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Social segregation around the clock in the Paris region (France) 

 
Summary 

While social scientists have invested a lot of energy in exploring the uneven distribution of 

social groups in the city, they have surprisingly limited their efforts to investigating social 

segregation at the place of residence. The present paper investigates social segregation over the 

24 hours a day in the Paris region, taking into account how social groups move within a city 

throughout the day. 

From a large and precise daily travel survey carried out in the Paris region (EGT 2010) among 

25,500 respondents aged 16 or over, we have computed segregation indices and maps hour by 

hour from respondents’ educational and socioprofessional indicators. We then observed that 

social segregation within the Paris region decreases during the day and that the most segregated 

group (the upper class group) during the night remains the most segregated during the day. We 

also explored how the co-presence between various social groups evolves throughout the day. 

Finally, we highlighted some large variations in districts’ social composition over 24 hours: 

districts with similar social composition during the night can differ deeply in their social 

composition during the day-time because of socially selective daily trips. 

Exploring social segregation around the clock helps in considering more dynamically place 

effects on individual behavior and targeting areas to implement interventions more connected 

with the real city rhythm.  

   

Keywords: social segregation, daily mobility, travel data, activity-based approach 

 

Highlights 

- Segregation around the clock was explored from a travel survey (Paris region). 

- At city scale, social segregation is lower during the day than during the night. 

- The upper class is the most segregated group during the night and the day. 

- At local scale, large variations in districts’ social composition occur over a day. 

- Daily trips which are socially and spatially selective alter maps of social groups. 
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1 Context 

1.1 Research justification 

The present paper investigates social segregation (defined as the uneven spatial distribution of 

social groups) over the 24 hours a day within a metropolitan area, taking into account how 

social groups move within a city throughout the day. At least three reasons support the 

importance of exploring social segregation around the clock. Firstly, neighborhood attributes 

and neighborhood effects both have to be considered dynamically, taking into account 

population daily mobility. When moving, inhabitants may indeed be exposed to different 

neighborhoods and social contexts and, conversely, transform the social context of inhabitants 

who do not move (Wong and Shaw, 2011). Education, employment, or health issues could then 

be related not only to residential segregation (“night-time” segregation), but also to “day-time” 

segregation. Secondly, public and municipal actors may find it more efficient to implement 

interventions in areas with high concentrations of specific social groups not only during the 

night but also during the day. Crossing information about night-time and day-time segregation 

would then be useful for every action aiming to reduce social inequalities in the city. Finally, 

social segregation around the clock may also contribute to the enhancement of urban models of 

social structures and dynamics. Debates about “fragmented cities” (Borsdorf and Hidalgo, 

2009) or “villes éclatées” (May et al., 1998) integrate notions such as social and spatial cohesion 

and exclusion, but few quantitative analyses consider how social groups mix or are isolated in 

a city on a daily basis. 

1.2 A brief combined review of segregation and daily mobility 

Social scientists have invested a lot of energy over a number of decades into measuring properly 

the uneven distribution of social groups in the city. For a long time, scientific debate about 

segregation was focused on the bias and redundancy of segregation indices (Hornseth, 1947; 

Jahn et al., 1947; Williams, 1948; Jahn, 1950; Cowgill and Cowgill, 1951), on the weaknesses 

of the index of dissimilarity (Cortese et al., 1976; Taeuber and Taeuber, 1976; Massey, 1978; 

Massey and Denton, 1988), or on the development of spatially-aware measures of segregation 

(Grannis, 2002; Reardon and O’Sullivan, 2004; White, 1983; Wong, 2005). However, they 

have, surprisingly, limited their efforts to investigating segregation at the place of residence and 

have not explored the geography of social groups during the day-time. Even if the term 

“occupational segregation” was introduced earlier in the literature, it was only to designate 

either the uneven residential distribution of occupation groups (Duncan and Duncan, 1955) or 

the uneven distribution of sociodemographic groups (mainly male versus female) among 

occupational categories without spatial consideration (Abrahamson and Sigelman, 1987). 

While census data could have been used to measure workplace segregation, empirical studies 

on workplace segregation are scarce and relatively new (Hellerstein and Neumark, 2008; 

Åslund and Skans, 2010). Investigating the characteristics of co-workers at an establishment-

level in US or Swedish cities from employment databases, these studies produced valuable 

information on ethnic segregation patterns but did not provide information on the day-time 

localization of social groups within the city. In that vein, the study by Ellis et al. (2004) has to 

be mentioned. The authors compared levels of residential and work tract segregation for native 

and immigrant groups in Los Angeles; however, focusing on the working-class population, they 

do not consider people that are not working nor the effect of other kinds of daily activity 

(leisure, shopping, etc.). 
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For a long time, studies about day-time population (Chapin and Stewart, 1953; Foley, 1952, 

1954) have been ignored in segregation literature. Mechanisms of segregation and of daily 

mobility could yet benefit from being combined: daily mobility is socially differentiated 

according to socio-demographic characteristics, as highlighted by Orfeuil’s daily mobility state 

of the art (2002), and can either promote interactions between different social groups, as 

suggested in more and less recent literature (Park, 1925; Urry, 2002), or, on the contrary, 

reinforce avoidance practices or affinity aggregation of certain social groups (Chamboredon 

and Lemaire, 1970; Authier, 1993). 

