
The Consumer City Revisited:
Consumption Responses to Real-Time Population Presence*
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Abstract

This paper combines high-frequency mobile phone location data with card transaction records,
to examine the relationship between the number of individuals present in a zone (’real-time
population’) and economic transactions. Using data from the metropolitan area of Lyon, France’s
second-largest urban area, and a Poisson Pseudo-Maximum Likelihood estimator, we estimate
the elasticity of transactions with respect to a real-time count of individuals present in each
of over one thousand zones. We find (1) substantial temporal and geographical heterogeneity
in consumption responsiveness, with elasticities ranging from 1.04 in the urban core to 0.84 in
peripheral areas and peaking at 1.08 during Saturday midday, with elasticities declining to 0.98
on Sunday; (2) persistent spatial frictions, with transaction flows declining by about 2% for a
1% increase in distance from home; (3) a goods-services dichotomy, where goods, especially
essentials such as retail food purchases, exhibits near-unit elasticity while experiential services
show significantly lower responsiveness.
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1 Introduction

The economic advantages of urban density have long been studied through two complementary

lenses. The first, rooted in the seminal work of Duranton and Puga (2004), focuses on supply-side

productivity gains—infrastructure sharing, worker-firm matching, and knowledge spillovers—as

the primary drivers of urban concentration. Yet this production-centered perspective overlooks a

fundamental aspect of urban life: households choose locations not only for employment opportu-

nities but also for access to goods, services, and amenities that enhance well-being. This second

perspective, formalized by Glaeser et al. (2001) through the “consumer city” concept, positions

consumption externalities as a core mechanism of urban agglomeration. While the productivity

benefits of density are now well-documented (Ahlfeldt and Pietrostefani, 2019), the consumption-

side channels through which density generates economic activity remain poorly understood (Hen-

derson and Thisse, 2024), a critical gap recently emphasized by Donovan et al. (2024), who argue

that “to develop a fuller understanding of urban economic advantages, we advocate for more

research into agglomeration economies in consumption.”

This paper provides direct empirical measurement of the degree to which real-time popula-

tion presence (observed presence of individuals) translates into economic transactions via on-site

commercial consumption,1 and the way in which spatial frictions shape these interactions. We

combine two novel datasets at an unprecedented level of granularity: (1) mobile phone records

capturing real-time population across 1,151 Iris zones in the Lyon metropolitan area, with 30-

minute resolution over a 28-day period in September 2022;2 and (2) comprehensive card transac-

tion records documenting the exact timing, value, and location of economic activity.3 By merging

these datasets at the 30-minute interval and with fine geographic resolution, we construct a unique

panel that links consumer presence to economic outcomes with both spatial and temporal preci-

sion.

To estimate the elasticity of transactions with respect to population presence, we employ a

Poisson Pseudo-Maximum Likelihood (PPML) estimator (Gourieroux et al., 1984; Silva and Ten-

reyro, 2006). This approach is particularly well suited to our data for three reasons. First, it ac-

commodates the zeroes in our high-frequency data, where many zone-time combinations exhibit

1We study on-site commercial consumption of goods and services: e.g. shopping in stores, dining in restaurants and
bars, and attending theaters and other cultural venues.

2Lyon is France’s second-largest functional urban area, characterized by a dense central city, intermediate suburbs,
and rural outer suburbs. Iris zones, defined below, are similar to census block groups.

3These data were made available through a partnership with Cartes Bancaires CB (hereafter ’CB’), with all analyses
conducted in compliance with EU General Data Protection Regulation (Article 89).
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no transactions. Second, it remains consistent even when the error distribution deviates from the

Poisson assumption, addressing potential heteroskedasticity in our panel data. Third, the PPML

framework allows us to incorporate comprehensive fixed effects, including zone and date-hour

fixed effects, to control for unobserved heterogeneity across spatial units and temporal periods.

We further extend this framework to a micro-gravity model, adapting the traditional gravity

equation (Anderson and van Wincoop, 2003; Head and Mayer, 2014) to quantify the degree to

which distance and travel time deter economic interactions at the intra-urban scale. This dual

approach, estimating both presence-transaction elasticities and spatial decay patterns, enables us

to address two critical questions: (1) How does the presence of individuals generate economic

activity in real time? and (2) How sensitive are economic transactions to intra-urban travel costs?

Our analysis yields five key findings that reshape our understanding of urban economic dy-

namics. First, both transaction count and total value exhibit near-unity elasticities with respect

to presence (estimated as 0.99 and 0.93, respectively), with overlapping confidence intervals. This

suggests that agglomeration influences the extensive margin of economic activity similarly, whether

measured as number or value of transactions; we do not find a statistically significant difference

in response to presence counts.

Second, our analysis uncovers substantial temporal heterogeneities in consumption respon-

siveness to urban density. The elasticity of transactions to population presence reaches 1.08 dur-

ing Saturday midday peaks, double the 0.54 observed during morning commuting hours. Con-

versely, we estimate that Sundays exhibit 13% lower responsiveness than weekdays, indicating a

shift toward non-commercial activities. By documenting substantial temporal heterogeneities in

consumption responsiveness to population density, we quantify for the first time the fluctuations

in the relation between urban density and commercial transactions with the rhythm of daily and

weekly cycles, a dimension entirely missing from previous aggregate analyses. In particular, the

large intra-day differences introduce an important qualification to previous results, computed on

daily or weekly data, that find mobility data to be a good proxy for economic activity.

Third, we provide direct empirical evidence of diminishing response of transactions to counts

of individual presence across spatial dimensions. Consumption elasticities decline systematically

from 1.04 in the urban core to 0.84 in rural suburbs. This spatial gradient is compatible with

the idea that central locations offer greater variety and more efficient consumer-provider match-

ing, while peripheral areas suffer from thinner markets and higher search costs, and is consis-

tent with spatial heterogeneity in consumption responsiveness. This spatial gradient corrobo-
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rates the monocentric city model of Alonso-Muth-Mills (Henderson and Thisse, 2024), where ag-

glomeration benefits are theoretically predicted to concentrate in central areas. By extending this

framework to consumption behavior, we provide a missing link between spatial economics and

consumer-level outcomes.

Fourth, our estimates point to a dichotomy between goods and service sectors. We find that

goods-oriented sectors (e.g., food retailing, with an elasticity near unity) tend to convert pop-

ulation presence into economic transactions to a higher degree than do service sectors such as

entertainment and cultural activities. This unexpected result suggests that goods sectors reduce

consumers’ search costs more effectively through greater variety and proximity, whereas service

sectors may suffer from capacity constraints (e.g., limited seating) and congestion effects (e.g.,

waiting times), which diminish their ability to capitalize on density advantages. This finding

re-conceptualizes the mechanisms of agglomeration economies, indicating that access to goods,

rather than services, emerges as the primary channel through which urban density stimulates

economic activity. It contradicts the prevailing assumption in the literature, notably by Glaeser

et al. (2001), which posits that service sectors benefit disproportionately from urban density due

to their reliance on social interactions.

Finally, we quantify persistent spatial frictions at the intra-urban scale, showing that a 1% in-

crease in distance from home (or travel time) reduces transaction flows by 2.1% (2.4%). This result

emerges from a Poisson Pseudo-Maximum Likelihood (PPML) estimator (with origin-day and

destination-day fixed effects), a methodological approach uniquely suited to our zero-inflated,

high-frequency mobility data. By leveraging this framework, we find evidence that intra-urban

economic interactions remain highly sensitive to physical proximity, even in the digital age, a find-

ing that complete the broader mobility trends observed at larger geographic scales (Bounie et al.,

2026). Our micro-gravity analysis uncovers a critical but overlooked dimension of urban eco-

nomic activity: localized travel frictions, nonlinear costs, and the availability of close substitutes

collectively dampen transaction flows within cities, even over short distances. This persistence

of spatial constraints underscores that physical proximity continues to dominate economic inter-

actions at the micro-geographic level. These findings highlight the need for policies targeting

localized barriers to economic interaction, an aspect often neglected in macro-level analyses but

crucial for understanding the uneven economic performance of urban neighborhoods.

The remainder of the paper is organized as follows. Section 2 reviews the relevant literature on

consumer mobility measurement and urban economic analysis and the links of the present paper
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with this literature. Section 3 describes the unique dataset and study area characteristics. Section

4 presents the econometric framework for estimating transaction elasticities, and the resulting

empirical analysis of presence-transaction relationships and their systematic variations. Section 5

examines the dynamic patterns of mobility through the gravity model framework and compares

mobility patterns from both data sources. Section 6 concludes.

2 Related and Contributions to the Literature

This section reviews the literature in three complementary domains that inform our analysis:

consumer mobility, agglomeration economies, and micro-gravity models of economic interac-

tion. Each of these bodies of literature has developed separately, with distinct methodological ap-

proaches and empirical challenges. The present study bridges these domains by integrating high-

frequency, high-granularity mobility and transaction data, to provide a framework for analysis of

the interaction between real-time population presence and economic activity at micro-geographic

scales.

Consumer Mobility: From Patterns to Economic Impacts. The empirical analysis of consumer

mobility has undergone a paradigm shift with the advent of high-frequency geolocated data, mov-

ing beyond the static snapshots provided by traditional travel surveys. Early studies relied on

costly, infrequent surveys that captured only aggregate mobility patterns, but recent advances in

mobile phone and transaction data have enabled more dynamic analyses (Bonnetain et al., 2021).

However, with only a few exceptions, prior work has typically examined mobility patterns and

consumption behavior in isolation, leaving unanswered the critical question of how these dimen-

sions jointly shape economic activity.

A growing body of literature leverages mobile phone data to analyze urban mobility and to

predict economic activity. Kreindler and Miyauchi (2023) exploit cell phone records of daily com-

muting flows to estimate economic outcomes, showing that destination fixed effects predict local

income with high accuracy. While powerful, this approach is limited to commuting patterns and

cannot capture intra-day and non-commuting movements. In contrast, Miyauchi et al. (2025) uses

smartphone GPS data to examine trip chains in Japan and study how mobility may generate con-

sumption externalities across locations. However, while their study identifies mobility patterns, it

does not measure the economic transactions resulting from these movements. Thus, while these

studies provide important insights into mobility, they typically cannot capture the ways in which
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overall daily movements (including short, intra-day, and non-commuting trips) translate into eco-

nomic activity.

In parallel, a distinct literature employs transaction data to study consumption patterns. Agar-

wal et al. (2017) pioneered the use of credit card transactions to analyze local geographical mobil-

ity, while Carpio-Pinedo et al. (2022) and Dolfen et al. (2023) map urban expenditure patterns and

quantify e-commerce’s consumer surplus. More recently, Bounie et al. (2023, 2026) use billions of

French card transactions to study inter-regional trade, revealing how COVID-19 altered mobility

and spending. These transaction-based studies focus primarily on the geographical distribution

of purchases rather than the real-time relationship between population presence and economic

activity; the present study addresses the latter objective.

Two notable exceptions, Campos-Vazquez and Esquivel (2021) and Cepparulo (2025), attempt

to bridge this gap by combining transaction data with mobility metrics. Campos-Vázquez and

Esquivel (2021) use data from Mexico to estimate the elasticity of point-of-sale (POS) expenditures

with respect to mobility, finding a near-unity relationship. However, their analysis is constrained

by three critical limitations: (1) their POS data cannot distinguish between online and in-store

transactions, conflating substitution effects between physical and digital consumption; (2) their

mobility data (Google/Apple) measures visits to broad categories (e.g., ”Retail and Recreation”)

rather than sector-specific presence, obscuring the alignment between mobility and transaction

contexts; and (3) their state-week level aggregation masks sub-regional heterogeneities in con-

sumption responsiveness. Cepparulo (2025) advances the literature by separating online and

in-store spending in the UK, revealing that mobility is a strong predictor of in-store—but not on-

line—consumption. Yet Cepparulo’s district-level analysis lacks sectoral decomposition and relies

on mobility categories that do not align precisely with transaction-specific contexts.

Our analysis builds on and extends prior work in four ways. First, we disaggregate consump-

tion by sector, estimating elasticities for 12 economic sectors. This allows us to examine differences

in responsiveness between goods and services, a distinction that earlier, more aggregated studies

could not explore in detail. Second, we ensure consistency between mobility and transaction con-

texts by using the same aggregate presence measures (by zone and time interval) for all transaction

sectors. While mobility data are not sector-specific, this approach allows us to compare the ways

in which different economic sectors respond to overall population presence within each zone and

time interval. Third, we estimate the model using Poisson Pseudo–Maximum Likelihood (PPML),

which is well suited to our data given the prevalence of zeros and potential heteroskedasticity. As
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in previous specifications, we include two-way fixed effects, though at a much finer level (zone ×

date-hour) to absorb location- and time-specific unobserved heterogeneity. Finally, we assess how

consumption responsiveness varies across time of day, day of week, and urban subgroups (core

vs. periphery). This decomposition highlights systematic patterns tied to urban density, sectoral

composition, and daily economic rhythms, dimensions that coarser, lower-frequency data may

obscure.

Agglomeration Economies: Empirical Gaps. The literature on agglomeration economies pro-

vides the theoretical framework for understanding the ways in which spatial concentration con-

tributes to economic activity. Our work builds directly on the “consumer city” hypothesis of

Glaeser et al. (2001), which argued that urban success increasingly depends on cities’ ability to

provide attractive consumption amenities. However, Glaeser et al. (2001) relied on indirect prox-

ies (e.g., restaurant density, housing price growth) to infer the demand for urban amenities. This

paper provides the most fine-scaled measurement of the way real-time population presence gen-

erates economic transactions in the literature, addressing three critical gaps in these analyses: (1)

the lack of micro-geographic data to test consumption-based agglomeration mechanisms; (2) the

inability to distinguish between goods and service sectors; and (3) the absence of dynamic, high-

frequency evidence on the ways that urban density translates into economic activity.

Our analysis reveals three key findings that challenge conventional assumptions about urban

consumption. First, we uncover a systematic goods-services dichotomy, where goods sectors (e.g.,

retail food) exhibit near-unity elasticities with respect to population presence, while service sectors

(e.g., entertainment) show significantly lower responsiveness, a pattern that prior aggregate stud-

ies could not detect. Second, we quantify persistent spatial frictions at micro-geographic scales,

estimating that transaction flows significantly decrease with distance from home, even within a

single metropolitan area. Third, we document pronounced temporal heterogeneities, with con-

sumption responsiveness varying systematically by time of day and day of week. Elasticities

peak during Saturday midday and decline in the afternoon and on Sundays, reflecting shifts to-

ward non-commercial activities and reduced retail activity. These results extend the ”consumer

city” framework by providing evidence that urban density stimulates economic activity not only

through reduced search costs (as hypothesized by Glaeser et al. (2001) but also through sector-

specific and temporally dynamic mechanisms. By aligning mobility with transaction contexts and

employing robust econometric methods (PPML with comprehensive fixed effects), we provide

the first micro-geographic evidence on how spatial and temporal patterns of population presence
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shape urban economic outcomes.

