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Abstract

We use newly constructed individual-level panel data for Denmark covering more than 30 years
to understand the origins and consequences of spatial sorting by age and family status within
cities. Based on our reduced-form evidence that disentangles sorting by age and family status
from correlated individual effects, we develop a quantitative urban model with heterogeneity
by skill, age, and family status. We use the quantified model to show that the most important
mechanism driving spatial sorting is heterogeneity in preferences for local amenities, which
highlights importance of amenities for understanding the spatial organization of cities. Finally,
we use the model to explore the effect of demographic change such as population aging, falling
fertility, and increasing numbers of single households on cities and find that their combined
effect on cities will be substantially more muted than the effect of any of these changes on their
own.
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1 Introduction

Many outcomes – such as income, skills, age, fertility, and marriage rates – differ markedly across
space, both between cities and within them. However, it remains unclear whether these spatial
patterns reflect fixed differences across individuals and cohorts or systematic changes in location
choices that relate to life circumstances such as age and family status. We know even less what
mechanisms are driving this sorting. Why do young adults, for example, tend to live centrally
while families prefer suburban areas? These choices could be due to heterogeneity in preferences
for housing consumption, commuting, or local amenities such as entertainment options or access
to parks and water areas.

This paper uses newly-constructed employer-employee-property-family panel data for the pop-
ulation of Denmark covering over 30 years to provide evidence on how location choices evolve
with age and life events. We document several new stylized facts on how workplace and residence
choices, commuting, and residential space consumption change with age and in response to life
events. Our data allows us to identify a wide range of life events, including cohabitation, child-
birth, separation, empty nesting, retirement, and death of a spouse. We combine the reduced-form
evidence with a quantitative urban model to examine what mechanisms, such as differences in
housing expenditure shares, commuting costs or the evaluation of residential amenities drive the
strikingly different sorting of different groups in space. Finally, we use the estimated model to as-
sess the effect of key demographic changes such as population aging, declining cohabitation rates
and fertility on the geography of cities through model counterfactuals.

The Danish registry data are ideal to study spatial sorting at a micro-geographic scale. In our
annual panel data for the entire population of Denmark, we observe the residence location and, for
those who are working, also the workplace location to a precision of 100 meter by 100 meter grid
cells. The data allow us to link people from year to year and observe their marital status, children,
income, education, and the size and value of their primary residence. This wealth of information
allows us to chart how location choices develop over the life cycle in response to life events and
age at a fine geographical scale. This contrasts with information from typical census data where it
is difficult to link individuals across censuses and location choices are observed at lower temporal
frequency and for much larger geographical units.

We begin by establishing four new stylized facts about how location choices vary over the life
cycle. First, we show that both the probability of moving residence and the probability of moving
workplace reach a peak of nearly 40% at the age of 21 and then continuously decline with age.
Strikingly, most of this mobility is within cities. Over 80% of residence moves and nearly 90% of
workplace moves occur within the Copenhagen Metropolitan Area, with similar patterns in other
Danish commuting zones. This motivates our focus on mobility across neighborhoods within a
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city rather than the much more infrequent mobility across cities. Second, we show that people
move closer to the city center until their mid 20s, after which they gradually shift outward, with
this decentralization mostly completed by age 40, and much more pronounced for residence than
workplace location. Third, commuting times increase by about 10% from the mid 20s to mid-
40s with minimal further increases after this age and a small decline just before retirement age.
Quantitatively the variation in commuting times is much smaller over the life cycle than variation
in the distance of the residence or workplace from the center of the city. Fourth, we show that the
average residential floor space consumption per adult continuously increases until the mid 40s and
then plateaus for roughly 15 years before increasing further. We therefore find no evidence for
“downsizing” later in life.

An obvious question is whether the changing location choices and floor space consumption
over the life cycle can be explained by life events such as marriage and childbirth. To do so we
estimate event-study specifications using the imputation estimator proposed by Borusyak et al.
(2024) and Liu et al. (2024). We estimate the effect of a broad set of life events on distance of
residence and workplace from the center of the city, commuting times and the consumption of
residential floor space. For the non-working population, we only observe their residential location
and residential floor space consumption as outcome variables. We consider all life events that are
experienced by at least 5% of the individuals in our sample.1 This selection rule results in 12 life
events, which we group into a set of early and late life events. The early life events are the first
three cohabitations, the birth of the first three children, and the first two separations, which all have
a median age at which these events occur of less than 35. The late life events are empty nesting,
retirement and death of a spouse, which have median ages at event of over 50. We separate our
estimation between early and late life events, which assumes orthogonality between these two sets
of events.2 We jointly estimate the event studies, to account for the potential correlation between
life events. We do so by using the imputation method to estimate the effects of all early life events
jointly in one regression, and we further decompose this total effect into the leads and lags of each
event.

The event-study estimates reveal a number of striking patterns. First, cohabitation substantially
reduces floor space consumption per capita and decentralizes both the residence and workplace
location even though we are controlling for the effects of other life events such as children. Second,
the arrival of the first child also decentralizes the residence and workplace location along with a

1More than 5% of individual in our sample experience the birth of their third child, for example, while the birth
of fourth and further children is experienced by less than 5% of the individuals in our sample and these events are
therefore not included in the regressions.

2The imputation estimator uses observations before treatment to estimate the person and age fixed effects. Even
with 34 years of data it is rarely possible to observe a person that is untreated with all early life events who also
experiences a late life event during the sample period. For this reason, we separately estimate the effect of the early
and late life events, which implicitly assumes there is no correlation between events that occur in these different stages.
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reduction in commuting time. The arrival of the first child also increases residential floor space
consumption, but this effect is surprisingly small relative to the space savings from cohabitation.
Third, the effects of a separation are almost exactly the opposite of cohabitation. A separation
results in both the residence and workplace location becoming more central again, with reductions
in commuting time and much larger residential floor space consumption per capita. Fourth, we find
hardly any effect of empty nesting or retirement on location choices and floor space consumption.
Finally, the death of a partner has minimal effects on the residence location of the surviving spouse
but increases space consumption per capita substantially.

A natural question is how much of the changes in residence and workplace location, commuting
times, and floor space consumption over the life cycle is explained by life events relative to the
effect of age. To decompose the observed changes over the life cycle between age and life events,
we use our event-study treatment effects and compute for each individual and year, the joint effect
of all life events that they experience. We compute the effect of age as the residual outcome once we
remove individual fixed effects and the joint effect of all life events. We find that while life events
can explain a substantial part of the variation over the life cycle in residential location choices, they
have less of an effect on the workplace location, commuting times and floor space consumption.
This suggests that changes in preferences with age that cannot be attributed to observable life
events have a considerable impact on location choices within cities.

From the reduced form evidence alone, it is difficult to tell why people of different ages and
subject to different life events make such strikingly different location choices within cities. These
differences in location choices could be due to several factors. With children, housing needs may
grow, making locations with lower house prices relatively more attractive. Similarly, the oppor-
tunity cost of commuting time may depend on the circumstances of life, and those with lower
commuting costs may sort into peripheral locations with longer commutes. Finally, the valuation
of location-specific amenities such as nearby bars, restaurants or schools may change with age and
family structure. To disentangle the importance of these factors we develop a quantitative urban
model with agents who are heterogeneous in terms of their age, marital status, skill level and the
presence of children. We take advantage of the comprehensive micro data available in Denmark to
estimate the structural parameters of this model for a uniquely rich set of worker and family types.
In particular, we consider a model with 12 different types of workers.

We use the estimated model to evaluate the relative importance of different channels for the
strikingly different location choices of different groups. We do this through a series of model
counterfactuals where we eliminate different mechanisms through which the model can explain
the observed sorting of groups. Before we present the full model counterfactuals, we examine the
direct impact effect of key parameters on sorting, which are first-order approximations to the full
general equilibrium effect of changes in these parameters. We find that groups that on average
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live further from the center of the city actually have lower rather than higher housing expenditure
shares, which suggests that high housing expenditure shares do not explain sorting into cheaper
suburban locations. Similarly, we show that groups that on average prefer more suburban residen-
tial locations in fact have higher commuting costs than those living more centrally, which suggests
that lower commuting costs induce groups to choose more peripheral locations. Finally, we show
that differences in amenities across locations are highly predictive of the average distance of a
group’s residence location from the center of the city, which points to the central importance of
amenities in understanding location choices within cities.

The full counterfactual results confirm the pattern of results from the first-order approxima-
tions. The first model counterfactual assumes that all agents have the same housing expenditure
share and finds that the average distance of a group’s residential location from the center of the city
barely changes. Further counterfactuals look at the importance of commuting costs, idiosyncratic
utility shocks, labor demand and residential amenities. We find that eliminating the variation in
each of these parameters across groups has very limited effects on the average distance of a group’s
residential location from the center of the city apart from the effect of variation in amenities. If all
groups perceived the amenity value of a location to be the same, sorting of groups across locations
would dramatically change.3 These results suggest that differences in the perceived residential
amenity value of a location for different groups are key for understanding location choices.

We next correlate the model estimated amenities by group with observables proxies for ameni-
ties that have been widely used in the literature. In particular, we create a consumption amenity
index, which is composed of the density of cinemas, restaurants, bars and street food establish-
ments; a natural amenity index, which includes a dummy for location on the coast, the share of
water, green areas, the share of non-built-up land and the number of marinas. We further con-
struct a school quality index, based on test scores and completion rates. We correlate these indices
with the model amenities by group, and interact them with being in our older age group, cohabit-
ing, having children or being high-skilled. The results show that, relative to our reference group
(young, low-skilled single people without children), workers who are older, in a couple, and co-
habiting with children value consumption amenities less, and natural amenities more. Parents and
senior workers value school quality relatively more than the reference group. These results suggest
that the model inverted amenities of each group are intuitively correlated with variation in observ-
able urban amenities across locations and reinforces our finding that amenity differences are key
to understanding sorting patterns in cities.

