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Abstract

This paper uses administrative data on German firms to empirically study the
dynamics of workplace segregation between 1975 and 2019. Building on the literature
on neighbourhood segregation, the analysis tests for the presence of tipping points in
the composition by nativity of firms. The evidence of tipping points is limited, and is
strongest for firms in relatively low-skill sectors, including Manufacturing or Hotels
and restaurants, and during years of high immigrant inflows, particularly 1990–1995
and 2013–2018. Furthermore, descriptive evidence shows that segregation in a given
cohort of firms generally declines over time, only increasing when there is a large
immigrant inflow. These findings suggest that the preferences of workers over the
composition of their workplaces are not likely to be the main cause of observed
workplace segregation.
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1 Introduction

Immigrants make up an increasingly large share of the workforce in developed countries
and Germany has been no exception, with the foreign-born representing 16.1 per cent
of the German population in 2019 (OECD, 2020). However, once they enter the labour
market, immigrants and natives tend not to work for the same firms. In 2008, when im-
migrants already made up 12.8 per cent of the population (OECD, 2020), 40 per cent of
immigrants in Germany would have needed to change firms to achieve a degree of work-
place segregation consistent with a random assignment of workers to firms (Glitz, 2014).
Workplace segregation has also been documented in other high-immigration countries
including the US (Andersson et al., 2014; Hellerstein and Neumark, 2008) and Sweden
(Åslund and Skans, 2010).1

While there is ample cross-sectional evidence of segregation across workplaces, our un-
derstanding of the causes of workplace segregation is limited by a relative lack of empirical
evidence on the dynamics of segregation across firms over time. Segregation could arise
due to multiple reasons. One cause that has received particular attention in the literature
on residential segregation is the preferences of individuals themselves. A long theoretical
tradition, cited below, has shown how native distaste for cohabiting with immigrants can
make integrated neighbourhoods unstable. In the model developed by Card et al. (2008,
2011), the composition of the neighbourhood is stable for low immigrant shares, however,
should the immigrant share go beyond a threshold, known as a tipping point or bifurcation
point, natives will leave the neighbourhood, leading to segregation.

Such tipping dynamics can also be observed in the composition of firms. Figure 1
shows both a stylised example of a tipping dynamic in firm workforce growth, as well
as some examples of industries in which firm native workforce growth appears to follow
a tipping dynamic during the period 1990–1995. Furthermore, survey evidence suggests
that the kinds of preference spillovers that lead to tipping points at the neighbourhood
level are also present in the labour market.2 However, workplaces are also different from
neighbourhoods, in particular due to the centralised decision-making of the owner or
manager about hiring, which in turn determines the composition of the workforce. It
is therefore interesting to test whether tipping points also exist in the composition of
workplaces.

1Workplace segregation unexplained by observed characteristics suggests factors of production are
misallocated, which could have large negative consequences for aggregate productivity and output (Hsieh
et al., 2019). At the individual level, segregation across workplaces or industries could help explain the
widely-studied persistence of employment and wage gaps between immigrants and natives (e.g. Lubotsky,
2007; Rho and Sanders, 2021).

2In 2017, only 37 per cent of Germans stated they would be "totally comfortable" having an immigrant
as a work colleague, similar to the proportion (36 per cent) stating that they would be totally comfortable
having an immigrant as a neighbour (European Commission, 2018).
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Figure 1: Examples of tipping dynamics
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Notes: Normalised native workforce growth (defined in Section 3.2) as a function of the immigrant share
in the base year, either in an abstract example, or in actual industries in 1990–1995. When plotting
actual data, firms employing at least ten employees in 1990 are grouped into 20 equally-sized bins.
Actual average normalised native growth for the industry is shown as a horizontal line. Data source:
Betriebshistorikpanel.

In the first part of this paper, I empirically test for the presence of tipping points
in the composition of firms, building on the approach originally proposed by Card et al.
(2008, 2011) in the context of neighbourhoods. To test whether there is a tipping point
for a group of firms, the researcher must both identify the location of the tipping point
and the size of the drop in native workforce growth beyond the tipping point, as depicted
in the top-left panel of Figure 1. I simultaneously identify both via nonlinear least squares
and use the methods proposed by Andrews et al. (2019, 2021) to conduct inference on the
size of a discontinuity when the location of the discontinuity is unknown.3 The results of
these tests provide only partial support for the existence of tipping points in German firms.
The evidence is strongest in periods where Germany experienced relatively large inflows of
immigrants and for firms operating in lower-paying, disproportionately low-skill industrial
sectors. For example, for the period 1990–1995, when Germany experienced large inflows

3Since the inference methods developed by Andrews et al. (2021) have not yet been widely used in
applications, I detail how these are applied in my setting in an online appendix.
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of immigrants from the former USSR and Yugoslavia, the analysis uncovers evidence of
tipping points in six sectors out of 15. Across years, there is evidence of tipping points in
multiple years for predominantly lower-skill sectors including Manufacturing, Hotels and
restaurants, and Transport, storage and communication.

The validity of the tests of tipping points depends on the assumption that the location
of the tipping point is common to a set of firms, for example firms in the same sector.
However, if there are firm-specific amenities that matter differently to natives and im-
migrants, the location of the tipping point might be specific to each firm (Banzhaf and
Walsh, 2013; Caetano and Maheshri, 2017). To ensure that I am not missing true tipping
points by inappropriately partitioning firms into groups with a high within-group variance
in firm-level amenities, the analysis includes numerous robustness checks, grouping firms
by different proxies for unobserved amenities. These include three-digit industry or firm
fixed effect from an individual wage regression. The general pattern of evidence remains
the same. Tipping points are only identified in a subset of firms, corresponding to 15–20
per cent of groups of firms considered. The evidence is again strongest in periods of high
immigration and in particular 1990–1995.

In the second part of the paper, I further complement the formal tests of the exist-
ence of tipping points with descriptive evidence on the dynamics of aggregate workforce
segregation. In models of tipping points in neighbourhood composition (e.g. Schelling,
1971; Card et al., 2008), integrated equilibria in neighbourhood composition are less ro-
bust to shocks than segregated equilibria. Applying these models to firms suggests that
segregation in a cohort of firms should be non-decreasing over time. However, I find that
segregation within a cohort of firms typically decreases over time, except for in the peri-
ods of highest immigration, and that this decrease is not due to faster growth or greater
survival of less-segregated firms. These results again suggest that tipping points are not
a widespread feature of firms or workplaces.

This paper contributes to multiple literatures. A large literature has considered the
role of endogenous feedback from past neighbourhood composition to future changes in
neighbourhood composition. The possibility that such feedback loops might lead to tip-
ping points in the composition of neighbourhoods has been considered both theoretically
(Schelling, 1971, 1978; Becker and Murphy, 2000; Banzhaf and Walsh, 2013) and empir-
ically (Aldén et al., 2015; Caetano and Maheshri, 2021; Card et al., 2008, 2011). While
cross-sectional segregation by ethnicity or race has been widely documented in the labour
market (Andersson et al., 2014; Åslund and Skans, 2010; Glitz, 2014; Hellerstein and
Neumark, 2008; Higgs, 1977), the only formal test of tipping points in the labour market
is Pan (2015), who finds clear evidence of tipping points in the gender composition of
occupations in the US. The first contribution of the paper is therefore to formally test for
tipping points in a setting, namely the labour market, and specifically in the composition
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of firms, where the dynamics of segregation have been under-studied relative to residential
segregation.

The second contribution of the paper is to an emerging literature on firm hiring of
immigrants. Descriptive evidence on firm hiring shows that firms with certain observable
characteristics, namely larger firms and firms founded by immigrants, are more likely
than other firms to hire immigrants (Brinatti and Morales, 2021; Kerr and Kerr, 2021)
and that there is a firm life-cycle in the hiring of minorities, with firms tending to become
more diverse as they age (Miller and Schmutte, 2021; see also Lepage, 2021). I add to this
literature by considering how the contemporaneous immigrant share might matter per se
for the subsequent hiring and retention of immigrants and natives.