Micro-Gravity Models: Bridging Macro and Micro Perspectives. The literature on gravity mod-

els has evolved from its origins in international trade analysis, pioneered by Tinbergen (1962)

and later formalized by Anderson and van Wincoop (2003), to more recent applications in inter-

regional trade, where studies such as Combes et al. (2005) and Head and Mayer (2014) have shown

that spatial frictions can shape economic linkages within countries. This work has consistently

shown that distance remains a key determinant of trade patterns, even as digital technologies

reduce some traditional barriers. However, while inter-regional studies have advanced our un-

derstanding of sub-national trade flows, they typically rely on coarse spatial units (regions) or

annual data, limiting their ability to capture the micro-geographic dynamics of economic interac-

tions between or within cities. For instance, while Bounie et al. (2026) examine inter-regional trade

using a rich data set consisting of card transactions made on approximately 85 million bank cards

in France, they focus on annual aggregates, rather than the intra-daily and intra-weekly variations

that we are able to measure using high-frequency counts of individuals.

In this paper, we construct a micro-gravity framework using mobile phone data with geo-

located card transactions at very fine scale, and we quantify the spatial decay of economic in-

teractions with unprecedented precision. Our results show that sectoral composition, temporal

alignment with consumption cycles, and localized spatial frictions all affect the relationship be-

tween density and economic activity.

3 Data Sources and Study Area Characteristics

This section describes the data used to analyze real-time presence and consumption patterns in

the Lyon functional urban area in September 2022. We combine two main sources: mobile phone

data that measure population presence and mobility and card transaction data that capture retail

consumption, both at high spatial and temporal resolution.

Mobile Phone Data. Real-time population data –that is, counts of individuals present in a zone

during a time interval– are provided by the Orange mobile network operator. The dataset records

counts of individuals detected within each Iris zone4 at 30-minute intervals over a 28-day period,

4The Iris zones (Ilots Regroupés pour l’Information Statistique) are sub-municipal geographic units defined by ge-
ographic and demographic criteria. These zones are primarily used in municipalities with at least 10,000 inhabitants,
with a significant proportion in those having between 5,000 and 10,000 inhabitants. Their population typically ranges
from 1,800 to 5,000 inhabitants.
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from September 5th to October 2nd, 2022. Presence counts are derived from SIM card detections

and have been adjusted by Orange to better reflect actual population presence.5

The geographical coverage corresponds to the Lyon Aire d’Attraction de la Ville, consistent with

the EU–OECD definition of a functional urban area (FUA) (Djikstra et al., 2019). To avoid trun-

cating mobility patterns near the metropolitan fringe, the perimeter is extended by incorporating

adjacent bassins de vie6 (urban services zones). The resulting study area comprises 1,151 Iris zones.7

The first dataset used in Section 4 captures these presence counts and is organized as an N × T

matrix, where N = 1,151 Iris zones and T = 896 time intervals (28 days at 30-minute intervals

between 6 a.m. and 10 p.m.). Each row i corresponds to an Iris zone and each column t records

the number of individuals present in zone i during interval t.

For the mobility analysis in Section 5, we use a second dataset capturing real-time presence

in destination zones d ∈ N, segmented by individuals’ home locations o ∈ M. The data are

organized as M × N matrices (M = 492, N = 1,151),8 with one matrix per 30-minute interval.

For each individual, the residence zone is inferred as the most frequent overnight location on the

previous day based on mobile phone activity. These matrices therefore describe origin–destination

mobility flows linking individuals’ home zones to the zones they visit throughout the day.

To analyze mobility distances, we compute road-network distances and free-flow travel times

between zones using the metric.osrm R package, which queries an OSRM (Open Source Routing

Machine) routing server. Distances and travel times are first calculated between the centroids of all

1,151 Iris zones, producing a complete 1,151 × 1,151 origin–destination matrix. Because residence

zones in the mobile phone data are larger than Iris zones, we aggregate Iris-level distances using

population weights derived from the French population census. For the remainder of this paper,

we will use the terms ‘presence’ and ‘presence count’ to indicate these counts of the number of

individuals observed to be present in a particular zone and 30-minute time interval. These obser-

vations are of French residents; we will sometimes use the term ‘domestic’ presence to emphasize

this feature.
5Appendix A.1 provides additional details on the mobile phone data and the real-time presence indicator.
6A bassin de vie is another form of zone defined by Insee, which “constitutes the smallest territory where residents

have access to the most common services and facilities.”
7Insee is the French national statistical agency, Institut national de la statistique et des études économiques.
8Night-time residence zones are larger than Iris zones and typically aggregate around three Iris zones each.
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Card Transaction Data. To measure consumption, we use transaction-level data provided by

the Groupement des Cartes Bancaires (CB).9 France has a mature bank card market, and the CB

scheme—created by French banks in 1984—is the largest payment networks in the country. As of

2023, the system included around 72 million cards and 1.8 million affiliated merchants.

The dataset records each transaction with detailed information including its value, the date

and time of the transaction (to the second), and the geographical location of the merchant. For the

purposes of this study, we restrict attention to point-of-sale transactions (those made in person),

excluding online purchases so that consumption activity can be directly compared with mobility

patterns captured in the mobile phone data.

A key advantage of the dataset is its broad coverage: it represents approximately 48% of house-

hold consumption expenditure excluding fixed charges, making it highly representative of con-

sumption behavior in France (see Bounie et al. (2023) for a detailed description of the data).

To facilitate comparison with the mobile phone data, we aggregate transactions to the same

spatial and temporal resolution as the mobile phone dataset. The resulting data are organized at

the Iris × 30-minute interval level and cover the same observation period and study area. The

construction of the analytical dataset is described in detail in Appendix A, while Appendix A.3.2

provides further details on the sectoral segmentation.

For the estimation of gravity models in Section 5, we also construct an origin–destination ma-

trix linking the postcode of cardholders’ residences to the Iris zones where expenditures occur.

Residence locations are identified when cardholders provide billing or shipping addresses in on-

line purchases. These postcode-based residence zones are larger than those defined in the mobile

phone data, encompassing around eight Iris zones on average, resulting in 150 residence zones

within the Lyon FUA. The resulting matrix therefore has dimensions L × N × T = 150 × 1,151 ×

896. Further details are provided in Appendix A.3.3.

Spatial Classification of the Study Area. To characterize the spatial structure of the Lyon metropoli-

tan area and to detect heterogeneity in the relationship between presence and economic transac-

tions, we use the municipal density grid produced by Insee (Beck et al., 2022). This classification

distinguishes zones according to their level of urbanization and allows us to group Iris zones into

9We use the abbreviation ‘CB’ to denote transactions processed through the Cartes Bancaires network. CB cards
include immediate-debit cards, deferred-debit cards, and credit cards, although merchants accepting CB typically do
not distinguish between these types.
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four categories: the city centre of Lyon, the inner suburbs, urban outer suburbs, and rural outer

suburbs.

Figure 1 presents the study area and the classification of Iris zones according to this density

grid. According to the 2020 population census, the Lyon functional urban area contains approxi-

mately 2.7 million inhabitants and covers 6,953 km2.

Figure 1: Classification of Iris zones within the functional urban area of Lyon

Notes: This figure displays the map of the study region, Lyon’s functional urban area, and the Iris zones classified into
four different groups. These Iris groups are defined according to Insee’s municipal density grid: the city centre of Lyon,
the rest of the urban core (the inner crown), and the hinterland (the outer crown). The hinterland is further divided into
two categories, urban zones and rural zones, again based on the municipal density grid established by Insee. The axes
of the figure indicate latitude and longitude.

4 Transaction Responses to Population Presence

This section examines the relationship between counts of individual presence and economic trans-

actions. We begin by presenting comprehensive descriptive statistics that reveal key stylized facts

about urban activity patterns in the Lyon metropolitan area. Following this analysis, we outline

our econometric strategy, detailing the Poisson Pseudo-Maximum Likelihood (PPML) estimation

approach. The section then presents our core empirical results.
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4.1 Descriptive Statistics: Key Patterns in Urban Activity

Descriptive statistics for card transaction data and mobile phone presence measurements provide

essential context for our empirical analysis. The combination of these datasets enables us to esti-

mate the elasticity of economic transactions with respect to consumer presence in specific zones

and time intervals.

The mobile phone data cover a 28-day period in September-October 2022 (from September 5

to October 2, 2022), with observations collected every 30 minutes between 06:00 and 22:00 across

1,151 Iris geographic zones. This results in a total of 1,031,296 (= 896 × 1,151) zone-period obser-

vations, providing exceptionally rich temporal and spatial detail to capture urban dynamics. At

any given timeslot, up to 3.18 million unique individuals are detected across the Lyon functional

urban area (7,000 km2). Mobility within the area is substantial and varies over the course of the

day and the week. On average, within 30-minute timeslots, individuals are observed in between

1.2 Iris zones (at 6 a.m. on weekends, when mobility is lowest) and 2.4 zones (around 7:30 a.m.

and 5:30 p.m. on weekdays, when mobility peaks).

The card transaction dataset complements this picture by capturing the consumption behav-

ior of present individuals. It records approximately 20.5 million transactions totaling €708 mil-

lion, carried out by 2.38 million unique cards across 18,220 distinct commercial establishments

(SIRETs).10 This represents an average of 8.6 transactions per active card over the month. How-

ever, consumer behavior exhibits substantial heterogeneity in card usage patterns, with a mix of

occasional and intensive card users. While more than 45% of cards are used on only a single day,

a large share of transactions is generated by cards observed repeatedly throughout the period

(around 2.74 million cards).

Spatial distribution. Table 1 reveals notable spatial disparities in average presence, transaction

counts, and transaction values per 30-minute interval across the Lyon functional urban area and

its Iris zone groups.

In Panel A, the city of Lyon stands out with the highest real-time presence, with median values

around 4,579 people per interval and peaks exceeding 26,000 in the busiest zones. Inner and urban

outer suburbs show slightly lower medians but display a similar range of variability, while rural

outer suburbs register much smaller medians and maximum values, reflecting their lower activ-

10A SIRET (Système d’Identification du Répertoire des Établissements) is a unique 14-digit identifier assigned to each
physical business establishment.

12



ity. Across all 1,151 zones, the mean presence reaches 4,549 people per interval, with a standard

deviation of 3,871, highlighting considerable heterogeneity between zones.

The average and median presence counts do not by themselves reveal large differences be-

tween Lyon, the inner suburbs, and the outer suburbs. This is partly because Iris zones vary in

size: more urbanized areas tend to have smaller zones, each designed to encompass roughly the

same number of residents. However, when results are aggregated by zone group, the differences

in overall presence and population density become clearer.

Across the entire Lyon functional urban area (7,000 km2), up to 3.18 million unique individuals

are detected on average.11 Within Lyon city, the number of detected individuals reaches 644,000

across 48 km2, corresponding to a density of 13,400 individuals per km2–meaning that roughly

20% of total presence is concentrated in just 0.7% of the Lyon FUA. The inner suburbs host up

to 853,000 individuals over 300 km2 (around 2,900 per km2), so 27% of presence is concentrated

in only 4.3% of the FUA. The outer urban and rural suburbs account for 1,006,000 and 678,000

individuals, respectively, across 1,500 km2 and 5,000 km2, with densities of 620 and 140 per km2.

In other words, 32% of presence is located in the urban zones of the outer suburbs covering about

20% of the FUA, while 21% is in rural outer suburbs covering about 75% of the FUA.

Panel B, which reports transaction counts, highlights stark contrasts in consumer behavior

across zones and zone groups. Many zones, particularly in rural areas, record zero transactions

per interval, whereas central urban zones reach medians of 17–25 transactions and occasional

extremes up to 580 in Lyon. Inner and urban outer suburbs display moderate activity, with median

transactions around 3–10 per interval and occasional high-volume spikes.

The spatial distribution of transactions mirrors the one of population presence across the FUA,

but transactions are even more strongly concentrated in urban areas. About 30% of transactions

occur in Lyon city on average, 26% in the inner suburbs, 36% in the urban areas of the outer

suburbs, and only 8% in the rural zones.

Panel C, covering transaction values, follows a similar pattern. Central Lyon zones display the

11This estimate is computed by summing, within each timeslot, the difference between presence and entries across
zones. Presence refers to the total number of individuals detected in a zone during a given timeslot, while entries cor-
respond to individuals detected in that zone during the timeslot who were not present there in the previous one. For
each timeslot, we then aggregate these counts to estimate the number of unique individuals across zones, implicitly
assigning mobile individuals to the first zone they occupy at the start of the timeslot. The figure of 3.18 million corre-
sponds to the average daily peak, typically observed around 6 p.m., over the period from September 5 to October 2,
2022. In the measure of real-time presence used in the tables and estimations, mobile individuals are counted in each
Iris zone they occupy within a given timeslot. As a result, the average presence per zone is artificially inflated due to
the mobility of individuals.
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Table 1: Spatial disparities in presence, transaction count, and value

Group # Zones Min Q1 Median Mean Q3 Max SD

Panel A: Presence
Lyon 185 475.50 2,835.42 4,578.63 5,590.86 6,766.22 26,321.61 4,065.89
Inner suburbs 281 403.36 2,208.72 4,033.89 5,115.84 6,663.04 29,038.02 4,403.43
Urban outer suburbs 298 328.57 2,661.80 4,345.57 5,421.67 7,193.13 22,912.53 3,904.02
Rural outer suburbs 387 84.75 1,086.50 2,190.51 2,966.45 3,856.21 20,504.81 2,666.63
All 1,151 84.75 1,849.74 3,531.61 4,548.68 5,966.36 29,038.02 3,870.71

Panel B: Transaction count
Lyon 185 0 6.40 16.77 34.08 42.43 580.55 57.98
Inner suburbs 281 0 3.04 8.04 19.58 19.95 266.34 33.82
Urban outer suburbs 298 0 3.00 9.87 25.28 31.57 276.54 39.31
Rural outer suburbs 387 0 0.15 0.75 4.51 3.75 97.38 10.85
All 1,151 0 0.74 5.56 18.32 20.09 580.55 37.04

Panel C: Transaction value
Lyon 185 0 140.92 420.50 978.07 978.74 21,699.30 2,124.36
Inner suburbs 281 0 91.29 216.07 736.75 569.18 12,746.71 1,653.20
Urban outer suburbs 298 0 94.46 323.24 1,061.51 1,218.67 14,101.46 1,904.35
Rural outer suburbs 387 0 8.08 27.92 180.59 140.60 4,058.55 462.30
All 1,151 0 28.07 167.56 672.62 588.95 21,699.30 1,591.39

Notes: This table shows the distribution of Iris zones’ average presence, transaction count, and transaction value across
30-minute intervals in our 28-day sample (6a.m. to 10p.m.), by Iris zone groups and for the entire functional urban
area of Lyon. For example, in Lyon, the zone with the lowest average presence recorded approximately 475 people per
timeslot, whereas the zone with the highest average presence recorded around 23,321 people per timeslot.

highest median values (€421 per interval) and extreme peaks exceeding €21,000, while inner and

urban outer suburbs show moderate medians with substantial variation. Rural zones, in contrast,

experience much lower transaction values. Across the entire urban area, economic activity varies

widely, with a mean transaction value of €673 per interval and a standard deviation of €1,591.

Results show interesting differences in average basket size. While Lyon city sees the highest

number of transactions, the average spending per transaction is slightly lower (€25) compared

with outer urban (€33) and rural zones (€37). This suggests that in rural areas, even though trans-

action frequency is low, individual transactions tend to be larger, likely reflecting bulk purchases

or fewer but more substantial shopping trips. Conversely, in central urban areas, the high volume

of transactions corresponds to smaller, more frequent purchases.