In a final step, we use the quantitative model to assess the impact of key demographic changes

3Formally, we assume in the amenity counterfactual that each location has the same residential amenity value for
all groups, and we set this common amenity value equal to the unweighted average amenity level of all groups with
non-zero population in a location in the baseline.
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on the geography of cities. In particular, we estimate model counterfactuals for population aging,
changes in fertility (i.e. the number of people with children) and the share of single households.
We find that each of these demographic trends has substantial impacts on location choices and
house prices within cities. However, their combined effect is more muted. While population aging
reduces demand for central areas, this is offset by the effect of fewer children and more single
households, which increases demand for space in the center of cities.

Related Literature Our paper is related to a number of literatures. First, our paper is related to
the literature that has examined the effect of life events, such as marriage, childbirth, divorce, and
retirement, on economic outcomes other than location choices. One branch of this literature inves-
tigates the effect of the first child on earnings and labor force participation rates (such as Kleven
et al. (2019), Adda et al. (2017), and Cortés and Pan (2023)), and consumption choices (such as
Browning and Ejrnæs (2009)). Kleven et al. (2024) jointly estimates the effects of marriage and
children on labor market participation rates across the world. Foerster (2024) examines the im-
pact of divorce on hours worked, wages, assets, labor income, and consumption, and Fernández
and Wong (2014) shows that increased probability of divorce impacts female labor force partici-
pation. We contribute to this literature by studying how life events affect location choices, which
are of first-order importance due to the large share of housing expenditure for most individuals
and large differences in house prices, amenities, and labor markets across locations. Moreover,
our data allows us to jointly estimate the impact of different life events and evaluate their relative
importance.

Second, our work is related to the large literature that studies how economic outcomes evolve
with age. This includes work explaining labor supply over the life cycle starting with seminal
contributions by Ben-Porath (1967), Mincer (1974), and Heckman (1976). Another prominent
strand in this literature investigates how consumption and savings vary over the life cycle following
the seminal contribution by Modigliani and Brumberg (1954). Recent surveys on this literature
include Meghir and Pistaferri (2010). This literature has typically ignored location choices and
housing consumption despite the large share of housing in typical consumption baskets and the
large variation in amenities and the price of housing across space. We contribute to this literature
by showing how age affects location choices and housing consumption.

Third, our paper builds on the literature developing quantitative urban models that capture the
determinants of location choices with cities, including Lucas and Rossi-Hansberg (2002), Ahlfeldt
et al. (2015), Allen et al. (2015), Heblich et al. (2020), Owens III et al. (2020), Gaubert and
Robert-Nicoud (2024), Couture et al. (2024), Tsivanidis (2023), Redding and Sturm (2024), Bor-
deu (2024) and Weiwu (2024), as recently surveyed in Redding (2024).4 We build on the strand

4There is also a large body of literature on horizontal residential sorting that focuses solely on the housing market
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of this literature that considers how heterogeneous agents sort in cities. Due to our rich data, we
can estimate the structural parameters of a model with many worker types, far beyond the small
number typically considered in the existing literature, which usually distinguishes workers based
only on skills. Furthermore, we contribute to this literature by investigating how the structural
residuals of our model – the residential amenities – are correlated with real-world amenities, and
how these differ by group characteristics.5

Fourth, there is a recent literature that examines how life events such as retirement and child
birth or age affect locations choices. Komissarova (2022) and Badilla Maroto et al. (2024) look
at migration across cities in response to retirement in the US and France respectively.6 Moreno-
Maldonado and Santamaria (2024) show how delayed childbirth affects sorting across neighbor-
hoods in US cities while Anstreicher and Venator (2024) find that young mothers are more likely
to move back to their US state of birth. Coeurdacier et al. (2024) use French data to show that the
number of children is higher in locations with lower house prices both within and across cities and
rationalize this finding in an overlapping generations model. Albouy and Faberman (2025) esti-
mate amenity differences across US metropolitan areas and find that particularly the high-skilled
move to higher amenity cities early on in their life using data from the National Longitudinal
Surveys of Youth. We contribute to this emerging literature in several ways.

First, our panel data allows us to control for individual fixed effects to disentangle cohort effects
from the treatment effect of life events and age on location choices. Second, we jointly estimate
the effects of a broad set of life events and age and assess their relative importance. Third, our
quantitative model allows us to explore the importance of different mechanisms such as commuting
costs, housing expenditure shares and amenities in explaining the patterns of spatial sorting.

The remainder of this paper is organized as follows. Section 2 provides an overview of our
data. Section 3 presents our stylized facts for location choices in cities. Section 4 introduces our
quantitative model. Section 5 describes the estimation of the model and how we use it to shed
light on the mechanisms for sorting. Section 6 uses the estimated model to explore the effects of
demographic changes on cities, and Section 7 concludes.

to explain household location choices, linking household taste heterogeneity to local urban amenities. For an overview
of residential sorting models, see Kuminoff et al. (2013). The methodology used in these models was originally
developed by Berry (1994), Bayer et al. (2007) and Bayer and Timmins (2007).

5Relatedly, Ang et al. (2024) investigates how much real world amenities explain the variation of model amenities
in Los Angeles, California, derived from a canonical urban quantitative spatial model with one group.

6A further related paper is Bonnet et al. (2010), which shows that widowhood increases the probability of changing
residence location using French data.
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2 Data

We use a newly compiled individual-level panel dataset covering the entire population of Denmark
for the years 1986 to 2019. This employer-employee-property-family dataset contains informa-
tion on residence and workplace locations down to 100 by 100 meter grid cells, income from all
sources, residential floor space consumption and property prices as well as detailed demographic
information including age, education, marital status, and children. The dataset includes both the
working population as well as the non-working population such as retirees, students, and children.
We provide an overview of the data in this section with more detail on the construction of each
variable presented in Online Appendix Section A.

While our dataset covers the entire population of Denmark, most of our results use those living
and working in Copenhagen, which is the capital and largest city of Denmark. Figure 1 shows
a map of Copenhagen. Our primary definition of the city is the Copenhagen Metropolitan Area
(CMA), which is the combined light blue and dark blue areas of Figure 1 and covers 3,038 square
kilometers, including even distant suburbs of Copenhagen and substantial areas of open space that
are not built up.7 In 2015, the total residential population of the CMA was just under 2 million
inhabitants and 92 percent of those working in this area also lived in it. In robustness checks, we
also examine the Greater Copenhagen Area (GCA), shown in dark blue in Figure 1. Using this
narrower definition of the city, we find that 79 percent of people working in the area in 2015 also
lived within this area.

Residence and Workplace Location and Income At the beginning of each year, Statistics Den-
mark records the residential address for each individual and also the workplace address for each
employed individual residing in Denmark.8 The recorded workplace corresponds to the individ-
ual’s primary work location rather than the firm’s head office in cases where firms operate across
multiple locations. To protect the confidentiality of individual level data, Statistics Denmark does
not disclose the precise coordinates of residence and workplace addresses, but we are able to ob-
serve them in 100 by 100 meter (i.e. one hectare) grid cells. For each person, we observe their
entire work and non-work income in each year and their hours of work as well as their occupation.
We also observe the year individuals retire and begin receiving pension benefits, as well as the
amount of these pension payments. For retired individuals or those not working for other reasons
(such as full-time students), we only observe their place of residence.

7The north-south and east-west extension of the Copenhagen Metropolitan Area are 99 km and 63 km, respectively.
8Housing policy in Denmark strongly discourages individuals from occupying multiple residential units, with only

a limited number of holiday homes exempt from this policy.
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Figure 1: Copenhagen Metropolitan Area (CMA)

Notes: The figure shows the spatial extent of the Copenhagen Metropolitan area (light blue
and dark blue areas combined) and the Greater Copenhagen area (dark blue area). The borders
shown in white indicate parish boundaries.

Residential Floor Space Consumption We observe the universe of residential units in Denmark
in each year and are able to link each residential unit to those living in the unit. The data on
residential units includes information on the size of the unit in square meters, its type (such as
whether it is a flat or house), and the age of the building. We use this data to compute residential
floor space consumption per person by dividing the total floor area of a residential unit by the
number of adult residents living there. The number of adults excludes children below the age of
18 and also children aged 18 to 25 who are still living with their parents.9 We observe whether
people own or rent their residence. In 2011, just under 45% of those living in the CMA were
owner-occupiers, about 10% live in social housing and the remainder rent on the private market.

9A relatively small number of adult children in Denmark live with their parents. Not counting adult children as
adults in the household for the purposes of floor space consumption per person avoids mechanical jumps in household
floor space consumption per person when children turn 18 or move away from home shortly after turning 18.
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Property Prices For the years 1992 to 2019, we observe the universe of real estate transactions
in Denmark, including each transaction price and exact location.10 We also observe a number of
property characteristics, such as the size of the unit in square meters, the type of unit (multi-family
or single-family house), and the age of the building. We use the algorithm developed by Ahlfeldt
et al. (2023) to estimate house price indices for our spatial units. For the years 1986 to 2011,
we also have access to tax assessments of the value of each property in Copenhagen, which were
prepared by local property assessors and reported to Statistics Denmark.11

Family Structure and Children For each person, we observe in each year whether they are
single or cohabiting with a partner. A large majority of those cohabiting are either married or living
in a registered civil partnership. For those not legally married or in a civil partnership, Statistics
Denmark uses a set of rules to determine whether people living at the same address are a couple or
are just flat-sharing.12 We also observe when one spouse in a couple passes away. Finally, for each
individual, we observe whether they have children, the birth dates of these children, and whether
the children still reside in the parental household.