Only recently, several authors have explored urban segregation from an activity-based 

approach. For this purpose, time-geographic analysis methods have been developed to compare 

the shapes of activity spaces for members of distinct social groups. This first type of work 

focuses on the socio-spatial isolation of agents, as developed by Lee and Kwan (2011) for 

Koreans in Columbus (USA). Another group of papers takes into account the social 

characteristics of places crossed in people’s activity spaces. They assess the exposure of 

members of different social groups to other social groups in respect of the spaces in which they 

conduct their everyday life. For example, to study ethnic segregation in southeast Florida, Wong 

and Shaw (2011) proposed an exposure measure using a travel survey to implement activity 

spaces and census data to socially qualify the visited neighborhoods. With the same kind of 

approach and using information on daily mobility from a health survey, Krivo et al. (2013) 

showed for socioeconomic and ethnic groups in Los Angeles that residents of both advantaged 

and disadvantaged neighborhoods experience social isolation when they travel through the city 

to conduct their daily activities. Nevertheless, these studies face the limitation of considering 

the social composition of crossed neighborhoods in the activity spaces according to resident 

characteristics and not their variations during the day. Transcending this limitation, recent 

studies have taken into account the dynamics of space by using large travel surveys or mobile 

phone datasets. Palmer (2013), for example, proposed a range of “activity-space segregation 

indexes” derived from well-tested residential segregation indexes but taking into account 

individual daily schedules and the time spent in the different census tracts. In a similar vein, 

Silm and Ahas (2014) described the spatiotemporal variation of segregation indexes computed 

from a mobile phone dataset for Russians living in Tallinn (Estonia). They identified significant 

differences in the level of segregation of the group according to the hour of the day, weekdays 

and weekends, and seasonal rhythms. Finally, Farber et al. (2015) proposed a reproducible 

exposure measure based on potential opportunities for social contact for members of different 

social groups by taking into account the intersection of their spatiotemporal activity patterns.  

 

1.3 Objectives 

Following a similar activity-based approach, the present paper explores social segregation 

around the clock in the Paris region using a large daily travel survey carried out in the Paris 

region among 25,500 respondents aged 16 or over. Four objectives can be distinguished here. 

 

First, we aim to compare classic measures of “night-time” segregation (residence-based) with 

measures of “day-time” segregation (activity-based). The previous few papers dealing with this 

question underlined that ethnic segregation decreases significantly during the afternoon in the 

capital of Estonia (Silm and Ahas, 2014) or when comparing work tract segregation and 

residence tract segregation in Los Angeles (Ellis et al., 2004). Do we observe similar findings 
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about social segregation in the Paris region? Are there some specific periods during the day in 

which segregation is especially low or high?  

The second objective of the paper is to identify the most segregated group, not only during the 

night, but also during the day. While urban segregation and deprivation are often linked in many 

public policy statements, some studies in Paris (Préteceille, 2006) and in other European cities 

(Musterd, 2006) have shown from residential-based data that the upper class is the most 

segregated group. Do daily trips, which are socially differentiated in terms of distance and type 

of activity, also give the upper class “the award” of the most segregated group during the day? 

In a third step, we explore social segregation over 24 hours from the co-presence of various 

social groups in the same urban areas. Term of “co-presence” - defined as simultaneous 

presence of individuals in the same place - has been preferred to the term of “interaction” (often 

used in some quantitative segregation studies) since spatial proximity between social groups 

does not imply necessarily social contacts or real interactions (Chamboredon and Lemaire, 

1970). Qualitative work on the French bourgeoisie showed how the dominant class promotes 

living with peers and deliberately keeps other social classes away from its favorite places 

(Pinçon and Pinçon-Charlot, 2007). How strongly does the upper class keep its distance from 

other social groups when they carry out their activities during the day, and do these behaviors 

extend to other social groups? Do probabilities of co-presence between upper and lower class 

members remain similar over a 24 hour period? At what time co-presence probabilities are the 

lowest? 

Lastly, our analysis of social segregation around the clock aims to pinpoint areas with 

substantial changes in their population’s social composition over 24 hours.  While spatial 

distribution of social groups in the Paris region, organized around a west/east division, is now 

fairly well known (Préteceille, 2006), some studies focusing on particular neighborhoods have 

underlined how far visiting populations may differ socially from resident populations and how 

strongly the non-resident populations may contribute to the social labeling of some areas - for 

example, in the case of the Château-Rouge neighborhood in Paris (Chabrol, 2011). How do 

socio-spatial divisions, traditionally observed from residential-based data, evolve around the 

clock?  

 

2 Data 

2.1 Household travel survey 

The Enquête Globale Transport (EGT) is a large household travel survey carried out every ten 

years in the Paris region (Ile-de-France) since 1976. In the present paper, we used the last 

edition (EGT 2010, STIF-OMNIL-DRIEA) which took place during two periods: from October 

2009 to May 2010 and from October 2010 to May 2011 (i.e. over 16 months of surveys). This 

survey provides a large amount of information on the daily mobility of inhabitants aged five 

and older, in addition to household and individual characteristics.  

 

About 15,000 households were selected and surveyed about their trips on weekdays (Monday 

to Friday) and 3,000 about their trips at weekends (Saturday or Sunday). Data from more than 

43,000 respondents (and 18,000 households) were collected, with a total of 143,000 trips. 
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In the present research, we took into account respondents aged 16 years or over, considering 

that younger people were not sufficiently autonomous in their daily mobility (Massot and 

Zaffran, 2007). Of the 26,312 respondents during the week aged 16 or over, 813 were excluded 

due to missing data in their daily mobility schedule or in socioprofessional or educational status. 

The final sample contains 25,499 respondents aged 16 or over with a total of 101,814 weekdays 

trips and 127,245 locations.  

In EGT sample design, the Paris region has been subdivided into 109 districts (“secteurs”). 

They correspond to groups of municipalities or arrondissements in Paris and consist of 

approximately 100,000 inhabitants. Smaller in inner Paris and larger in the peripheral areas, 

their sizes vary from 3 to 1,326 km2 (with a median area of 14 km²). Districts are the primary 

sampling units in EGT survey: in every district, 400 to 500 residents have been surveyed among 

randomly selected households to ensure reliable estimates at district scale. In the present paper, 

district scale was then chosen to investigate variation around the clock in social composition 

within the Paris region.  
 

Weighting coefficients in the 2010 EGT survey were computed at household and individual 

levels to afford every district the same distribution in household profile (size and housing type) 

and population profile (age, sex, occupation, and socioprofessional group) as the distribution 

observed in the 2008 French census. Every analysis presented in the present paper has been 

made taking into account these weighting coefficients. 