In terms of spatial distribution across the Lyon FUA, spending broadly mirrors the pattern

observed for transaction counts but underscores the relatively larger contribution of urban zones

in the outer suburbs. Approximately 23% of total spending occurs in Lyon city, 27% in the inner

suburbs, 41% in the urban areas of the outer suburbs, and only 9% in rural zones.

Figure 2 presents the same statistics (average presence, transaction counts, and transaction val-

ues per 30-minute interval) as maps, with one map each for presence, transaction count, and trans-
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action value. Visually, presence, transaction count, and transaction value appear to be strongly

correlated. Again, presence, transaction count and transaction value per zone and timeslot do not

visually reveal substantial differences between the urban core and the outer suburbs due to Iris

zones being smaller in more urbanized areas (466 zones in the urban core, covering only 5% of

the total FUA area, compared with 685 zones in the outer suburbs, covering 95% of the total FUA

area).

Figure 2: Spatial distribution of average presence, transaction count and transaction value

Notes: This figure presents spatial distributions of average population presence, transaction count, and transaction
value across Iris zones in the Lyon metropolitan area. The maps visualize 30-minute interval averages over our 28-day
study period (6:00 to 22:00). To enhance visual comparability, all values are displayed on a logarithmic scale, with zero
values assigned to zones where transaction counts or values fell below 1.

Temporal distribution. Figures 3 and 4 compare the hourly dynamics of real-time population

presence with card transaction activity. Figure 3 highlights temporal patterns across the day for

weekdays, Saturdays, and Sundays, while Figure 4 adds a spatial dimension by distinguishing be-

tween zone groups, as defined in Figure 1. Note that, in the mobile phone data, average presence

counts are inflated by individuals moving across multiple Iris zones within the same timeslot,

meaning that peaks in presence primarily reflect mobility rather than an increase in the total num-

ber of unique individuals present in the FUA. By contrast, peaks in transactions correspond to

periods when more transactions are carried out.

Figure 3 highlights systematic differences between presence and consumption over the daily

cycle. Peaks in presence and transactions do not occur at exactly the same times. On weekdays,

mobile phone data capture pronounced morning peaks in average presence per zone that are
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not mirrored by transaction activity, reflecting commuting flows that precede most consumption

events. Around lunchtime and in the early evening, presence and transactions evolve more syn-

chronously, indicating a closer alignment between population mobility and consumption oppor-

tunities. During weekends, Saturday patterns are broadly similar, whereas on Sundays, transac-

tion activity declines sharply in the afternoon despite sustained presence, reflecting retail opening

restrictions in France.

Figure 3: Comparison of real-time population presence and card transactions across hours and
days

Notes: Mean presence counts (left axis) and mean card transactions (right axis) by 30-minute intervals between 06:00
and 22:00. The transaction series is scaled to ensure comparability across panels. All panels share the same y-axis range,
calibrated on weekday peak presence.

Introducing the geographical dimension in Figure 4 shows that these temporal patterns vary

across space. Certain zones consistently stand out across days, with Lyon city and the inner sub-

urbs exhibiting the highest levels of both presence and transactions. Spatial concentration and

mobility are especially pronounced on Saturday mornings, when presence and transaction ac-

tivity peak simultaneously in these areas—likely reflecting grocery shopping trips to large retail

outlets, such as hypermarchés, the largest class of supermarkets.

Within-zone variations. The main source of identification in our main regression relies on within-

zone variation in real-time population presence. To facilitate the interpretation of our results, we

compute two measures in Table 2: within-zone variation relative to the local mean (Panel A) and

the gap between low- and high-activity periods within zones (Panel B).

Within-zones variation relative to the local mean are computed using the zones’ average pres-

ence over the period and express each 30-minute observation as a percentage deviation from

this mean. This enables to assess how much presence fluctuates across timeslots within a given

16



Figure 4: Comparison of real-time population presence and card transactions across hours, days,
and zone groups

Notes: The figure plots mean presence counts (top row) and mean card transactions (bottom row) by 30-minute inter-
vals between 06:00 and 22:00. Columns correspond to weekdays, Saturdays, and Sundays. Lines are colored by zone
(Lyon, Inner suburbs, Urban outer suburbs, Rural outer suburbs). Within each row, panels share a common y-axis scale
to facilitate comparisons across day types.

zone. Results show that dispersion is important. Across all zones and timeslots, the interquar-

tile range lies roughly between -15% and +15%, indicating that presence typically varies by about

15% around its local mean. Extreme values are much larger, with maximum increases exceeding

+700% in some rural zones and drops to -99%. Overall, standard deviations around 25% point to

significant variability. Differences across zone types remain relatively limited, although rural areas

exhibit slightly more negative medians, as well as larger extremes due to lower average presence

counts.

On weekdays, variations are generally moderate, with mean deviations close to zero from

Monday to Thursday, suggesting that most zones operate near their average activity levels. Fri-

day stands out with the highest weekday mean deviation, reflecting an overall increase in activity.

On weekends, the pattern shifts: both Saturday and Sunday show negative mean deviations, in-

dicating that many zones fall below their typical weekday activity levels. Within the day, zones

tend to be near their mean during midday and evening, while the morning shows substantial neg-

ative deviations, reflecting lower-than-average activity in many areas. Conversely, the afternoon
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exhibits strong positive deviations, suggesting that some zones experience above-average activity.

Within-zones gap between low- and high-activity periods are computed using the difference

between the 75th and 25th percentiles of presence for each zone and day, expressed as a percentage

of the lower quartile. This measure reflects how much activity increases from relatively quiet to

busy periods within a day, for each Iris zone. The results indicate that, on average, presence in

a given zone is about 30% higher during high-activity periods than during low-activity periods.

While most zones display moderate variation, the upper tails reveal substantial heterogeneity,

with some zones experiencing increases of over 300% in the inner suburbs.

Daily and hourly patterns show that both the day of the week and the time of day strongly

shape fluctuations in population presence, with weekends and mornings standing out as the most

variable. On weekdays, the median difference between high- and low-activity periods ranges

from 23% to 27%, with Wednesday slightly more variable and Monday the calmest. Weekends are

noticeably more uneven: Saturday reaches about 32%, while Sunday climbs to 38%. Across the

day, mornings (06:00–22:00) exhibit the largest variations, 40–45% between high- and low-activity

periods, likely reflecting commuting flows, whereas midday, afternoon, and evening are steadier,

with variations around 18–22%.
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Table 2: Within-zone variation in presence (%)

Group Min Q1 Median Mean Q3 Max SD

Panel A: Relative to the mean
All -99.43 -14.91 0.28 0 15.36 756.59 25.15

Lyon -97.01 -16.59 1.26 0 17.93 199.21 27.26
Inner suburbs -99.43 -13.77 0.77 0 15.22 402.20 24.36
Urban outer suburbs -98.80 -14.00 0.75 0 14.70 197.82 23.55
Rural outer suburbs -98.45 -15.70 -0.86 0 14.76 756.59 25.85

Monday -98.98 -13.82 0.30 -0.21 14.07 206.93 21.75
Tuesday -99.43 -13.20 1.26 1.72 16.29 239.21 23.17
Wednesday -99.24 -13.50 0.23 0.63 14.92 756.59 25.39
Thursday -98.24 -11.35 1.53 2.46 16.97 172.43 21.74
Friday -97.34 -6.24 6.54 7.42 21.25 244.15 23.14
Saturday -99.43 -20.77 -2.47 -4.54 12.05 183.39 25.89
Sunday -98.64 -27.58 -8.42 -7.43 10.38 402.20 30.84

Morning -99.43 -32.44 -10.03 -12.14 7.33 172.43 27.01
Midday -97.73 -11.01 -0.54 0.13 10.28 253.01 18.16
Afternoon -98.80 -3.56 9.88 10.68 24.33 756.59 23.04
Evening -96.32 -16.85 -0.60 1.14 17.49 402.20 25.86

Panel B: Between daily low- and high-activity periods
All 11.51 23.29 28.08 30.32 34.41 311.01 13.16

Lyon 14.44 21.74 27.63 29.34 34.31 67.58 9.84
Inner suburbs 11.51 21.98 25.50 28.63 32.28 311.01 19.06
Urban outer suburbs 13.08 23.16 27.73 28.92 33.62 63.81 7.97
Rural outer suburbs 11.80 24.94 30.67 33.11 38.16 94.47 12.05

Monday 9.04 18.43 22.62 25.89 28.70 763.30 25.09
Tuesday 8.56 18.97 23.28 26.59 29.50 584.63 20.62
Wednesday 11.10 22.00 26.65 29.40 33.16 710.73 22.54
Thursday 9.91 20.07 24.94 26.90 31.53 201.49 10.75
Friday 9.52 19.93 24.41 26.44 30.18 90.33 9.92
Saturday 8.14 22.10 31.89 35.63 43.99 142.47 18.89
Sunday 9.17 26.17 37.97 41.43 52.99 135.77 19.39

Morning 10.35 28.18 39.54 45.11 55.64 669.10 30.48
Midday 7.98 14.21 17.94 21.52 23.19 332.14 15.75
Afternoon 8.52 14.84 18.53 21.79 23.54 325.57 15.07
Evening 7.33 14.66 18.14 20.88 23.74 324.76 13.31

Notes: This table reports within-zone variation in presence. Panel A measures variation relative to the zone-specific
mean: for each Iris zone, presence at the 30-minute level is expressed as the percentage deviation from its average daily
level, capturing how much presence fluctuates across timeslots within a day. These variations are summarized across
all Iris zones in the Lyon functional urban area, by zone group, by day of the week, and by time of day (morning:
06:00–10:00; midday: 10:00–14:00; afternoon: 14:00–18:00; evening: 18:00–22:00). By construction, the mean variation is
zero when computed across all zones or within zone groups, because deviations are measured relative to each zone’s
average. When aggregating by day of the week or time of day, however, the mean can be positive or negative, reflecting
that some periods consistently exhibit higher or lower activity than the zone’s overall average. Panel B captures the gap
between low- and high-activity periods within zones. For each zone and day, we compute the percentage difference
between the 75th and 25th percentiles of presence, and then average this measure across days. Results are reported for
the full sample, by zone group, and by day of the week. In addition, we compute analogous differences within zones
and timeslots, and average them by time of day. All statistics are expressed in percentage terms.
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4.2 Empirical Strategy

The estimation of transaction elasticities with respect to counts of individuals present, in a zone

and time period, presents several distinctive econometric challenges that shape our analytical ap-

proach. We discuss first the estimation challenges and our methodological approach, and second,

we present the specifications.

4.2.1 Estimation Challenges and Methodological Approach

Our high-frequency, spatially disaggregated data exhibits three key characteristics that require

specialized estimation methods: the prevalence of zero transactions in many zone-time combi-

nations, the structural absence of certain commercial amenities in specific zones, and the likely

presence of heteroskedastic error terms across different spatial units and temporal periods.

The frequent occurrence of zero transactions constitutes our most immediate challenge. In

many zone-time windows, particularly during off-peak hours or in less commercial zones, we ob-

serve no transactions at all. This zero inflation makes conventional logarithmic transformations

inappropriate for our analysis. While traditional solutions like adding constants to zero values or

dropping zero observations might seem appealing, both introduce significant biases: the former

arbitrarily alters the data distribution while the latter excludes potentially informative observa-

tions about periods or locations with no economic activity.

A second challenge arises from the structural absence of certain commercial amenities in par-

ticular zones. Some Iris zones in our study area may completely lack specific types of establish-

ments. For example, rural zones may have no museums, concert venues, or high-end restaurants.

In such cases, zero transactions do not reflect a lack of demand but rather the absence of supply

opportunities. This distinction between ”structural zeroes” (where the amenity does not exist) and

”sampling zeroes” (where no transactions occur despite the amenity’s presence) requires careful

handling to avoid conflating these fundamentally different phenomena in our elasticity estimates.

The potential for heteroskedasticity in our error terms presents a third significant challenge.

Given the substantial variation in commercial activity across different zones and time periods,

we reasonably expect non-constant error variance. This heteroskedasticity can lead to biased and

inefficient estimates when using conventional methods that assume homoskedastic errors. The

combination of zero-inflated data, structural zeroes, and potential heteroskedasticity thus necessi-

tates an estimation approach that can simultaneously handle all three challenges while providing

consistent parameter estimates.
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To address these interconnected challenges, we employ a Poisson Pseudo-Maximum Likeli-

hood (PPML) estimator. This approach offers several decisive advantages for our context: it natu-

rally accommodates zero observations without ad-hoc adjustments, remains consistent even when

errors are not Poisson-distributed (Gourieroux et al., 1984), and allows for fixed effects to control

for unobserved heterogeneity. While we use PPML as our primary method, we also present OLS

estimates for robustness checks (in Table 15 in Appendix), interpreting these cautiously due to

their known limitations with zero-inflated, heteroskedastic data (Silva and Tenreyro, 2006).

4.2.2 Estimating Equations

Our primary estimating equation for the overall elasticity of card transactions with respect to

population presence takes the following form:

Tz,t = exp
(
αz + γt + β log(Pz,t)

)
+ εz,t, (1)

where z indexes spatial units (Iris zones), t indexes half-hour time slots, αz are zone fixed effects,

γt are date-hour fixed effects, Pz,t is the real-time population presence counts derived from mobile

phone data in zone z at time t, and Tz,t is either the number or total value of card transactions. Zone

fixed effects control for time-invariant unobserved heterogeneity across zones (e.g., infrastructure,

demographics, commerce density), while date-hour fixed effects capture temporal patterns such

as daily and hourly cycles in consumer behavior. Identification of β therefore relies on deviations

in zone-level presence from both each zone’s average and the contemporaneous cross-zone mean

at each date–hour. Intuitively, it captures whether zones experiencing higher-than-expected pres-

ence at a given time also exhibit proportionally higher transactions, holding constant persistent

spatial differences and common temporal shocks. The model is estimated by PPML with the two-

way fixed effects given above, and the coefficient β represents the elasticity of transactions with

respect to the count of individuals present.

To examine heterogeneous effects across different dimensions, we estimate several extensions

of this baseline specification. First, we decompose the elasticity by day of the week using:

Tz,t = exp

(
αz + γt + ∑

d∈{Mon,...,Sun}
βd 1{day(t) = d} · log(Pz,t)

)
+ ϵz,t. (2)

This specification allows the elasticity to vary by day, capturing weekly consumption cycles

and distinguishing weekday patterns from weekend behavior. In this specification, the identifica-
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tion of βd relies on deviations of presence counts from the contemporaneous cross-zone mean, for

each date–hour that falls on day d.

To analyze spatial heterogeneity, we modify our baseline to include urban area group effects:

Tz,t = exp

(
αz + γt + ∑

g∈G
βg 1{group(z) = g} · log(Pz,t)

)
+ ϵz,t, (3)

with the set of four urban area groups defined as G = {Lyon city, inner suburbs, outer suburbs,

rural outer suburbs} and where 1{.} is the indicator function.