Education For each person, we observe their completed level of education. We aggregate edu-
cational attainment to either high or low skill by assuming that those with no more than vocational
education are low-skilled while those with at least a bachelor degree are high-skilled. We also
observe when people are currently in full-time education.

Travel Times To reduce the computational burden of calculating travel times, we aggregate the
100 by 100 meter grid cells into larger 200 by 200 meter cells. There are 30,150 such 200 by
200 meter cells in the Copenhagen Metropolitan Area that have at least one resident or one person
working in this cell at some point during our sample period. For each of these approximately 909
million (30,150 × 30,150) bilateral connections, we calculate travel times in 2015 in minutes. We
calculate travel times by car, bicycle, and walking using an ArcGIS shape file of the street network.
For public transport, we determine minimum travel times using the metro, suburban railway, and
bus networks. To compute the fastest connection by public transport, we allow passengers to
combine all modes of public transport and walking to minimize travel time. We measure overall
travel times by weighting public transport, walking, cycling, and car minimum travel times, using

10Real estate transaction data for Denmark prior to 1992 is unavailable, as digital registration only began in that
year. Earlier transactions were recorded manually in physical archives and have not been digitized.

11All property owners in Denmark pay a property tax based on the assessed value of their property. Property
assessments have, however, been suspended since 2011, while a new property assessment system is being developed.
The 2011 assessments have been used as the tax base for the property tax since 2011.

12While Denmark has allowed same-sex marriages since 2012, the numbers are small and we do not distinguish
between same-sex and heterosexual couples.

10



travel zone-level data on the proportion of journeys undertaken with each mode from the Danish
National Travel Model described in Rich and Overgaard Hansen (2016).

3 Stylized Facts

In this section we provide evidence on how individual’s location choices evolve over the life cycle
and to what extent these choices are due to life events. In Section 3.1, we show how moving prob-
abilities evolve with age and the relative importance of within city versus across city mobility. In
Section 3.2 we show how location choices, commuting time and residential floor space consump-
tion vary over the life cycle. In Section 3.3, we quantify the contribution of key life events, such
as cohabitation and having children, to the life cycle in location choices. Finally, in Section 3.4 we
estimate the relative contribution of life events and age to the overall life cycle pattern in location
choices.

3.1 Mobility over the Life Cycle

We begin by using our data to document how often people move either their place of residence
or their workplace. As discussed in Section 2, we observe peoples’ residence and workplace to a
precision of 100 by 100 meter grid cells at an annual frequency and count as a move a change in
location across these grid cells between one year and the next. We restrict attention to those over
the age of 18 up to 65 for workplace moves, and up to the age of 90 for residence moves, as the
data are sparse above these ages.13 Figure 2a shows the frequency of residential and workplace
moves for those living in Copenhagen as a function of age. The figure shows a striking pattern with
residential and workplace mobility peaking at the early age of 21. After this early peak, mobility
rapidly declines with age, with workplace mobility decreasing slower than residential mobility and
remaining higher than residential mobility.

Figure 2b explores to what extent people move between different locations within Copenhagen
or between Copenhagen and other parts of Denmark or abroad. The figure shows that the vast ma-
jority of moves occur within cities, both in terms of residence and in terms of workplace changes.
In particular, the figure shows that over 80% of residential moves and nearly 90% of workplaces
moves are across locations within Copenhagen. Moreover, this pattern remains relatively stable

13As discussed in more detail in Online Appendix Section A, we use the following conventions in counting moves.
We do not count the first job of a person as a workplace move. As we restrict attention to those 18 and older, the first
time someone can change their place of residence in our data is therefore when they are 19. We observe both inflows
into and outflows from unemployment and only count the outflow as a workplace move. A workplace move from
abroad to Denmark is treated like a first job and does not count as a workplace move. By construction, this measure of
mobility ignores if someone makes multiple residence or workplace moves in a single year or those who move such
short distances that both their origin and destination are in the same 100×100 meter grid cell.
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Figure 2: Residence and Workplace Mobility over the Life Cycle

(a) Annual probability of moving residence or
workplace
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Notes: Panel (a) shows the annual probability of moving either the residence or workplace location as a function
of age. Panel (b) shows the probability of moving to another location in Copenhagen conditional on a residence or
workplace move that starts from a location inside the Copenhagen Metropolitan Area (CMA) again as a function of
age.

over the life cycle. There is a small drop in within Copenhagen residential mobility right after the
age of 60, indicating that some people may move out of Copenhagen after retiring. After this short
decline, the probability of staying in Copenhagen increases steadily with age.

3.2 Location Choices over the Life Cycle

In this section, we show how key outcomes related to the geographical choice of individuals change
over their life cycle. Using the panel of individuals, we can follow residence and workplace lo-
cation choices across an individual’s age. For each individual, we compute the average distance
between the residence and center of the city and, if they work, the average distance between their
workplace and the center of the city. We observe the size of the residential units where individuals
live, and the number of adults with which they share a household. We therefore compute a measure
of floor space per adult in square meters.

In Figure 3a, we display the average distance in kilometers from the residence location to the
center of the city by age. The black solid like shows the unconditional mean, while the red dashed
line shows the conditional mean, after controlling for individual fixed effects. The figure shows
that early in the adult life, people on average live further away from the center, but soon centralize
their residences. The inflection point is at age 26, when a process of decentralization starts. The
differences between the two lines shows that accounting for individual fixed effects is important,
especially at older ages, due to differences in survival probabilities particularly at higher ages.

In Figure 3b, for the individuals who work, we compute the mean distance in kilometers of
their workplace from the center of the city and plot it against age. Due to most individuals being
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Figure 3: Residence and Workplace Location Choices over the Life Cycle

(a) Distance from residence to CBD (km)
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The unconditional standard deviation of Distance from residence to CBD is 13.85.

(b) Distance from workplace to CBD (km)
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The unconditional standard deviation of Distance from work to CBD is 12.58.(c) Travel time from residence to workplace (min)
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The unconditional standard deviation of Travel time from residence to work is 16.55.

(d) Floor space per adult (m2)
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The unconditional standard deviation of Floorspace per adult is 26.05.
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Notes: This figure shows how residence and workplace location choices evolve with age across four dimensions: Panel
(a) shows the distance from residence to the CBD; Panel (b) shows the distance from workplace to the CBD; Panel
(c) reports travel time from residence to workplace in minutes; Panel (d) shows floor space per adult in square meters.
Each panel shows the unconditional mean in black and values conditional on individual fixed effects in dashed red.

retired after age 65, we cap the line at that age. Individuals start their career further away from the
center of the city, and soon start centralizing their jobs. There is also a pattern of decentralization of
the workplace after the mid-20s, but this pattern is much less stark than that in residential location.
Furthermore, there are small differences between the unconditional mean and the mean conditional
on individual fixed effects, with the gap only increasing when people approach their late 50s. This
is likely showing that individuals that retire earlier work in difference places from those that choose
to retire later.

Using the bilateral travel times described in Section 2, we measure the average travel time in
minutes from the residence location to the workplace for each individual in our sample and plot
it against age in Figure 3c. The pattern in this panel mirrors the patterns of the previous two
panels of this figure. People start their work life commuting shorter distances since both residence
and workplace are on average decentralized. We see a relatively small increase in the average
commuting time compared to how much individuals centralize both residence and workplace. The
commuting time in minutes increases when individuals move further out to the suburbs, and this
decentralization is only partially accompanied by a decentralization of workplace.

Lastly, we compute the average floor space per adult in each household and observe how this
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evolves over the life cycle in Figure 3d.14 We observe that individuals start their adult life con-
suming small amounts of floor space in square meters, but this amount increases consistently until
individuals are about forty years old. This increase in floor space consumption could be due to the
formation of families and parenting. In later stages of the life cycle, the mean conditional on indi-
vidual fixed effects increases further. There is no evidence of “downsizing” as people reach higher
ages, apart from a slight drop in space consumption after age 85, which could be due to moves to
care homes after this age. In contrast, we observe that the unconditional mean remains relatively
constant suggesting that the consumption of floor space per adult for individuals that survive in our
sample is downward biased, relative to the sample average.

3.3 Life Events

The results of Section 3.2 suggest that location choices and floor space consumption have clear life
cycle patterns. Life events, such as marriage and having children, could play an important role in
driving these observed trends. In this section, we explore if important life events, such as getting
married and having children, can at least partially explain the changes in location choices and floor
space consumption over the life cycle.

We observe when individuals cohabit, when they separate, when they have children, when
children leave home, and when they become widowed, among other important life milestones.
For consistency, we define life events by the order in which they occur (first separation, second
cohabitation, etc).15 In our data, we find substantial variation in the age at which different life
events are experienced, and if people experience them at all (see Online Appendix Table C1). There
is also considerable variation in the order in which individuals experience such events, although
naturally some events imply a specific order (one cannot have a second child without having had
the first already).16 Moreover, we consider that some of these events are correlated; individuals
that have a first child may already consider a second one, couples that start living together may
already consider having a child, etc. However, events that occur in later stages of life are less
likely to be correlated with early life events: becoming a pensioner is plausibly not influenced by
when and if you have had a first or second separation. We split our analysis into early and late life
events. Furthermore, we only consider life events that happen to at least 5% of the individuals in
our sample. The full list of life events is in Online Appendix Table C1.

We estimate the effects of the multiple life events jointly using the methodology of Borusyak
et al. (2024), and extend it for estimating multiple events jointly in the same regression. The

14Following the definition of Statistics Denmark, we do not consider as adults children between 18 to 25, who are
still living with their parents.

