That difference could come from the large nighttime window adopted (7pm-9am) that does not produce
a good estimate of high-income people residence when selecting the place where most phone calls have
been made. Taking into account the full path of nighttime trace produces a better estimate for people
that living in high-income neighborhood. This point is worth to be mentioned because that residence
choice criterion is still among the most used by the mobile phone literature. However, both methods
are consistent from a dynamic viewpoint. For a given socioeconomic status simulation method, results
are very stable. Regarding the consistency with segregation estimates from tax data, our nighttime
levels are always closer to observed levels in residential data than other methods. For high-income
people (Figure 15b), selecting only the most likely cell leads to strongly biased estimates of nighttime
segregation. For low-income people (Figure 15a), the bias is less pronounced. These results argue in
favour of the two-step approach proposed in Appendix A.

B.3 Alternative segregation indices

There is an extended literature regarding segregation measurement. Most notable contributions arise
from Reardon and O’Sullivan (2004) and Massey and Denton (1988). We explore sensitivity to the
segregation index by comparing a few standard segregation indices on tax data. The major indices are
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presented in Table 11. Reardon and O’Sullivan (2004) categorize segregation indices in two dimen-
sions: exposure and evenness. The former refers to the extent that members of one group encounter
members of another group (or their own group, in the case of spatial isolation) in their local spatial
environment. The latter refers to the extent to which groups are similarly distributed in space. Each
dimension calls for different indices. The most famous indices are the dissimilarity index (Duncan and
Duncan, 1955) and the Theil (1972) index, also known as information theory index because it is based
on entropy. They both measure the evenness dimension of segregation (Reardon and O’Sullivan, 2004).

Evenness measures The value of the Theil H index is given by eq. (9). The dissimilarity index
measures the deviation of a cell entropy from the city-level entropy. The generalized version we propose
uses cell presence probability. In the generalized version of propose, we have probability at cell level ¢
for time ¢ instead of observing people with probability one:

DI — 1 ZJ;EX ]P)T(Cit)1$69 ZmeX PI(Cit)lfﬁgg (21)
t — 5 -
cec § , laeg § , logg
zeX reX
N—— N———
Number people of income group g Number people not in income group g
that are observed at time ¢ that are observed at time ¢

The sums of probabilities at sub-populations level are present in the numerators (sub-population be-
longing to income group g are on the left hand-side, other sub-populations on the right hand-side).
Sub-populations at city level observed at time ¢ are used in the denominators. As in his standard for-
mulation, the index can be interpreted as classically as the share of individuals in group ¢ that would
need to be moved in order to match a spatially uniform distribution pattern. With income quantiles,
the uniform pattern is finding 10% of income group ¢ in each cell. Indices are computed for the 48 time
windows defined previously.

Exposure measures In this family, one can find a series of measures of segregation that are related.
The first measure is the interaction index. It can be generalized as

Yovex PulCit)Loeg D per Palcit)lagy
)9 = (22)
('EZC Y wex leeg card(X)

The isolation index can be derived from the the interaction index:

=2 ey Peleillocy duwer Pelowllocy _ g p (23)

R D card(X)

Isolation and interaction indices can also be re-normalized by the proportion of minority group in the
city to get an adjusted isolation (resp. interaction) index. Another index measuring exposure is the 7>

measure: > By (cin)
z(Cit) 1y
Pa(t)y — Exgplelallocs

g __ ZIEX liey
(D S N L (24)

ZmeX 17569

Figure 16 shows the relationship (with a correlation matrix) between all these measures in tax data
at the national level for the 125 biggest French cities. Correlation matrix is ordered using hierarchical
clustering in order to present the strength of the relationship between indices. Lower correlation is
equal to 0.88 in absolute value. The Theil (1972) index is highly correlated with the dissimilarity index
(correlation: 0.92). The relationship between indices follows the expected pattern (the interaction
index should be low when others are high, and vice-versa).
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Index Dimension Reference

Dissimilarity Index Evenness  Duncan and Duncan (1955)
Information theory index Evenness Theil (1972)

Isolation index (, P,) Exposure Bell (1954)

Correlation ratio (n?) Exposure =~ White (1986)

Adjusted isolation index (adj .. P,.) Exposure

Interaction index (, P,) Exposure  Bell (1954)

Adjusted interaction index (adj ,P,) Exposure

Table 11 — Segregation indexes compared
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Figure 16 — Correlation matrix between segregation indices

Figure 17 presents the evolution of segregation indices using phone data (see Figure 7 for Theil H
index). The patterns are similar on all these figures. Measures related to interaction index should be
interpreted in the opposite direction of the others. As for Theil H index, segregation level goes down
during daytime. The magnitude of the infraday variation depends on the index. In most cases, for
Marseille, nighttime segregation level is close to the one computed using tax data. In Paris and Lyon,
we generally underestimate residential segregation for low-income people with tax data. For high-
income people, levels of nighttime segregation obtained with n?, adjusted interaction and isolation
indices are very close to observed levels with tax data. The nighttime level of the dissimilarity index
derived from phone data is close to the one from tax data in Lyon and Marseille. However, for Paris,

nighttime segregation is still slightly underestimated with the dissimilarity index.
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Figure 17 — Segregation indices with phone data
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C Appendix on the gravity model

C.1 Zero-inflated models

Count data models When modelling count data, researchers resort mainly to two distributions:
Poisson and negative binomial distributions. The Poisson probability density function (pdf) writes:

)Y
H === W (25)

In a Poisson regression, the link function gives the relationship between endogenous and exogenous
variables as

Efo(YilXi) = exp(X;f) = pi

With such model form, Poisson model is not restricted to discrete valued data and can be used to model
the relationship between a continuous dependent variable and some covariates. Under some Poisson
data generating process, E(Y;|X;) = V(Y;|X;) = u;. Poisson model therefore yields the restriction
that conditional mean and variance are equal. By definition, heteroskedasticity is accounted for in a
Poisson model.