Other variants of this model are used to investigate differences among economic sectors such

as food stores, restaurants, hotels, entertainment, and so on. As noted above, establishments

corresponding with one or another sector may not be present in a particular zone, so that assigning

zero as the transaction value for the unrepresented sector would tend to bias downward the effect

of presence of individuals on the number of transactions to be expected in that sector. In these

cases we eliminate zones in which there is no establishment corresponding with a sector, from the

data set used to examine that sector’s transaction elasticity. For each sector, we restrict the sample

to zones where at least one establishment of that sector is present, ensuring that zero transactions

reflect true demand rather than structural absence. The estimates of each of these models are

presented in the next section.

All models are estimated using the PPML estimator with comprehensive fixed effects and stan-

dard errors clustered at the Iris zone level to account for correlation of residuals within zones over

time.12 This approach provides robust elasticity estimates that account for the complex realities of

our zero-inflated, heteroskedastic, spatially disaggregated data.

4.3 Results

This section presents our comprehensive empirical analysis of how population presence translates

into transaction activity, examining this fundamental relationship across three critical dimensions.

We begin by establishing baseline aggregate elasticities that characterize the overall proportional-

ity between presence and transactions. We then explore temporal decompositions that reveal how

this relationship varies across days of the week and times of day. Finally, we examine spatial and

sectoral heterogeneities that uncover systematic variations in consumption responsiveness.

12For computational implementation, we use R’s fixest package with the fepois function, clustering standard errors
by both zone and date-hour to account for potential spatial and temporal dependence in the data.
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Result 1: Near-unity baseline elasticities with balanced extensive and intensive margins. Ta-

ble 3 establishes the foundational relationship between population presence and transaction ac-

tivity in Lyon’s metropolitan area. Using PPML estimation with zone and date-hour fixed effects

to control for unobserved spatial and temporal heterogeneity, we find that both transaction count

and value elasticities center remarkably close to unity. Specifically, a 1% increase in presence is

associated with a 0.992% increase in transaction count and a 0.934% increase in transaction value,

both statistically significant at the 1% level.13

Table 3: Elasticity of transactions with respect to presence count

Transaction count Transaction value
(1) (2)

log(Presence) 0.992∗∗∗ 0.934∗∗∗

(0.082) (0.085)
[0.831; 1.154] [0.768; 1.101]

Fixed Effects
Zone Yes Yes
Date-Hour Yes Yes

Model Fit
Observations 963,187 963,187
Squared Correlation 0.900 0.901
Pseudo-R2 0.860 0.897
BIC 7,528,193.020 229,748,404.598

Notes: This table presents baseline estimates of transaction elasticities with respect to real-time population presence
in the Lyon metropolitan area. The dependent variables are transaction count and total transaction value. The key
independent variable is the logarithm of population presence, measured as individuals detected in a zone during 30-
minute intervals. Estimates use a PPML estimator with standard errors clustered by zone and date–hour (shown in
parenthesis). 95% confidence intervals are reported in square brackets. Zone and date-hour fixed effects control for
unobserved heterogeneity. Significance levels: ∗∗∗ 1%, ∗∗ 5%, ∗ 10%. Additional robustness results, to clustering of the
standard error can be seen in Appendix table 14

This near-unity proportionality indicates that population presence scales similarly with both

the extensive margin (number of transactions) and the intensive margin (value of transactions).

While the elasticity for transaction count is marginally higher, the 0.058 difference is not statisti-

cally significant, although a similar margin in the estimates occurs across a number of differing

samples. The high explanatory power of our models (pseudo-R² of 0.86–0.90) and the comprehen-

sive fixed effects structure lend robustness to these estimates.

Result 2: Pronounced temporal heterogeneity with Saturday super-proportionality. Our tem-

poral decomposition reveals pronounced variations in consumption responsiveness across the

week and within daily cycles. Table 4 decomposes the baseline elasticities by day of the week,

13A joint likelihood ratio test (χ2(1) = 0.59, p = 0.44) does not reject equality of these coefficients.
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revealing significant temporal heterogeneity in consumption responses. Weekday elasticities re-

main close to unity (ranging from 0.95 to 1.00 for transaction counts), indicating a stable relation-

ship between presence and consumption during standard business hours. Saturday emerges as

a clear outlier with elasticities exceeding unity for both transaction count (1.08) and value (1.04),

suggesting that additional presence on Saturdays generates more-than-proportional increases in

economic activity. This Saturday effect likely reflects the concentration of planned shopping trips,

leisure activities, and social outings that characterize weekend consumption patterns.

In contrast, Sunday exhibits the lowest elasticities in our sample (0.980 for count, 0.877 for

value), suggesting that Sunday outings are less commercially oriented. This pattern likely re-

flects the composition of Sunday activities, which often include non-market engagements (such

as family visits or cultural events) or lower-value transactions (such as café purchases or market

shopping). The particularly low elasticity value on Sundays indicates that while presence may

generate additional transactions, these tend to be of modest economic significance.
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Table 4: Elasticity of transactions with respect to presence count, by day of week

Transaction count Transaction value
(1) (2)

Monday × log(Presence) 1.000∗∗∗ 0.959∗∗∗

(0.081) (0.080)
[0.842; 1.159] [0.802; 1.116]

Tuesday × log(Presence) 0.950∗∗∗ 0.889∗∗∗

(0.080) (0.079)
[0.793; 1.108] [0.734; 1.044]

Wednesday × log(Presence) 0.966∗∗∗ 0.895∗∗∗

(0.081) (0.079)
[0.807; 1.124] [0.739; 1.051]

Thursday × log(Presence) 0.971∗∗∗ 0.906∗∗∗

(0.080) (0.079)
[0.814; 1.127] [0.751; 1.061]

Friday × log(Presence) 0.958∗∗∗ 0.892∗∗∗

(0.080) (0.078)
[0.801; 1.115] [0.738; 1.046]

Saturday × log(Presence) 1.076∗∗∗ 1.044∗∗∗

(0.085) (0.087)
[0.909; 1.244] [0.873; 1.215]

Sunday × log(Presence) 0.980∗∗∗ 0.877∗∗∗

(0.105) (0.096)
[0.774; 1.186] [0.688; 1.066]

Fixed Effects
Zone Yes Yes
Date-Hour Yes Yes

Model Fit
Observations 963,187 963,187
Squared Correlation 0.905 0.909
Pseudo-R2 0.860 0.898
BIC 7,504,851.694 228,098,746.532

Notes: This table reports day-of-week decompositions of transaction elasticities with respect to population presence.
The dependent variables are transaction count and total transaction value. The key independent variables are day-of-
week dummies interacted with the logarithm of population presence. All specifications include zone and date-hour
fixed effects. Standard errors are clustered by zone and date–hour and shown in parentheses. 95% confidence intervals
are reported in square brackets. Significance levels: ∗∗∗ 1%, ∗∗ 5%, ∗ 10%.

Result 3: Clear intra-daily consumption cycles with morning commuting disconnect. Table 5

provides further granularity by examining intra-daily variations in consumption responses. The

morning period (6:00-10:00) exhibits the lowest elasticities (0.536 for count, 0.458 for value), consis-

tent with commuter-dominated hours where presence primarily reflects transit rather than com-

mercial activity. The midday period (10:00-14:00) shows a reversal, with elasticities exceeding

unity for transaction count (1.08), aligning with lunch-hour dining and commercial activity. Af-

ternoon hours (14:00-18:00) return to low elasticities (0.523-0.620), potentially reflecting, again, a

substantial number of counts of individuals attributable to passage through a zone while commut-

ing. The evening period (18:00-22:00) then demonstrates a resurgence with elasticities approach-
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ing unity (0.984 for count, 1.01 for value), consistent with leisure-oriented consumption such as

dining and entertainment.

Table 5: Elasticity of transactions with respect to presence count, by time of day

Panel A: Morning (06:00–10:00)

Transaction Count Transaction Value
(1) (2)

log(Presence) 0.536∗∗∗ 0.458∗∗∗

(0.071) (0.075)
[0.396; 0.676] [0.311; 0.606]

Fixed Effects
Zone Yes Yes
Date-Hour Yes Yes

Model Fit
Observations 226,591 226,591
BIC 1,052,743.922 29,206,073.829

Panel B: Midday (10:00–14:00)

Transaction Count Transaction Value
(1) (2)

log(Presence) 1.080∗∗∗ 0.924∗∗∗

(0.082) (0.089)
[0.920; 1.241] [0.749; 1.098]

Fixed Effects
Zone Yes Yes
Date-Hour Yes Yes

Model Fit
Observations 235,615 235,615
BIC 1,991,381.891 55,855,129.684

Panel C: Afternoon (14:00–18:00)

Transaction Count Transaction Value
(1) (2)

log(Presence) 0.523∗∗∗ 0.620∗∗∗

(0.075) (0.091)
[0.376; 0.670] [0.441; 0.799]

Fixed Effects
Zone Yes Yes
Date-Hour Yes Yes

Model Fit
Observations 240,127 240,127
BIC 1,679,779.646 62,919,048.535

Panel D: Evening (18:00–22:00)

Transaction Count Transaction Value
(1) (2)

log(Presence) 0.984∗∗∗ 1.005∗∗∗

(0.238) (0.168)
[0.519; 1.450] [0.677; 1.334]

Fixed Effects
Zone Yes Yes
Date-Hour Yes Yes

Model Fit
Observations 236,803 236,803
BIC 1,806,753.382 49,711,150.144

Notes: This table presents time-of-day decompositions of transaction elasticities with respect to population presence.
Each panel represents a four-hour time block. The dependent variables are transaction count and total transaction
value. The key independent variable is the logarithm of population presence. All specifications include zone and date-
hour fixed effects. Standard errors are clustered by zone and date–hour and are shown in parenthesis. 95% confidence
intervals are reported in square brackets. Significance levels: ∗∗∗ 1%, ∗∗ 5%, ∗ 10%.

These intra-daily patterns underscore the dynamic nature of urban economic activity, where

the predictive power of population presence varies dramatically across the diurnal cycle. The

temporal patterns also provide empirical support for Eaton and Lipsey (1982)’s specialization the-

ory extended to temporal dimensions, where different periods serve distinct economic functions

within the urban system. We note however that findings in the literature to the effect that mo-

bility predicts transactions (again Campos-Vazquez and Esquivel (2021), Cepparulo (2025)) do

not appear to extend to higher-frequency measures, where we observe considerable variation in

elasticity during the daily cycle.
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Result 4: Spatial gradient in consumption responsiveness across urban subgroups. Turning

from the temporal to the geographical dimension, Table 6 examines spatial heterogeneity across

urban subgroups within the Lyon metropolitan area. The analysis reveals a clear monocentric pat-

tern: the core city of Lyon exhibits the highest elasticities (1.04 for count, 1.01 for value), reflecting

its dense commercial infrastructure and concentration of economic activity. Rural outer suburbs

show substantially lower elasticities (0.842 for count, 0.732 for value), suggesting that additional

presence in these areas generates proportionally fewer transactions of lower average value. This

0.20 point difference (1.04-0.84) represents a 19.2% reduction in consumption responsiveness per

unit of population presence as one moves from core to periphery. This spatial gradient likely re-

flects decreasing commercial density and increasing transportation costs as one moves from the

urban core to the periphery, and provides a first quantification of the economic significance of

urban agglomeration effects.

Urban outer suburbs present an intermediate case with elasticities (1.00 for count, 0.953 for

value) approaching those of the city center, as these areas often contain shopping malls and retail

hubs that serve as secondary commercial centers. Inner suburbs display elasticities between these

extremes (0.942 for count, 0.864 for value), consistent with their role as transitional zones between

the commercial core and residential periphery.
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Table 6: Elasticity of transactions with respect to presence count, by urban sub-grouping

Urban Sub-Groups Transaction Count Transaction Value
(1) (2)

Lyon 1.039∗∗∗ 1.005∗∗∗

(0.086) (0.107)
[0.869; 1.208] [0.795; 1.215]

Inner suburbs 0.942∗∗∗ 0.864∗∗∗

(0.124) (0.107)
[0.699; 1.185] [0.654; 1.073]

Urban outer suburbs 1.001∗∗∗ 0.953∗∗∗

(0.090) (0.089)
[0.824; 1.178] [0.779; 1.127]

Rural outer suburbs 0.842∗∗∗ 0.732∗∗∗

(0.114) (0.109)
[0.619; 1.064] [0.519; 0.946]

Fixed Effects
Zone Yes Yes
Date-Hour Yes Yes

Model Fit
Observations 963,187 963,187
Squared Correlation 0.900 0.902
Pseudo-R2 0.860 0.898
BIC 7,525,627.873 229,561,602.681

Notes: This table presents urban sub-group decompositions of transaction elasticities with respect to population pres-
ence. The dependent variables are transaction count and total transaction value. The key independent variables are
urban sub-group dummies interacted with the logarithm of population presence. All specifications include zone and
date-hour fixed effects. Standard errors are clustered by zone and date–hour and are shown in parenthesis. Significance
levels: ∗∗∗ 1%, ∗∗ 5%, ∗ 10%. 95% confidence intervals are reported in square brackets.

Result 5: Goods-services dichotomy with essential sectors showing highest responsiveness.

We might expect that transaction elasticities would also differ across retail sectors: that some sec-

tors might be more sensitive to individuals’ presence than others. In this section we investigate

this through an aggregate division of establishments into goods or services, and also by a more

granular analysis into twelve retail sectors, described in Appendix B.3. Table 7 gives results at the

level of the goods/services distinction, suggesting higher elasticities for goods purchases; how-

ever, the estimated coefficients for the two cases are approximately one standard error apart.
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Table 7: Elasticity of transactions with respect to presence count, by two-sector classification

Transaction count Transaction value

Goods × log(Presence) 1.00∗∗∗ 0.954∗∗∗

(0.074) (0.076)
Services × log(Presence) 0.959∗∗∗ 0.870∗∗∗

(0.077) (0.079)

Fixed-effects
Zone Yes Yes
DateHour Yes Yes

Fit statistics
Observations 8,601,619 8,601,619
Log-Likelihood -31,209,848.5 -1,100,327,153.9
AIC 62,423,643 2,200,658,254
BIC 62,451,201 2,200,685,812

Notes: This table reports estimates of transaction elasticities with respect to population presence, distinguishing be-
tween goods and services sectors. Standard errors (in parentheses) are two-way clustered by zone and date-hour
(30-minute intervals). The regression specification includes zone and date-hour fixed effects to control for unobserved
spatial and temporal heterogeneity. ”Goods” includes all retail trade categories (food, general merchandise, automo-
tive, etc.), while ”Services” comprises accommodation, food services, arts, entertainment, and other service-oriented
activities. Significance levels: ∗∗∗ 1%, ∗∗ 5%, ∗ 10%.

Table 8 provides a more granular analysis, decomposing elasticities by retail sector and sug-

gesting substantial sectoral distinctions. Goods sectors (food retail, clothing and beauty, general

retail) tend to exhibit higher elasticities near unity, while service sectors (particularly sports and

recreation, arts and entertainment) tend to show lower responsiveness. Apart from the anomalous

Gambling sector, Food retail tends to show the highest responsiveness to presence, reflecting the

essential nature of food purchases; additional presence reliably generates proportional increases

in transactions. In contrast, arts and entertainment displays the lowest elasticities, indicating a

relatively low rate of translation of incidental presence into purchases in this sector; this result

may be unsurprising given that some such events are ticketed and therefore may require advance

planning, as opposed to being available to incidental visitors to a zone.