 

2.2 From trip dataset to location dataset  

Every trip starting and/or ending in the Paris region made the day before the survey was reported 

by respondents. Following trip variables were available: precise localization of place of 

departure and place of arrival (using a 100 square meters grid cell), time of departure and time 

of arrival (with exact minutes), trip purpose and mode of transportation used. For the present 

analysis, the trip dataset was transformed into a location dataset in which (1) every location was 

defined at district scale (i.e., the smallest scale which it is possible to aggregate results, due to 

the EGT sample design) and (2) 24 hourly time steps are defined for taking 24 cross-sectional 

pictures of individuals' location. 

To reduce spatiotemporal heterogeneity between trips occurring on weekends and on weekdays 

(Buliung et al, 2008), we restricted our dataset to weekday trips. As in many transportations 

studies, we considered weekday trips as occurring an “average working day” even if there may 

be some intrapersonal variability in travel behavior between days of the week (Monday to 

Friday) and period of the year (Pas, 1987). As EGT survey took place from October to May, 

variability related to summer time was excluded.  

 

We kept trips occurring between 4:00 am (day before survey) and 3:59 am (day of survey) and 

removed trips outside this window. Individuals who reported staying at home all day were 

assigned to their district of residence over the entire observation period. Individuals were moved 

to a fictive place, “in transportation”, when they were moving except if they used an “adherent” 

mode of transportation (Amar, 1993), such as walking and non-motorized modes. In such cases, 

half of the trip was considered as located in the district of origin and the other half as located in 

the district of destination. This choice was motivated by the fact that people using human-
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powered modes of transportation actively contribute to social interactions and social labelling 

of spaces.  

 

2.3 Social indicators 

2.3.1 Description 

From EGT data about respondents’ achieved level of education (initially in ten groups), we 

computed a first social indicator corresponding to the lowest level of education of the adults in 

the household. Called ‘educational status’, this variable was composed of four groups: low 

(middle school or less), middle-low (high school without Baccalauréat), middle-high 

(Baccalauréat to two years after Baccalauréat), and high (three years or more after 

Baccalauréat).  

With the same educational data, we computed a second variable (continuous) from the mean 

number of years of study achieved by every adult in the household, called ‘scholarship 

duration’. 

From respondents’ socioprofessional EGT data (initially in 24 groups, which were combined 

and ranked), we computed a social indicator corresponding to the lowest socioprofessional 

category of the adults in the household. Called “socioprofessional status”, this variable was 

composed of five groups: unemployed (unemployed long term, housework); low (workers and 

domestic services); middle-low (employees, craftsmen); middle-high (intermediary 

professionals, merchants, farm operators); and high (managers, intellectual professionals, 

employers of more than ten employees).  

EGT (2010) also provided information about the households’ incomes but the rate of missing 

data (more than 20%) was too important to be used here to explore social segregation.  

 

2.3.2 Methodological choices 

Instead of computing social indicators from an individual point of view, we used the household 

level. Both approaches can be discussed (Chenu, 2000), but individual’s behavior is influenced 

by the context in which they are socialized, notably the household as a unit sharing social and 

economic resources. Social position may then sometimes be more relevant when computed at 

the household level: when focusing on conditions of life, lifestyles, or life chances, members 

of the same family or household unit should be assumed to share the same social position as 

they influence each other’s’ individual social position (Sørensen, 1994). 

We decided to keep the lowest (and not the highest) educational status and socioprofessional 

status in the household for two reasons. First, educational or socioprofessional groups issued 

from “lowest procedure” have been found to be more correlated with the household’s income 

(when available). Second, the four educational groups issued from “lowest procedure” were 

found to be more evenly distributed than those issued from “highest procedure”. In initial EGT 

database, respondents whose level of education was “three years or more after Baccalauréat” 

were gathered in a same educational category. Such aggregation would lead to get a high 

educational category with nearly the half of the population (44%) if “highest procedure” would 

be used. 
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In socioprofessional status, the “unemployed” category (which consists of people living in a 

household where at least one adult is unemployed) refers to a large variety of situations. It 

includes, for example, households in which every adult is unemployed as well as households in 

which one adult has a highly qualified job and another adult doing housework. Despite such 

(relatively common) heterogeneity in the “unemployed” category, segregation according to 

socioprofessional status was interesting to investigate, to compare with segregation according 

to educational status and to discuss with findings from other studies. 

2.4 Description of the sample 

The final sample was composed of 25,499 respondents aged 16 or over with 101,814 trips. The 

number of respondents per district of residence varied from 124 to 406, with a median of 229. 

The studied population was predominantly female (52.9%) and of working age (Table 1). Social 

indicators related to socioprofessional status and educational status were well distributed across 

the population. The median value of scholarship duration was 12 years. 

Table 1: Sociodemographic characteristics of the sample 

 N weighted %  

Sex 
Male 11946 47.1% 

Female 13553 52.9% 

Age (in years) 

16–29 4820 18.4% 

30–39 5710 22.0% 

40–49 5149 20.1% 

50–64 6074 23.7% 

65 and over 3746 15.8% 

Socioprofessional  

status* 

Unemployed (unemployed long term, housework) 3105 14.6% 

Low (workers and domestic services) 5970 22.5% 

Middle-low (employees, craftsmen) 5576 21.2% 

Middle-high (intermediary professionals, merchants, farm operators) 6686 24.4% 

High (managers, intellectual professionals, employers of more than 

ten employees) 

4162 17.3% 

Educational  

status* 

Low (middle school or less) 5170 21.0% 

Middle-low (high school without Baccalauréat) 7293 27.2% 

Middle-high (Baccalauréat to two years after Baccalauréat) 6954 26.5% 

High (three years or more after Baccalauréat) 6082 25.3% 

Source: EGT, 2010 (STIF-OMNIL-DRIEA)  

Note: * Lowest level among household’s adults 

 

Figure 1 shows temporal counts of people aggregated according to their location and activity 

type. Such graphical displays have been used often in recent demographic studies (Billari, 

2001), but there are also some examples in earlier studies (Jones and Clarke, 1988). We observe 

a marked morning peak hour between 8:00 and 9:00 and a smoothed afternoon peak hour 

between 17:30 and 19:30, along with a light peak of return home trips between 12:00 and 14:00. 