15See Online Appendix Section A for more details on the construction and definition of the variables used to deter-
mine the life events.

16Online Appendix Figures C9 and C10 show the frequency of the events by age.
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details of the econometric model are presented in Online Appendix Section B. The estimation of
the event studies is based on a counterfactual estimator, where the estimation of treatment effects is
separated from the estimation of the age and individual fixed effects (Borusyak et al. 2024, Liu et al.
2024). This method prevents the issue of the forbidden comparisons and negative weights that arise
when using two-way fixed effects estimators (Callaway and Sant’Anna 2021, Sun and Abraham
2021). Moreover, this method is more efficient than using two-way fixed effects estimators, greatly
reducing estimation time.

The estimation procedure for our counterfactual estimator is as follows. First, we estimate the
age and individual treatment effects with the untreated sample (untreated and yet-to-be treated).
We consider untreated observations as those who have not yet been treated by any life event of
this life stage.17 The key identifying assumption is that, in the absence of treatment, the trajectory
of outcomes would have remained unchanged. We proceed by imputing the estimated age and
individual fixed effects on the outcome variable for all of the sample, thus predicting the treatment
effect of life events for each observation. We jointly estimate the average treatment effect of each
life event by decomposing the imputed outcome on the leads and lags of each life event in a single
step. This ensures that the correlation across life events does not generate omitted variable bias.
We describe our method and lay out the necessary assumptions in Online Appendix Section B.

Now we show a simplified and concise version of our method in one equation only. Consider
a set of life events e ∈E, for which we want to estimate the average treatment effects. Equation 1
shows the event-study regression in a single step:

log(Yit) = θ̂i + η̂a + ∑
e∈E

n

∑
h=−m
h̸=−1

β
e
h1[K

e
it = h]+ εit (1)

where the dependent variable is the natural logarithm of outcome Yit of individual i in year t.
The individual and age fixed effects θ̂i and η̂a are estimated in a first step from the untreated
sample. Ke

it = t −Ee
i is the difference between the current year (t) and the year in which individual

i experiences event e (Ee
i ), and 1[Ke

it = h] is a dummy for difference h. The treatment effects of the
n leads and m lags of the life event e ∈E are denoted by β e

h . The regressions contain all leads and
lags but we restrict the graphs to show the treatment effects from −10 to +15. We consider two
different sets of events E for our regressions, early and late life events. Implicitly, we assume that
these sets of events are uncorrelated, which, considering the distance in ages between them seems
a reasonable assumption.

We look at the effects of life events on four main outcomes: distance from residence to the
center of the city, distance from work to the center of the city, commuting time from home to

17We consider two life stages: early and late life. Therefore, for the early life events one needs to not have been
treated with cohabitation or children, while for the late life events, the untreated sample needs to not have been treated
with retirement, empty nesting and widowhood.
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Figure 4: Effects of the First Cohabitation
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(b) Distance from work to CBD
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(d) Floor space per adult
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Notes: The figure shows the estimates for the effect of the first cohabitation when we estimate our event study specifi-
cation (1) on all early life events. Period 0 is the first treatment year and all estimated treatment effects are relative to
the last year before treatment (i.e. period -1). Note that the dependent variable in each panel is the natural logarithm
of the variable in the caption above the panel. Panel (a) shows the log change in distance of a person’s residence to
the CBD; Panel (b) shows the log change in distance of the workplace to the CBD; Panel (c) shows the log changes in
commute time from residence to workplace; Panel (d) shows the log change in floor space per adult in the household.

work, and floor space per adult in square meters. Across all graphs showing the effects of any
event on the same outcome, we keep the scale of the y-axis fixed, so that we can easily compare
the relative importance of each life event.

Figure 4 shows the effect of the first cohabitation, which is the first life event for most of our
sample.18 The figure plots the point estimates and the confidence intervals, but due to the large
sample size, the standard errors are barely visible. Figure 4a shows that the first cohabitation
has a large and persistent effect on decentralizing individuals which increases over time, despite
a small centralization effect in the first year of cohabitation. Figure 4b shows that there is also a
significant decentralizing effect on the workplace location, but it is much smaller in comparison
to the effects shown in Figure 4a. Consequently, we observe a relative increase in travel time
between residence and workplace in Figure 4c. Notably, Figure 4d shows that when individuals

18The sample used to estimate the early life events contains 1,323,393 unique individuals. Approximately 87% of
the individuals cohabit before their first child, while 11.4% experience both in the same year. Figure C8 shows how
the majority of our sample experiences first cohabitation before having a first child.
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Figure 5: Effects of First Child

(a) Distance from residence to CBD
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(b) Distance from work to CBD
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(d) Floor space per adult
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Notes: The figure shows the estimates for the effect of the first child when we estimate our event study specification
(1) on all early life events. Period 0 is the first treatment year and all estimated treatment effects are relative to the last
year before treatment (i.e. period -1). Note that the dependent variable in each panel is the natural logarithm of the
variable in the caption above the panel. Panel (a) shows the log change in distance of a person’s residence to the CBD;
Panel (b) shows the log change in distance of the workplace to the CBD; Panel (c) shows the log changes in commute
time from residence to workplace; Panel (d) shows the log change in floor space per adult in the household.

start cohabiting, they decrease their consumption of floor space per adult by about 25%, which
illustrates that cohabitation rates are an important driver of residential floor space demand in cities.

Figure 5 analyzes the effect of having the first child on location decisions. We estimate these
event studies relative to the year before the mother was likely pregnant and not relative to the year
before we observe the child as a member of the household.19 The two top panels suggest that
there are some anticipation effects with respect to both residence and workplace location of having
a child. Figure 5a shows that households suburbanize after the firstborn arrives, and this effect is
large and persists for many years after the child is born. Figure 5b shows that individuals also move
their workplace location in response to the first child, with their employment location becoming
less central. Figure 5c shows that commuting time decreases on average after the first child is born,
with a small increase in the first two years followed by a considerable decrease in commuting time

19Most data in our panel is from January of each year. If we observe a new child in January of a year, the mother
must have been pregnant for at least part of the previous year and may already have been pregnant in year t −2. We
define the year before a child appears as t = 0, but some mothers will already have been pregnant in t −1.
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Figure 6: Effects of First Separation
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(b) Distance from work to CBD
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(d) Floor space per adult
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Notes: The figure shows the estimates for the effect of the first separation when we estimate our event study specifi-
cation (1) on all early life events. Period 0 is the first treatment year and all estimated treatment effects are relative to
the last year before treatment (i.e. period -1). Note that the dependent variable in each panel is the natural logarithm
of the variable in the caption above each panel. Panel (a) shows the log change in distance of a person’s residence to
the CBD; Panel (b) shows the log change in distance of the workplace to the CBD; Panel (c) shows the log changes in
commute time from residence to workplace; Panel (d) shows the log change in floor space per adult in the household.

the following years. Figure 5d shows how expanding the family increases the demand for floor
space, with floor space per adult increasing by approximately 10% after individuals have their
first child. Despite there being anticipation effects of children on both residence and workplace
location, we do not see any anticipation effects in floor space consumption.

In Figure 6, we show the estimates of the effects of the first separation on the location choices
and floor space consumption of individuals. We consider separation as the end of a cohabitation,
when individuals stop living with each other. Figure 6a indicates that individuals slightly antici-
pate separation, and start moving more centrally even before they decide to stop living together.
Figure 6b shows that the individuals respond by changing workplace right after getting separated,
choosing on average more central employment locations. Figure 6c shows a decline in commuting
time after a separation, a result of centralizing both residence and workplace. Figure 6d shows that
after separation, individuals increase their consumption of floor space per adult by approximately
35%.

Across all panels, we observe that the first separation nearly perfectly mirrors the effects of the
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Figure 7: Effects of Retirement and Widowhood

(a) Distance from residence to CBD
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(b) Floor space per adult
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(c) Distance from residence to CBD
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(d) Floor space per adult
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Notes: The figure shows the estimates for the effects of retirement and widowhood when we estimate our event study
specification (1) on all late life events. Period 0 is the first treatment year and all estimated treatment effects are relative
to the last year before treatment (i.e. period -1). Note that the dependent variable in each panel is the natural logarithm
of the variable in the caption above the panel. Panel (a) shows the treatment effect of retirement on the distance of a
person’s residence to the CBD; Panel (b) shows the treatment effect or retirement on floor space consumption per adult
in the household; Panel (c) shows the treatment effect of becoming widowed on the distance of a person’s residence
from the CBD; Panel (d) shows the treatment effect of becoming widowed on floor space consumption per adult in the
household.

first cohabitation, with opposite results in terms of direction. These findings can be due to different
preferences, with single people valuing amenities present in the center of the city, such as bars and
restaurants, and potentially a more efficient marriage market.20 Furthermore, while not exhibited
here, the estimates for second separation are strikingly similar to those present in Figure 6, despite
much fewer people ever experiencing a second separation. In Table C1, we observe that while
27.2% of the sample experiences a first separation, only 8.2% experience a second.

We now present the results with the treatment effects of the late life events, which are estimated
separately from the early life events.21 We only estimate these effects on the distance from resi-
dence to the CBD and on floor space per adult; outcomes unrelated to work. We do that because,
when individuals retire, they mechanically don’t have a workplace anymore. Since we jointly es-

20Gautier et al. (2010) show that urban areas tend to attract more singles because they offer more efficient marriage
markets due to density.

21See Online Appendix B for the details of our methodology.
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timate the effects of all three late life events, we also do not obtain the effects of empty nest and
widowhood on workplace related outcomes.