The sectors also display somewhat different patterns across the extensive and intensive mar-

gins of consumption. In relatively discretionary service sectors such as restaurants and bars, en-

tertainment, cultural sites and sports, the extensive margin (transaction count elasticity of 0.976)

tends to exceed the intensive margin (transaction value elasticity of 0.869); that is, additional pres-

ence of consumers is associated with more frequent transactions but with lower average spending

per transaction. (The gambling sector is again an exception, where the intensive margin exceeds

unity and the extensive margin elasticity. Note that the spatial coverage of establishments offering

gambling is very low across the Lyon metropolitan area, which may partly explain the unexpected
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high elasticity of gambling transactions with respect to population presence.) For retail purchases

of goods, the extensive and intensive margin elasticities tend to be closer to each other. We note

however that the standard errors of estimation generally imply sufficiently wide confidence inter-

vals that such conclusions must be tentative.

Table 8: Elasticity of transactions with respect to presence count, by retail sector (twelve-sector
disaggregated NAF base)

Transac count Transac value
(1) (2)

log(Presence) × Accommodation 0.777∗∗∗ 0.828∗∗∗

(0.076) (0.077)
log(Presence) × Arts and Entertainment 0.763∗∗∗ 0.683∗∗∗

(0.079) (0.078)
log(Presence) × Automotive 0.899∗∗∗ 0.911∗∗∗

(0.075) (0.077)
log(Presence) × Bars and Drinks 0.944∗∗∗ 0.838∗∗∗

(0.076) (0.077)
log(Presence) × Clothing and Beauty Retail 0.939∗∗∗ 0.948∗∗∗

(0.082) (0.085)
log(Presence) × Food Retail 1.05∗∗∗ 0.993∗∗∗

(0.073) (0.074)
log(Presence) × Gambling 0.967∗∗∗ 1.10∗∗∗

(0.109) (0.115)
log(Presence) × General Retail 0.921∗∗∗ 0.909∗∗∗

(0.077) (0.078)
log(Presence) × Health and Wellness Retail 0.908∗∗∗ 0.819∗∗∗

(0.077) (0.080)
log(Presence) × Museums and Cultural Sites 0.956∗∗∗ 0.859∗∗∗

(0.086) (0.089)
log(Presence) × Restaurants 1.01∗∗∗ 0.905∗∗∗

(0.078) (0.080)
log(Presence) × Sports and Recreation 0.776∗∗∗ 0.705∗∗∗

(0.084) (0.082)

Fixed-effects
Zone Yes Yes
DateHour Yes Yes

Fit statistics
Observations 8,601,619 8,601,619
Log-Likelihood -27,782,863.4 -1,033,257,331.6
AIC 55,569,692.9 2,066,518,629.2
BIC 55,597,390.4 2,066,546,326.7

Notes: This table presents estimates of transaction elasticities with respect to population presence across 12 distinct
retail sectors. Standard errors (in parentheses) are two-way clustered by zone and date-hour (30-minute intervals). All
specifications include zone and date-hour fixed effects. Statistical significance is indicated by: ∗∗∗ 1%, ∗∗ 5%, ∗ 10%.

These results, taken collectively, suggest that presence counts do not predict economic activity

uniformly. Instead, the impact of changes in the number of individuals in an area varies systemat-

ically with the temporal context (peak vs. off-peak periods, day of the week), spatial embedded-

ness (central vs. peripheral locations), and sectoral characteristics (particular goods and services).
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5 Mobility and Urban-Area Gravity

The preceding sections highlighted how real-time population presence is associated with eco-

nomic transactions, revealing significant temporal and sectoral variations. This section extends

the analysis by examining how spatial frictions shape these interactions through a micro-gravity

framework. We begin with a detailed examination of mobility patterns, followed by our econo-

metric strategy, and conclude with the estimation results structured around five key findings

that quantify the persistent role of physical proximity in urban economic activity, even at micro-

geographic scales.

5.1 Descriptive Analysis of Mobility Patterns and Measurement Considerations

This section analyzes raw distributions of traveled distances, comparing patterns derived from

mobile phone presence data and card transaction records. Figure 5 presents kernel density esti-

mates of distances from residential locations for both datasets, disaggregated by day of the week.

These distributions reveal several key characteristics of urban mobility in the study area

The most prominent feature is the pronounced right-skewness in distance distributions, indi-

cating that most trips occur within relatively short radii of residential locations. Mobile phone data

capturing all detected movements show a median trip distance of approximately 10 kilometers,

while consumption-related trips identified through transaction data exhibit even greater spatial

concentration with a median distance of only 5 kilometers (see also Figure 14 in the Appendix D).

This 50% difference in median distances suggests that while individuals may travel farther for

non-commercial activities (e.g., commuting, social visits), consumption behavior remains signifi-

cantly more localized, aligning with the monocentric model’s prediction that commercial activity

concentrates near residential areas to minimize travel costs.
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Figure 5: Kernel density functions of distances from home, by day of the week

Notes: This figure presents kernel density estimates of population-weighted road-network distances from residence
zones to destination Iris zones, stratified by day of the week. Distances are computed using the Metric-OSRM routing
engine, which calculates shortest-path routes between zone centroids. Each curve represents a distinct day of the
week, with distances aggregated across all 30-minute intervals from 6:00 to 22:00. The population-weighting procedure
adjusts for differences in zone sizes and resident distributions, as detailed in Appendix A.3.3 (Equation 5). The analysis
covers the full range of daily mobility patterns in the Lyon metropolitan area.

A further decomposition by day of the week reveals additional heterogeneity in mobility pat-

terns. While card transaction distances remain relatively stable across weekdays, mobile phone

data show greater variation, with Wednesdays exhibiting the highest concentration of short-distance

movements and Mondays showing comparatively longer average trip distances. This variation

likely reflects differences in daily routines, with midweek errands concentrated near residential

areas and Monday commutes extending to more distant employment centers. Both datasets in-

dicate that traveled distances are more concentrated at short ranges on weekends, particularly

Sundays, although this weekend compression is more pronounced in the mobile phone data.

Before presenting our estimation results, it is crucial to address two measurement issues that

may affect our analysis. First, mobile phone data may record individuals in multiple zones as they

move within a 30-minute interval, potentially compressing measured distances through multiple

counting of the same individual across different zones. To mitigate this bias, we focus our anal-

ysis on zone entries and exits during relatively short intervals, reducing the impact of transient

movements. Second, spatial units vary in size across our study area, with Iris zones being smaller

in the urban core and larger in peripheral areas, and residence zones in the transaction data being

coarser than those in the mobile phone data.

Our methodological approach addresses these challenges through three key strategies: population-
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weighted distance calculations that account for varying zone sizes and resident distributions,

comprehensive fixed effects that control for unobserved heterogeneity, and sensitivity analyses

that verify consistency across alternative spatial aggregations. Despite these limitations, the per-

sistent difference between the distance distributions from both data sources underscores the more

spatially concentrated nature of consumption activities compared to general mobility, directly mo-

tivating the formal gravity analysis in the following part.

5.2 Empirical Strategy: the Urban Gravity Relation

To quantify the relationship between spatial separation and economic activity, we specify a micro-

gravity model that extends the PPML framework introduced in Section 4.2 to explicitly incorpo-

rate origin-destination distances:

Yodt = exp[β log(distanceod) + αot + γdt + ϵodt] , (4)

where Yodt denotes either population flows or transaction flows from residence zone o to destina-

tion Iris d on weekday t ∈ {Mon, . . . , Sun}. The parameters β, captures the elasticity of flows with

respect to distance. The model incorporates two sets of fixed effects to control for unobserved

heterogeneity: origin-day-specific effects (αot) and destination-day-specific effects (γdt).

The Poisson Pseudo-Maximum Likelihood estimator is particularly well-suited for this anal-

ysis due to its ability to handle the zero-inflated and heteroskedastic nature of high-frequency

origin-destination matrices. Standard errors are clustered at the origin-time level to account for

potential spatial and temporal correlation in the error structure. This specification represents a

micro-geographic adaptation of the gravity model tradition with three key innovations: the use of

30-minute intervals to capture fine temporal variations, estimation at the Iris-zone level for precise

spatial resolution, and the simultaneous inclusion of both distance and travel time to distinguish

between physical and time-based barriers to mobility.

Spatial separation between zones is measured using two complementary metrics. Road-network

distance is calculated as the shortest path between zone centroids using the Open Source Routing

Machine, providing an accurate representation of actual travel routes. Travel time represents the

estimated free-flow travel duration between the same points, capturing the temporal cost of spatial

separation. To address the varying sizes of urban zones and ensure that distance measurements

reflect the actual distribution of residents, we implement population-weighted distance calcula-

tions:
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distanceod =

∑
k∈O(o)

Nk distkd

∑
k∈O(o)

Nk
, (5)

where Nk represents the population of sub-zone k within origin zone o, No is the total population

of zone o, and distkd is the road distance between sub-zone k’s centroid and destination zone d’s

centroid. This weighting scheme is particularly important for larger peripheral zones that may

contain multiple population centers, ensuring that distance measurements accurately represent

the spatial distribution of residents within each origin zone.

To ensure the robustness of the results, the estimation procedure includes several verification

steps. The model is estimated using both distance and travel time as alternative explanatory vari-

ables to test the sensitivity of results to different measures of spatial separation. Separate specifi-

cations are estimated with and without intra-zonal flows to isolate the effects of distance on trips

that involve actual displacement between distinct geographic areas. The consistency of estimates

is verified across alternative time windows, with particular attention to periods of high economic

activity identified in previous sections. Potential measurement biases arising from the aggrega-

tion of origin and destination zones are addressed through sensitivity analyses that vary the level

of spatial aggregation.

5.3 Estimation Results: Key Findings on Spatial Decay Patterns

Our micro-gravity analysis yields five key findings that fundamentally reshape our understanding

of spatial frictions in urban economic activity.

Result 6: Distance and travel time strongly shape population mobility. Table 9 presents the

baseline estimation results for the gravity model specified in Equation 4, including all zero flows.

For population presence flows, a 10% increase in distance is associated with an 8.6% decrease

in inter-zonal mobility (column 1, Panel A). Introducing an indicator for remaining within the

residence zone (column (2)) reduces the elasticity in absolute value to −0.74, reflecting the large

share of within-zone presence. Excluding home-to-home flows altogether (column (3)) yields a

much larger elasticity of −1.77, indicating that distance plays a substantially stronger role for

trips that actually leave the residential zone.
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Result 7: Consumption is more distance-sensitive than population presence. Transaction flows

exhibit even greater sensitivity to distance. The elasticity of transaction counts with respect to dis-

tance is -2.09 in the baseline specification (column 1, Panel B), indicating that a 10% increase in

distance reduces transaction flows by 20.9%. This effect is nearly 2.5 times larger than the corre-

sponding elasticity for population presence, suggesting that consumption activity is significantly

more localized than general mobility. When considering transaction values rather than counts, the

elasticity remains substantial at -2.03, confirming that both the frequency and monetary value of

transactions decline sharply with distance.
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Table 9: Gravity model estimates of population and transaction flows: distance vs. travel time
effects

Sample : All All d /∈ o All All d /∈ o
(1) (2) (3) (4) (5) (6)

Panel A: Population flows
log(Distance) -0.863∗∗∗ -0.738∗∗∗ -1.770∗∗∗

(0.008) (0.008) (0.007)
log(Travel time) -0.930∗∗∗ -0.718∗∗∗ -2.240∗∗∗

(0.009) (0.010) (0.009)
Home 0.984∗∗∗ 1.48∗∗∗

(0.047) (0.043)

Fit statistics
Observations 3,911,151 3,911,151 3,902,180 3,911,151 3,911,151 3,902,180
Squared Correlation 0.22951 0.27644 0.64003 0.20781 0.28396 0.61074
Pseudo R2 0.59202 0.59659 0.71232 0.55858 0.56848 0.70980
BIC 76,508,766.0 75,653,520.9 39,870,332.4 82,764,683.1 80,912,362.0 40,218,140.9
Panel B: Transaction flows in count
log(Distance) -2.09∗∗∗ -1.89∗∗∗ -2.06∗∗∗

(0.012) (0.016) (0.014)
log(Travel time) -2.61∗∗∗ -2.41∗∗∗ -2.64∗∗∗

(0.015) (0.020) (0.019)
Home 0.518∗∗∗ 0.410∗∗∗

(0.026) (0.024)

Fit statistics
Observations 1,086,061 1,077,270 1,062,344 1,086,061 1,077,270 1,062,344
Squared Correlation 0.87500 0.88038 0.86471 0.87718 0.88202 0.85469
Pseudo R2 0.87468 0.87822 0.81517 0.87660 0.87895 0.81720
BIC 3,128,955.4 3,025,958.7 2,417,829.8 3,082,727.9 3,008,533.5 2,392,436.7
Panel C: Transaction flows in value
log(Distance) -2.03∗∗∗ -1.95∗∗∗ -2.12∗∗∗

(0.013) (0.017) (0.015)
log(Travel time) -2.54∗∗∗ -2.48∗∗∗ -2.72∗∗∗

(0.016) (0.021) (0.020)
Home 0.230∗∗∗ 0.132∗∗∗

(0.030) (0.028)

Fit statistics
Observations 1,086,061 1,077,270 1,062,344 1,086,061 1,077,270 1,062,344
Squared Correlation 0.85798 0.85776 0.83469 0.85677 0.85756 0.82523
Pseudo R2 0.89252 0.89331 0.86127 0.89365 0.89403 0.86381
BIC 94,722,212.6 93,521,615.9 70,461,333.5 93,733,730.3 92,893,235.2 69,171,833.1

Notes: This table reports Poisson Pseudo-Maximum Likelihood (PPML) estimates of gravity models explaining pop-
ulation and transaction flows (counts and values) as functions of log(Distance) and log(Travel time). Columns (1)-(3)
present models using log(Distance), while columns (4)-(6) use log(Travel time). Columns 3 and 6 exclude within-zone
trips (d /∈ o), while other columns include all trips. The ”home” dummy variable indicates whether the destination is
included in the residence zone. Significance levels are denoted by ***: 0.01, **: 0.05, : 0.1. Standard errors, clustered at
the residence-day level, are shown in parentheses. All specifications include residence-day and destination-day fixed
effects. Indices o and d denote origin and destination zones, respectively. Further details on the sample construction,
the mobility-based dataset, and the estimation methodology are provided in Appendix A.3.3.

The comparison between distance and travel time specifications (columns 4-6) reveals that

travel time exerts a slightly stronger deterrent effect than physical distance. For population flows,

the travel time elasticity of -2.24 (column 6, Panel A) exceeds the distance elasticity of -1.77, sug-
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gesting that the temporal cost of travel may be a more significant barrier than pure physical sep-

aration. This pattern holds for transaction flows as well, with travel time elasticities of -2.64 for

counts and -2.72 for values.

Figure 6 decomposes the baseline elasticities by day of the week, revealing systematic temporal

variations in distance and travel time sensitivity.

Figure 6: Day-of-week variations in distance and travel time elasticities for population and trans-
action flows

Note: This figure presents Poisson Pseudo-Maximum Likelihood (PPML) estimates of the elasticity of population and
transaction flows (counts and values) with respect to route distance and travel time, stratified by day of the week. The
95% confidence intervals are shown. All models include residence-day and destination-day fixed effects to control for
unobserved heterogeneity.