This tongue-shaped figure is consistent with other studies dealing with time use and activity-

based travel demand (Carlstein et al., 1978; Goodchild and Janelle, 1984). Commuting trips 

structure the aggregated pattern in the location graph, since two thirds of individuals leaving 

home go out of their district of residence, most of them to work or study. The proportion of 
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recreational activities is significant from the afternoon onward and even becomes the most 

important reason for leaving home after 18:00. 

According to these patterns, three time periods can be distinguished: night-time (23:00 to 8:00), 

when people are at home; day-time (8:00 to 18:00), when most people are working; and evening 

(18:00 to 23:00), as a transient period during which recreational activities are the most frequent 

out-of-home activities. These three periods will be used to compute specific indicators for 

district classification (see below).  

 

Location 

 

Activity 

 
 

Figure 1: Location and activity of the population aged 16 or over according to the hour of the day 

(working day) 

Source: EGT, 2010 (STIF-OMNIL-DRIEA)  

3 Methods 

3.1 Indices of segregation  

From the EGT dataset location, segregation indices were computed hourly (from 4:00 am to 

3:00 am) regardless of the day of the week. If individuals were in transportation (not 

“adherent”), they were removed from the calculation. Among the panel of segregation indices 

commonly used in such works (Massey and Denton, 1988), we selected some for our research 

question in the light of their mathematical properties, their complementarity to measure 

different dimensions of segregation (evenness, concentration, exposure, centrality or spatial 

clustering) and their potential to consider social groups simultaneous (multigroup indices) or 

separately (unigroup indices).  

3.1.1 Multigroup indices 

To assess the extent of social segregation within the city by considering together the different 

social groups, we have selected two multigroup indexes (Reardon and Firebaugh, 2002): the 

Gini index and the information theory index. The first is a measure of disproportionality that 

emphasizes how groups are disproportionately represented in each spatial unit; the second is a 
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measure of diversity that assesses the degree of social mixity within the spatial units. Both vary 

between 0 (no segregation) and 1 (maximum segregation).  

The formula of the Gini index is: 

 

𝐺 =
1

2𝐼
∑ (𝜋𝑚

𝑀

𝑚=1
∑ (∑

𝑡𝑖𝑡𝑗

𝑇2
|𝑟𝑖𝑚 − 𝑟𝑗𝑚|))

𝐽

𝑗=1

𝐽

𝑖=1
 

  

where: I is the Simpson’s interaction index ∑ 𝜋𝑚(1 − 𝜋𝑚)
𝑀

𝑚=1
 

  M is the number of social groups 

  𝜋𝑚 is the proportion of the population of group m 

  J is the number of spatial units 

  𝑡𝑖 is the population in the spatial unit i 

  T is the total population 

  𝑟𝑖𝑚 is the proportion of individuals from group m within the spatial unit i 

 

The information theory index is the weighted difference between the entropy of each spatial 

unit and the entropy of the whole city. The formula is: 

 

𝐻 = ∑
𝑡𝑗

𝑇𝐸
(𝐸 − 𝐸𝑗)

𝐽

𝑗=1
 

  

where: E is the entropy index ∑ 𝜋𝑚𝑙𝑛(1/𝜋𝑚)
𝑀

𝑚=1
 

  𝜋𝑚 is the proportion of the population of group m 

  J is the number of spatial units 

  𝑡𝑖 is the population in the spatial unit i 

  T is the total population 

  𝐸𝑗 is the entropy index of the spatial unit j 

 

3.1.2 Unigroup indices 

To assess the extent of social segregation for each social group, we crossed two indexes: the 

first (Duncan’s dissimilarity index) gave information about the dispersal of every social group 

across spatial units and the second (Moran’s index) is a measure of spatial autocorrelation of 

social groups within the city. Reporting values of these two unigroup indices on horizontal and 

vertical axes, we built a chart - sometimes called a segrograph (Girault and Bussi, 2001) - to 

investigate how segregation of social groups evolved over 24 hours.  

Duncan’s dissimilarity index is commonly used as a measure of pairwise segregation (e.g. 

Black versus White) but it can also be used when measuring segregation of a social indicator 

divided in more than two groups. In this case, Duncan’s dissimilarity index expresses the 

proportion of individuals of a given social group who would have to change their spatial unit 

(without replacement) to get an even distribution of the group relative to the total population.  
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The formula used is: 

𝐷 =
1

2
∑ |

𝑥𝑖

𝑋
−

𝑡𝑖−𝑥𝑖

𝑇 − 𝑋
)|

𝐽

𝑖=1
 

  

where:  𝑥𝑖  is the population of the group in the spatial unit i 

  X is the total population of the group 

  J is the number of spatial units 

  𝑡𝑖 is the population in the spatial unit i 

  T is the total population 

 

Moran’s index is a measure of spatial autocorrelation. Its values vary from -1 (the group 

perfectly repulses itself) to 1 (the group is perfectly clustered in space), and a zero value 

indicates an absence of spatial structure. Moran’s index applied to the distribution of a social 

group equals: 

 

I =
J

∑ ∑ 𝑤𝑖𝑗
𝐽
𝑗=1

𝐽
𝑖=1

∑ ∑ 𝑤𝑖𝑗(𝑟𝑖 − 𝑟)(𝑟𝑗 − 𝑟)
𝐽
𝑗=1

𝐽
𝑖=1

∑ (𝑟𝑖 − 𝑟)
2𝐽

𝑖=1

 

  

where:  𝑟𝑖  is the proportion of the population of the group in the spatial unit i 

�̅� is the mean of the proportion of the population of the group in the spatial 

units 

  J is the number of spatial units 

  𝑤𝑖𝑗  equals 1 if spatial units i and j are neighbours, otherwise 0 

 

3.1.3 Co-presence 

A last index was used here to assess co-presence of social groups in the same spatial units. 