The top two panels of Figure 7 show the effects of becoming a pensioner on the distance
from residence to the CBD and on floor space consumption. We reiterate that we keep the scale
of the y-axis constant across all figures, so that we can easily compare the relative importance
of life events on changing individuals’ outcomes. In Figures 7a and 7b, we estimate very small
treatment effects of becoming a pensioner, especially when we compare them to the effect size
of first cohabitation and first childbearing. Similarly, Figure 7c shows that we estimate relatively
small treatment effects of widowhood on distance from residence to the CBD, with individuals that
become widowers slightly centralizing their residence location over the course of 15 years. On the
other hand, Figure 7d shows that widowhood increases floor space per adult by approximately
60%. A large part of this effect is mechanical, as by construction floor space per adult would
increase if there is one fewer adult in the household.

3.4 Decomposing the Effects of Age and Life Events

We have now shown that location choices have a clear age profile, and that life events can affect
individuals’ location choices. We now proceed to decompose by how much the changes in location
choices that occur over life are due to the effect of life events and how much is due to aging alone.
The red dashed line in Figure 3 shows the age profile of the outcomes of interest, conditional
on individual fixed effects and averaged over age bins. Let Ȳs represent the life cycle effects for
outcome yit :

Ȳs = E(yit −αi | Ageit = s) (2)

We will decompose Ȳs into two effects: the joint treatment effect of all the life events we have
estimated, L̄s, and the effect of aging, Ās, which are obtained as a residual. Using the coefficients
estimated in Section 3.3 to obtain, for each individual i at each point in time t, a value for the total
treatment effect of all life events:22

L̂it = ∑
e

b

∑
h=−a

β̂
e
h1[K

e
it = h] (3)

which can be averaged across age bins to obtain:

L̄s = E(L̂it | Ageit = s) (4)

The aging effects, Ait , can be obtained by substracting the effect of life events for person i in time
t from the outcome variable net of individual fixed effects at the individual-year level. We can

22Despite the early and late life events regressions being estimated separately, we use the coefficients from both
estimations in this decomposition exercise. This way we capture the total treatment effect of life events.
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further average the aging effects by year, and we obtain the following relationship:

Ās = Ȳs −L̄s (5)

These curves are normalized to zero at the age of 18, when individuals enter the sample. Therefore,
we look at the variation in levels from the baseline level of the outcome when people are 18 years
old.

Figure 8 shows the outcomes of our decomposition exercise. The red dashed line is replicated
from Figure 3, and represents the effects of the life cycle, Ȳs, conditional on individual fixed effects.
This line is decomposed into a dark blue solid line, representing the effect of life events, L̄s, and a
light gray solid line, representing the effects of aging, Ās. Figure 8a decomposes the distance from
residence to the CBD, and it shows that the pattern of centralization is counteracted by the force
of life events, pulling individuals to locations further away from the city center. It is also clear
that during the first years of adulthood, life events have close to no effect in explaining residence
location choices of individuals. We can also observe that after the age of forty, the contribution
of life events is stable, in accordance with late life events having a much lower contribution to
residence location decision.

In Figure 8b, we observe two patterns: i) life events have a relatively smaller contribution on
where you work than aging, and ii) in the absence of life events, individuals barely decentralize
their workplace. The results of Figure 8c summarize the previous two results. We find that the
life cycle in the travel time from residence to work is mostly composed of aging effects, but it
is amplified by the effect of life events, which further increase commuting time for individuals.
Lastly, we look at what happens to floor space per capita over the life cycle in Figure 8d. While the
increases in floor space per capita occur mostly due to aging effects, we can observe a contribution
of life events, especially after the age of 30. This contribution decreases slightly, but life events
seem to matter throughout the life cycle, even if less than aging.

We have now discussed a series of stylized facts that help us understand how location choices
and the consumption of floor space change over the life cycle, and what is the relative contribution
of important life events in shaping these outcomes. We now will use a quantitative spatial model
to understand how determinants of location choice change across different life cycle groups.
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Figure 8: Decomposing of the Effects of Age and Life Events

(a) Distance from residence to CBD
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(b) Distance from work to CBD
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(d) Floor space per adult
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Notes: The figure shows the decomposition of the overall life cycle into the part that can be accounted for by life
events and the part attributed to age. Panel (a) shows the change in distance of a person’s residence from the CBD in
kilometers; Panel (b) shows the change in distance of the workplace from the CBD in kilometers; Panel (c) shows the
change in commute time from residence to workplace in minutes; Panel (d) shows the change in floor space per adult
in square meters.

4 Theoretical Framework

In order to understand what drives the spatial sorting of individuals of different ages and life stages,
we develop a quantitative spatial model in which groups differ in terms of their age and family type.
The model builds closely on the literature following Ahlfeldt et al. (2015), but due to the richness
of our data, we can model a much larger number of different groups than the existing literature,
which has typically considered two or four types of agents.

We consider a city with a discrete number of locations, n ∈N. Locations differ in terms of their
productivity and amenities and are connected by a transport network that determines travel times
between locations. Firms hire different types of workers and produce a homogeneous tradable
good, which we choose as the numeraire. We consider a closed city with fixed numbers of each type
of agent. Furthermore, for simplicity we assume that the supply of both residential and commercial
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floor space in each location of the city is fixed.23

In Section 3, we show that life events and aging can have considerable impact on sorting of
residence and workplace location, and on floor space consumption. In our model, these differences
are captured by the heterogeneity of the working groups, which may be in different life stages,
captured by age and family type. Workers can be young or senior professionals, and can be single,
cohabiting or cohabiting with children. We also allow workers to differ between high and low skill
to ensure that the results of the model are not due to income sorting. This results in a total of
12 groups. The aim of the model is to understand what are the economic factors that explain the
sorting of individuals in different life stages, through the lenses of a canonical quantitative urban
model.

4.1 Preferences

We consider workers who differ in their occupation o and their family type f . An occupation is
the combination of age and skill, and we consider four different occupation groups: young and old
high-skilled workers and young and old low-skilled workers. We consider twelve different types of
workers o f , which differ by age, family type, and skill level, i.e. high-skilled couple with children,
for example. The indirect utility for worker ω , with occupation o and family type f residing in
location n and working in location i depends on their occupation-specific wage wo

i , the price of
residential floor space Qn, commuting costs κ

o f
ni = tφ o f

ni , group specific location amenities Bo f
ni , and

an idiosyncratic amenity draw zo f
ni (ω) for each worker:

Uo f
ni (ω) =

Bo f
ni wo

i zo f
ni (ω)

κ
o f
ni (Pn)

αo f (Qn)
1−αo f 0 < α

o f < 1. (6)

The group-specific amenity Bo f
ni captures the amenities of a worker of occupation o and family type

f living in n and working in i. This overall amenity consists of both a residence component (Bo f
n )

and a workplace component (Bo f
i ) so that Bo f

ni = Bo f
n Bo f

i . The idiosyncratic amenities zo f
ni (ω) of

each worker are independent draws from a Fréchet distribution for each residence-workplace pair

and worker group, following G(z) = e−(z)−εo f

. The Fréchet shape parameter εo f > 1 controls the
dispersion of idiosyncratic amenity draws and we allow the shape parameter to vary across worker
groups.24

Workers choose their residence-workplace pair to maximize their utility. The properties of the
Fréchet distribution allow us to write the probability that a worker from group o f chooses to live

23We observe both the price of residential and commercial floor space in each location, which differ considerably
within locations due to planning restrictions that limit transitions between residential and commercial use.

24We normalize the Fréchet scale parameter to one since it is isomorphic to the common amenities Bo f
ni .
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in n and work in i as:

λ
o f
ni =

Lo f
ni

Lo f =

(
Bo f

ni wo
i

)εo f (
κ

o f
ni (Qn)

1−αo f
)−εo f

∑k∈N∑ℓ∈N

(
Bo f

kℓ wo
ℓ

)εo f (
κ

o f
kℓ (Qk)

1−αo f
)−εo f , n, i ∈ N, (7)

where Lo f
ni denotes the measure of individuals from group o f that have chosen this residence-

workplace pair; and Lo f is the total measure of individuals from group o f in the city, which we
assume to be exogenously determined. The probability that any individual from group o f resides
in location n is determined by:

λ
o f
Rn =

Lo f
Rn

Lo f =
∑ℓ∈N

(
Bo f

nℓ wo
ℓ

)εo f (
κ

o f
nℓ (Qn)

1−αo f
)−εo f

∑k∈N∑ℓ∈N

(
Bo f

kℓ wo
ℓ

)εo f (
κ

o f
kℓ (Qk)

1−αo f
)−εo f , n ∈ N, (8)

4.2 Production

The production of the tradable good occurs under conditions of perfect competition and constant
returns to scale. Firms only observe workers’ life stage (young or old) and skill (high or low),
and not their family circumstances. An equivalent assumption is that firms are not allowed to offer
different wages to workers based on their family circumstances. As a result, there are four different
wages which are offered to young low-skilled workers, old low-skilled workers, young high-skilled
workers and old high-skilled workers. Output is produced with a Cobb-Douglas technology that
uses all four types of labor inputs (Lo

Fi) and commercial floor space (HFi) as inputs:

Yi = Ai ∏
o∈O

(
Lo

Fi
β o

i

)β o
i
(

HFi

β H

)β H

, 0 < β
o
i ,β

H < 1, ∑
o∈O

β
o
i +β

H = 1, (9)

where Ai is the productivity of location i. The Cobb-Douglas labor input shares (β o
i ) are allowed to

vary across locations. The following zero-profit condition must hold in each location with positive
production of the tradable final good:

Ai ∏
o∈O

(
1

wo
i

)β o
i
(

1
qi

)β H

= 1, 0 < β
o
i ,β

H < 1, ∑
o∈G

β
o
i +β

H = 1, (10)

where qi is the price of commercial floor space and β H is the input share of commercial floor
space.