Result 8: Mobility frictions vary by day of the week. The day-specific elasticities reveal strong

evidence of temporal heterogeneity in spatial consumption behavior. Most notably, Sunday ex-

hibits a counterintuitive divergence between activity types: while population flows show signif-

icantly increased distance sensitivity (elasticity of -1.9 vs. the weekday average of -1.8, a 10%

increase), transaction flows demonstrate markedly reduced sensitivity (-1.8 vs. the weekday av-

erage of -2.2, a 16% decrease). This inverse relationship suggests that Sunday consumption trips

become more destination-focused despite reduced transport options, while general mobility local-

izes. Moreover, the remarkable stability of weekday elasticities (±3% variation around the mean)

indicates that routine consumption patterns are less affected by temporal factors, likely reflecting

consistent work-related mobility and commercial activity during standard business hours. Re-
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garding travel time effects, the elasticities systematically exceed those for physical distance across

all days, with the gap averaging 25% (e.g., -2.2 vs. -1.8 for population flows). This consistent

pattern underscores that temporal costs act as a stronger deterrent than physical distance.

Result 9: Clear spatial gradient in consumption responsiveness across urban groups. We allow

now the distance elasticity to vary by the type of zone involved in the trip. Zones are classified into

four mutually exclusive categories-Lyon city, inner suburbs, urban outer suburbs, and rural outer

suburbs-based on urban structure and connectivity. Table 10 reports estimates from specifications

in which log(distanceij) is interacted either with the type of the residence zone (column (1)) or with

the type of the destination zone (column (2)), revealing a clear spatial gradient. For population

flows, the distance elasticity is -1.59 for trips originating in the urban core but increases to -2.29 for

trips from rural outer suburbs, reflecting greater travel costs and fewer local alternatives in less

dense areas. Transaction flows show an even steeper spatial gradient, with elasticities ranging

from -1.81 in the core to -2.52 in rural areas, suggesting that consumption activity is particularly

concentrated in central locations where commercial density and variety reduce search costs.

While Table 10 documents systematic differences by origin and destination types separately,

mobility frictions may also depend on their combination. For instance, trips from rural areas

toward urban centers may respond differently to distance than trips within the dense urban core

or between suburban areas. We therefore estimate specifications in which the distance elasticity

is allowed to vary by origin–destination pair type, controlling for residence–day, destination–day,

and pair type–day fixed effects.
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Table 10: Elasticity of population and transaction flows to distance by origin and destination zone
types

Elasticity to distance from residence zone type to destination zone type
(1) (2)

Panel A: Population flows
log(Distance) × Lyon -1.59∗∗∗ -1.69∗∗∗

(0.010) (0.012)
log(Distance) × Inner suburbs -1.65∗∗∗ -1.73∗∗∗

(0.010) (0.008)
log(Distance) × Urban outer suburbs -1.99∗∗∗ -1.92∗∗∗

(0.011) (0.009)
log(Distance) × Rural outer suburbs -2.29∗∗∗ -2.17∗∗∗

(0.016) (0.011)

Fit statistics
Observations 3,901,032 3,901,032
Squared Correlation 0.65656 0.65676
Pseudo R2 0.74050 0.73777
BIC 35,146,428.3 35,514,970.9
Panel B: Transaction flows in count
log(Distance) × Lyon -1.81∗∗∗ -1.74∗∗∗

(0.042) (0.026)
log(Distance) × Inner suburbs -2.01∗∗∗ -2.14∗∗∗

(0.017) (0.014)
log(Distance) × Urban outer suburbs -2.27∗∗∗ -2.30∗∗∗

(0.020) (0.015)
log(Distance) × Rural outer suburbs -2.52∗∗∗ -2.32∗∗∗

(0.028) (0.027)

Fit statistics
Observations 1,062,344 1,062,344
Squared Correlation 0.86640 0.86742
Pseudo R2 0.82091 0.82086
BIC 2,347,828.9 2,348,474.0
Panel C: Transaction flows in value
log(Distance) × Lyon -1.85∗∗∗ -1.75∗∗∗

(0.045) (0.027)
log(Distance) × Inner suburbs -2.06∗∗∗ -2.20∗∗∗

(0.019) (0.015)
log(Distance) × Urban outer suburbs -2.32∗∗∗ -2.35∗∗∗

(0.022) (0.017)
log(Distance) × Rural outer suburbs -2.61∗∗∗ -2.38∗∗∗

(0.028) (0.031)

Fit statistics
Observations 1,062,344 1,062,344
Squared Correlation 0.83813 0.83701
Pseudo R2 0.86793 0.86774
BIC 67,083,420.1 67,177,922.3

Notes: This table reports Poisson Pseudo-Maximum Likelihood (PPML) estimates of the elasticity of population and
transaction flows with respect to distance, stratified by origin and destination zone types. Columns (1) and (2) present
elasticities for models where the log of distance is interacted with the type of the residence zone and the type of the des-
tination zone, respectively. Standard errors, clustered at the residence-day level, are shown in parentheses. Significance
levels are denoted by ***: 0.01, **: 0.05, : 0.1. All specifications include fixed effects for residence-day, destination-day
and pair type-day.
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Result 10: Mobility frictions depend on origin–destination pair types. Figure 7 reports the re-

sulting elasticities for trips outside the residence zone (j /∈ i), revealing systematic spatial hetero-

geneity across origin-destination pair types. The results show that economic interactions are most

distance-sensitive in peripheral-peripheral pairs (e.g., Rural-Rural with elasticities of -2.5), where

residents face both higher travel costs and limited local alternatives, while core-core interactions

(Lyon-Lyon, -1.8) benefit from agglomeration economies and superior connectivity. Notably, core-

periphery flows exhibit asymmetric elasticities, with periphery-core trips showing 10-15% higher

distance sensitivity than core-periphery trips, reflecting the urban core’s role as a central hub for

essential services and employment. Table 16 in Appendix D provides the underlying descriptive

statistics of population and transaction flows that support these elasticity patterns.
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Figure 7: Spatial heterogeneity in distance elasticities by origin-destination pair types

Note: This figure presents Poisson Pseudo-Maximum Likelihood (PPML) estimates of distance elasticities, stratified by
origin–destination zone pair types. The econometric specification controls for time-varying unobserved heterogeneity
through residence–day, destination–day, and pair type–day fixed effects, ensuring identification relies on within-pair,
within-day variations in distance–flow relationships. The analysis is restricted to inter-zonal trips (j /∈ i), excluding
within-residence-zone flows to focus on actual spatial displacement. Error bars represent 95% confidence intervals
clustered at the residence–day level to account for spatial and temporal dependence. Distances are calculated us-
ing population-weighted road-network metrics (see Appendix D). Descriptive statistics of underlying population and
transaction flows, including pair-type-specific means, standard deviations, and zero-flow proportions, are reported in
Table 16 in Appendix D.
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6 Conclusion

This study provides a systematic quantification of the connection between real-time population

presence and economic transactions through both extensive and intensive margins, exploiting ex-

ceptionally high granularity to provide fundamental new insights into urban economic dynamics.

By integrating high-frequency mobile phone location data with comprehensive card transaction

records, we have established several key findings that challenge conventional assumptions about

urban economic activity and offer important implications for academic research.

At larger scales, our analysis reveals that the elasticities of transaction count and value are

both close to unity. This suggests that urban density affects the extensive margin (number of

transactions) and the intensive margin (value of transactions) in a balanced manner, without a pro-

nounced divergence between the two. The temporal decomposition further uncovers large varia-

tions in consumption responsiveness, with Saturday midday periods exhibiting super-proportional

elasticities that exceed morning periods by more than double, while Sundays show significantly

lower responsiveness. These temporal patterns suggest that the economic returns to population

presence vary substantially throughout the day and week, with important implications for the

usefulness of presence counts as an indicator of economic activity (as in, for example, Campos-

Vazquez and Esquivel (2021)). The spatial and sectoral decompositions provide equally significant

insights. We estimate 19% higher consumption responsiveness in urban cores compared with pe-

ripheral areas, quantifying for the first time the economic significance of agglomeration effects

at micro-geographic scales. The persistent spatial concentration patterns, with transaction flows

declining by approximately 2% for each 1% increase in distance, provide further evidence that

economic interactions remain spatially constrained even at fine geographic scales, challenging op-

timistic assessments about digital technologies’ ability to overcome geographic barriers. As well,

we identify a goods-services dichotomy whereby goods sectors tend to show a higher elasticity of

transactions with respect to measured presence of individuals in a zone, implying that different

economic activities derive uneven benefits from urban density.

While our findings offer substantial advances in understanding urban economic activity, sev-

eral limitations should be acknowledged. First, our mobile phone data, while comprehensive, may

miss short-duration trips, potentially affecting our presence measurements. Second, our transac-

tion data only captures card payments, excluding cash transactions that may be more prevalent

in certain sectors or among specific population segments. Finally, the 28-day observation period,

while providing rich temporal variation, may not capture seasonal effects or longer-term trends
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in consumption patterns.

For future research, several promising directions emerge from this study. The development of

more sophisticated models that incorporate these heterogeneities could improve our understand-

ing of urban economic dynamics. Comparative analyses across different cities could reveal how

these patterns vary with urban structure and size. Longer-term studies could examine how these

relationships evolve over time, particularly with ongoing digital transformation. And the integra-

tion of additional data sources, such as public transport usage or online transaction records, could

provide a more comprehensive picture of urban economic activity. By establishing a framework

for analyzing the real-time relationship between population presence and economic transactions,

this study lays the groundwork for more nuanced and effective approaches to urban economic

analysis and policy design.
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Supplementary Materials (intended for online posting)

This set of appendices contains four comprehensive sections that provide detailed supple-
mentary material supporting our empirical analysis of the relationship between population pres-
ence and economic transactions. Data Appendix A describes our two primary datasets: mobile
phone location data and card transaction records. It covers data generation, processing, validation
against official benchmarks, and the construction of integrated datasets. Sectoral Heterogeneity
Appendix B examines variations in consumption responsiveness across sectors, days of the week,
and urban zones. It presents temporal patterns (weekdays, Saturday, Sunday) and spatial patterns
(Lyon center, inner suburbs, urban outer suburbs, rural outer suburbs), along with our 12-sector
classification system. Robustness Tests Appendix C validates our findings through sensitivity
analyses. It shows stability across alternative clustering schemes and econometric specifications,
confirming the reliability of our PPML estimation approach. Finally, Gravity Relation Appendix
D provides additional visual and quantitative evidence supporting our gravity model. It includes
scatter plots, cumulative distribution functions, and flow statistics that illustrate spatial decay
patterns in economic interactions.

A Data Appendix

This appendix provides a detailed account of the data sources, processing methodologies, and
validation procedures that underpin the empirical analysis presented in this paper. The analysis
relies on two high-frequency datasets: mobile phone location data capturing real-time population
presence and card transaction records documenting economic activity at fine spatial and tempo-
ral scales. The appendix is structured as follows: Section A.1 describes the mobile phone data,
including its generation, processing, and validation against official census benchmarks, while
Section A.2 outlines the card transaction data, emphasizing sectoral selection, spatial-temporal
alignment, and representativeness assessments. Finally, Section A.3 describes the construction of
the integrated datasets used in the empirical analysis, which merge the two data sources.

A.1 Mobile phone data

Mobile phone network data offer high-frequency, large-scale information on population presence
and mobility, enabled by nationwide antenna coverage and the pervasive use of mobile devices
in daily life. For this study, we use 30-minute presence counts for each Iris zone, France’s finest
census block group, in the Lyon Functional Urban Area. The dataset spans 28 consecutive days,
from Monday, September 5th to Sunday, October 2nd, 2022, and is provided by Orange, one of
France’s primary mobile network operators. The following subsection details the data generation
and processing pipeline.

A.1.1 Data generation and processing

Orange generates real-time presence indicators from signaling data collected through its network
infrastructure. Each network event, whether user-initiated such as calls, SMS, or data usage, or
automatic such as location-area updates or periodic pings occurring every three hours, produces
a location record linked to the cell tower handling the communication. On average, one event
occurs every seven minutes per device, amounting to roughly 205 events per device per day. All
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records associated with the same SIM card are linked through a unique anonymized identifier.
Devices are then probabilistically assigned to Iris zones using a signal-propagation model that
incorporates antenna layout, built density, and local topography.

The operator aggregates these assignments to geolocate active devices in real time at the Iris–30-
minute level. A reweighting procedure is subsequently applied to address three key aspects: Or-
ange’s market share to ensure representativeness across operators, differences in penetration rates
across demographic groups such as age or socio-economic status, and alignment with Insee cen-
sus population totals. The resulting presence indicators provide an approximation of the real-time
population in each zone. The analysis focuses on presence measures constructed from national
SIM cards only, excluding foreign SIM cards to maintain consistency with the card transaction
data, which primarily reflect domestic consumption patterns and avoid additional heterogeneity
related to short-term international roaming behavior.

Orange applies strict anonymization protocols. Raw individual-level location data are inacces-
sible, and only aggregated presence counts are delivered. Masking rules suppress observations
with fewer than 20 individuals to preserve privacy.

A.1.2 Data representativeness

To assess the representativeness of the mobile phone data, we compare origin–destination flows
from residential zones to zones of primary activity, such as work or study, with Insee’s resi-
dence–workplace census matrix. Primary activity zones are inferred from the locations where
devices spend the most time during daytime hours over the 15 days preceding the study period.
The origin–destination zones aggregate multiple Iris units, with an average of three Iris per zone.

Figure 8 illustrates the strong correlation between detected trips and census benchmarks. Panel
A plots the logarithm of the average daily number of individuals detected in the origin–destination
data, conditional on cross-zone trips, against the logarithm of the resident population from the of-
ficial census. Panel B compares the logarithm of the average daily number of individuals with
respect to their primary activity zone against the logarithm of workers and students according to
their place of study or work in the census. In both panels, the determination coefficient exceeds
60 percent, with an almost one-to-one correspondence between the average daily departures and
arrivals and the census data, confirming the alignment of the mobile phone data with official
benchmarks.
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Figure 8: Mobile phone data representativeness and comparison with the population census

(a) residence (b) workplace

Notes: Panel A plots the logarithm of the average daily number of individuals detected in the origin–destination
data, conditional on cross-zone trips, against the logarithm of the resident population from Insee’s census. Panel B
compares the logarithm of the average daily number of individuals with respect to their primary activity zone against
the logarithm of workers and students according to their place of study or work in the census. Lines show log-OLS
regression fits.

A.2 CB card transaction data

A.2.1 Data generation and processing

The card transaction data are sourced from the Groupement des Cartes Bancaires (CB), France’s
leading domestic card payment scheme. The analysis focuses on proximity payments, specifically
in-store transactions, while excluding online payments to ensure comparability with the mobile
phone presence data. Each transaction record includes the monetary value of the payment, a
timestamp precise to the second, the geographical location of the merchant, and an anonymized
card identifier that is persistent over time but unlinked to external information.

To ensure that card transactions correspond to situations where consumers are physically
present at the point of sale, we restrict the sample to merchant activity sectors where in-person
payments are standard, such as retail and personal services. We exclude sectors where card data
may not reliably reflect local activity, such as vending machines or centralized payment systems,
where a single merchant identifier may aggregate transactions across many physical locations.
This sectoral restriction improves the consistency between card transaction data and mobile phone
presence measures. The list of merchant activity sectors and their corresponding NAF classifica-
tion codes is provided in Table 13.