Finally, in finding only limited evidence for the presence of tipping points in the la-
bour market, I contribute to our understanding of the mechanisms underlying workplace
segregation. Tipping points in firm composition are a necessary condition for the exist-
ence of strong preference spillovers. The findings presented here therefore suggest that
explanations of workplace segregation that build on preference spillovers (e.g. building on
Goldin, 2014b) are likely not as important for explaining observed workplace segregation
as competing explanations. These include the role of various firm hiring practices, such as
the use of referrals in hiring (Miller and Schmutte, 2021) or differences in manager hiring
across nativity (Åslund et al., 2014; Lepage, 2021; Kerr and Kerr, 2021). This conclusion
has parallels to the evolving view in the literature on residential segregation, where the
older consensus that preference spillovers are a major explanation of observed segregation
(Becker and Murphy, 2000; Card et al., 2008; Schelling, 1971, 1978) has more recently
been challenged by theoretical (Banzhaf and Walsh, 2013) and empirical (Caetano and
Maheshri, 2021) arguments that unobserved neighbourhood amenities dwarf preference-
driven endogenous feedback mechanisms in explaining observed segregation.

2 Data

The data used to test for the presence of tipping points in the German labour market
come from the Institute for Employment Research of the German Federal Employment
Agency (IAB). I use the Establishment History Panel (Betriebshistorikpanel, BHP), a
fifty per cent sample of all establishments making social security contributions for at
least one employee between 1975 and 2019.4 An establishment covers all production sites
belonging to the same firm, located within the same municipality, and operating within
the same three-digit sector. I follow standard practice when working with the BHP in
indiscriminately referring to establishments as firms or establishments.

4Specifically, I use version 2 of the 1975–2019 edition of the BHP. For details on this dataset, see
Ganzer et al. (2021).
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The sampling frame of the BHP includes all firms making social security contributions
in West Germany since 1975, and all such firms in East Germany since 1993. Immigrant
status is defined in the data by citizenship, rather than country of birth. In the main
analysis, I restrict attention to West Germany (excluding Berlin) during the period 1975–
2010 and separately analyse changes over each of the seven five-year periods in the dataset,
starting from 1975–1980. This allows me to investigate potential differences in tipping
dynamics as immigrant flows and macroeconomic conditions change over time. Immigrant
inflows to Germany pre-2010 were mostly concentrated in West Germany, but not in
more recent years. I therefore consider evidence for tipping points in firms post-2010 as
a separate case study in Section 5, using all regions in Germany.

I test for tipping dynamics in the composition of firms, limiting the sample to firms
employing at least 10 workers in the base year. I do this since (i) the immigrant share
variable is not continuous when there are few employees and has mass points around
values such as 0.25, 0.33, or 0.5; (ii) the immigrant share can change dramatically over
time when there are only a few workers, creating artificial discontinuities in Yit around
the values of the base year immigrant share where there are mass points; and (iii) small
firms are more likely to exit over a five-year period, creating sample selection issues. I
further exclude firms where either the normalised native or immigrant workforce growth
exceeds 300 per cent over five years, since large changes in the firm size will have a direct
effect on firm hiring and firing dynamics that might mask any tipping dynamics.

Aggregate summary statistics, using all BHP firms in West Germany, are presented in
Panel A of Table 1, while averages over the firms included in my sample are in Panel B.
The size restrictions imposed mean that the sample of firms cover around 62–65 per cent
of total employment subject to social security in West Germany. The employment dy-
namics in the included firms are similar to the full population of firms. The average firm
immigrant share also follows patterns of net migration to Germany over the time period.
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Table 1: Summary statistics

(1) (2) (3) (4) (5) (6) (7)
1975 1980 1985 1990 1995 2000 2005

A: Aggregate Statistics

Immigrant share 9.5 9.2 7.4 8.0 7.7 7.0 7.0

Employment growth 4.0 -1.9 8.1 -3.2 12.6 -1.5 5.9

Native growth 4.1 -0.08 7.0 -4.2 12.4 -1.0 5.3

Immigrant growth -0.05 -1.8 1.1 1.0 0.2 -0.4 0.5

B: Firm Statistics

Share of employment 62.3 62.1 62.1 62.5 48.8 50.4 52.3

Immigrant share 7.1 6.6 5.6 6.2 8.1 6.6 6.6

Employment growth 4.8 -4.1 7.6 1.2 15.7 -1.3 5.1

Native growth 4.7 -2.9 6.4 -1.0 16.0 -1.0 4.4

Immigrant growth 0.1 -1.2 1.2 2.2 -0.4 -0.3 0.7

Firms 96359 106319 105202 115477 117904 158178 167454

Note: Panel A reports aggregate statistics for all of West Germany using the BHP of the IAB. Panel
B reports averages for the included firms. Growth rates are expressed in percentage terms for the five-
year period starting in the base year defined for each column. Immigrant growth and native growth are
normalised by total base-year employment.
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3 Empirical approach

3.1 Theoretical background

Card et al. (2008) present a model of housing demand at the neighbourhood level with
two groups, a minority group and the majority. Shifts in the minority’s demand for
housing, relative to the majority, can lead to discontinuous changes in the composition
of the neighbourhood. In Online Appendix A, I adapt this theory to the labour market
and present an analogous theory where groups supply labour to the firm, to motivate and
guide the empirical analysis. As in Card et al. (2008), there are preference spillovers: the
supply of majority workers to the firm at a given wage may be a decreasing function of
the minority share in the firm. The theory implies that the expected change in the firm’s
immigrant share from one period to the next is a potentially discontinuous function of
the immigrant share in the base period:

E[∆st|st−1] = 1(st−1 < s∗)g(st−1) + 1(st−1 ≥ s∗)h(st−1). (1)

There is a discontinuity in the event that limϵ→0+ h(s∗ + ϵ) − g(s∗ − ϵ) ̸= 0; the tipping
dynamics presented in the upper-left panel of Figure 1 correspond to the specific case
where limϵ→0+ h(s∗ + ϵ) − g(s∗ − ϵ) > 0. The theory predicts that such a case may
be observed when the relative supply of immigrants to the firm increases if preference
spillovers are strong enough. The value of the base-year immigrant share at which such a
positive discontinuity occurs, s∗, is the tipping point.5

3.2 Identifying the location of the tipping point

To test for tipping points in firm composition, using an approach motivated by Equa-
tion (1), the researcher needs to deal with the fact that the theoretical tipping point s∗ is
unknown. Card et al. (2008) propose treating identifying the location of the tipping point
and testing for the existence of a tipping point as separate problems and solving them
sequentially. In the first step, they use a search procedure to identify a candidate tip-
ping point. The simplest procedure they propose is a threshold regression (Hansen, 2011,
2021). In the second step, Card et al. (2008) use regression discontinuity design (RDD)
techniques (Imbens and Lemieux, 2008; Lee and Lemieux, 2010) to estimate a version of

5The type of tipping point whose existence is predicted by the theory in Appendix A is sometimes
referred to as a bifurcation point (Caetano and Maheshri, 2017), to differentiated it from Schelling-style
tipping points, which are defined as an unstable equilibrium in workplace composition. Bifurcation
points imply that tipping is "one-sided", as in Equation 1—firms in an integrated equilibrium might tip
to being all-migrant, but not all-native—whereas Schelling-style tipping points can lead firms to tip from
an integrated equilibrium to being either all-migrant or all-native (Card et al., 2011). I follow the practice
of Card et al. (2008) and Pan (2015) in referring to such bifurcation points as tipping points.

7



Equation (1). They bootstrap the whole procedure to conduct inference that is robust
to specification search bias. If the estimated discontinuity in the change in the minority
share when the minority share moves beyond the candidate tipping point is negative and
significant, they conclude that there is a tipping point in the composition of the units
under study.