Bell’s index (1954) expresses the probability that a randomly chosen member of group X shares 

the same spatial unit than a member of group Y [xPy]. It is equal to the probability that a member 

of group Y shares the same spatial unit than a member of group X [yPx] only if the two groups 

X and Y have the same population size. To take into account potential differences in group size 

population and to get then symmetric indices, the probability that a randomly chosen member 

of group X is in the same spatial unit than a member of group Y was divided1 by the proportion 

of group Y in the population Y and X. Then, the adjusted index [xP*y] equals 0 if there is no 

co-presence of members of group X and Y in the same spatial units and equals 1 if members of 

groups X and Y are in the same proportion in every spatial unit and totally isolated from  

members of the other social groups. 

                                                 
1 Adjustment methods commonly used in the literature (e.g. Bell, 1954; White, 1986) suggest to divide Bell’s 

index by the proportion of the group Y in the total population. However, when this adjustment method was applied 

to data categorized in more than two groups, the resulting index was not found to vary in the range [0; 1]. Actually, 

this adjustment method postulated that the maximum value of Bell’s index is the proportion of group Y in the 

population, which is true in the case of a population divided in two groups but false for a segmentation in more 

than two groups. This point seems to be ignored in the literature concerning Bell’s index. 
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Then, the formula used is: 

 

𝑥𝑃∗
𝑦 =

𝑋 + 𝑌

𝑌
∑

𝑥𝑖

𝑋

𝐽

𝑖=1

y𝑖

t𝑖
 

  

where:  𝑥𝑖  is the population of the group X in the spatial unit i 

  𝑦𝑖  is the population of the group Y in the spatial unit i 

  X is the total population of the group X 

Y the total population of the group Y 

  J is the number of spatial units 

  𝑡𝑖 is the population in the spatial unit i 

3.1.4 Estimates, confidence intervals and tests of significance 

As performed in other studies (Palmer, 2013), bootstrap methods (by randomly sampling our 

data 1000 times with replacement) were used to estimate means and 95% confidence intervals 

of Gini’s, Information Theory’s, Duncan’s and Adjusted Bell’s indices. Moreover, a Monte 

Carlo permutation test (R=1000) has been used to assess Moran’s autocorrelation index 

statistical significance at a level of 5% (Cliff and Ord, 1981). These methods provide estimates 

of the variance of the sampling distribution of each index and thus the potential error in any 

given estimate. However, they remain imperfect to provide unbiased estimates of the population 

index value from activity travel surveys (see Cools et al , 2010; Palmer, 2013 for extensive 

discussion). 

  

3.2 District classification 

To sum up the diversity of social dynamics throughout the day at district scale, principal 

component analysis (PCA) was computed from 13 district variables. Final district classification 

was obtained with hierarchical clustering. PCA was used to extract key information from highly 

correlated variables, particularly social level and social mixity indicators. 

District indicators describing social profile and changes over 24 hours according to individuals 

present in the district were considered: (1) average value of scholarship duration; (2) average 

entropy index of educational status; (3) range value (maximum–minimum) of scholarship 

duration (% of average over 24 hours); and (4) range value (maximum–minimum) of the 

entropy index of educational status (% of average over 24 hours). Moreover, we also took into 

account district indicators describing changes between the three following time slots: night-

time, from 23:00 to 8:00; day-time, from 8:00 to 18:00; and evening, from 18:00 to 23:00. 

These time slots were chosen according to the aggregated behaviors of daily mobility in the 

Paris region (see section 4.2, Figure 1). For every time slot, we computed: (1) rate of change2 

(in %) of scholarship duration; (2) rate of change (in %) of the entropy index of educational 

status; and (3) rate of change (in %) of population number. For the computation of district 

indicators describing changes between time slots, individuals were weighted according to their 

duration of stay in the district during each time slot: for example, an individual who spent twice 

                                                 
2 Rate of change : (value_time2 – value_time1)/value_time1 
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as long as another in a district during a time slot contributed double to the district social 

composition during this time slot.  

 

4 Results 

4.1  Social segregation in the city around the clock 

Segregation indices vary throughout the day (Figure 2): their values were found to be 

significantly higher during the night (from 21:00 to 5:00) than during the day (between 9:00 

and 16:00). The Paris region is then less segregated during the day than during the night. When 

comparing maximum and minimum values, the Gini index is found to decrease by 15% and the 

information theory index by 30%. The decrease in segregation indexes in the evening is slower 

than the increase in the morning, which may be linked with the daily mobility rhythm observed 

in Figure 1 (departures from home in the morning are more condensed within specific hours 

than returns in the evening). 

 

From a more methodological point of view, we can observe that: (i) indices computed from 

educational status were systematically higher than those computed from socioprofessional 

status, but evolution of their values over 24 hours was very similar; and (ii) the two segregation 

indices (Gini and information theory) gave similar shapes even if values from the information 

theory index (which focuses on social diversity in the districts) decrease relatively more during 

the day-time than those from the Gini index (which measures overrepresentation of groups in 

the districts). This suggests that the strongest phenomena occurring during the day is the 

increasing social diversity within the districts. 

 

 

Figure 2: Variation of social segregation indices in the Paris region around the clock 

Source: EGT, 2010 (STIF-OMNIL-DRIEA).  

 



Le Roux G, Vallée J, Commenges H, 2017. Social segregation around the clock in the Paris 

region, Journal of Transport Geography. 59, pp 134-145 

13 

 

4.2 Various patterns of segregation in the city around the clock according to social 

groups 

Values of the unigroup segregation index (Duncan’s) and spatial autocorrelation index 

(Moran’s) are found to be all significantly positive whatever social groups and hours taken into 

consideration.  

From values of Duncan’s and Moran’s indices plotted in segrographs (Figure 3), we can explore 

how social segregation evolves around the clock for every social group. During the night as 

well as during the day, the upper class remains the most segregated group: segregation indices 

get systematically their highest values for the higher social groups at any time of the day or 

night. Significantly less spatially concentrated in the day than the night, higher educational 

classes still dominate western inner-Paris and the nearby western districts during the day 

(Figure 4). Note that, thought always very high, Duncan’s index values for higher social group 

show the biggest gap between night-time values and day-time values: for higher educational 

status group the decrease from 23:00 to 12:00 is 24%, stronger than all values observed for 

other groups. 

The second most segregated group around the clock is the lower class, as defined from 

socioprofessional status (working-class group and unemployed group) or educational status. 