4.3 Commuter Market Clearing

Commuter market clearing requires that the measure of individuals with occupation o and family
type f working in workplace i must equal the measure of individuals from this group choosing to
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commute to location i from any residence location n:

Lo f
Fi = ∑

n∈N
λ

o f
ni|nLo f

Rn (11)

where λ
o f
ni|n is the probability that workers in occupation o and of family type f commute to work-

place i conditional on living in residence n:

λ
o f
ni|n =

(
Bo f

i wo
i /κ

o f
ni

)εo f

∑ℓ∈N

(
Bo f
ℓ wo

ℓ/κ
o f
nℓ

)εo f . (12)

Commuter market clearing also implies that the per capita income in residence location n for the
worker with occupation o and family type f is a weighted average of the wages in all locations,
where the weights are the conditional commuting probabilities by residence λ

o f
ni|n :

vo f
n = ∑

i∈N
λ

o f
ni|nwo

i . (13)

4.4 Floor Space Market Clearing

As we do not model the production process for floor space and assume that both residential and
commercial floor space in each location are exogenous, floor space market clearing in each location
requires:

HRi = ∑
o∈O

∑
f∈F

(1−α
o f )

vo f
i Lo f

Ri
Qi

(14)

HFi = βH

(
Ai

qi

) 1
1−βH

∏
o∈O

(
Lo

Fi
β o

i

) βo
i

1−βH
(15)

4.5 General Equilibrium

Given the model’s structural parameters {φ o f ,αo f ,β H ,β o,εo f }, the city’s populations by group
{Lo f }, and the exogenous vector of location specific characteristics {Ai,B

o f
ni ,HFi,HRi}, the general

equilibrium of the model is referenced by the vector of endogenous variables {Lo f
Ri ,w

o
i ,L

o f
Fi ,Qi,qi}

determined by the following equations: Worker residential choice probabilities (8); profit max-
imization and zero profit condition (10); commuter market clearing for each worker type (11);
residential floor space clearing (14); commercial floor space clearing (15).
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5 Quantifying the Mechanisms

In this section, we describe how we quantify the structural parameters of our model and use the
quantified model to examine the mechanisms behind the sorting of different groups in Copenhagen.
For the estimation of the model, we aggregate our data to the level of parishes, of which there
are 288 in the Copenhagen Metropolitan Area. This level of aggregation still captures the rich
heterogeneity in sorting of different groups across the city, and avoids the issue of too many zeros in
the counts of employment and residents in each spatial unit and commuting flows across locations.
Online Appendix Section E provides more details on the estimation for each parameter.

The estimation proceeds in the following steps. First, we estimate housing expenditure shares
for each group using detailed data on income, house prices and space consumption by each house-
hold. Second, we estimate gravity equations for each group in the model using commuter flows
between parishes and our travel time matrix. Third, we estimate the Fréchet shape parameter and
decompose the gravity coefficient estimates into the Fréchet shape parameter of each group and
the elasticity of commuting cost with respect to travel time of each group. Fourth, we calibrate the
parameters of the production function across locations using data on the labor force composition
in each location. Fifth, we invert the model to recover the residential amenities of each group in
each location and the productivity of a location.

In Section 5.1, we discuss the estimation of the model parameters and the model inversion. In
Section 5.2, we discuss the relative explanatory power of key model parameters for sorting in the
city. Finally, in Section 5.3, we use model counterfactual to determine the full general equilibrium
contribution of each model parameter for the observed sorting in the city.

5.1 Parameter Estimation and Model Inversion

In this section, we discuss the estimation of parameters and the model inversion. Online Appendix
Section E provides more details. Table 1 summarizes the estimates of the utility function param-
eters. We start by describing the housing expenditure share, which we calibrate from our data.
Column (1) shows our estimates of the housing expenditure share of each of the 12 groups in the
model. We estimate the housing expenditure shares using our data on individual income, resi-
dential floor space per capita and estimated square meter prices. In particular, we calculate the
estimated value of an individuals residential floor space consumption and convert this to an annual
fair market rent using an assumed rental return. This estimated rental return is divided by the in-
dividual’s income to arrive at the housing expenditure share of this individual. We calibrate the
rental return of residential units so that the average housing expenditure share in each year is 30%,
which is a value estimated by the Danish council of economic advisors. The housing expenditure
shares that we estimate with this procedure varies from around 24% for several groups to a peak
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of about 35% for young singles, which imply considerable differences in exposure to house price
differences across groups.

To estimate how sensitive different groups are to travel time, we take the natural logarithm of
(7) after substituting κ

o f
ni = tφ o f

ni and obtain the conventional commuting gravity equations of log
commuter flows on travel times in minutes:

log λ
o f
ni = γ

o f
n + γ

o f
i −ν

o f × to f
ni +uo f

ni (16)

where νo f = φ o f εo f . In this regression, the origin fixed effects (γ
o f
n ) capture the effects of res-

idential amenities and residential floor space prices. The destination fixed effects (γ
o f
i ) account

for the workplace amenities and wages. Columns (2) and (3) of Table 1 show the results of esti-
mating these gravity equation using PPML and PPML IV respectively.25 The PPML IV estimates
use the control function approach of Wooldridge (2015). We use straight-line distance between
parishes as an instrument for travel times, which avoids the potential endogeneity in the placement
of infrastructure where exogenous travel demand shifters induce planners to invest in the speed
of particular connections (Redding 2024). The PPML IV estimates are higher than the PPML es-
timates, which is consistent with transport planners in Copenhagen steering investments to areas
with lower transport demand to promote local economic development. A complementary explana-
tion for the upward bias in OLS is classical measurement error in travel times.

Comparing the estimates for high-skilled and low-skilled workers reveals that low-skilled work-
ers have somewhat larger gravity coefficients in absolute magnitude, which implies that their com-
muting flows are more sensitive to travel time than those of high-skilled workers. This finding is
in line with estimates in Tsivanidis (2023) for Colombia and Heblich et al. (2020) for London.
Comparing the estimates for young and old workers reveals no major differences between these
two groups. We confirm this impression by estimating a pooled gravity equation for all young and
all old workers and cannot reject the null hypothesis that these two gravity coefficients are identi-
cal. Furthermore, there are not major differences in the gravity coefficients across family types of
singles, cohabiting individuals, and individuals cohabiting with children. Most of the differences
that exist across age and family groups when we estimate the model with PPML disappear when
we use the IV, suggesting that they were, at least in part, driven by measurement error or omitted
variable bias.

With the gravity coefficients at hand, we start the model inversion procedure, in which we
estimate additional parameters and recover location fundamentals. The model inversion closely
follows Ahlfeldt et al. (2015), with adaptations to account for fewer labor market dimensions (o)
than worker groups (o f ). Our departure point is Equation 11, which we use to estimate the Fréchet

25Even at the level of parish to parish flows, the share of zero flows in all bilateral connections ranges from 74% to
just under 87%, illustrating the importance of controlling for zeros in these gravity regressions.
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Table 1: Estimated Model Parameters by Group

Model Group
Housing

Expenditure Share ν (PPML) ν (PPML IV) ε φ

Young, single, low-skill 34.7% −0.080 −0.126 6.009 −0.021
Young, single, high-skill 35.7% −0.056 −0.097 6.046 −0.016
Young, cohabiting, low-skill 24.4% −0.064 −0.104 5.924 −0.018
Young, cohabiting, high-skill 25.0% −0.043 −0.079 7.886 −0.010
Young, cohabiting with children, low-skill 24.2% −0.077 0.122 9.854 −0.012
Young, cohabiting with children, high-skill 23.7% −0.060 −0.103 8.045 −0.013
Senior, single, low-skill 34.7% −0.081 −0.129 6.674 −0.019
Senior, single, high-skill 35.4% −0.064 −0.106 6.221 −0.017
Senior, cohabiting, low-skill 24.1% −0.079 −0.126 7.021 −0.018
Senior, cohabiting, high-skill 23.3% −0.066 −0.109 5.822 −0.019
Senior, cohabiting with children, low-skill 24.1% −0.076 −0.121 7.683 −0.016
Senior, cohabiting with children, high-skill 24.4% −0.062 −0.101 5.873 −0.017

Notes: The table shows our estimates for the housing expenditure share, the commuting parameters and the Fréchet shape parameter for each group.
We estimate the housing expenditure share using data on income, floor space consumption and the price of floor space. The sensitivity of commuting
flows to travel time is estimated using PPML gravity equations using straight line distances as an IV. We separate the gravity coefficient into the
contribution of the Frechet shape parameter (ε) and commuting costs (φ ) using a wage dispersion moment. See the main text for more detail.

shape parameter (εo f ) of each group of workers. Let the transformed wages for each group be
defined as ω

o f
i = (Bo f

i wo
i )

εo f
. With the commuting decays νo f estimated in our gravity equations

for each worker group, we can rewrite the commuter market clearing condition as follows, where
the only unknown variable is the transformed wages, which are identified up to scale:

Lo f
Fi = ∑

n∈N

ω
o f
i /tνo f

ni

∑ℓ∈Nω
o f
ℓ /tνo f

nℓ

Lo f
Rn. (17)

Using employment and resident population data, we use an algorithm to find the transformed
wages that satisfy Equation 17. Let us define the adjusted wages as w̃o f

i = Bo f
i wo

i = (ω
o f
i )1/εo f

.26

For each group, we estimate εo f through an algorithm that, given transformed wages, searches for
the εo f that matches the moment condition that the variance of the log adjusted wages must equal
the variance of the log wages in the data. Following this procedure, we obtain values of the Fréchet
shape parameter for all the worker groups.