The estimation and inference procedures proposed by Card et al. (2008) have been
adopted, essentially unmodified, in many subsequent tests of tipping points (Aldén et al.,
2015; Böhlmark and Willén, 2020; Pan, 2015).6 However, the approach suffers from
two shortcomings. First, treating the second stage as an RDD is arguably conceptually
incorrect, since there is no treatment variable whose assignment probability jumps at
the threshold, other than the tautologically defined treatment "being above the tipping
point". So while one may still use local polynomials to descriptively estimate a break in
the outcome variable at the candidate tipping point, the standard RDD interpretation of
this break as an average treatment effect does not apply. Second, the inference procedures
proposed by Card et al. (2008) may not be suitable in all settings, and in particular in
settings where there is in fact no tipping point, as discussed below.

To address the first methodological shortcoming, rather than treating the problem as
a type of RDD, I use methods from the literature on structural breaks to identify both the
location and the size of the discontinuity at the potential tipping point and use inference
procedures that are robust to small effects. Both the location of the tipping point and
the size of the break in the outcome are estimated via a threshold regression that takes
the following general form:

Yit = C ′
itβ +D′

itδ1{Qit > θ}+ uit. (2)

Let the number of immigrants employed in firm i at time t be Iit, the number of natives
be Nit, and the total workforce Lit = Iit + Nit. Following Pan (2015), the dependent
variable Yit is defined as the five-year change in the native workforce, normalised by the
base-year workforce, minus the normalised five-year change in the immigrant workforce:
Yit = (Nit+5 −Nit)/Lit − (Iit+5 − Iit)/Lit.7 The change in immigrant demand is therefore
a proxy for changes in total workforce demand, which are netted out in this formulation
(Pan, 2015). The vector of control variables Cit includes a polynomial function in the
base-year immigrant share and other base-year controls. Qit is the base year immigrant
share and θ is the tipping point. The set of variables Dit is the subset of Cit whose
effect on Yit varies when the base-year immigrant share passes the tipping point. In my

6These papers all work with a Card-style definition of a tipping point as a bifurcation point. Altern-
ative methods have been developed to test for Schelling-style tipping points as unstable equilibria, see
Caetano and Maheshri (2017, 2023).

7Studying longer differences, as in (Pan, 2015), would lead to greater selection out of the sample via
firm exit, which is potentially correlated with the base-year immigrant share.
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specifications Dit only includes a constant; in this case, the parameter δ measures the key
discontinuity. We conclude that there is a tipping point if δ is negative and significant.
The estimation Equation (2) is the empirical counterpart of Equation (1).

Equation (2) is nonlinear in the parameter vector (β′, δ′, θ)′, and is estimated by non-
linear least squares (NLS). The location of the tipping point, θ, and the size of the dis-
continuity at the tipping point, δ, are therefore estimated simultaneously. The difference
between this approach and that of Card et al. (2008) bears emphasising. They estimate
the location of the candidate tipping point s∗ from a simple threshold regression where
Cit = Dit = ι, a constant, and then estimate δ(s∗) from a follow-up OLS regression of
Equation (2), which they characterise as an RDD, where they set θ = s∗ and Cit includes
higher-order polynomial terms and other controls.

While Equation (2) can be estimated by NLS, the parameters are not asymptotically
normally distributed, since θ is not identified when δ = 0 (Hansen, 2021). Hansen (1996)
has shown that a bootstrap procedure will yield correct p-values for the test that δ = 0,
and Card et al. (2008) appeal to this result when justifying the use of the bootstrap to
construct standard errors for δ(s∗) in their two-step procedure. However, the validity of
the bootstrap procedure in the threshold regression setting is shown under the assumption
that the discontinuity being estimated is large relative to sampling variation (Hansen,
1996; Elliott and Müller, 2007). In situations where it is not obvious from simply looking
at the data whether there is a tipping point or not, the bootstrap approach may lead to
over-rejection of the null hypothesis of no tipping points (Andrews et al., 2021).

To address this second methodological shortcoming, Andrews et al. (2021) propose an
alternative procedure for constructing standard errors for δ when estimating a threshold
regression. In particular, their procedure is robust to (i) the true threshold effect δ being
small relative to sampling variation; and (ii) the model (2) being misspecified, which
is likely if Equation (2) is only a parsimonious approximation of the true conditional
expectation of Yit. I will therefore use the so-called “hybrid” standard errors proposed by
Andrews et al. (2019, 2021) when conducting inference on δ. These standard errors have
been shown both theoretically and in simulations to have good coverage properties both
when the truth is δ = 0 and when δ ̸= 0. The interested reader is referred to Andrews
et al. (2019, 2021) for full details on the construction of these standard errors.8

8Andrews et al. (2021) develop their procedure in the case where Di = Ci. In my setting, Di ⊂ Ci; I
present the changes that are necessary to implement the method of Andrews et al. (2021) in this case in
Appendix C, available online.
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3.3 Variation in the location of the tipping point

The location of any tipping point, θ = s∗, will depend on various factors. The one which
most bears emphasising here is firm-specific amenities differentially valued by natives and
immigrants. Such amenities may make some firms more attractive to natives than others,
for a given wage and immigrant share. If such amenities vary significantly across firms,
or if native preferences for such amenities vary across the pool of workers facing different
firms, the location of the tipping point will also vary across firms.

The procedure presented in Section 3.2 assumes that the location of the tipping point
is common to at least some subset of firms, i.e. that it is possible to group firms by some
combination of location and a proxy for non-wage amenities valued by natives before test-
ing for a common tipping point for a given grouping of firms. Both Card et al. (2008) and
Aldén et al. (2015) assume different tipping points for different residential markets (metro-
politan areas), while Pan (2015) assumes the location of tipping points in labour markets
varies by region-occupation type (white/blue collar) cell. However, the importance of het-
erogeneous neighbourhood amenities in the dynamics of residential segregation has been
highlighted theoretically by Banzhaf and Walsh (2013) and demonstrated empirically in
the case of school segregation by Caetano and Maheshri (2017);9 there is no reason to
suppose there is less heterogeneity in firm amenities than in neighbourhood amenities. If
firms are grouped in a way that does not adequately capture underlying heterogeneity in
amenities or preferences, the analysis might fail to find evidence of tipping points even
though they might actually exist in practice.

In Table 2, I report naive descriptive evidence on the presence of tipping-like dynamics
in alternative groupings of firms. In each grouping of firms, e.g. two-digit industry, I
calculate the average of normalised five-year native workforce growth over firms with an
above-average initial immigrant share and firms with a below-average initial immigrant
share. If workers’ nativity were irrelevant to firms’ hiring decisions, firm-level deviations
from the average immigrant share would be transient and we would observe mean-reversion
in the firm’s immigrant share over time. The probability that average normalised native
workforce growth, i.e. the average of the dependant variable in Equation (2), is lower for
firms with above-average immigrant share would therefore approach zero for sufficiently
large groupings of firms. I therefore characterise a group of firms as following a tipping-
like dynamic if the average normalised native workforce growth is lower for firms with
an above-average immigrant share. I consider grouping firms by local labour markets,
two-digit industries, or the intersection of labour market and industry.

9Caetano and Maheshri (2017) propose a method for testing for the presence of school-specific tipping
points in school composition given heterogeneous school amenities. Extending their approach to the case
of firms, which would require a credible instrument for the immigrant share in the firm, is beyond the
scope of the present work.
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Table 2: Naive evidence of tipping-like dynamics

1985 1990 1995 2000 2005
(1) (2) (3) (4) (5)

Local labour markets 0.10 0.64 0.30 0.04 0.05
Two-digit industries 0.41 0.50 0.38 0.19 0.28
Industry-labour markets 0.50 0.49 0.32 0.39 0.37

Note: Share of different types of cells where average normalised
native workforce growth is lower for firms with an above-average
initial immigrant share. Source: Betriebshistorikpanel of the IAB.
Calculated using establishments in West Germany employing ten
or more workers.