Lower class members are found to be clustered even during the day in specific districts of the 

northern and eastern peripheries (Figure 4). Duncan’s and Moran’s indices are persistently high 

over 24 hours. When focusing on the unemployed population or on the population with low 

educational status, we notice very little variation in segregation indices between night-time and 

day-time compared to other groups, maybe because they are less mobile. In contrast, in the 

working-class group (workers and domestic services), we observe a larger variation of 

segregation indices between night-time and day-time, maybe because of home-work 

commuting. 

 

Middle-high classes, as defined from socioprofessional status or educational status, are the least 

segregated group. Duncan’s and Moran’s indices are found to be lowest. Interestingly, it is the 

only group for which we observe an increase in spatial autocorrelation from night-time to day-

time. Moran’s index increases during the day to achieve its highest values at the end of the 

afternoon (3 pm and 5 pm for the middle-high class group according to educational status or 

socioprofessional status respectively). Even if precedent analyses have shown that social 

segregation globally decreases during the day, it would be false to conclude that every class 

group follows the same pattern of evolution around the clock. The middle-high class, the least 

segregated social group, tends to concentrate spatially in same part of the region (the south-

west quarter) particularly in the middle of the afternoon.  
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Figure 3: Moran’s and Duncan’s indices for every social group around the clock 

Source: EGT, 2010 (STIF-OMNIL-DRIEA).  



Le Roux G, Vallée J, Commenges H, 2017. Social segregation around the clock in the Paris 

region, Journal of Transport Geography. 59, pp 134-145 

15 

 

 
Figure 4: Proportion of people from the four educational groups in the districts at 5:00 am and 11:00 am.  

Source: EGT, 2010 (STIF-OMNIL-DRIEA)  

Note: The two selected hours (5 am and 11 am) were chosen because they globally maximize differences over 

the 24 hours in the segregation values (cf Figure 3). 
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4.3 Co-presence of educational groups in the same district around the clock 

Adjusted Bell’s indices was plotted in Figure 5 to illustrate how co-presence of members of 

various social groups in the same district vary around the clock. 

 
Figure 5: Adjusted Bell’s indices between the four educational status groups around the clock 

Source: EGT, 2010 (STIF-OMNIL-DRIEA).  

 

Values of the adjusted Bell’s index emphasize one major (though expected) social mechanism: 

the probabilities of co-presence are found to be systematically lower as the groups are socially 

distant. Or, to put it another way, co-presence is least frequent – at any time of the day or night 

- between highest social group and lowest social group and most frequent between socially 

close groups.  

Globally, co-presence probabilities do not vary strongly across time except with and for the 

higher social class. Actually differences between night-time and day-time values (especially in 

the morning) are statistically significant for the pairs “high group-low group” and “high group-

middle low group”. Daily mobility favors co-presence more especially with upper class 

members because of their own mobility of upper class members, but also because of the 
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mobility of other social class members towards districts with large concentration of higher class 

residences.  

While probabilities of co-presence are found to be higher at night between “Low and Middle-

High groups” than between “Middle-Low and High groups”, the contrary is observed during 

the day:  members from “Middle-Low and High groups” have higher probability to be during 

the day in the same district than “Low and Middle-High groups. 

We can interestingly notice in Figure 5 that it is during evening period (21:00) that there are the 

lowest probabilities for individuals from lower educational status and from middle-low 

educational status to share the same district as individuals from highest social groups. 

4.4 Social composition of districts in the Paris region around the clock 

From the principal component analysis, four components are found to gather 79 per cent of the 

variance of the initial 13 indicators. Hierarchical clustering performed on these four 

components led to a division into eight district clusters, as mapped in Figure 6. Cluster profiles 

are summarized in Appendix A. For every cluster, average scholarship duration, diversity in 

educational status, and evolution of population size were calculated hourly using as an example 

the district which was closest to the cluster’s center of gravity (Figure 7). 

During both the day and the night, the educational profile of the population present in the 

western inner Paris and adjacent western municipalities is very high, which underlines the well-

known social composition of the Paris region from residential-based data. Central 

arrondissements (Ier, IIème, IIIème, IVème, VIIIème, IXème arrondissements; cluster 3) are found to 

experience the most drastic population growth (+150% between night-time and day-time, 

Appendix A) and social heterogenization during working hours. These districts are specifically 

very socially selective at evening, when recreational activities are from far the most frequent 

activities carried out, with the lowest educational mixity (entropy values) during this period: 

this may reflect the late departure of highly skilled workers, but also that these districts are 

places where the higher class socializes. Arrondissements of southwest Paris (Vème, VIème, 

XIVème, XVème, XXVIème arrondissements and Saint-Cloud; cluster 2) are the most 

homogeneous urban areas at night in the whole Paris region. With an increase in population 

during the day, social homogeneity decreases slightly but remains one of the highest. Districts 

located in inner Paris (Xème, XIème, XIIème, XIIIème, XVIIème, XVIIIème arrondissements; cluster 

1) or in municipalities on the south-west periphery (e.g., Boulogne-Billancourt or Versailles) 

are upper class residential areas. Less socially homogeneous during the night than the previous 

two district clusters, they experience a slight heterogenization of social profile during the day. 

Districts concentrating populations with an intermediate level of education are the most 

heterogeneous areas during the night in the Paris region. In the first group of districts (e.g., 

XIXème arrondissement or Fontainebleau; cluster 4), the population is found to be more 

homogeneous and slightly less educated during the day than during the night, maybe in 

connection with a decrease in the working class population. In the second group of districts 

(e.g., XXème arrondissement, Saint-Germain-en-Laye or Rambouillet; cluster 5), mainly located 

in the westernmost periphery, a clear decrease in educational profile can be observed during the 

day as a consequence of a large population decrease (-31.5%; Appendix A). Over 24 hours, 

these districts constantly remain very mixed. The last group of middle class districts gathered 

peripheral districts close to inner Paris (e.g., Montreuil or Nanterre; cluster 6). These districts 



Le Roux G, Vallée J, Commenges H, 2017. Social segregation around the clock in the Paris 

region, Journal of Transport Geography. 59, pp 134-145 

18 

 

are also very mixed. Values of entropy are the highest in the Paris region (Appendix A), in 

particular during the day. Moreover, population present during the day is found to be a bit more 

educated than population present during the night (cluster 6). 