Negative binomial distributions are often used to model data when the assumption of equal mean
and variance is unsuitable. A negative binomial distribution can be modelled as a Gamma-Poisson
mixture. With a negative binomial distribution,

e Y;|)\; is a Poisson distribution with conditional mean E(Y;|\;) = \;

e ); is determined by a Gamma distribution with mean E()\;) = u; and variance V()\;) = p? /60

A new parameter 6 is introduced to model over- or under-dispersion. The density of a negative binomial
distribution is

o(ys) = P(Y; = yy) = / B(Y; = gal) FON)dA,

N F(lz;(i IL)?)(9) (9 fui>9 (9 i/t)y

One has E(E|Xz) = and V(}/AXI) = Wi+ uf/& The link function writes Ef79(Y;*|Xi) = exp(Xiﬁ) = .
This model is sometimes called Negative Binomial I. We define « = 1/6. The conditional variance
rewrites as V(Y;|X;) = pi(1 + au;). The pdf function rewrites as

o Dyi+1/a) 1 Ve r o \ Y
P(K—yz)—r(yiﬂ)m/a)(1+am> (Hwi) (26)

For continuous data, (25) and (26) can be generalized using Euler’s T" function.

Both models can be estimated by maximum likelihood (ML). Hence the estimator is consistent and
asymptotically normal (CAN). The Central limit theorem for negative binomial ensures in this setting
that

Vi ((8.8) = (B.0)) = N0 1(8.)) ™

where I is the Fisher information matrix.
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Both Poisson and negative binomial models accomodate with zero values. For instance, under a
Poisson distribution, the likelihood of having a zero value is exp(—\;) = exp(—£X;). Numerous zeroes
might severely bias parameter estimates. Zero-inflated models have therefore been introduced when
zeros are too frequent for count data models to fit consistently observed data (Lambert, 1992).

Zero-inflated models Under zero-inflated models, a mixture of two distributions is assumed to fit
observed data. With some probability =;, the observation is zero. However, with probability 1 — ;,
counts (including zeros) are generated according to a count data model.

It is often convenient to bring this model to the data by introducing two different sets of explanatory
variables, some affecting the likelihood of having a zero (selection process) while others will determine
the observed value y (outcome equation). The first set of variables refers typically to excluded instru-
ments and is denoted by Z. The second set of variables (covariates) is denoted X. Z and X may or may
not include terms in common.

The pdf of a zero-inflated Poisson (ZIP) model will take the following form

(Z1P) P(Y; = yi|mi, pi) = mily—o + (1 — 7)) Py, (ys) (27a)
it (1-m —pi) ify; =0

_ i v?ele?(q pi) ify (27b)
(1= mtiiepom ey s g

The first term in (27b) is derived from the fact that zeroes arise with probability 7; from the selection
process and with probability (1 — m;)f(0) = (1 — m;) exp(—p;) from the outcome process with f the
Poisson pdf given by (25). The second term is just general expression of a Poisson pdf reweighted by
the probability 1 — 7;.

For a negative binomial (NB) distribution in the count process we know from (26) that g(0) =
(1 + au;)*/*. Following the same logic as for the ZIP, the zero-inflated Negative Binomial (ZINB)
writes:

P(Y; = yi|mi, piy ) = mily—o + (1 — 7)) N By, o (28a)
mi+ (1= m) (1 + ap) e ify; =0

(ZINB) = D(yi41/a) 1 1/« s Yi . (28b)
(= ™) vy T /a) (1+am) (1+a1;i) ify; >0

The model behind the selection equation can be a logit or probit. With a logit model, it is assumed
that

where v is a set of parameters that needs to be estimated. Alternatively, for a probit model,
T = ®(Ziy) (30)
The expression for the conditional mean is the same in both Poisson and NB models:
pi = exp(Xf) 31)

with 8 another set of parameters to be estimated. Both models will differ in the conditional variance
V(Y;]X;) structure.
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Log-likelihood Under a ZIP with a logit selection model, using (29) and (31), the log-likelihood can
be written

(ZIP)  1(5.21%i X, 20) = Tyi-alos (exp(Zin) + exp(—exp(X,9)
=1

+ 3 Lo 1 - exp(X,8) — 0g(1) (32)
=1

— Z log(1 + exp(Z;7))

i=1

And the likelihood for ZINB writes as

(ZINB) (B3, 0], Xi, Z:) = Y 1y, log (eXp(Zi )+ (1+ aui)_l/“)
=1

n Yi—1
+) 1y,s0 Y log(j+1/a)
i=1 =1
+ Z ly:>o0 [Yz(log(a) + Xﬁ)) (33)
i=1
-+ a_l) log (1 + aexp(XZﬂ)):|

— Y log(1+exp(Zi7))

i=1

The values that maximize log-likelihood are found using numerical methods. We have a CAN estima-
tor in both cases. The second model is less parsimonious since it includes the additional dispersion
parameter a.

Identification The identification of zero-inflated models is not frequently discussed. Among the
notable exceptions, see Papadopoulos and Santos Silva (2012) and Staub and Winkelmann (2013). A
zero-inflated model can be reformulated as a moment condition:

exp(Xf3)
EY|IX,Z2)=(1-7m(Z2)H)ANX) = —————F—
(YIX. 2) = (1= =(Z)AX) = {707
S and « (and possibly a in a ZINB model) can be estimated by a method of moments, avoiding distribu-
tional assumptions. However, as pinpointed by Papadopoulos and Santos Silva (2012), this expression
raises identification issues. Assume variables entering the selection and outcome processes are the
same, i.e. X = Z. In that case,

E(Y|X, Z) = (1 - n(Z)A(X) = —PXD)

~ 1+exp(X7) 34)

It is possible to find two set of parameters, namely (v, 8) and (—~, 8 + 7), that yield the same value for
the conditional mean. When taking an objective function derived from (34), the model cannot be iden-
tified without exclusion restrictions. Staub and Winkelmann (2013) propose sufficient conditions to
restore identification as an exclusion restriction in the selection process (at least one excluded instru-
ment) or a sign restriction on at least one parameter. The advantage of using the likelihood function
(eq. (32) or (33)) is that the identification relies on the distributional assumptions (Papadopoulos and
Santos Silva, 2008; Papadopoulos and Santos Silva, 2012). This is visible in the log-likelihood where
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the parameters § and ~ enter separately.