Firms display behaviour consistent with tipping-like dynamics when grouped by either
industry or by labour market, particularly in the earlier part of the sample, pre-2000,
where the fraction of either industries or labour markets where tipping-like dynamics are
observed is around 0.5. However, the evidence in Table 2 does not clearly point to labour
markets or industries as a better proxy for the underlying factors that determine the
location of the tipping point; indeed the evidence for tipping is arguably strongest when
both are used to group firms. There is, however, a cost to grouping the data in overly
small cells. When identifying tipping points using the threshold regression described in
Section 3.2, the location of the tipping point is only identified by observations close to
the threshold, so the sample needs to be relatively large.

In the main analysis I will therefore consider single-letter industrial sector codes and
labour market regions, equivalent to commuting zones in the USA, as possible groupings
of firms with a common tipping point. I will estimate Equation (2) separately for each
proposed grouping and for each base year, since the descriptive evidence suggests tipping
dynamics might be observed in some years but not others. I will also consider various
alternative groupings, including the interaction of region and industry as well as wage fixed
effect from an AKM-type regression, as an alternative proxy for firm-level amenities.10

10Sorkin (2018) has found that 70 per cent of the variance of the firm component of wages, estimated
as firm fixed effects, reflect compensating differentials for firm-level amenities.
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4 Results

4.1 Tipping points in firms

To test for the presence of tipping points in firms, I estimate Equation (2) separately for
different groups of firms. The dependent variable is modelled as a third-order polynomial
in the base-year immigrant share, with an intercept shift at the tipping point. I include
the log of the median wage of a native in the firm, the low-skilled workforce share, and the
firm’s share of total employment in the local industry as additional controls that capture
firm-specific amenities that might otherwise affect workforce growth. I present the results
in Table 3. In each panel I consider a separate grouping of firms. In Panel A I group firms
by single-letter industrial sector (NACE revision 1), in Panel B I group firms by regional
labour markets (Kropp and Schwengler, 2011), while in Panel C I group firms by the in-
tersection of regional labour market and an indicator for being in a low-skill industry.11 In
each panel and for each year I report summary statistics on the location of the discontinu-
ity identified by the threshold regressions, the average estimated discontinuity, the share
of cells (e.g. sectors) where the estimated discontinuity is negative and significant, as well
as the median lower and upper bounds across cells of a 95 per cent confidence interval for
the estimated discontinuity, the number of cells for which a regression is estimated, and
the median number of observations for each regression.

The estimated discontinuities when grouping firms by sector are reported in Panel A.
Evidence of tipping points in the composition of firms varies across years. On average, the
threshold regression identifies a discontinuity in normalised native workforce growth at
base-year immigrant shares of around 25–35 per cent of the workforce, while the average
estimated discontinuity is clearly negative in some years—1980, 1990, 1995—but not all.
In particular, the share of sectors in which a tipping point, i.e. a negative and statistically
significant discontinuity in normalised native workforce growth, is identified varies from
a low of zero in 2000 to a high of 0.4, or six sectors out of 15, in 1990, similar to the
variation in the naive evidence of tipping-like dynamics presented in Table 2. Pooling all
years, I find a negative and significant discontinuity in 15 per cent of sector-years.

It is important to stress that the procedure used here to construct the standard errors
has been shown theoretically and in simulations to have correct coverage rates, even
when the true discontinuity in the threshold model is in fact zero (Andrews et al., 2019,
2021). As a result, if there were no tipping points in the composition of firms in any
industry, we should find a significant discontinuity in around 5 per cent of industry cells.
Finding a negative and significant discontinuity in normalised native workforce growth in

11Low-skill industries include Agriculture, Hunting and forestry, Fishing, Mining and quarrying, Man-
ufacturing, Construction, and Hotels and restaurants.
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Table 3: Tipping points in the composition of firms

(1) (2) (3) (4) (5) (6) (7)
1975 1980 1985 1990 1995 2000 2005

A: Industrial sector
Tipping point 38.6 35.6 27.6 30.2 38.7 23.5 38.5

(28.3) (31.5) (31.9) (32.0) (33.9) (24.1) (33.7)
Discontinuity (δ̂) 12.7 -30.8 -1.0 -20.4 -34.2 10.6 18.7

(58.5) (54.2) (39.4) (84.6) (71.9) (47.0) (51.9)
δ̂ < 0 and p-val. < 0.05 0.13 0.27 0.13 0.40 0.07 0 0.13
Median LB, 95% CI -21.46 -40.13 -29.20 -24.65 -26.14 -4.88 -17.21
Median UB, 95% CI 47.44 15.97 32.93 6.46 16.74 33.96 32.78
Cells 15 15 15 15 14 15 15
Median obs. 3859 4372 4474 4767 5248 7697 8481
B: Regional labour market
Tipping point 27.0 33.6 19.8 26.3 28.5 33.2 27.9

(22.2) (26.8) (20.7) (23.2) (23.1) (29.9) (24.1)
Discontinuity (δ̂) 11.6 -2.6 -3.9 -0.04 11.5 9.7 7.7

(58.6) (67.3) (57.6) (66.2) (80.0) (72.5) (77.7)
δ̂ < 0 and p-val. < 0.05 0.08 0.15 0.13 0.18 0.21 0.13 0.18
Median LB, 95% CI -35.98 -39.30 -28.81 -29.31 -28.14 -34.90 -24.82
Median UB, 95% CI 50.07 35.23 27.71 29.94 44.92 30.13 28.56
Cells 39 39 39 39 39 39 39
Median obs. 1051 1209 1258 1393 1456 1879 2015
C: Region-sector type
Tipping point 26.8 26.4 19.4 25.2 29.7 30.0 33.0

(22.0) (23.3) (17.9) (22.6) (25.7) (26.3) (26.9)
Discontinuity (δ̂) -46.7 51.3 5.5 22.0 11.2 3.5 7.5

(475.9) (451.6) (69.9) (125.1) (100.9) (100.3) (63.4)
δ̂ < 0 and p-val. < 0.05 0.11 0.12 0.13 0.10 0.14 0.09 0.17
Median LB, 95% CI -47.57 -39.18 -45.53 -24.75 -48.48 -32.22 -32.65
Median UB, 95% CI 56.08 51.40 51.15 44.97 52.60 43.42 40.91
Cells 75 76 78 78 78 78 78
Median obs. 575 628 585 657 683 887 933

Note: Summary statistics on for a set of threshold regressions. In Panel A each regression uses firms from a
given single-letter industrial sector (NACE Rev. 1), in Panel B a regression uses firms from a regional labour
market (Kropp and Schwengler, 2011), in Panel C a regression uses firms of a given skill level (high or low)
in a given labour market. Inference is conducted using the methods proposed by Andrews et al. (2021).
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15 per cent of industry-years, should, therefore, be interpreted a priori as evidence that
there are probably tipping points in the composition of firms in some industries and some
periods of time, but not all.

To understand in which sector-years I am more likely to identify a tipping point, and
to further establish that the estimated discontinuities in Panel A of Table 3 are not the
result of random chance, first consider that the years in which evidence of tipping points
is strongest closely follow the periods in my sample when net immigration to Germany
was positive: 1976–1981 and, in particular, 1987–1996, which saw a near-doubling of
the immigrant population.12 This pattern is consistent with the model in Appendix A,
which predicts that tipping might be observed in the event of an increase in the relative
supply of immigrants. Second, in the left panel of Figure 2, I correlate various average
characteristics in a sector-year with an indicator for a tipping point being identified in
a sector. Here I find a clear pattern; namely, that sectors with tipping points have on
average less-skilled workforces, earning lower wages. The immigrant share in a sector in
the base year also appears somewhat related to the likelihood of identifying a tipping
point, though not the net inflow of immigrant workers to the sector, normalised by the
total base-year workforce. The importance of skill levels in whether I identify a tipping
point is corroborated by looking at which sectors are the ones where tipping points are
identified, reported it Table D.1. In particular, tipping points are identified in more than
one year in low-skill sectors only, including Manufacturing, Hotels and restaurants, and
Transport, storage and communication.