Districts concentrating the less educated population both during the day and the night are 

located on the northern and eastern peripheries. In the first group of districts (e.g., Villiers-le-

Bel or Aulnay-sous-Bois; cluster 7), the population is found to be less numerous and less 

educated during the day than during the night. Moreover, these districts are the only ones to be 

more homogeneous by day than by night, maybe because of the departure of more educated 

residents to work places. In contrast, in the second group of districts (e.g., Tremblay-en-France 

or Saint-Denis; cluster 8), the population is found to be more educated during the day than 

during the night, and then more mixed. This variation occurs with an increase in population, 

more educated than the resident population and coming to these areas to work - for instance in 

the international activity area next to Charles-de-Gaulle airport for Tremblay-en-France, or in 

the Plaine Saint-Denis (tertiary, industrial, and academic activities) for Saint-Denis. 

 
Figure 6: District classification in the Paris region according to their social composition around the 

clock 
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 Figure 7: Average scholarship duration, diversity in educational status, and population size around 

the clock for eight districts in the Paris region 

Source: EGT, 2010 (STIF-OMNIL-DRIEA).  

Note: made with “ggplot2” R package (Wickham, 2009; R Core Team, 2016), “coord_polar” function. 
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5 Concluding discussion 

5.1 Methodological points 

Some methodological aspects need to be discussed. The main one deals with districts’ sizes. 

With a median size of 14 km², these spatial units are too large to be consistent with the 

experienced neighborhood. Previous studies carried out in the Paris region showed that 

perceived neighborhoods have a median size of 0.22 km², with a large variety according to 

population income and municipality population size (Vallée et al., 2014; Vallée et al., 2016). 

In addition, we can observe some important variability between the 109 districts’ sizes (from 3 

to 1,326 km²), even if their resident population sizes are approximately similar (around 100,000 

inhabitants). Though considering areas as small as possible is not necessarily better when 

exploring neighborhood effects and people’s neighborhood experience (Vallée et al., 2014), it 

would have been seductive to explore variation in social composition over 24 hours using 

smaller units than districts. However, it would have been too risky since EGT survey was not 

designed to produce valid estimations in smaller units that districts. To be able to use smaller 

spatial units when investigating social segregation around the clock, it may be tempting to use 

an exhaustive population database such as a census or a very large database (such as mobile 

phone data). However, these databases have other major disadvantages: a census does not give 

information about respondents’ daily trips (focusing often only on their commuting practices) 

and mobile phone data do not give information about respondents’ social profile for reasons of 

confidentiality. As things stand at present, a large travel survey provides an appropriate balance 

to explore changes in social composition over 24 hours. The limitation of data sources in 

exploring segregation on a continuum of place versus people-based measures is a constant 

problem exposed in the literature (Farber et al., 2015). 

Two other points also need to be mentioned. Firstly, we only used daily trips on weekdays 

(Monday-Friday) to explore social segregation around the clock. It would also be interesting to 

explore what happens at the weekend. Unfortunately, the sample of daily trips at weekends was 

too small in the EGT survey.  Secondly, the EGT database was limited to inhabitants living in 

the Paris region. Populations residing outside the region but visiting the region during the day 

(long-distance workers, tourists, consumers, etc.) have not been taken into consideration, even 

though their daily mobility may be very specific (e.g., for foreign tourists; Olteanu-Raimond et 

al., 2012). Moreover, some places, such as touristic, business, or commercial centralities, may 

attract very specific populations at a national and international scale (e.g., for popular 

commercial centrality; Chabrol, 2011) and their social composition around the clock may then 

largely differ in resulting maps, depending on whether or not inhabitants living outside the Paris 

region are considered. 

 

5.2 Synthesis of findings 

Four main findings emerge from our original analysis of segregation around the clock in the 

Paris region. 

First of all, the extent of social segregation in the Paris region was found to be weaker during 

the day than during the night. This result is consistent with the study by Silm and Ahas (2014) 

on spatiotemporal variations of (ethnic) segregation in Tallinn (Estonia) and with findings 

comparing residential segregation and workplace segregation (ethnic again) in Los Angeles 
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(Ellis et al., 2004). By analogy to Silm and Ahas’ study who wrote that "ethnic groups are 

distributed much more evenly in the city during daytime, on workdays, and in the summer than 

is indicated by the places of residence of the ethnic groups", we can affirm that social groups 

are also more evenly distributed in the Paris region during daytime than during the night and 

that the probability of co-presence of distinct social groups is higher during the day. A study on 

ethnic segregation in Tel Aviv among African workers underlined their extreme isolation when 

focusing on social interactions regardless of their level of exposure to non-Africans in their 

frequented neighborhoods (Schnell and Yoav, 2001). Let us then recall that our results do not 

signify more social interactions between social groups during the day and could be challenged 

by studies focusing on real interactions between people. In our study, working is the main 

activity explaining this mixing of social groups, whereas leisure activities during the day seem 

to be more socially compartmentalized. In that sense, segregation at the weekend would have 

been interesting to study, as weekend trips are less dependent on mobility constraints such as 

commuting. 

Secondly, when exploring segregation around the clock, we observe that social groups who 

were the most segregated during the night were also those who were the most segregated during 

the day. The upper class was the most segregated group, followed by the lower class. Upper 

class members are those who put more spatial distance with other social groups’ members 

during at night, although it changes during day-time. Elites have been qualified in residential-

based data as “beneficiaries and drivers of residential segregation in Paris” (Préteceille, 2006) 

and this assertion can then easily be extended when adopting an activity-based approach. 

Findings also underline that it is the upper class whose social environment evolves the most 

strongly during day-time, as some of them move to less favored neighborhoods to work and, 

above all, as they live in the areas the most dense in jobs, during the day-time they see a more 

diverse population coming for work. Indeed, as it was shown in earlier studies, spatial mismatch 

is much lower for executives than for workers in the Paris region (Wenglenski, 2004).  