C.2 Alternative specifications

Robustness checks are reported on Tables 12 to 17. Only the outcome equation is reported for zero-
inflated models.

Zero-inflated models perform better if we consider log-likelihood criterion. However, ZIP models
that are less parsimonious are strongly penalized by the BIC criterion compared to non-zero inflated
models. The estimated value of the dispersion parameter in negative binomial models without selec-
tion suggests model drift (e.g. Table 15). The parameter for dispersion in the ZINB models appear
more realistic.

For distance-decay parameters, introducing a selection model reduces the scale of the coefficients.
Some of the spatial frictions are taken into account in the selection model by the inflated zero models.
Moreover, the latter allow to account for the heterogeneity of travel costs that models without selection
fail to explain. As expected, not accounting for zeros with a model estimated by OLS leads to biased
estimates of spatial frictions. However, ignoring selection also leads to biased coefficients. ZIP and
ZINB models yield travel costs that have approximately the same order of magnitudes.
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Table 12 — Marseille ; Low-income: gravity model (robustness analysis, only outcome model reported)

Dependent variable:

Non Zero Inflated Zero Inflated
(OLS) (Poisson) (Negative Binomial) (ZIP 1) (ZIP 2) (ZINB 1) (Baseline)
Population in home cell (log) 0.540%** 0.975%** 1.416%** 0.730*** 0.722%** 0.930*** 0.728***
(0.013) (0.003) (0.012) (0.003) (0.003) (0.015) (0.015)
Population in destination cell (log) —0.009 —0.004*** 0.010** —0.012*** —0.024*** —0.022*** —0.016***
(0.006) (0.001) (0.006) (0.001) (0.001) (0.006) (0.006)
Employment in home cell (log) 0.116*** 0.220*** 0.299*** 0.190*** 0.199*** 0.131*** 0.153***
(0.006) (0.001) (0.007) (0.001) (0.001) (0.006) (0.007)
Employment in destination cell (log) 0.086*** 0.145*** 0.318*** 0.118*** 0.117*** 0.099*** 0.111**
(0.005) (0.001) (0.005) (0.001) (0.001) (0.005) (0.005)
ijl in destination cell (tax data) 0.075 0.096*** 1.163*** 0.239*** 0.409*** 0.347** 0.428***
(0.125) (0.023) (0.138) (0.023) (0.023) (0.145) (0.148)
ij9 in destination cell (tax data) —0.012 0.851*** —0.877*** 0.795*** 0.790*** 0.343*** 0.204**
(0.088) (0.017) (0.091) (0.017) (0.017) (0.096) (0.094)
Distance (suburbs — suburbs) —0.805***  —1.896*** —2.369*** —1.268***  —1.249*** —1.019*** —1.070***
(0.017) (0.004) (0.014) (0.005) (0.005) (0.018) (0.017)
Distance (center — suburbs) —0.904*** —1.941*** —2.497*** —1.132*** —1.109*** —1.172*** —1.121***
(0.013) (0.004) (0.012) (0.004) (0.004) (0.014) (0.014)
Distance (suburbs — center) —0.813***  —1.770*** —2.205%** —1.033***  —1.008*** —1.113*** —1.105***
(0.014) (0.006) (0.013) (0.007) (0.007) (0.016) (0.016)
Distance (center — center) —1.263*** —1.902*** —2.776*** —1.724*** —1.710*** —1.713*** —1.614***
(0.014) (0.003) (0.017) (0.003) (0.003) (0.016) (0.016)
« (dispersion) 5.1 1.7 1.6
Count distribution Gaussian Poisson Negative Binomial Poisson Poisson Negative Binomial = Negative Binomial
Selection distribution Probit Logit Probit Logit
Observations 19,011 1,368,224 1,368,224 1,368,224 1,368,224 1,368,224 1,368,224
Log likelihood (by obs.) -16 -0.2 -0.1 -0.2 -0.2 -0.1 -0.1
Bayesian information criterion 61,970 581,713 200,780Q, 471,850 471,845 184,293 183,804

Note:

Dependent variable p? , ;+ low (resp.

high) income density in cell ¢; that live in cell ¢;

*p<0.1; **p<0.05; ***p<0.01



Table 13 — Marseille ; High-income: gravity model (robustness analysis, only outcome model reported)

Dependent variable:

Non Zero Inflated Zero Inflated
(OLS) (Poisson) (Negative Binomial) (ZIP 1) (ZIP 2) (ZINB 1) (Baseline)
Population in home cell (log) 0.5657** 0.989** 1.455%** 0.747** 0.747** 0.755%** 0.723***
(0.013) (0.003) (0.018) (0.003) (0.003) (0.015) (0.015)
Population in destination cell (log) —0.002 0.007*** 0.032*** —0.004*** —0.001 —0.004 —0.004
(0.006) (0.001) (0.008) (0.001) (0.001) (0.006) (0.006)
Employment in home cell (log) 0.114*** 0.210*** 0.303*** 0.175%** 0.172%** 0.145%** 0.142%**
(0.006) (0.001) (0.010) (0.001) (0.001) (0.007) (0.007)
Employment in destination cell (log) 0.068*** 0.138*** 0.318*** 0.104*** 0.105*** 0.083*** 0.084***
(0.005) (0.001) (0.007) (0.001) (0.001) (0.005) (0.005)
ijl in destination cell (tax data) 0.336*** —0.087*** 1.396*** 0.071*** 0.104*** 0.311** 0.322**
(0.129) (0.023) (0.209) (0.024) (0.024) (0.145) (0.145)
p]Dg in destination cell (tax data) —0.007 0.470*** —0.889*** 0.337*** 0.376*** 0.001 —0.029
(0.087) (0.017) (0.131) (0.017) (0.017) (0.090) (0.090)
Distance (suburbs — suburbs) —0.800***  —1.784*** —2.467* —1.081***  —1.074*** —1.054*** —1.023***
(0.017) (0.004) (0.020) (0.005) (0.005) (0.018) (0.018)
Distance (center — suburbs) —0.887*** —1.933*** —2.577*** —1.105*** —1.102*** —1.098*** —1.069***
(0.013) (0.004) (0.018) (0.004) (0.004) (0.014) (0.013)
Distance (suburbs — center) —0.802***  —1.758*** —2.285%* —1.005%**  —0.999*** —1.058*** —1.033***
(0.014) (0.006) (0.019) (0.007) (0.007) (0.016) (0.016)
Distance (center — center) —1.270*** —1.876%** —2.855%** —1.679*** —1.672%** —1.660*** —1.611***
(0.014) (0.003) (0.025) (0.003) (0.003) (0.015) (0.015)
« (dispersion) 10.4 1.5 1.5
Count distribution Gaussian Poisson Negative Binomial Poisson Poisson Negative Binomial = Negative Binomial
Selection distribution Probit Logit Probit Logit
Observations 18,844 1,333,298 1,333,298 1,333,298 1,333,298 1,333,298 1,333,298
Log likelihood (by obs.) -1.6 -0.2 -0.1 -0.2 -0.2 -0.1 -0.1
Bayesian information criterion 61,426 557,776 204,068 439,997 439,470 183,183 182,764
Note: *p<0.1; **p<0.05; ***p<0.01

Dependent variable pf ;+ low (resp. high) income density in cell ¢; that live in cell ¢;



Table 14 — Lyon ; Low-income: gravity model (robustness analysis, only outcome model reported)

Dependent variable:

Non Zero Inflated Zero Inflated
(OLS) (Poisson) (Negative Binomial) (ZIP 1) (ZIP 2) (ZINB 1) (Baseline)
Population in home cell (log) 0.547** 1.083*** 1.299*** 0.887*** 0.869*** 0.834*** 0.766***
(0.012) (0.003) (0.010) (0.003) (0.003) (0.015) (0.014)
Population in destination cell (log) —-0.004 —0.009*** —0.025*** —0.004*** —0.003*** —0.041*** —0.034***
(0.005) (0.001) (0.004) (0.001) (0.001) (0.005) (0.005)
Employment in home cell (log) 0.090*** 0.211*** 0.172%** 0.191*** 0.193*** 0.112%** 0.098***
(0.006) (0.001) (0.005) (0.001) (0.001) (0.007) (0.006)
Employment in destination cell (log) 0.057*** 0.130*** 0.167*** 0.103*** 0.105*** 0.076*** 0.087***
(0.004) (0.001) (0.003) (0.001) (0.001) (0.004) (0.004)
ijl in destination cell (tax data) —0.465***  —0.075*** 0.394*** —0.269***  —0.220*** —0.220 —0.479***
(0.140) (0.027) (0.127) (0.028) (0.027) (0.153) (0.151)
119]’439 in destination cell (tax data) —0.006 0.532%** —0.030 0.518*** 0.603*** 0.709*** 0.538***
(0.079) (0.016) (0.068) (0.016) (0.016) (0.090) (0.087)
Distance (suburbs — suburbs) —1.383***  —2.197*** —3.190*** —1.660***  —1.640*** —1.896*** —1.860***
(0.016) (0.003) (0.012) (0.004) (0.004) (0.020) (0.020)
Distance (center — suburbs) —1.209*** —2.023*** —2.609*** —1.709*** —1.700*** —1.548*** —1.525%**
(0.013) (0.003) (0.011) (0.003) (0.003) (0.015) (0.014)
Distance (suburbs — center) —1.091***  —1.771*** —2.149*** —1.634***  —1.644*** —1.493*** —1.553***
(0.013) (0.004) (0.011) (0.005) (0.005) (0.017) (0.016)
Distance (center — center) —1.010*** —1.738*** —2.051*** —1.690*** —1.682*** —1.250*** —1.251***
(0.017) (0.003) (0.015) (0.003) (0.003) (0.016) (0.017)
« (dispersion) 3.1 1.5 1.4
Count distribution Gaussian Poisson Negative Binomial Poisson Poisson Negative Binomial = Negative Binomial
Selection distribution Probit Logit Probit Logit
Observations 24,096 860,362 860,362 860,362 860,362 860,362 860,362
Log likelihood (by obs.) -1.6 -0.4 -0.1 -0.3 -0.3 -0.1 -0.1
Bayesian information criterion 78,050 653,625 231,799, 573,610 574,299 219,539 218,929
Note: *p<0.1; **p<0.05; ***p<0.01

Dependent variable p? , ;+ low (resp.

high) income density in cell ¢; that live in cell ¢;



Table 15 — Lyon ; High-income: gravity model (robustness analysis, only outcome model reported)

Dependent variable:

Non Zero Inflated Zero Inflated
(OLS) (Poisson) (Negative Binomial) (ZIP 1) (ZIP 2) (ZINB 1) (Baseline)
Population in home cell (log) 0.576"** 1.083*** 1.642%** 0.885*** 0.908*** 0.854*** 0.896***
(0.012) (0.003) (0.108) (0.003) (0.003) (0.014) (0.013)
Population in destination cell (log) —0.007 —0.015*** 0.071 —0.006*** —0.008*** —0.046*** —0.033***
(0.005) (0.001) (0.064) (0.001) (0.001) (0.005) (0.005)
Employment in home cell (log) 0.085*** 0.191*** 0.050 0.173*** 0.169*** 0.095*** 0.081***
(0.006) (0.001) (0.065) (0.001) (0.001) (0.006) (0.006)
Employment in destination cell (log) 0.060*** 0.152*** 0.463*** 0.124*** 0.124*** 0.091*** 0.097***
(0.004) (0.001) (0.054) (0.001) (0.001) (0.004) (0.004)
ijl in destination cell (tax data) —0.709***  —0.440*** 5.876*** —0.687***  —0.765*** —0.777** —0.392***
(0.138) (0.028) (1.932) (0.028) (0.029) (0.144) (0.146)
119]’439 in destination cell (tax data) 0.169** 0.824*** —0.952 0.849*** 0.852*** 0.747*** 0.790***
(0.079) (0.016) (1.082) (0.016) (0.016) (0.087) (0.088)
Distance (suburbs — suburbs) —1.395%**  —2.190*** —3.744** —1.614**  —1.632*** —1.899*** —1.858***
(0.016) (0.003) (0.163) (0.004) (0.004) (0.020) (0.020)
Distance (center — suburbs) —1.227*** —1.976*** —2.860*** —1.653*** —1.663*** —1.569*** —1.530***
(0.014) (0.003) (0.187) (0.003) (0.003) (0.015) (0.015)
Distance (suburbs — center) —1.080***  —1.709*** —2.673*** —1.551***  —1.562*** —1.539*** —1.583***
(0.013) (0.004) (0.178) (0.005) (0.005) (0.016) (0.018)
Distance (center — center) —1.010*** —1.715%** —2.648*** —1.650*** —1.660*** —1.241*** —1.242%**
(0.017) (0.003) (0.332) (0.003) (0.003) (0.017) (0.017)
« (dispersion) 15117.2 1.5 1.5
Count distribution Gaussian Poisson Negative Binomial Poisson Poisson Negative Binomial = Negative Binomial
Selection distribution Probit Logit Probit Logit
Observations 24,308 849,734 849,734 849,734 849,734 849,734 849,734
Log likelihood (by obs.) -1.6 -0.4 -0.3 -0.3 -0.3 -0.1 -0.1
Bayesian information criterion 78,779 634,583 551,979 548,534 547,806 219,861 219,668
Note: *p<0.1; **p<0.05; ***p<0.01

Dependent variable p? , ;+ low (resp. high) income density in cell ¢; that live in cell ¢;



Table 16 — Paris ; Low-income: gravity model (robustness analysis, only outcome model reported)

Dependent variable:

Non Zero Inflated Zero Inflated
(OLS) (Poisson) (Negative Binomial) (ZIP 1) (ZIP 2) (ZINB 1) (Baseline)
Population in home cell (log) 0.338*** 0.923*** 1.000%** 0.806*** 0.844*** 0.764*** 0.708***
(0.003) (0.001) (0.003) (0.001) (0.001) (0.005) (0.005)
Population in destination cell (log) —0.035*** —0.018*** —0.078*** —0.032*** —0.031*** —0.073*** —0.079***
(0.001) (0.000) (0.001) (0.000) (0.000) (0.002) (0.002)
Employment in home cell (log) 0.032*** 0.088*** 0.126*** 0.089*** 0.084*** 0.058*** 0.061***
(0.002) (0.000) (0.002) (0.000) (0.000) (0.002) (0.002)
Employment in destination cell (log) 0.069*** 0.125*** 0.270*** 0.093*** 0.083*** 0.120*** 0.099***
(0.001) (0.000) (0.001) (0.000) (0.000) (0.001) (0.002)
pP! in destination cell (tax data) —0.762**  —0.830*** —0.363*** —1.082***  —1.054*** —1.029*** —1.038***
(0.039) (0.010) (0.045) (0.010) (0.010) (0.049) (0.049)
pP? in destination cell (tax data) 0.536*** 0.955*** 1.105*** 0.948*** 0.962*** 0.815*** 0.773***
(0.023) (0.005) (0.025) (0.005) (0.005) (0.031) (0.031)
Destination cell belongs to cluster 1 (where high-income people are over-represented) 0.068*** 0.171** 0.211*** 0.202*** 0.181*** 0.087*** 0.066***
(0.007) (0.002) (0.009) (0.002) (0.002) (0.009) (0.009)
Destination cell belongs to cluster 2 (where low-income people are over-represented) —0.118***  —0.085*** —0.299*** —0.064***  —0.085*** —0.226*** —0.224***
(0.006) (0.002) (0.007) (0.002) (0.002) (0.008) (0.008)
Destination cell belongs to cluster 3 (where high-income mix with middle class) 0.134*** 0.021*** —0.075*** 0.074*** 0.058*** 0.066*** 0.111**
(0.008) (0.002) (0.008) (0.002) (0.002) (0.010) (0.010)
Distance (suburbs — suburbs) —1.079*** —2.213"* —2.973" —1.712%* —1.722%** —1.746"* —1.649***
(0.003) (0.001) (0.004) (0.001) (0.001) (0.004) (0.004)
Distance (center — suburbs) —0.956"** —1.934"* —2.430"* —1.643"** —1.653*** —1.461"** —1.377"*
(0.003) (0.001) (0.004) (0.001) (0.001) (0.004) (0.004)
Distance (suburbs — center) —0.946*** —1.741% —2.212% —1.600"** —1.593*** —1.452%* —1.430"**
(0.003) (0.001) (0.004) (0.001) (0.001) (0.004) (0.004)
Distance (center — center) —0.701*** —1.674" —2.380"** —1.608"** —1.615*** —1.260"** —1.115%**
(0.006) (0.001) (0.008) (0.001) (0.001) (0.007) (0.007)
« (dispersion) 3.6 15 1.6
Count distribution Gaussian Poisson Negative Binomial Poisson Poisson Negative Binomial = Negative Binomial
Selection distribution Probit Logit Probit Logit
Observations 219,891 8,430,876 8,430,876 8,430,820 8,430,820 8,430,820 8,430,820
Log likelihood (by obs.) -14 -0.3 -0.1 -0.3 -0.3 -0.1 -0.1
Bayesian information criterion 636,458 5,839,632 2,102,916 4,943,950 4,946,715 1,981,267 1,976,421