Next I consider whether there are tipping points in the composition of firms when I
assume that the location of the tipping point is common to firms in the same regional
labour market. Similarly to when grouping firms by sector, I identify tipping points in
15 per cent of labour market-years, however there is a less clear pattern of variation
over time and over cells in where tipping points are identified. Furthermore, the average
estimated discontinuity is usually positive, and is never smaller than -3.9. Compared to
sectors, the correlations between labour market-year characteristics and an indicator for
tipping do not suggest anything strongly predicts which labour markets will experience
tipping. If anything, tipping points are more likely to be identified in labour markets with
higher wages and skill levels, though these associations are not statistically significant;
this could be because wages and skill levels are higher in larger cities, where immigrants
tend to concentrate and where natives have more outside options if their firm starts hiring
too many immigrants for the native’s liking. The list of labour markets where I identify
tipping points is reported in Table D.2.

Given that the evidence of tipping across years was stronger when grouping firms by

12Given that immigrants typically take several years to find their first job, it is perhaps natural that
the years where the largest shares of sectors display tipping points are the periods starting a couple of
years after the start of each migration wave.
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Figure 2: Correlates of cell-level tipping

(a) Sector cells (b) Labour market cells

Notes: Bivariate regressions, pooling cells and years, of an indicator for tipping being observed in a
cell-year on aggregate cell-year-level characteristics. Averages refer to unweighted averages across firms,
shares refer to the share of workers in the cell with a given characteristic. Concentration of immigrants is
the share of immigrant workers in the country employed in a given cell. The reported coefficients are the
effect of a one-standard-deviation increase in a characteristic on the probability of observing a tipping
point in a cell-year. N = 104 in the case of sectors, N = 273 in the case of labour markets. Robust
(HC3) standard errors reported.

sector than when grouping by labour market, I next consider using both to group firms.
However, since grouping firms by the intersection of both variables would frequently lead
to too few observations to estimate a threshold regression, I simply group firms by the
intersection of regional labour market and an indicator for being in a low-skill industry.
The results are reported in Panel C. The general time-pattern of where tipping points are
identified more-closely follows the pattern for regional labour markets than for industries.
Overall, the evidence is slightly weaker, with tipping points identified in 12 per cent of
labour market-industry type-years, although the median number of observations in a cell
is relatively small, suggesting power might be an issue. Tipping points are also equally
distributed over high- and low-skill cells; specifically, the probability of observing a tipping
point in a high-skill labour market cell is 12.3, while it is 12.1 for a low-skill labour market
cell. All in all, the results in Panel C tend to cast doubt on the existence of tipping points
in geographical groupings of firms.
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4.2 Robustness

4.2.1 Alternative groupings of firms

The evidence of tipping points is strongest when firms are grouped by industrial sector.
This perhaps reflects that differences in amenities between firms, which are in part cap-
tured by industrial sector, are a more important determinant of variation in the location of
the relevant tipping point than geographic variation in natives’ preferences, which might
be caused by differences in historical exposure to immigrants. However, firm-specific
amenities also vary within sectors, which might lead to variation in the location of firm-
specific tipping points even within sectors, masking the presence of tipping points in some
firms when grouping firms by sectors. To investigate this possibility further, I consider
two alternative groupings of firms.

First, I consider three-digit industries, since Sorkin (2018) finds that 45 per cent
of the variation in firm compensating differentials, a function of firm-level amenities, is
explained by narrowly-defined industry. Most firms within sufficiently small industry cells
should, therefore, share a tipping point, if the tipping point exists. The results from these
specifications are in Panel A of Table D.3. The evidence here for the existence of tipping
points is similar to when grouping firms by coarser industrial sectors. On average, across
years, I conclude that there is a tipping point in 16 per cent of industries, or around
20–30 out of approximately 145 industries; the evidence is strongest in 1980–1985, when
I conclude that there are tipping points in 30 industries out of 141. However, given that
there are relatively few observations in each industry-cell, as compared to when grouping
firms by sector, it may be that I lack power in some cases to detect tipping points, even
though they might exist.

Second, I consider grouping firms directly by a measure of firm-level amenities that
might be differentially valued by natives and immigrants. I divide firms into ventiles of
the firm fixed effect from an individual wage regression.13 Variation in firm wage fixed
effects has been shown to be largely driven by variation in unobserved amenities (Sorkin,
2018), making firm fixed effects a reasonable proxy for amenities. I then drop the top
two and bottom two ventiles, since the variance of the firm fixed effect is much higher as
we move into the tails of the distribution. Unobservable amenities are arguably roughly
constant within the remaining ventiles. I then re-estimate the firm specification defining
the cell as a ventile of the distribution of wage fixed effects and report the results in Panel
B of Table D.3. The evidence is similar to what was observed when grouping firms by
sector in Section 4.1. Tipping points are present in some wage fixed effect ventile cells;

13The wage effects are estimated on the full sample of workers and firms subject to social security
and included directly as a variable in the BHP from 1985, see Bellmann et al. (2020) for details of the
estimation.
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the evidence is again strongest for the earlier part of the sample, when net migration was
positive, and in particular the period 1990–1995, where tipping points are identified for
six out of 16 cells.

I also consider how the evidence for tipping points is affected by using finer geographic
groupings, specifically, local labour markets. Again, this does not change the evidence
in favour of tipping points, which are identified in 15 per cent of local labour markets
over time. Interestingly, however, tipping points are more clearly present during periods
of positive net migration, particularly 1980–1995, than when using coarser geographic
groupings, where identified tipping points are more evenly spread over time.

4.2.2 Alternative units of analysis

In Appendix B, I entertain the possibility that the firm might not be correct the unit of
analysis; tipping points might instead exist in either smaller groupings of workers, such
as production teams, or larger aggregates, such as local industries. I apply the method
developed here to test for tipping points in those settings and do not find stronger evidence
of tipping dynamics in either smaller or larger units of analysis.

5 Interpretation

5.1 Preference spillovers and amenities

The results presented in Section 4 show that tipping points are most likely to exist in
low-skill sectors and are not likely to be a property of all firms. This relatively limited
and localised evidence of tipping points in the composition of firms by nativity contrasts
with the results presented by Pan (2015), who finds strong evidence for the existence of
tipping points in the composition of occupations, even when grouping occupations by quite
coarse region-skill cells. This is in spite of a long-standing body of research documenting
differences in amenities across occupations going back to Lucas (1977) and Brown (1980)
and clear gender differences in the preference for different amenities (Bell, 2022; Goldin,
2014a; Mas and Pallais, 2017).

One difference between the two settings that might explain the divergent results is
that the entry of women into the labour market during the second half to the twenti-
eth century is a much larger shock to the relative supplies of types of workers than the
inflows of immigrants studied here. To asses whether evidence of tipping points would
be more widespread across the labour market in the event of a sufficiently large inflow
of immigrants, I extend my analysis to a more recent case study, since the immigrant
population in Germany increased from six million in 2011 to 11 million in 2021. Specific-
ally, I consider the evidence for tipping points during the five-year period 2013–2018 for
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firms located in regional labour markets that experienced an above-median net immigrant
inflow, normalised by the total population in 2013, in either East or West Germany. The
results are presented in Table D.6. Tipping points are identified for an above-average
share of industry or geographic cells when compared to the results in Section 4.1. This
suggests that sufficiently large inflows are indeed needed to start to observe tipping in
the composition of some firms. However, the overall picture is not dramatically different
from other high-tipping point periods such as 1990–1995; evidence of tipping points re-
mains confined to a relatively small subset of firms, operating in low-skill sectors such as
Transport, storage, and communication, or Mining.