Once both εo f and νo f are estimated, we can obtain the commuting decay elasticity by group
(φ o f ). Our paper is the first, to the best of our knowledge, to estimate Fréchet shape parameters
for so many different groups, but our estimates are within the range of the estimates from other
papers that have used this estimation strategy, such as Ahlfeldt et al. (2015) and Heblich et al.
(2020). Our average estimate across the 12 worker groups is 6.56, very close to the estimate of
6.83 of Ahlfeldt et al. (2015). We don’t observe systematic differences in εo f across the skill
dimension, but we observe considerable variation in the Fréchet shape parameter across age and
family type dimensions. On average, young workers display larger estimates than older workers,

26Throughout the paper, we use the terms adjusted wages and model implied wages interchangeably.
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and families with children have large estimates of εo f . This parameter indicates the importance of
the idiosyncratic component of utility, with lower values indicating higher variance. This suggests
that the decision of groups with higher values of εo f are more subject to prices and amenities
relative to idiosyncratic preferences in comparison to groups with lower estimates. Lastly, we
obtain the estimates of φ o f . We observe that singles, seniors, and low-skilled workers have, on
average, larger commuting decay elasticities in absolute values.

We continue to describe the inversion of the model, after estimating εo f and the transformed
wages for each group. With these estimates, we can obtain the adjusted wages by group (w̃o f

i ),
identified up to scale. We proceed by inverting the occupation wage (wo

i ) and the workplace
amenities for each group (Bo f

i ). In this step, we make the identifying assumption that for each
location the average workplace amenities for groups within an occupation is one. That is, we have
that E f (Bo f

i ) = 1.
We adjust the occupation wages so that the aggregate wage bill share by occupation in the

model matches the data. This assures that differences in wage bill across occupations that exist in
the city are maintained in our model. This step allows us to maintain both the differences in aggre-
gate wage levels across occupations and the differences in wages across space within occupations.

In our model, the production function has labor input shares that are occupation and location
specific. Therefore, using the model adjusted occupation wages w̃o f

i , we compute the occupation
wage bill divided by the total wage bill in each location. We rescale these wage bill shares, so they
reflect the share of total labor inputs in the production function (1−β H):

β
o
i =

∑ f wo
i Lo f

i

∑o ∑ f wo
i Lo f

i

(1−β
H) (18)

The floor space input share in the production function (β H) is calibrated to 15%, using es-
timates from the Danish Sages.27 With the production function parameters and the occupation
wages, we use the zero-profit condition from (10) to recover location productivities Ai. We estimate
the group-specific residence amenities for workers using the residence location choice probabili-
ties detailed in (8). Given the adjusted wages, residence population shares and floor space prices,
we are able to back out amenities for all groups. We finish inverting the model by computing the
residential floor space quantity that clears the demand from residents, and the commercial floor
space quantities that clears the demand from firms.

5.2 First-Order Effects on Sorting

In our data, we observe rich cross-sectional sorting patterns that are representative of many cities
around the world: young singles and childless couples are overrepresented in central areas, whereas

27See the 2021 Productivity report in https://dors.dk/vismandsrapporter/produktivitet-2021.
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families with children and older age groups prefer the suburbs.
Our reduced-form analysis in Section 3 confirms that this cross-sectional sorting pattern is

not purely driven by correlated cohort and individual effects, but is to a large extent the result of
preferences that vary depending on family status and a worker’s stage of life. Our quantitative
model allows us to gain further insights into what type of preferences drive the sorting. Before
we quantify the relative contributions of different mechanisms in counterfactuals, we descriptively
examine how groups living in different parts of the city differ in terms of the model primitives that
determine spatial sorting in Figure 9.

Since housing cost enters indirect utility negatively and is weighted by the expenditure share
on housing, groups with a greater housing expenditure share will, all else equal, prefer suburban
locations where the unit price of housing is generally lower. Figure 9a, however, reveals that groups
with low expenditure shares tend to occupy the suburbs, suggesting that other mechanisms must
be driving the spatial sorting.

In a monocentric city like Copenhagen, commuting costs act as a concentration force since
utility declines the farther workers live from the CBD, where most jobs are located. All else
equal, workers who dislike commuting will prefer to live nearer to the CBD, offering an alternative
explanation for spatial sorting. In Figure 9b, however, we observe a negative relationship between
the PPML-IV gravity parameters estimated in Table 1 and the average distance at which workers
locate. Since commuting-averse groups live in the suburbs, and vice versa, heterogeneous attitudes
towards commuting are also not a compelling explanation of the observed spatial sorting pattern.28

One of the strengths of a quantitative urban model is that it can decompose the determinants
of location choice into the pecuniary elements that are canonical within economic models, such
as the expected wage at the workplace, commuting costs, and housing rents, and an exogenous
structural residual that captures the amenity value of a location. The amenity value of a place is
likely very specific to the group. For example, parents are likely to derive utility from the presence
of a nearby playground, whereas singles may prefer places with bars and coffee shops to socialize.
Since neither housing nor commuting preferences can explain the observed residential sorting, it
seems intuitively plausible that heterogeneous amenity values are the driving force.

Figure 9d reveals that the suburbanization of amenity preferences is a striking predictor of
the suburbanization of residences. In other words, households live where they find the amenities
they enjoy at the given stages of their lives. While this pattern is striking, one concern is that
amenities are a structural residual of the model and could be capturing a number of factors. To
shed some light on the nature of amenities for which groups have heterogeneous preferences,

28The gravity parameters estimated are a combination of the preference parameters εo f and the commuting cost
parameter φ o f , therefore one could argue that the relationship displayed in Figure 9b is driven by the preference
shocks. In Figure 9c, we show the same scatterplot for the commuting cost, which also shows a negative relationship
between the parameter and the group average distance to the CBD.
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Figure 9: Determinants of Spatial Sorting
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(b) Gravity coefficient, PPML IV (νo f )
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(c) Commuting cost parameter (φ o f )

Young, Single, LS

Young, Single, HS

Young, Cohab, LS

Young, Cohab, HS

Young, Kids, LS
Young, Kids, HS

Old, Single, LS

Old, Single, HS
Old, Cohab, LS

Old, Cohab, HS

Old, Kids, LS

Old, Kids, HS

-.02

-.015

-.01

C
om

m
ut

in
g 

C
os

t E
la

st
ic

ity

9 12 15 18 21
Average Distance of Group to CBD (km)

(d) Amenity-weighted distance to CBD (Bo f
i )
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Notes: Average distance of group to CBD is the residential population-weighted distance from residences to the
CBD by group. Amenity-weighted distance from the CBD is the distance from a parish to the CBD, weighted by
the group-specific amenity recovered from the model inversion. Larger values imply that a group prefers amenities in
places further away from the CBD.

we compute indices of observable proxies for amenities that have been widely discussed in the
literature: consumption amenities, natural amenities, and school quality.

Table 2 regresses the model-inverted amenities of different groups on these amenity indices,
allowing for interactions with group characteristics. The reference group (absorbed by fixed ef-
fects) is young, low-skilled single people without children. The results show that older people,
couples, and parents value consumption amenities less, while the high-skilled value them more
than the reference group. For example, the quantitative estimates imply that the utility of seniors
increases in the consumption amenity index at an elasticity that is two percentage points lower
than that of the reference group. The pattern reverses when considering the natural amenity index,
implying that groups valuing natural amenities relatively more also value consumption amenities
relatively less. While parents, as expected, value school quality more than the reference group, the
effect is quantitatively small, which is consistent with the generally high quality of public schools
in Denmark. The combined insight from Figure 9d and Table 2 is that seniors, couples, and parents
sort into suburbs because they appreciate natural amenities, while the young, single, childless, and
high-skilled prefer the consumption amenities found in the city center.
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Table 2: Relative Amenity Preferences by Groups
Cohabiting Cohabiting

Interaction effects Senior without children with Children High-skill
Consumption amenity index −0.0213∗∗∗ −0.0293∗∗∗ −0.0133∗∗∗ 0.0183∗∗∗

(0.0014) (0.0017) (0.0017) (0.0014)
Natural amenity index 0.0332∗∗∗ 0.0124∗∗∗ 0.0100∗∗∗ −0.0099∗∗∗

(0.0026) (0.0031) (0.0031) (0.0026)
School quality index 0.0018∗∗ 0.0013 0.0023∗∗ 0.0009

(0.0008) (0.0010) (0.0010) (0.0008)
Observations 3,421
Group FE Yes
Parish FE Yes
R-squared 0.7658

Notes: The table shows the interaction coefficients from one regression at the parish-group level. The specification is
a log-log model with the inverted model amenity by region-group as the dependent variable and amenity indices based
on observed data interacted with group as independent variables, controlling for group and location fixed effects. The
reference group are the young, single and low-skilled. The consumption amenity index includes the density of cinemas,
restaurants, bars, and street food establishments. The natural amenity index includes the number of marinas, location on
the coast, the share of water, and the share of green, and non-built-up land. School quality is based on centralized key-stage
test scores in Danish and mathematics at the conclusion of primary education (9th grade). All indices are computed by
taking the geometric mean across selected variables after normalizing each of the inputs by the mean. Standard errors are
in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.

5.3 Model Counterfactuals for Sorting

To assess the relative contributions of different sources of group-specific heterogeneity to the spa-
tial sorting of groups, we employ model-based counterfactuals. Specifically, we eliminate group-
specific heterogeneity in selected primitives and solve for the counterfactual spatial general equi-
librium using the mapping from primitives to endogenous variables discussed in Section 4.5.