For spatial harmonization, transactions are assigned to Iris zones using a spatial join based
on merchant coordinates. Transactions with missing or invalid coordinates are excluded from the
aggregation. Temporally, the data are aggregated into 30-minute intervals to match the resolution
of the mobile phone data, yielding a panel indexed by Iris zone and time interval that is directly
comparable to the mobile phone presence indicators. More precisely, for each Iris zone i and time
interval t, we compute: (i) the number of transactions, (ii) the total transaction value (in euros),

48



and (iii) the number of active cards, defined as the number of distinct anonymized card identifiers
observed in that zone–time interval. The resulting dataset is a panel indexed by (i, t), directly
comparable to the mobile phone presence indicators.

A.2.2 Data representativeness

We assess the representativeness of the CB card transaction data through three complementary
validation exercises. First, we infer residential locations for cards based on their proximity pay-
ment behavior, identifying the Iris zone where a card is most frequently used over a rolling one-
year window centered on the study period. Second, we exploit information from online card
transactions, using the most frequently observed billing address over the same period to cross-
validate residence assignments. Third, we define residential locations based on the most frequent
delivery address from online transactions.

Residential location inferred from proximity payments.
In a first approach, we infer a residential location for cards based on their proximity payment

behavior. For each anonymized card identifier, we identify the Iris zone in which the card is most
frequently used for proximity payments over a rolling one-year window centered on the study
period (six months before and six months after). This Iris is interpreted as the card’s likely place
of residence.

We restrict attention to cards that are observed at least once within the Lyon functional urban
area during the study period. Aggregating inferred residential cards by Iris, we compare the
logarithm of the number of resident cards with the logarithm of the resident population from the
Insee population census (RP). Figure 9 presents the corresponding log–log relationship together
with the fitted regression line.

Residential location inferred from online billing addresses.
In a second validation exercise, we exploit information from online card transactions. The

anonymized card identifier is common across proximity and online payments, allowing us to
link the two transaction types. For cards that made at least one proximity payment in the study
area and period, and for which online transaction information is available, we infer a residential
location based on the billing address most frequently used over the same rolling one-year window.

We then aggregate cards by inferred billing-address Iris and compare the logarithm of the
number of cards to the logarithm of the census population. This sample is smaller than in the first
approach, as not all cards are used for online payments, but provides a more direct measure of
residential location. The corresponding relationship is shown in Figure 9.

Delivery location from online transactions.
Finally, we perform a similar exercise using delivery addresses associated with online card

transactions. For each eligible card, we define the delivery Iris as the address most frequently
used over the rolling one-year window. Aggregating cards by delivery Iris, we again compare the
logarithm of the number of cards with the logarithm of census population. This approach captures
a different dimension of spatial attachment and provides an additional robustness check. Results
are reported in Figure 9.

Figure 9 compares the logarithm of card-based residence assignments to Insee census popu-
lation logs for each method. All three approaches show strong positive correlations, providing
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reassurance that CB card activity is spatially well-aligned with underlying population distribu-
tions. However, the estimated elasticities differ meaningfully across methods. The proximity-
based assignment yields a slope of approximately 1.40, above unity, suggesting that larger Iris
zones attract disproportionately more card activity than their residential population alone would
predict—likely reflecting the fact that high-density zones concentrate both residents and non-
resident consumers, so that proximity payment frequency overestimates residential attachment
in dense areas. The billing and delivery address approaches yield slopes closer to 0.82, some-
what below unity, consistent with a mild attenuation bias arising from the smaller and potentially
selected sample of cards with observable online transaction records. Taken together, the three
methods bracket the true population–card correspondence and collectively support the spatial
representativeness of the data, while highlighting that proximity-based inference may amplify the
weight of dense urban zones.

Figure 9: Representativeness of CB card data

(a) Proximity payments (b) Online billing address (c) Online delivery address

Notes: Each panel plots the logarithm of the number of cards assigned to an Iris zone against the logarithm of the
resident population from the Insee census, using alternative definitions of card location.

A.3 Joint Data Base

This section describes the construction of the integrated datasets used in the empirical analysis,
which merge mobile phone presence data with card transaction records at high spatial and tempo-
ral resolution. The joint datasets enable direct measurement of the relationship between real-time
population presence and economic activity, supporting both aggregate and sector-specific analy-
ses.

A.3.1 Baseline joint CB × presence dataset

The baseline dataset used in the empirical analysis combines card transaction data and mobile
phone presence data at a common spatial and temporal resolution. The unit of observation is an
Iris zone observed in 30-minute intervals over the study period, yielding a balanced panel at the
Iris × date × time level.

For each Iris zone i and 30-minute interval t, the dataset includes aggregate measures of card
transaction activity—namely the number of transactions, total transaction value, and number of
active cards—as well as measures of real-time population presence derived from mobile phone
data. The two data sources are merged using common spatial and temporal identifiers, ensuring
full alignment between consumption and presence measures.
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The resulting dataset contains observations for all Iris zones and all 30-minute intervals be-
tween 06:00 and 22:00 over the 28-day study period, for a total of 963,187 Iris–time observations.
Because the data are observed at high temporal frequency, many Iris–time cells record zero card
transactions. These zero observations correspond to genuine periods without observed consump-
tion activity and are an inherent feature of high-frequency transaction data. They are retained in
the analysis, as they provide meaningful information about short-run variation in local consump-
tion intensity.

This baseline joint dataset constitutes the main input for the empirical analysis of the relation-
ship between real-time population presence and consumption activity. Sector-level analyses and
mobility-based extensions rely on separate datasets constructed specifically for those purposes, as
described in subsequent sections.

Table 11: Structure of the baseline joint dataset (illustrative)

Iris zone Date Time Transaction count Transaction value Presence
Iris 001 2022-09-05 08:00–08:30 3 124.50 31
Iris 001 2022-09-05 08:30–09:00 0 0.00 20
Iris 001 2022-09-05 09:00–09:30 7 312.80 50
Iris 245 2022-09-05 08:00–08:30 1 18.90 38
Iris 245 2022-09-05 08:30–09:00 0 0.00 21
...

...
...

...
...

Notes: This table illustrates the structure of the baseline joint dataset. Each row corresponds to an Iris zone
observed in a 30-minute time interval. Reported values are illustrative and do not correspond to actual
observations.

A.3.2 Sector-level CB × presence dataset

To study heterogeneity in the relationship between presence and consumption across economic
activities, we construct a sector-level version of the joint dataset. Card transactions are classified
into 12 broad activity sectors (Sector 12) based on merchants’ NAF codes. The mapping from
NAF codes to sector categories is reported in Table 13.

The sector-level dataset is constructed at the Iris × time × sector level. For each Iris zone i,
30-minute interval t, and sector s, we compute sector-specific measures of consumption activity,
including the number of transactions and the total transaction value. These sectoral transaction
aggregates are then merged with total population presence measured at the Iris–time level.

A key feature of the construction concerns the treatment of zero observations. Sector–zone–
time observations are included in the dataset only for Iris–sector pairs in which the sector is ob-
served at least once over the sample period. For such pairs, all time intervals are retained, and
transaction counts are allowed to be zero when no transactions occur in a given interval. By con-
trast, we do not generate observations for sector–zone combinations in which no merchant activity
from that sector is ever observed.

This construction ensures that zero transaction observations correspond to economically mean-
ingful situations—namely, periods with no observed demand despite the presence of relevant sup-
ply—while avoiding spurious zeroes driven by the absence of sectoral activity in a given location.
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The resulting sector-level joint dataset contains 67,576,332 Iris–time–sector observations, reflect-
ing the combination of high-frequency temporal resolution, fine spatial granularity, and sectoral
disaggregation.

Table 12: Structure of the sector-level joint dataset (illustrative)

Iris zone Sector Date Time Transaction count Transaction value Presence
Iris 001 Food Retail 2022-09-05 08:00–08:30 2 45.60 312
Iris 001 Food Retail 2022-09-05 08:30–09:00 0 0.00 298
Iris 001 Restaurants 2022-09-05 12:00–12:30 5 124.30 421
Iris 245 General Retail 2022-09-05 17:30–18:00 1 32.10 187
Iris 245 General Retail 2022-09-05 18:00–18:30 0 0.00 179
...

...
...

...
...

...
...

Notes: This table illustrates the structure of the sector-level joint dataset. Each row corresponds to an Iris zone
observed in a 30-minute time interval for a given sector. Transaction values and presence figures are illustrative
and do not correspond to actual observations.

A.3.3 Mobility-based CB dataset

This appendix describes the construction of the mobility-based payment card dataset used in the
gravity analysis, which links inferred residential locations of cardholders to the locations where
their consumption takes place. The objective of this dataset is to identify origin–destination con-
sumption flows at a fine spatial scale, enabling the estimation of distance-based frictions in intra-
urban economic activity.

Sample selection and identification of residence. The analysis relies on a restricted but well-
identified sample of anonymized cardholders. We retain cards that satisfy two conditions: (i)
they are observed making at least one proximity (in-store) payment within the Lyon Functional
Urban Area (FUA) during the study period, and (ii) they are associated with at least one online
transaction for which a billing or delivery address is available.

For each retained card, a residential location is inferred from the addresses reported in online
transactions. Specifically, we define the cardholder’s residence as the Iris zone corresponding to
the most frequently observed billing or delivery address over a rolling one-year window centered
on the study period. This procedure yields a stable and time-invariant residential location for each
cardholder.

Construction of residence–destination flows. Using the inferred residential Iris, we track where
cardholders conduct proximity payments during the study period. Transactions are assigned to
destination Iris zones based on the geolocation of the merchant. Aggregating across cards, we
construct residence–destination flows that measure consumption activity from residential zone i
to destination zone j.

These flows can be aggregated at different temporal resolutions depending on the analysis. In
the gravity estimations, transaction flows are aggregated to the residence–destination–weekday
level by averaging total daily flows across the four occurrences of each weekday in the observation
window. This aggregation smooths high-frequency volatility while preserving systematic spatial
patterns.
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Relation to mobile phone residence–destination matrices. The mobility-based CB dataset is
conceptually analogous to the residence–destination matrices constructed from mobile phone
data, which link nighttime residence zones to zones of observed presence. While the two data
sources differ in coverage and zoning definitions, both generate origin–destination representa-
tions of individual mobility within the Lyon FUA.

In the payment card data, residence zones are defined at the postcode level and are therefore
larger than the nighttime residence zones used in the mobile phone data. On average, a postcode-
based residence zone encompasses approximately eight Iris units, compared with about three Iris
units for nighttime zones in the mobile phone data. These differences are taken into account when
computing distances and interpreting spatial frictions.

Distance and travel time computation. Distances and travel times between residence and desti-
nation zones are computed using the routing engine Metric–OSRM, which provides road-network
distances (in kilometers) and free-flow travel times (in minutes) between geographic coordinates.
These measures are first computed at the Iris-to-Iris level, using the centroids of all Iris zones
within the Lyon FUA, yielding a complete origin–destination matrix.

Because residence zones in both the mobile phone and payment card data are defined over
spatial units that aggregate multiple Iris zones, distances from an origin zone o to a destination
zone d are not observed at a unique point. To account for this spatial imprecision, we compute
origin–destination distances as weighted averages of Iris-level distances. Specifically, for each
origin zone o and destination zone d, the distance is defined as the population-weighted average
of the distances between all Iris zones composing origin o and destination zone d, where weights
correspond to census population counts in the residence Iris zones.

This aggregation procedure ensures that distance and travel time measures reflect the spatial
distribution of origins within each origin zone, rather than relying on a single centroid that may
poorly represent large or heterogeneous origin areas. The same procedure is applied consistently
to both distance and travel time measures and across data sources.

Formally, let O(o) denote the set of Iris zones composing origin zone o, and let d denote a
destination Iris zone. Let distkd denote the Metric–OSRM distance between the centroids of Iris
zone k ∈ O(o) and destination Iris d, and let Nk denote the census population of Iris zone k.

The residence–destination distance between zones o and d is defined as the population-weighted
average:

distanceod =

∑
k∈O(o)

Nk distkd

∑
k∈O(o)

Nk
. (6)

Scope and interpretation. The resulting dataset captures consumption-related mobility patterns
for a selected subset of cardholders for whom residential locations can be reliably identified. Al-
though this sample is smaller than the universe of payment cards, it enables a direct and explicit
linkage between place of residence and place of consumption. As such, it is particularly well
suited for analyzing spatial spillovers, distance decay, and gravity-type relationships in intra-
urban consumption behavior.
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Throughout the paper, indices i and j denote residence and destination zones, respectively.
Additional details on distance computation, zoning harmonization, and comparability with mo-
bile phone data are provided in the surrounding appendix sections.
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B Appendix: Sectoral Heterogeneity in Consumption Responsiveness

This appendix presents supplementary analyses that extend our core findings on the relation-
ship between population presence and economic transactions, focusing on how these relationships
vary across economic sectors, days of the week, and urban zone types.

B.1 Temporal Variations in Sectoral Elasticities

The relationship between population presence and transaction activity exhibits significant tempo-
ral heterogeneity, as demonstrated in Figure 10. Panel (a) establishes the baseline consumption
responsiveness across all sectors during weekdays, revealing a clear goods-services dichotomy
where essential retail sectors demonstrate near-unity elasticities while discretionary service sec-
tors exhibit lower responsiveness. Panels (b) and (c) illustrate how this relationship transforms
during weekend days. Saturday patterns (Panel b) show increased responsiveness across most
sectors, with a narrowing of the goods-services gap as both categories benefit from planned shop-
ping and leisure activities. Sunday patterns (Panel c) differ markedly from other days, demon-
strating a distinct elasticity profile characterized by reduced overall responsiveness. While es-
sential sectors like food retail maintain relatively high elasticities, many service sectors show sig-
nificantly lower responsiveness on Sundays, suggesting a shift toward more destination-specific
consumption patterns and reduced commercial activity on this day. This arrangement of weekday,
Saturday, and Sunday patterns provides a comprehensive view of how consumption responsive-
ness varies systematically across the week, reflecting the changing rhythms of urban economic
activity.
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Figure 10: Elasticities of transactions with respect to presence by retail sector and day type.

Notes: Each panel shows sector-specific elasticities differentiated by day type. From top to bottom: weekdays
(Monday–Friday), Saturday, and Sunday.
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B.2 Spatial Patterns in Sectoral Elasticities

The spatial dimension of consumption responsiveness is examined in Figure 11, which decom-
poses sector-specific elasticities across four distinct urban zone types. This analysis reveals sys-
tematic spatial heterogeneities that reflect the varying economic structures and consumption op-
portunities across the metropolitan area. The urban core (Lyon city center) exhibits the high-
est elasticities across most sectors, reflecting its dense commercial infrastructure and efficient
consumer-provider matching. Inner suburbs show moderate elasticities with some sectoral vari-
ation, particularly in service sectors where capacity constraints may limit responsiveness. Urban
outer suburbs demonstrate lower overall elasticities but maintain concentration in retail hubs,
while rural outer suburbs show the lowest responsiveness across most sectors, indicating thinner
markets and higher search costs in peripheral areas.