The fact that tipping points are confined to less-attractive industries, even in the
event of a large immigrant inflow, is consistent with other firm-specific amenities playing
a more important role than the immigrant share in shaping worker sorting over firms.
Positive amenities increase the number of natives willing to work at a firm for a given
wage and presumably make them less sensitive to the immigrant share in the firm, which
was modelled as a type of disamenity in Appendix A. The finding that tipping points
are not endemic, but rather are only present in firms operating in certain industries has
parallels to recent evidence on the importance of tipping points in the racial composition
of schools. Caetano and Maheshri (2023) have found that endogenous dynamic responses
to the racial composition of schools only play a small part in explaining observed trends
in school segregation. Across years and school types, they find that share of schools that
have a tipping point their racial composition ranges from as low as 0.2 to 0.6 (Caetano
and Maheshri, 2017).

5.2 The role of preference spillovers in explaining segregation

The limited evidence of tipping points presented here suggests that worker preferences,
and the preference spillovers that are a necessary condition for the existence of tipping
points, are not the main cause underlying observed cross-sectional patterns of workplace
segregation. To give a fuller picture of the relative importance of the different causes of
segregation, I now present descriptive evidence on changes in aggregate segregation over
time.

A recently developing literature on the causes of workplace segregation has focused
on the importance of homophily in hiring patterns for understanding firm workforce com-
position (Kerr and Kerr, 2021; Miller and Schmutte, 2021), since hiring ethnically similar
workers can help reduce uncertainty about the productivity of prospective hires (Åslund
et al., 2014; Dustmann et al., 2016). If workforce composition is entirely due to such pref-
erences in the hiring process, segregation in a cohort of firms is plausibly non-increasing
over time, and may even decrease, given that randomness in hiring and separation process
will eventually lead managers to have more precise information about the productivity of
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ethnically dissimilar workers (Miller and Schmutte, 2021). In contrast, if there are tip-
ping points in firm composition, segregation might be non-decreasing, or even increasing
over time, since segregated equilibria in firm composition are more stable than integrated
equilibria.14

To study the dynamics of segregation, I separate the firms in my dataset into five-
year cohorts based on their founding date, starting from 1975, so the first cohort is
firms founded in 1975–1980. I then calculate the index of coworker segregation—defined
by Hellerstein and Neumark (2008) as the excess probability that an immigrant has of
working with other immigrants, relative to a native—separately for the workers of firms
in each cohort. I also calculate an effective index of segregation, to account for differences
in the distribution of immigrants and natives across larger units of aggregation, such as
regions or industries. This is done by repeatedly simulating a counterfactual distribution
of immigrants over firms, conditional on the observed immigrant shares in regions or
industries. The average counterfactual index of coworker segregation is then subtracted
from the true index (Hellerstein and Neumark, 2008).15 The cohort-year-specific index of
coworker segregation is reported in Figure 3.

Figure 3: Index of Coworker Segregation by cohort

(a) All firms (b) Survivors in 2005

Notes: Index of coworker segregation (Hellerstein and Neumark, 2008), calculated separately for workers
employed by firms of different cohorts. The number of observations used to calculated each cohort-year
value is reported in Tables D.7 and D.8.

Segregation in a given cohort decreases over time and segregation in a given year de-
creases with cohort age, as shown in Figure 3a, consistent with hiring-based explanations
of segregation. For example, the probability that immigrant workers at firms in the 1975–

14This is true both of tipping points as bifurcation points, as in the Theory in Section A, and Schelling-
style tipping points.

15When simulating the counterfactual distribution of workers under random assignment to calculate
the effective index, I condition the share of immigrants on labour market and three-digit industry, but
not on firm cohort.
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1980 cohort have of working with other immigrants, relative to the probability natives at
these firms have of working with immigrants is around 16 percentage points higher than
would occur under a random assignment of workers to firms in 1985, but only 8 percentage
points higher in 2005. However, a large part of this pattern is due to the most segregated
firms exiting the labour market, as shown by focusing on firms that survive to 2005, in
Figure 3b. When focusing on survivors, younger firms still tend to be more segregated in
any given year, however existing firms become more segregated in periods where there is
a large inflow of immigrants, in 1990–1995 and, to a lesser extent, 1995–2000. The same
pattern can be observed in the index of effective coworker segregation, shown in Figure
D.1;16 these patterns are the result of changes to the distribution of the immigrant share
across firms, as shown in Figure D.2, rather than a result of differential growth in more-
or less-segregated firms.

The evidence presented here on the life cycle of firms therefore suggests a possible
interplay between preference spillovers and hiring practices. The process of gradual work-
force integration described by Miller and Schmutte (2021), would ensure that the share of
immigrants in a firm typically stays comfortably below the tipping point in normal times.
However, in the event of a large immigrant inflow, the immigrant share may increase
more quickly in some firms, particularly in lower-skilled industries. Some of these firms
may have a tipping point which, if the inflow of newly hired immigrants is large enough,
they will cross, reinforcing the increase in segregation caused by the immigrant inflow and
homophily in hiring alone. Preference spillovers would, in this case, not be the main cause
of observed segregation in normal times, however they might contribute to the increase
in segregation that is observed in the event of large immigrant inflows.

6 Conclusion

Tipping-like dynamics have been identified in neighbourhood composition, school enrol-
ments or occupational composition. This paper considered whether tipping points also
exist in the composition of workplaces by nativity. Similar to the latest findings in schools
(Caetano and Maheshri, 2017, 2023) or neighbourhoods (Caetano and Maheshri, 2021),
notwithstanding differences in the methods used to test for tipping dynamics, and dis-
tinct from earlier work on occupational segregation in the labour market (Pan, 2015), I
find only limited evidence of tipping points in the composition of firms. This evidence
is strongest in years where immigrant inflows are largest and for firms operating in low-
skill, low-wage sectors. Preference spillovers are therefore likely to make at best a modest

16The share of immigrants in a labour market by industry in a given year used to calculate the
counterfactual random distribution of immigrants across firms are calculated using all firms, not only
firms still in operation in 2005.
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contribution to observed patterns of workplace segregation.
Descriptive evidence on the patterns of segregation across firms over time suggests

that preference spillovers may be reinforcing increases in segregation caused in years of
large immigrant inflows by manager hiring practices and job search behaviour. However,
in normal times, segregation across firms tends to decrease over time, as has been doc-
umented in other settings. A productive avenue for future research would be to jointly
consider and quantify the role of manager hiring practices and job search on networks,
firm-level amenities, and preferences spillovers for determining the distribution of work-
ers of different nativities over firms and for determining where immigrants find work, in
particular in periods of large immigrant inflows.
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FOR ONLINE PUBLICATION

A Theoretical framework

A.1 A model of tipping

In this appendix I briefly adapt the model of Card et al. (2008, 2011) of neighbourhood
composition in the presence of social interactions to segregation in the labour market.
This stylised model will serve to guide the empirical analysis. The model is static and
partial equilibrium. A representative, nondiscriminating firm hires two types of workers,
immigrants and natives, denoted j ∈ {I,N}, which it treats as perfectly substitutable in
production. The firm’s size is taken as given, so the total workforce is normalised to equal
one. The supply of workers of each type to the firm is a primitive of the model. To hire
a given quantity nj of type j, a firm needs to pay a wage ωj(nj, s). Crucially, the wage a
firm needs to pay to hire depends not only on the quantity of workers of type j it wishes
to hire, nj, but also on the share of immigrants in the firm, s.

The partial derivatives ∂ωj(nj, s)/∂nj are assumed to be weakly positive, that is, for
a constant immigrant share, the firm needs to raise wages to hire more workers of a given
type. The partial derivative ∂ωj(nj, s)/∂s represents the social interaction effects. In
particular, similar to Card et al. (2008), I assume that ∂ωN(nN , s)/∂s > 0 for s greater
than some threshold;17 that is, when the immigrant share in the firm is large, the firm
needs to pay a higher wage to hire a given quantity of natives.