Thirdly, the present paper underlines the major role played by employment in social diversity 

dynamics during the day-time. Working (or studying) is indeed the main motivation for leaving 

the place of residence during a weekday. Moreover, areas dense in jobs experience large social 

heterogenization during day-time whether they are residence places of the upper class or the 

lower class (Appendix A). Areas poorly supplied by jobs become poorer during the day, as less 

favored individuals stay in their neighborhoods during the day-time and the most educated or 

favored people leave the neighborhood to go to work in other parts of the city. However, it 

would be too simplistic to explain variations over 24 hours in district’s social composition only 

by home-work trips. Evening activities (mainly recreational, see Figure 1) lead also some 

change in districts social composition. When comparing evening and night periods (Additional 

table), important changes in social level, social mixity and population number can be 

underlined, notably for central Paris arrondissements (cluster 3 in Figures 6 and 7).  Moreover, 

the lowest probabilities for more socially deprived people to share the same district as less 

socially deprived people occurr during the evening period (Figure 5). 

Crossing residential and daily dynamics reproduces more faithfully the social characteristics of 

populations present in commercial nodes or clusters of workplaces, for instance. For the non-

mobile population, living in a poor neighborhood which is impoverished during the day may 
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not have the same effect as living in a poor neighborhood that attracts a more affluent population 

during the day. 

Lastly, the present paper highlights deep social variations in districts’ social composition over 

24 hours. Districts may have similar social composition during the night, but their social 

composition can evolve in a very different way during the day-time. In some peripheral districts, 

we observe a strong decrease in population’s social level during day-time because of departure 

of the less socially deprived people in other parts of the city and the retention of most socially 

deprived people. This pauperization process can be discussed making an analogy with the 

filtering process notion more commonly used in link with residential mobility (Hoyt, 1939). 

“Residential” filtering process has been used to explain the decline in socioeconomic status of 

neighborhood’s residential population through the deterioration in housing stock, parks, streets, 

schools, and retail businesses over time and the households’ residential mobility from and to 

this neighborhood (departure of the wealthiest households to more attractive neighborhoods, 

maintenance of the most modest households, and installation of modest households in the 

neighborhood). Actually these processes explaining over-concentration of deprived population 

in some areas “at night-time” may be coupled with processes explaining concentration of 

deprived population in the same areas “at day-time”: departure of the most favored people to 

areas providing more local (work, leisure etc.) resources and retention of disadvantaged people. 

The most critical areas where public actors have to implement interventions actions could then 

be those where residential and daily filtering processes occur.  

 

5.3 Conclusion 

The present paper urges then a more general consideration of daily mobility as both reflecting 

and driving social and spatial division in cities. Such an approach may help scholars to consider 

dynamically neighborhood attributes and neighborhood effects. Crossing residential and daily 

dynamics reproduces indeed more faithfully the social characteristics of populations present in 

commercial nodes or clusters of workplaces, for instance. For the non-mobile population, living 

in a poor neighborhood which is impoverished during the day may not have the same effect as 

living in a poor neighborhood that attracts a more affluent population during the day. Taking 

daily mobility into account may also help public and municipal actors to implement some 

interventions in areas with a high concentration of specific social groups around the clock and 

to reduce more effectively social inequalities within the metropolitan area.  
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Appendix A  

Summary of districts’ profiles in the Paris region for every eight clusters issued from 

classification 

 Cluster 

1 

Cluster 

2 

Cluster 

3 

Cluster 

4 

Cluster 

5 

Cluster 

6 

Cluster 

7 

Cluster 

8 

Variables 

from 

curves of 

evolution 

per hour 

Average social 

level** 13.4 14.1 14.0 11.7 11.9 12.3 10.8 10.4 

Average entropy*** 0.93 0.84 0.87 0.96 0.96 0.97 0.92 0.90 

Range of the average 

social level (% of 

average) 4.8% 6.1% 7.3% 4.1% 7.3% 4.0% 5.6% 6.9% 

Range of the average 

entropy (% of 

average) 6.2% 17.6% 15.7% 3.7% 4.3% 2.5% 5.3% 8.6% 

Variables 

computed 

upon time 

slots*  

Social level rate of 

change, night/day-

time -3.0% -3.9% -3.5% -0.7% -4.8% 1.4% -2.3% 4.0% 

Entropy rate of 

change, night/day-

time 4.4% 14.0% 8.6% 1.0% 0.1% 0.3% -0.5% 6.1% 

Population rate of 

change, night/day-

time -1.5% 9.2% 150.4% -16.3% -31.5% 8.1% -22.7% -7.6% 

Social level rate of 

change, day-

time/evening 2.1% 3.1% 4.7% 0.0% 3.7% -1.5% 1.3% -3.9% 

Entropy rate of 

change, day-

time/evening -2.5% -8.6% -10.0% -1.1% -0.2% -0.2% -0.4% -5.3% 

Population rate of 

change, day-

time/evening -1.6% -7.5% -41.7% 12.9% 34.9% -8.9% 24.2% 5.7% 

Social level rate of 

change, evening/night 1.0% 1.0% -1.0% 0.7% 1.3% 0.2% 1.1% 0.1% 

Entropy rate of 

change, evening/night -1.7% -3.9% 2.3% 0.1% 0.2% -0.1% 0.9% -0.4% 

Population rate of 

change, evening/night 5.5% 4.0% -30.5% 6.7% 9.3% 5.3% 5.3% 4.1% 

Illustrative 

contextual 

variables 

Employment**** 

density median (/km2) 

13,590 15,344 39,157 669 433 4,155 663 1,145 

Notes: * Time slots: day-time = 8:00–18:00; evening = 18:00–23:00; night = 23:00–8:00. Statistics computed by 

weighting population in the district by the presence duration within the time slot. 

** Social level: mean of the scholarship duration of people in the district.  

*** Entropy: entropy measure computed on the four groups of educational status. 

**** Number of jobs in the district (from the French census) divided by the area of the district. 

Sources: EGT, 2010 (STIF-OMNIL-DRIEA). INSEE, 2013. 
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