Figure 11: Elasticities of transactions with respect to presence by retail sector, across urban groups

Notes: Each panel shows sector-specific elasticities estimated for a distinct spatial group: Lyon, inner suburbs, urban
outer suburbs, and rural outer suburbs.
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B.3 Sector Classification System

The sector classification organizes 73 NAF codes into 12 broad economic sectors, grouped into
two categories. The Goods category (46 codes) covers automotive sales, clothing and beauty re-
tail, food retail, general retail, and health and wellness retail. The Services category (27 codes)
covers accommodation, arts and entertainment, automotive repair, bars and drinks, gambling,
museums and cultural sites, restaurants, and sports and recreation. The full mapping is presented
in Table 13.

Table 13: NAF codes by sector and Goods/Services classification

Sector NAF Codes

Panel A: Goods (46 codes)
Automotive 4511Z, 4519Z, 4532Z, 4730Z
Clothing and Beauty Retail 4771Z, 4772A, 4772B, 4775Z, 4777Z
Food Retail 4711A, 4711B, 4711C, 4711D, 4711E, 4711F, 4719A, 4719B, 4721Z,

4722Z, 4723Z, 4724Z, 4725Z, 4726Z, 4729Z
General Retail 4741Z, 4742Z, 4743Z, 4751Z, 4752A, 4752B, 4753Z, 4754Z, 4759A,

4759B, 4761Z, 4762Z, 4763Z, 4764Z, 4765Z, 4776Z, 4778B, 4778C,
4779Z

Health and Wellness Retail 4773Z, 4774Z, 4778A

Panel B: Services (27 codes)
Accommodation 5510Z, 5520Z, 5530Z, 5590Z
Arts and Entertainment 9001Z, 9002Z, 9003A, 9003B, 9004Z
Automotive Repair 4520A
Bars and Drinks 5630Z
Gambling 9200Z
Museums and Cultural Sites 9102Z, 9103Z, 9104Z
Restaurants 5610A, 5610B, 5610C, 5621Z, 5629A, 5629B
Sports and Recreation 9311Z, 9312Z, 9313Z, 9319Z, 9321Z, 9329Z

Notes: NAF codes follow the French nomenclature of activities (Nomenclature d’Activités Françaises), consistent
with NACE Rev. 2 at the 5-digit level. Sector 4540Z and the “Other/Unknown” category are excluded from the
analysis. The Automotive sector appears in both panels: vehicle sales (Panel A) and repair services (Panel B).
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C Appendix : Additional Empirical and Robustness Tests

This appendix presents comprehensive robustness checks that validate the reliability of our base-
line empirical findings regarding the relationship between real-time population presence and eco-
nomic transactions. We examine two critical dimensions of robustness: 1. the sensitivity of our
results to alternative clustering schemes for standard errors, and 2. the stability of our estimates
across different econometric specifications and functional forms. These tests address potential
concerns about spatial-temporal dependencies in our high-frequency panel data and the appro-
priateness of our Poisson Pseudo-Maximum Likelihood (PPML) estimation approach.

Clustering of the standard error. The robustness of our baseline elasticity estimates to alterna-
tive clustering schemes for standard errors is demonstrated in Table 14. When comparing our
primary specification—where standard errors are clustered by both zone and date-hour—to alter-
native specifications clustering by zone only or date-hour only, we observe complete stability in
the point estimates for both transaction count (0.992) and transaction value (0.934) elasticities. This
invariance confirms that our core findings regarding the relationship between population presence
and economic transactions are not sensitive to the method of accounting for within-group correla-
tion in the errors. However, the standard errors vary meaningfully across specifications, with the
two-way clustering yielding the most conservative estimates (SE = 0.082 for counts, 0.085 for val-
ues), while date-hour only clustering produces substantially smaller standard errors (SE = 0.040).
This pattern underscores the importance of our baseline approach, which accounts for both spatial
and temporal dependencies in the high-frequency panel data, thereby providing the most reliable
inference. The stability of these results across clustering schemes strengthens our confidence in
the estimated elasticities and supports our conclusion that real-time population presence has a
robust and economically meaningful impact on urban economic activity.

Table 14: Robustness to Alternative Clustering of Standard Errors

Transaction count Transaction value
Clustering Elasticity SE Elasticity SE

Zone + DateHour (baseline) 0.992 (0.082) 0.934 (0.085)
Zone only 0.992 (0.075) 0.934 (0.076)
DateHour only 0.992 (0.040) 0.934 (0.040)

Fixed Effects: Zone and Date–Hour

Notes: This table reports PPML estimates of the elasticity of card transactions with respect to real-time population
presence under alternative clustering schemes for standard errors. The baseline specification clusters standard
errors two ways, by zone and by date–hour (30-minute interval). Alternative specifications cluster by zone only
or by date–hour only. All models include zone and date–hour fixed effects

Alternative Estimation Methods To assess the robustness of our baseline results to alternative
econometric specifications, Table 15 presents estimates using different estimators and functional
forms for both transaction counts (Panel A) and transaction values (Panel B). All models main-
tain the same fixed effects structure (zone and date-hour) and standard error clustering, ensuring
comparability with our primary PPML specification.
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Table 15: Robustness: alternative estimators and transformations

β̂ SE 95% CI lo 95% CI hi N sq.cor pr2 BIC
Panel A: Transaction count
PPML 0.992 0.082 0.831 1.154 963187 0.900 0.860 7528193.0
OLS: log(1+y) 0.615 0.055 0.507 0.723 1024558 0.799 0.427 2231336.3
OLS: asinh(y) 0.676 0.061 0.557 0.796 1024558 0.794 0.389 2575804.9
OLS: asinh(y), asinh(pres) 0.676 0.061 0.557 0.796 1024558 0.794 0.389 2575804.6
NegBin (counts) 0.765 0.067 0.633 0.897 963187 0.845 0.235 5098086.1
Panel B: Transaction value
PPML 0.934 0.085 0.768 1.101 963187 0.901 0.897 229748404.6
OLS: log(1+y) 0.855 0.081 0.696 1.014 1024558 0.742 0.268 3815773.0
OLS: asinh(y) 0.895 0.087 0.725 1.065 1024558 0.735 0.253 4039301.9
OLS: asinh(y), asinh(pres) 0.895 0.087 0.725 1.065 1024558 0.735 0.253 4039301.7
Gamma (value) 0.616 0.066 0.488 0.745 656986 0.821 0.062 24682447.2

Notes: All models include fixed effects for Zone and Date×Hour; standard errors clustered by Zone and
Date×Hour. PPML is Poisson pseudo-maximum likelihood. OLS models use log(1 + y) or asinh(y) as the de-
pendent variable transformation. The specification asinh(y) ∼ asinh(pres) is not reported separately as it yields
numerically identical estimates to asinh(y) ∼ log(pres) once fixed effects are included, since asinh(pres) ≈
log(2 pres) over the observed support, with the additive constant absorbed by the fixed effects.

The robustness analysis confirms the reliability and economic significance of our baseline find-
ings regarding the relationship between population presence and economic transactions. For
transaction counts (Panel A), our preferred PPML specification yields an elasticity estimate of
0.992 with tight confidence intervals (0.831-1.154), indicating a near-proportional relationship be-
tween population presence and transaction volume. While alternative estimators produce sys-
tematically lower elasticities—ranging from 0.615 for log-transformed OLS to 0.765 for negative
binomial models—all specifications maintain positive and statistically significant coefficients, re-
inforcing the fundamental economic relationship. The transaction value models (Panel B) exhibit
a similar pattern, with PPML estimating an elasticity of 0.934 compared to 0.616-0.895 for alter-
native specifications. This consistency across diverse econometric approaches—including trans-
formations to handle zeroes (log(1+y), asinh(y)) and distributional alternatives (negative bino-
mial, Gamma)—demonstrates that our core finding of substantial consumption responsiveness to
population presence is not sensitive to functional form or estimator choice. The superior model
fit of PPML (pseudo-R² of 0.860-0.897 versus 0.427 for alternatives) further validates our base-
line approach, while the conservative estimates from alternative specifications provide reassur-
ing bounds on the true effect size. These results collectively confirm that real-time population
presence generates economically meaningful increases in both the frequency and value of urban
economic transactions, with near-unity elasticities suggesting that agglomeration effects operate
primarily through the extensive margin of more frequent interactions rather than substantially
higher spending per transaction.
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D Appendix: Gravity Relation: Visual

This appendix provides complementary visual and quantitative analyses that extend our gravity
model findings from Section 5, offering additional empirical support for the spatial patterns of
population mobility and transaction flows in the Lyon metropolitan area. The figures and table
presented here work synergistically to illustrate how distance from residential locations system-
atically shapes economic interactions at micro-geographic scales.

Visual Evidence of Spatial Decay Patterns. Figure 12 illustrates the fundamental relationship
between population presence counts and distance from residential locations. Each data point rep-
resents a residence-destination pair observed during peak activity periods (10:00-11:30 and 14:00-
15:30), averaged by day of the week. The clear negative relationship visible in this scatter plot
provides visual confirmation of our gravity model estimates, showing how population presence
systematically declines with increasing distance from home locations. The pattern reveals both
the overall distance decay effect and potential day-of-week variations in mobility patterns.

Figure 12: Relationship between presence counts and distance from home.

Notes: Each point represents a residence–destination pair on a given day of the week averaged over 10:00-11:30
and 14:00-15:30 time intervals.

Figure 13 extends this analysis to economic transactions, plotting total daily transaction counts
against distance from residential locations. This visualization demonstrates that transaction activ-
ity exhibits an even stronger distance decay pattern than general population presence. The steeper
negative slope suggests that consumption activities are more spatially concentrated than overall
mobility, with most transactions occurring within short distances from residential zones. This
pattern aligns with our gravity model results showing higher distance elasticities for transactions
compared to population flows.
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Figure 13: Relationship between total daily transaction counts and distance from home. Each
point represents a residence–destination pair on a given day of the week.

Cumulative Distance Distributions. Figure 14 presents cumulative distribution functions of
traveled distances from residential locations, offering a comprehensive view of the spatial dis-
tribution of mobility patterns. The CDF curves allow direct comparison of how different types
of activities (general presence vs. transactions) and different days of the week exhibit distinct
distance distributions. The steeper curves for transaction-related distances compared to general
presence confirm our quantitative finding that economic activities are more spatially concentrated.
Day-of-week variations in the CDFs further illustrate temporal patterns in mobility, with weekend
distributions typically showing different characteristics than weekdays.
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Figure 14: Cumulative distribution functions of distances from home

Quantitative Decomposition of Flow Patterns. Table 16 provides a detailed quantitative de-
composition of population mobility and transaction flows across different origin-destination zone
pairs in the Lyon metropolitan area, offering empirical validation for our gravity model’s spatial
decay patterns. The statistics reveal striking differences between general population movements
(Panel A) and economic transactions (Panel B) across four urban zone types. For population flows,
we observe a clear monocentric pattern where Lyon-Lyon pairs dominate with mean flows of
36.04, while peripheral interactions show substantially lower volumes (rural-rural mean = 8.29)
and higher variability, confirming our gravity model’s distance decay estimates. Transaction flows
exhibit even stronger spatial concentration, with Lyon-Lyon pairs averaging 55.92 transactions -
nearly five times higher than the next most active pair - and 75% of peripheral zone pairs showing
zero transactions. The data demonstrates that while population mobility follows a gradual dis-
tance decay pattern, economic transactions are highly concentrated in central zones, with sharp
drop-offs in peripheral areas. This spatial disparity between general mobility and transaction ac-
tivity underscores the persistent importance of physical proximity for economic interactions, even
at micro-geographic scales. The statistics particularly reinforce our finding that transaction flows
exhibit stronger distance sensitivity than population flows, with the urban core serving as the
primary economic hub while peripheral zones show signs of economic isolation.

63



Table 16: Summary statistics of daily population and transaction flows by pair group

Pair group Min Q1 Median Mean Q3 Max N

Panel A: Population flows (MNO)
Lyon - Lyon 0 0 20 36.04 31.00 7,178.46 108,780
Lyon - Inner suburbs 0 0 0 10.77 22.00 2,084.79 165,228
Lyon - Urban outer suburbs 0 0 0 4.08 0.00 442.96 175,224
Lyon - Rural outer suburbs 0 0 0 1.81 0.00 538.12 227,556

Inner suburbs - Lyon 0 0 0 14.55 25.00 1,153.17 157,990
Inner suburbs - Inner suburbs 0 0 0 25.96 26.09 6,033.50 239,974
Inner suburbs - Urban outer suburbs 0 0 0 5.77 0.00 1,310.50 254,492
Inner suburbs - Rural outer suburbs 0 0 0 2.05 0.00 883.00 330,498

Urban outer suburbs - Lyon 0 0 0 5.42 0.00 399.96 189,070
Urban outer suburbs - Inner suburbs 0 0 0 7.08 0.00 1,292.50 287,182
Urban outer suburbs - Urban outer suburbs 0 0 0 21.59 0.00 6,617.75 304,556
Urban outer suburbs - Rural outer suburbs 0 0 0 6.57 0.00 4,287.54 395,514

Rural outer suburbs - Lyon 0 0 0 1.32 0.00 275.12 178,710
Rural outer suburbs - Inner suburbs 0 0 0 1.98 0.00 298.62 271,446
Rural outer suburbs - Urban outer suburbs 0 0 0 6.05 0.00 1,902.62 287,868
Rural outer suburbs - Rural outer suburbs 0 0 0 8.29 0.00 4,689.79 373,842

Panel B: Transaction flows (CB)
Lyon - Lyon 0 2.5 9.75 55.92 35.25 3,147.00 11,655
Lyon - Inner suburbs 0 1.0 2.00 7.96 5.50 778.25 17,703
Lyon - Urban outer suburbs 0 0.0 1.00 2.27 2.25 275.75 18,774
Lyon - Rural outer suburbs 0 0.0 0.00 0.48 1.00 66.75 24,381

Inner suburbs - Lyon 0 1.0 2.00 7.00 4.75 3,002.75 36,260
Inner suburbs - Inner suburbs 0 0.0 1.00 11.46 2.75 3,272.75 55,076
Inner suburbs - Urban outer suburbs 0 0.0 0.00 1.96 1.50 1,045.75 58,408
Inner suburbs - Rural outer suburbs 0 0.0 0.00 0.32 0.00 404.00 75,852

Urban outer suburbs - Lyon 0 0.0 1.00 1.72 2.00 158.75 80,290
Urban outer suburbs - Inner suburbs 0 0.0 0.00 1.57 1.00 1,021.75 121,954
Urban outer suburbs - Urban outer suburbs 0 0.0 0.00 7.15 1.00 4,237.75 129,332
Urban outer suburbs - Rural outer suburbs 0 0.0 0.00 0.78 0.00 1,000.75 167,958

Rural outer suburbs - Lyon 0 0.0 0.00 0.59 1.00 68.00 64,750
Rural outer suburbs - Inner suburbs 0 0.0 0.00 0.39 0.00 138.25 98,350
Rural outer suburbs - Urban outer suburbs 0 0.0 0.00 1.53 1.00 710.25 104,300
Rural outer suburbs - Rural outer suburbs 0 0.0 0.00 1.12 0.00 1,432.25 135,450
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