Under the normalisation that the total workforce is one, we have nN = 1− s, and the
derivative of ωN(1− s, s) with respect to the migrant share will be

dωN

ds
= −∂ωN

∂nN

+
∂ωN

∂s
. (A.1)

Under the previous assumptions, the first term will be negative, while the second term
will be positive when s is above some threshold. A tipping point in the composition
of the firm’s workforce can be observed if one assumes that the social interaction effect
dominates, i.e. dωN/ds > 0, at high levels of s but not at low levels of s (Card et al.,
2008). The wage schedule for natives is therefore downward sloping in the quantity of
natives to be hired nN = 1 − s for low levels of nN ; the reduction in s entailed by
the increase in nN increases the attractiveness of the firm sufficiently to attract more
native workers, even at a lower wage. The wage schedule only becomes upward-sloping
as nN rises and the immigrant share s falls below a certain threshold. I also assume for
simplicity that dωI/ds > 0 for all s ∈ (0, 1), that is, that the wage schedule for immigrants
is upward-sloping in the quantity of immigrants to be hired for all values of nI .18

17Note I am not assuming a discontinuity in ∂ωN (nN , s)/∂s; the partial derivative may vary smoothly
through the threshold in s, or it may be positive for all s ≥ 0.

18There is therefore an asymmetry in the strength of the social interaction effects between immigrants
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There are multiple ways one could interpret the social interaction effects captured by
the assumption that ∂ωN(nN , s)/∂s > 0. The simplest way, consistent with the original
model of Card et al. (2008) and the tradition of social interactions models going back
to Schelling (1971), is to interpret this as a consumption externality. Natives experi-
ence disutility from working with immigrants, so the marginal native worker will become
unwilling to work at the firm if the immigrant share increases. The source of this dis-
utility could be a simple distaste or discomfort experienced by individual natives when
working with immigrants. In 2017, only 37 per cent of Germans stated they would be
"totally comfortable" having an immigrant as a work colleague, similar to the proportion
(36 per cent) stating that they would be totally comfortable having an immigrant as a
neighbour (European Commission, 2018).19 Alternatively, the disutility could arise from
dynamic considerations, if natives believe that working with immigrants will harm their
future job-finding prospects and earnings. Such beliefs could arise if immigrants are not a
good source of referrals or information about job openings, or if an inflow of immigrants
into a firm is a signal that the firm has experienced a negative productivity shock, as in
the pollution model of Goldin (2014b).20

However one interprets the social interaction effect, it is worth noting that the assump-
tion that ∂ωN(nN , s)/∂s > 0 for s above some threshold is consistent with heterogeneous
underlying individual preferences. If all natives dislike working with immigrants, then
∂ωN(nN , s)/∂s > 0 for all s. If, consistent with survey evidence (European Commission,
2018), some natives are indifferent, or even positively inclined towards working with low
levels of immigrants, then it may be the case that ∂ωN(nN , s)/∂s ≤ 0 for low values of
s. The only constraint on the underlying pattern of heterogeneity in native preferences is
that the number of natives who for a given wage would prefer to take their outside option
rather than work at the firm is increasing in s for s sufficiently large.

At an integrated equilibrium, where both types of workers are employed at the firm,

and natives that drives an asymmetry in the shape of the inverse supply curves of migrants and natives.
This asymmetry is also present in the model of neighbourhood composition of Card et al. (2008). The
empirical predictions of the model can still be derived when social interactions cause immigrant inverse
supply to be downward sloping in nI for low values of s; what is strictly necessary however is that the
inverse supply curve of immigrants be flatter than the inverse supply curve of natives, i.e. d2ωI/ds2 <
d2ωN/ds2, for all s ∈ (0, 1).

19The other options were "somewhat comfortable", "somewhat uncomfortable", "totally uncomfort-
able", or "don’t know". Across the EU, the share "totally comfortable" was 43 per cent for neighbours
and 44 per cent for colleagues.

20Alternatively, one could interpret the social interaction effect as a productivity externality, reinter-
preting nN as the effective supply of natives. Under this interpretation, an increase in the immigrant
share lowers the productivity of natives; to keep a constant effective supply of native workers, the firm
must raise the wage offered to hire more natives. This interpretation is consistent with recent evidence
on negative productivity spillovers between immigrants and natives in certain firms (Glover et al., 2017).
However, productivity spillovers would complicate the derivation of Equation (A.1), since now nI ̸= s.
Furthermore, the empirical implications of the model do not depend on whether the social interaction
effect captures a consumption or a productivity externality, so I do not entertain this idea further here.
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the wages paid to both types of workers must be equal, since the firm is assumed to be
non-discriminating. Again under the normalisation that the total workforce is one, an
integrated equilibrium therefore requires that

ωN(1− s, s) = ωI(s, s). (A.2)

The inverse supply curves of immigrants and natives are plotted in Figure A.1. As s =

nI = 1− nN , the supply of immigrants increases moving to the right on the x-axis, while
the supply of natives increases moving to the left on the x-axis. As the inverse supply
curves are drawn, there are two integrated equilibria (A and B) and one fully segregated
equilibrium (C). Equilibrium A is stable in the sense that a small increase in the firm’s
minority share raises the wage that must be paid to immigrants above the wage paid to
natives, so the firm hires natives until it returns to the equilibrium at A. The same remark
holds mutatis mutandis for a decrease in the minority share at A or at C. Equilibrium
B is, however, unstable. After a small increase in the immigrant share from B, the wage
demanded by natives is greater than the wage demanded by immigrants, the firm will
replace natives with immigrants until it reaches the equilibrium at C.

Figure A.1: Immigrant and native inverse labour supply
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Notes: Immigrant and Native inverse labour supply to the firm with three equilibria. A and C are stable,
B is unstable.

In Figure A.2 I plot what happens as the supply of immigrant workers to the firm
increases exogenously, say, as a result of an inflow of immigrants to the local labour
market where the firm is located. Suppose the firm is initially in equilibrium at E1. An
exogenous increase in the supply of immigrants shifts the immigrant inverse supply curve
downward. The equilibrium moves to the right, eventually reaching the point of tangency
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Figure A.2: Effect of increasing supply of immigrant labour
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Notes: Increasing supply of immigrant workers shifts their relative supply outwards, decreasing the wage
demanded for any value of s. The equilibrium immigrant share starts at E1 and shifts right as the inverse
supply of migrants increases. The equilibrium E2 is the maximum integrated equilibrium, the associated
migrant share is s∗. If the supply of immigrant workers increases further, the firm will jump to the
segregated equilibrium E3, hiring only immigrants.

E2, which is stable with respect to decreases in the immigrant share, but unstable with
respect to increases. If there are any further increases in the supply of immigrant workers,
no integrated equilibrium will exist, the only equilibrium will involve the firm hiring
only immigrants, as at point E3. Traditional social interaction models such as Schelling
(1971, 1978), Becker and Murphy (2000), or Banzhaf and Walsh (2013) would identify
the unstable equilibrium B in Figure A.1 as a tipping point. Here, however, I follow Card
et al. (2008) in defining the tipping point as the maximum possible immigrant share in
an integrated equilibrium. In Figure A.2, this is the immigrant share s∗, associated with
the equilibrium E2.

Two caveats are worth noting with this model. First, it does not account for the dis-
tribution of immigrants across firms, only the composition of a single firm. I implicitly
assume that the natives who leave the firm after the tipping point is exceeded would either
prefer to be unemployed than keep working in a high-immigrant-share firm, or are able to
find jobs in other firms that have not faced a similar supply shock. Second, social inter-
action models are typically thought to lead to an inefficiently high degree of segregation
across neighbourhoods, because agents cannot coordinate on where to locate (Becker and
Murphy, 2000). The model presented here, by only considering a single representative
firm, is silent about the potential welfare consequences of such social preferences. It has
traditionally been argued that firms, by internalising any spillovers across workers arising
from their hiring decisions, choose a socially optimal degree of segregation (Becker and
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Murphy, 2000). However, these arguments do not account for the possibility that work-
place segregation could be dynamically inefficient, if, for example, it keeps immigrants
from developing the network or the kind of experience necessary to move up the job lad-
der or if it prevents employers from learning the true average productivity of immigrants
(Lepage, 2021).