Note:

Dependent variable p? | ;+ low (resp. high) income density in cell ¢; that live in cell ¢;
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Table 17 — Paris ; High-income: gravity model (robustness analysis, only outcome model reported)

Dependent variable:

Non Zero Inflated Zero Inflated
(OLS) (Poisson) (Negative Binomial) (ZIP 1) (ZIP 2) (ZINB 1) (Baseline)
Population in home cell (log) 0.332*** 0.902*** 0.992%** 0.795%** 0.807*** 0.751*** 0.579***
(0.003) (0.001) (0.004) (0.001) (0.001) (0.005) (0.005)
Population in destination cell (log) —0.035*** —0.014*** —0.081"** —0.030*** —0.021*** —0.074** —0.068***
(0.001) (0.000) (0.001) (0.000) (0.000) (0.002) (0.002)
Employment in home cell (log) 0.031*** 0.085*** 0.124*** 0.085*** 0.088*** 0.050*** 0.061***
(0.002) (0.000) (0.002) (0.000) (0.000) (0.002) (0.002)
Employment in destination cell (log) 0.068*** 0.119*** 0.272%** 0.082*** 0.081*** 0.116*** 0.117**
(0.001) (0.000) (0.001) (0.000) (0.000) (0.002) (0.002)
pP! in destination cell (tax data) —0.760**  —0.953*** —0.428*** —1.114**  —1.143*** —1.058*** —1.101**
(0.039) (0.010) (0.051) (0.010) (0.010) (0.048) (0.047)
pP? in destination cell (tax data) 0.535*** 0.899*** 1.101* 0.880*** 0.918*** 0.783*** 0.695***
(0.023) (0.005) (0.028) (0.005) (0.005) (0.031) (0.030)
Destination cell belongs to cluster 1 (where high-income people are over-represented) 0.052*** 0.160*** 0.190*** 0.170*** 0.158*** 0.074*** 0.054***
(0.007) (0.002) (0.010) (0.002) (0.002) (0.009) (0.009)
Destination cell belongs to cluster 2 (where low-income people are over-represented) —0.123***  —0.066*** —0.302*** —0.040***  —0.050*** —0.237*** —0.270***
(0.006) (0.002) (0.008) (0.002) (0.002) (0.008) (0.008)
Destination cell belongs to cluster 3 (where high-income mix with middle class) 0.116*** 0.025*** —0.079*** 0.082*** 0.104*** 0.067*** 0.114***
(0.008) (0.002) (0.009) (0.002) (0.002) (0.010) (0.010)
Distance (suburbs — suburbs) —1.079*** —2.224* —2.973" —1.715%* —1.710*** —1.730"** —1.665"**
(0.003) (0.001) (0.004) (0.001) (0.001) (0.004) (0.004)
Distance (center — suburbs) —0.961"** —1.922% —2.439"* —1.629"** —1.638*** —1.465"** —1.371%*
(0.003) (0.001) (0.004) (0.001) (0.001) (0.004) (0.004)
Distance (suburbs — center) —0.947*** —1.730"** —2.214" —1.578"* —1.566*** —1.452%* —1.438"**
(0.003) (0.001) (0.004) (0.001) (0.001) (0.004) (0.004)
Distance (center — center) —0.698*** —1.619"* —2.367" —1.543** —1.551*** —1.257* —1.195%**
(0.006) (0.001) (0.009) (0.001) (0.001) (0.007) (0.007)
« (dispersion) 3.6 15 1.5
Count distribution Gaussian Poisson Negative Binomial Poisson Poisson Negative Binomial = Negative Binomial
Selection distribution Probit Logit Probit Logit
Observations 219,592 8,426,330 8,426,330 8,426,330 8,426,330 8,426,330 8,426,330
Log likelihood (by obs.) -14 -0.3 -0.1 -0.3 -0.3 -0.1 -0.1
Bayesian information criterion 634,370 5,801,653 2,101,511 4,983,736 4,985,207 1,981,784 1,975,188

Note:

Dependent variable p? | ;+ low (resp. high) income density in cell ¢; that live in cell ¢;
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*p<0.1; **p<0.05; ***p<0.01



C.3 Regressions on the whole sample

Tables 18 and 19 (resp. Tables 20 and 21) present results on the whole sample for Marseille (resp.
Lyon).

Distance related coefficients are robust to the choice of using a 5% sample rather than the whole
sample. As expected, using a sample rather than all observations affects the confidence intervals that
are larger. Using a 5% sample has no cost in terms of performance: log-likelihood by observation is
the same when using the sample of the whole dataset. When using the whole sample, the negative
binomial model that does not take into account zero-inflation diverges (dispersion parameter goes to
an unrealistic level) while it converges with the 5% sample.
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Table 18 — Marseille ; Low-income: gravity model on the whole (robustness analysis, only outcome model reported)

Dependent variable:

Non Zero Inflated

Zero Inflated

(OLS) (Poisson) (Negative Binomial) (ZIP 1) (ZIP 2) (ZINB 1) (Baseline)
Population in home cell (log) 0.555*** 1.004*** 1.917+** 0.754*** 0.862*** 0.863*** 0.676***
(0.004) (0.001) (0.155) (0.001) (0.001) (0.005) (0.005)
Population in destination cell (log) 0.011*** 0.003*** 0.373*** —0.012%** 0.012*** 0.015*** —0.019***
(0.002) (0.000) (0.131) (0.000) (0.000) (0.002) (0.002)
Employment in home cell (log) 0.121*** 0.223*** 0.196** 0.200*** 0.164*** 0.139*** 0.176***
(0.002) (0.000) (0.098) (0.000) (0.000) (0.002) (0.002)
Employment in destination cell (log) 0.086*** 0.146*** 0.687*** 0.125*** 0.119*** 0.100*** 0.116***
(0.002) (0.000) (0.097) (0.000) (0.000) (0.002) (0.002)
pfl in destination cell (tax data) 0.044 —0.321%* 1.003 —0.157** -0.011 —0.077* 0.206***
(0.039) (0.007) (2.987) (0.007) (0.007) (0.041) (0.043)
pf9 in destination cell (tax data) 0.071** 0.596*** —5.357*** 0.593*** 0.821*** 0.314*** 0.174***
(0.028) (0.005) (1.552) (0.005) (0.005) (0.028) (0.028)
Distance (suburbs — suburbs) —0.814*** —1.840*** —3.226*** —1.202%** —1.213*** —1.085*** —1.017***
(0.005) (0.001) (0.267) (0.002) (0.002) (0.006) (0.006)
Distance (center — suburbs) —0.907*** —1.918*** —3.229*** —1.145%** —1.191** —1.171*** —1.126***
(0.004) (0.001) (0.266) (0.001) (0.002) (0.004) (0.004)
Distance (suburbs — center) —0.805%** —1.716*** —2.909*** —0.968*** —1.071*** —1.074*** —1.031***
(0.005) (0.002) (0.258) (0.002) (0.003) (0.005) (0.005)
Distance (center — center) —1.273*** —1.887*** —2.947*** —1.723*** —1.732*** —1.710*** —1.606***
(0.005) (0.001) (0.295) (0.001) (0.001) (0.005) (0.005)
a (dispersion) 7e+05 1.5 1.5
Count distribution Gaussian Poisson Negative Binomial Poisson Poisson Negative Binomial = Negative Binomial
Selection distribution Probit Logit Probit Logit
Observations 177,600 11,158,754 11,158,754 11,158,754 11,158,754 11,503,616 11,503,616
Log likelihood (by obs.) -1.6 -0.2 -0.2 -0.2 -0.2 -0.1 -0.1
Bayesian information criterion 576,271 5,302,083 5,418,424 4,345,402 4,360,021 1,703,947 1,699,324
Note: 64 *p<0.1; **p<0.05; “**p<0.01

Dependent variable p; , ;: low (resp.

high) income density in cell ¢; that live in cell ¢;



Table 19 — Marseille ; High-income: gravity model on the whole (robustness analysis, only outcome model reported)

Dependent variable:

Non Zero Inflated

Zero Inflated

(OLS) (Poisson) (Negative Binomial) (ZIP 1) (ZIP 2) (ZINB 1) (Baseline)
Population in home cell (log) 0.561*** 1.011%** 1.533*** 0.789*** 0.819*** 0.897*** 0.746***
(0.004) (0.001) (0.037) (0.001) (0.001) (0.005) (0.005)
Population in destination cell (log) 0.010*** 0.004*** -0.012 —0.021*** 0.008*** 0.006** 0.010***
(0.002) (0.000) (0.023) (0.000) (0.000) (0.002) (0.002)
Employment in home cell (log) 0.121*** 0.222*** 0.055*** 0.196*** 0.173*** 0.134*** 0.150***
(0.002) (0.000) (0.023) (0.000) (0.000) (0.002) (0.002)
Employment in destination cell (log) 0.084*** 0.146*** 0.492*** 0.123*** 0.118*** 0.107*** 0.096***
(0.002) (0.000) (0.020) (0.000) (0.000) (0.002) (0.002)
pfl in destination cell (tax data) 0.078** —0.348*** 6.687*** —0.124*** —0.171*** —0.112*** 0.221***
(0.039) (0.007) (0.712) (0.007) (0.007) (0.042) (0.043)
pfg in destination cell (tax data) 0.046* 0.574*** 1.887*** 0.599*** 0.613*** 0.298*** 0.112***
(0.028) (0.005) (0.380) (0.005) (0.005) (0.029) (0.028)
Distance (suburbs — suburbs) —0.813*** —1.844*** —3.794*** —1.218%** —1.188*** —1.080*** —1.071%**
(0.005) (0.001) (0.060) (0.002) (0.002) (0.006) (0.006)
Distance (center — suburbs) —0.902*** —1.913*** —2.853*** —1.143*** —1.138*** —1.172%** —1.120***
(0.004) (0.001) (0.069) (0.001) (0.001) (0.004) (0.004)
Distance (suburbs — center) —0.803*** —1.712%** —2.848%** —0.992%** —1.043*** —1.074*** —1.052%**
(0.005) (0.002) (0.067) (0.002) (0.002) (0.005) (0.005)
Distance (center — center) —1.275*** —1.892*** —2.621*** —1.773*** —1.737*** —1.704*** —1.599***
(0.005) (0.001) (0.122) (0.001) (0.001) (0.005) (0.005)
a (dispersion) 25975.8 1.5 1.5
Count distribution Gaussian Poisson Negative Binomial Poisson Poisson Negative Binomial = Negative Binomial
Selection distribution Probit Logit Probit Logit
Observations 177,384 11,503,504 8,497,345 11,158,642 11,158,642 11,158,642 11,158,642
Log likelihood (by obs.) -1.6 -0.2 -0.3 -0.2 -0.2 -0.1 -0.1
Bayesian information criterion 574,190 5,297,301 5,773,262 4,344,740 4,337,240 1,701,410 1,696,969
Note: 65 *p<0.1; **p<0.05; “**p<0.01

Dependent variable p; , ;: low (resp.

high) income density in cell ¢; that live in cell ¢;



Table 20 — Lyon ; Low-income: gravity model on the whole (robustness analysis, only outcome model reported)

Dependent variable:

Non Zero Inflated Zero Inflated
(OLS) (Poisson) (Negative Binomial) (ZIP 1) (ZIP 2) (ZINB 1) (Baseline)
Population in home cell (log) 0.564*** 1.085*** 1.505*** 0.897*** 0.988*** 0.888*** 0.647***
(0.004) (0.001) (0.037) (0.001) (0.001) (0.005) (0.004)
Population in destination cell (log) —0.006*** —0.018*** —0.025 0.007*** —0.021*** —0.044*** —0.039***
(0.002) (0.000) (0.023) (0.000) (0.000) (0.002) (0.002)
Employment in home cell (log) 0.086*** 0.204*** 0.077*** 0.199*** 0.163*** 0.093*** 0.127***
(0.002) (0.000) (0.023) (0.000) (0.000) (0.002) (0.002)
Employment in destination cell (log) 0.061*** 0.145*** 0.511*** 0.097*** 0.118*** 0.068*** 0.094***
(0.001) (0.000) (0.020) (0.000) (0.000) (0.001) (0.001)
ijl in destination cell (tax data) —0.564***  —0.226*** 6.932*** —0.425***  —0.344*** —0.303*** —0.315***
(0.044) (0.009) (0.710) (0.009) (0.009) (0.048) (0.047)
119]’439 in destination cell (tax data) 0.056** 0.686*** 2.112%** 0.825*** 0.777** 0.622*** 0.520***
(0.025) (0.005) (0.372) (0.005) (0.005) (0.028) (0.028)
Distance (suburbs — suburbs) —1.383***  —2.190*** —3.803*** —1.600***  —1.638*** —1.886*** —1.804***
(0.005) (0.001) (0.059) (0.001) (0.001) (0.006) (0.006)
Distance (center — suburbs) —1.221*** —2.002*** —2.841*** —1.749*** —1.695*** —1.548*** —1.529***
(0.004) (0.001) (0.068) (0.001) (0.001) (0.005) (0.004)
Distance (suburbs — center) —1.091***  —1.762*** —2.852%** —1.616***  —1.619*** —1.547*** —1.608***
(0.004) (0.001) (0.066) (0.002) (0.002) (0.005) (0.005)
Distance (center — center) —1.001*** —1.747*** —2.598*** —1.661*** —1.707*** —1.228*** —1.227***
(0.005) (0.001) (0.118) (0.001) (0.001) (0.005) (0.005)
« (dispersion) 26087.280 1.488 1.335
Count distribution Gaussian Poisson Negative Binomial Poisson Poisson Negative Binomial = Negative Binomial
Selection distribution Probit Logit Probit Logit
Observations 242,035 8,603,619 8,603,619 8,603,619 8,603,619 8,603,619 8,603,619
Log likelihood (by obs.) —1.619 —0.373 —0.335 -0.327 —-0.324 —0.128 -0.127
Bayesian information criterion 784,000 6,413,821 5,763,064 5,623,462 5,569,013 2,197,213 2,194,066
Note: *p<0.1; **p<0.05; ***p<0.01

Dependent variable pf ;+ low (resp.

high) income density in cell ¢; that live in cell ¢;



Table 21 — Lyon ; High-income: gravity model on the whole (robustness analysis, only outcome model reported)

Dependent variable:

Non Zero Inflated Zero Inflated
(OLS) (Poisson) (Negative Binomial) (ZIP 1) (ZIP 2) (ZINB 1) (Baseline)
Population in home cell (log) 0.567** 1.088*** 1.533*** 0.918*** 0.988*** 0.883*** 0.795%**
(0.004) (0.001) (0.037) (0.001) (0.001) (0.005) (0.004)
Population in destination cell (log) —0.003** —0.017*** -0.012 —0.017*** —0.020*** —0.041*** —0.043***
(0.002) (0.000) (0.023) (0.000) (0.000) (0.002) (0.002)
Employment in home cell (log) 0.089*** 0.207*** 0.055*** 0.182*** 0.170*** 0.087*** 0.097***
(0.002) (0.000) (0.023) (0.000) (0.000) (0.002) (0.002)
Employment in destination cell (log) 0.060*** 0.144*** 0.492%** 0.121*** 0.115*** 0.091*** 0.085***
(0.001) (0.000) (0.020) (0.000) (0.000) (0.001) (0.001)
ijl in destination cell (tax data) —0.629***  —0.290*** 6.687*** —0.486***  —0.422*** —0.371*** —0.358***
(0.044) (0.009) (0.712) (0.009) (0.009) (0.047) (0.045)
119]’439 in destination cell (tax data) 0.053** 0.666*** 1.887*** 0.785%** 0.748*** 0.598*** 0.538***
(0.025) (0.005) (0.380) (0.005) (0.005) (0.027) (0.027)
Distance (suburbs — suburbs) —1.385***  —2.197*** —3.794*** —1.639***  —1.648*** —1.950*** —1.914***
(0.005) (0.001) (0.060) (0.001) (0.001) (0.006) (0.006)
Distance (center — suburbs) —1.222%** —2.006*** —2.853*** —1.712*** —1.703*** —1.590*** —1.553***
(0.004) (0.001) (0.069) (0.001) (0.001) (0.005) (0.004)
Distance (suburbs — center) —1.086***  —1.755*** —2.848*** —1.624*** —1.616*** —1.562*** —1.526***
(0.004) (0.001) (0.067) (0.002) (0.002) (0.005) (0.005)
Distance (center — center) —1.001*** —1.750*** —2.621*** —1.701*** —1.708*** —1.269*** —1.221***
(0.005) (0.001) (0.122) (0.001) (0.001) (0.005) (0.005)
a (dispersion) 25975.805 1.467 1.337
Count distribution Gaussian Poisson Negative Binomial Poisson Poisson Negative Binomial = Negative Binomial
Selection distribution Probit Logit Probit Logit
Observations 242,621 8,497,345 8,497,345 8,497,345 8,497,345 8,497,345 8,497,345
Log likelihood (by obs.) -1.621 -0.377 —0.340 —0.328 —0.328 —0.129 -0.129
Bayesian information criterion 786,926 6,413,224 5,773,262 5,574,688 5,578,000 2,199,086 2,195,426
Note: *p<0.1; **p<0.05; ***p<0.01

Dependent variable pf ;+ low (resp.

high) income density in cell ¢; that live in cell ¢;
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