The first counterfactual assumes that all groups have the same housing expenditure share, which
is set equal to the average housing expenditure share across groups, and solves for a counterfactual
equilibrium under this assumption. The following counterfactuals remove the variation in the
Fréchet shape parameter, the elasticity of commuting cost with respect to distance, and the variation
in the labor input shares in the production function across locations. The final counterfactual
removes differences in residential amenities across groups by assuming that all groups attach the
same amenity value to a location, which we set equal to the unweighted average of the estimated
amenities of each group for the location in the baseline.

Figure 10 summarizes the results of these counterfactuals. It shows that eliminating variation
in each parameter across groups has only a minimal impact on the average distance between a
group’s residential location and the city center, except in the case of amenity variation. When all
groups are assumed to evaluate amenity values identically, the spatial sorting of groups changes
substantially. Initially, more central groups increase their average distance to the CBD, while more
suburban groups decrease it. These findings suggest again that differences in how groups perceive
residential amenity values play a central role in shaping their location choices.
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Figure 10: Parameter Counterfactuals - Change in Average Distance to the CBD

Notes: The figure plots the relative importance of the five model parameters – amenities, labor demand (β o
i ), com-

muting cost elasticity (φ o f ), housing expenditure shares (αo f ), and idiosyncratic preferences (εo f ) – in determining
the average distance of a group’s residential location from the city center. The x-axis order the twelve demographic
groups by the most central to the least central, while the y-axis plots the change in the average distance in kilometers
to the CBD.

6 The Effect of Demographic Change on Cities

The stark differences in location choices across different groups in our data suggest that demo-
graphic changes such as population aging or changing fertility could have first order impacts on
the internal organization of cities. In this section, we use our estimated model to explore the effects
of three prominent demographic changes – population aging, reductions in fertility and increases
in the share of single households.

As discussed in Section 2, Copenhagen experienced only marginal demographic changes along
these three dimensions during our sample period. To estimate the effects of plausible levels of
demographic changes in cities, we use published census data for Tokyo, a case known for its
dramatic demographic aging.29 Table 3 shows how the adult population of the Greater Tokyo area
changed between 1980 and 2020. The share of adults living with children (under the age of 18)
more than halved from 43% in 1980 to just 19% of the adult population in 2020. Similarly, we see
an increase in singles from 32% to 40% of the adult population. Finally, the share of the population

29OECD (2015) show in their Figure 1.20 that Tokyo has the highest annual growth rate of the 65+ population
among the major OECD metropolitan areas over the 2001-2011 period, with the annual growth rate of the over 65
population exceeding 4% compared to a growth rate of the total population of the city of less than 1%.

33



which is 45-64 increases from 31% to 46% of the 18-64 population.30

Table 3: Demographic Change in the Greater Tokyo Area

Age Couples Parents

Year 18-44 45-64 Single Couple Parents Non-Parents

1980 69% 31% 32% 68% 43% 57%
2020 54% 46% 40% 60% 19% 81%

Notes: The table shows percentage shares of different types of people in the total adult population (those 18
or older) in the Greater Tokyo Area of either the 1980 or 2020 Japanese census. The sample for the age shares
covers all individuals aged 18-64 in the Greater Tokyo Area in 1980 and 2020, while the sample for the couples
and parents shares covers all individuals aged 18 or older in the Greater Tokyo Area in 1980 and 2020. The
data comes from different tabulations of the Japanese population census results as described in detail in Online
Appendix F.

To explore the effect of such dramatic demographic change on the internal organization of
cities, we simulate a demographic shift comparable to the one observed in Tokyo between 1980
and 2020 using our estimated model in Copenhagen. Specifically, we solve for three model coun-
terfactuals for Copenhagen – an increase in the share of singles, a decrease in the number of couples
with children, and an increase in the share of seniors by the same percentage point change observed
in Tokyo between 1980 and 2020. To isolate the effects of these three demographic changes, we
hold the composition of the population across other demographic dimensions constant. For ex-
ample, to increase the share of old people we reallocate individuals from the young to the older
population within the same skill, cohabitation and fertility category. We do so equally across all
skill, cohabitation and fertility subgroups of the population as the published Japanese census data
does not show how aging differs across subgroups. We apply the same logic for the other two
counterfactuals simulating a decrease in the number of couples with children and an increase in
the share of seniors. We undertake these counterfactuals using the same assumptions as in Section
5, i.e. we consider a closed city with fixed productivity and amenities and hold the supply of floor
space and its allocation to commercial and residential use constant.31

Figure 11 shows the results of these model counterfactuals for each of the three demographic
changes on the total residential population of each of the parishes in Copenhagen. The figure
shows several striking patterns for how the population in Copenhagen will relocate in response to
demographic changes. Figure 11a shows that population aging is a substantial decentralizing force.
Residential demand shifts away from central locations and into more peripheral and suburban areas

30In 2011, which is the baseline year of our model, the comparable shares for Copenhagen are 25% of the total adult
population live with children under the age of 18, 41% are single, 60% are between 18 and 44 and 40% between 45
and 64. The shares in our model are slightly different as the baseline model only considers those who are working.

31Holding the amenities and productivity of each location fixed means that all the changes we measure are likely
to be a lower bound of the results if we allowed these to be at least in part endogenous to the distribution of the
population.
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consistent with the lower amenity value that older people attach to central parts of the city.

Figure 11: Counterfactual Changes in the Residential Population

(a) Aging (b) Fertility (c) Singles

Notes: This figure shows the results of the model counterfactuals for each of the three demographic changes on
the total residential population. Each panel maps the percentage change in residential population (∆%) under a specific
counterfactual scenario, holding other factors constant. Panel (a) shows the predicted change due to aging alone. Panel
(b) shows the effect of the decrease in fertility. Panel (c) shows the impact of the increase in the share of singles. Color
gradients represent the magnitude of percentage change, with darker shades indicating stronger effects.

Figure 11b reveals that a reduction in the number adults with children would have the opposite
effect. Consistent with both the event study estimates and the model inferred amenities, groups
with children prefer more suburban locations. Fewer children therefore increase demand for more
central locations. Figure 11c shows that the relatively small increase in the number of singles
observed in Tokyo has a modest centralizing effect on the residential population. This is in line
with the event study estimates that show that cohabitation is correlated with more suburban location
choices and the same pattern is also visible in the inverted model amenities. A higher share of the
population being single therefore also results in an increased demand for central locations.

Appendix Section F shows maps for the counterfactual impacts of these three demographic
changes for employment (Appendix Figure F1), residential floor space prices (Appendix Figure
F2), and commercial floor space prices (Appendix Figure F3). These maps show that demographic
change also affects the distribution of employment, but the effects are more muted. This is consis-
tent with the reduced form evidence showing that different groups sort more in terms of residential
location than workplace location. The effect of demographic change on residential floor space
prices largely follows the distribution of residential population. It is not entirely proportional to
the population changes, due to the different expenditure shares and income levels across groups. A
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notable feature of the effect of an increase in the number of singles on residential floor space prices
is that it not only triggers relative changes across locations but also lifts population weighted av-
erage prices for the entire city. This is consistent with the reduced form findings that cohabitation
and separation have substantial effects on the amount of floor space consumed and implies that an
increase in the number of singles could be a substantial driver of house prices in cities in the future.

While our model counterfactuals isolate the effects of different demographic changes, the most
likely future scenario is one in which we observe all of these demographic changes at the same
time. The experience of Tokyo over the period from 1980 to 2020 suggests that population aging
goes hand in hand with fewer children and more singles. If this is the pattern of future demographic
changes, our results suggest that the decline in fertility and increase in singles will work against
the effect of population aging in terms of their effect in decentralizing economic activity in cities.
The combined effect of demographic change on cities is therefore likely much more muted than
the effect of each of these demographic changes on its own, which suggests that cities could be
quite resilient in the face of demographic change. Consistent with this Appendix Figure F4 shows
the results for a counterfactual that combines all the three demographic changes observed in Tokyo
between 1980 and 2020. The results show that this particular combination of demographic change
has a moderately decentralizing effect on population and employment, but the effects are much
more muted than the effect of aging or fertility changes on their own.32

7 Conclusion

Our findings highlight that intra-urban location choices are fundamentally shaped by how differ-
ent demographic groups value amenities. These preferences vary systematically across age groups
and family types. Given that amenities are unevenly distributed within cities, demographic mega-
trends - such as population aging, declining fertility, and rising singlehood - have the potential to
significantly shift spatial demand patterns.

Such shifts in demand caused by demographic change present potential challenges for urban
infrastructure and housing markets, as changes in population composition can alter the demand for
central versus peripheral locations. However, our counterfactual analysis offers a more nuanced
perspective. We show that the spatial implications of these demographic forces often counteract
one another. For example, while declining fertility and increased singlehood tend to intensify de-
mand for central urban locations, aging populations exert decentralizing pressures. This interaction

32One limitation of our demographic counterfactuals is that we undertake them in our baseline model, in which
we only consider the working population. Cities obviously also contain substantial amounts of non-working residents
such as pensioners. Furthermore, the experience of Tokyo has seen rapid increases in the number of pensioners. In
future work we will extend the model to include also non-working groups to explore the sensitivity of the demographic
results to the inclusion of non-working population in the model.
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suggests a degree of resilience in urban spatial structures to demographic change.
We also find that mobility considerably decreases with age and there is little downsizing of

floor space consumption with age, even once individuals become pensioners and are no longer
attached to the labor market. Our quantitative exercise focuses mostly on individuals attached to
the labor market, and we leave for future research to understand why location choices and floor
space consumption change so little after big life changes in older age. The results also indicate
there is a dynamic component to the structure of cities, especially if population changes and the
city grows.
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