It is also worth noting that I assume in the model that immigrants and natives are
perfect substitutes. Evidence suggests that the macro elasticity of substitution between
immigrants and natives of similar education and experience levels is large, but finite (Ot-
taviano and Peri, 2012). Since the macro elasticity captures imperfect substitutability
both within and across firms (Oberfield and Raval, 2021), the micro, i.e. within-firm
elasticity is likely to be even higher. For that reason I do not explicitly model the possib-
ility of imperfect substitutability between types of workers within the firm.

A.2 Dynamic implications

While the model presented in the previous section is static, it is still possible to use it to
make dynamic predictions about the composition of the representative firm’s workforce.

Consider a firm whose initial static equilibrium immigrant share is s̄0 < s∗, where
s∗ is the tipping point defined previously as the immigrant share associated with the
maximum possible integrated equilibrium. Suppose the firm experiences a small increase
in the supply of immigrants, i.e. a fall in the wage a given quantity of immigrant labour
needs to be paid, ∆ωI(nI , s) < 0, between period 0 and period 1.21 There will be some
r ∈ (0, s∗) such that if s̄0 ∈ [0, s∗ − r), the firm’s new equilibrium will be at s̄1 ∈ (0, s∗],
whereas if s̄0 ∈ [s∗ − r, s∗], the increase in the immigrant supply takes the firm beyond
the point of tangency at E2 in Figure A.2 and the new equilibrium will be s̄1 = 1. As
the increase in the immigrant supply ∆ωI(nI , s) becomes infinitesimally small, r also
approaches zero. Note that no firm can initially be at an equilibrium at s̄0 ∈ (s∗, 1]

except for at s̄0 = 1, where a small increase in the supply of immigrants will have no
effect on the equilibrium.

Assume that the firm myopically adjusts its immigrant share in response to changes in
the supply of immigrants such that the immigrant share st remains close to its equilibrium
value. To allow for the possibility that search or other labour market frictions prevent the
immigrant share from fully adjusting within a single period to a new equilibrium value as
the supply of immigrants changes, I use the notation st to refer to the observed immigrant
share at a point in time, to distinguish it from the static equilibrium at that point in time,
s̄t. For an observed s0 ∈ [0, s∗ − r), the observed increase in the immigrant share ∆s1

21The discussion here in fact holds for an increase in the relative supply of immigrant, ωN (nN , s) −
ωI(nI , s). However, to simplify the discussion I assume the supply of natives is fixed and only the supply
of immigrants varies.
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in response to the increase in the immigrant supply ∆ωI(nI , s) will be small. However,
for s0 ∈ [s∗ − r, s∗], ∆ωI(nI , s) will cause a large observed ∆s1, as the firm converges to
the new equilibrium at s̄1 = 1. For firms initially at s0 ∈ (s∗, 1), the tipping process is
already underway, and one should expect to see ∆s1 > 0 and larger the closer the firm is
to s∗. There will therefore be a discontinuity in ∆s1 around the tipping point s∗. We will
observe ∆s1 to be small and positive for s0 to the left of the tipping point and large and
positive for s0 close to or beyond the tipping point.

Whilst the foregoing discussion restricts attention to the case of an increase in the
immigrant supply, where the discontinuity appears clearly, the discontinuity will also
exist in the case where there is a decrease in the immigrant supply. This is because once
a firm has started tipping and s0 ∈ (s∗, 1], a small decrease in the supply of immigrants
will typically not reverse the tipping process, implying that for these firms too ∆s1 > 0.
The condition for tipping to continue after a decrease in the immigrant supply is for the
marginal immigrant to continue to accept a lower wage than the marginal native, which is
more likely to be satisfied the smaller the decrease in the immigrant supply or the further
to the right of s∗ the firm initially finds itself. On the other hand, for a firm that is close
to tipping, but where s0 < s∗, a small decrease in the immigrant supply will lead to a
small decrease in the immigrant share in the firm.

Combining these observations about the effect of increases and decreases in the im-
migrant supply on the firm’s immigrant share, one can conclude that there will be a
discontinuity in the expected change in the immigrant share as a function of the base-
year immigrant share:

E[∆st|st−1] = 1(st−1 < s∗)g(st−1) + 1(st−1 ≥ s∗)h(st−1) (A.3)

where limϵ→0+ h(s∗ + ϵ)− g(s∗ − ϵ) > 0. h(st−1) > 0, while the sign of g(st−1) will depend
on whether firms more commonly face increases or decreases in the immigrant supply.
The existence of a discontinuity in E[∆st|st−1] at the tipping point s∗, which does not
depend on whether the immigrant supply is increasing or decreasing, is the key dynamic
implication of the model I will test in the empirical analysis below.
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B Unit of analysis

B.1 Discussion and descriptive evidence

While the model presented in Appendix A predicts that tipping points might be observed
in the composition of a firm’s workforce, one might also expect to observe tipping dynamics
in the composition of larger aggregates, such as the industry, occupation, or geographic
area. Indeed Goldin (2014b) notes that the pollution model she develops to explain
the dynamics of workplace composition by gender might operate at the level of firms,
occupations, industries, or geographic aggregates. Historically, there is evidence in France
at least of high immigrant shares in an industry being associated with low prestige of the
industry (Noiriel, 1988), suggesting that tipping might occur in the composition of larger
aggregates. On the other hand, if the kinds of preference spillovers underpinning the model
of tipping presented above are experienced primarily in direct personal interactions in the
workplace, as in the cases studied by Hjort (2014) or Glover et al. (2017), one might
expect to only observe tipping in the composition of production teams or small firms.22

Table B.1: Index of coworker segregation

1985 1990 1995 2000 2005
ICS ICS ICS ICS ICS

Unconditional 0.16 0.16 0.18 0.19 0.18
Conditional on industry 0.12 0.12 0.13 0.14 0.14
Conditional on location 0.14 0.14 0.16 0.17 0.17
Conditional on location and industry 0.08 0.08 0.09 0.10 0.10
Establishments 480174 520287 545227 721179 745427

Note: Indexes of coworker segregation of Hellerstein and Neumark (2008), calculated from
the Betriebshistorikpanel of the IAB. Includes all establishments in West Germany employing
two or more workers. The conditional indexes condition on either three-digit industry (NACE
Rev. 1), local labour market (Kropp and Schwengler, 2011), or both.

Empirically, segregation across firms and across larger units of aggregation appear to
be distinct phenomena. Table B.1 reports the index of coworker segregation for West
Germany in 1985–2010. Throughout this period, an immigrant was at least 16 percentage
points more likely to work with another immigrant than natives were.

Conditioning the index on the distribution of workers over local labour markets and
three-digit industries reduces an immigrant’s excess probability of working with other

22Note also that there is no straightforward logical relationship between tipping at, say, the industry
level and at the firm level. Industry-level tipping does not imply firm-level tipping, since it could occur
through the entry of high immigrant-share or the exit of high native-share firms as the industry passes
the tipping point. Similarly, tipping at the firm level might only imply a reallocation of a fixed pool of
workers within the industry, leaving the aggregate composition unchanged.
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immigrants to 8–10 percentage points, explaining 45–50 per cent of observed segregation,
with segregation across industries appearing to contribute more to this reduction than
segregation across locations. By way of comparison, Glitz (2014) finds an unconditional
index of residential segregation across municipalities in Germany of 0.07, while the effect-
ive index of residential segregation, conditioning on region of residence, is 0.05. In the
analysis in Section 4 I will mainly focus on testing for tipping points in the composition of
firms, given that individuals will interact more intensively with their colleagues than with
workers at other firms in the same industry. However, given that segregation across firms
and across geographically delimited industries are theoretically and empirically distinct
phenomena, in a robustness check I will also investigate the presence of tipping points in
local industries, defined as the aggregation of all establishment operating in a three-digit
industry in a given local labour market (defined using commuter flows, see Kropp and
Schwengler, 2011).

B.2 Results from alternate units of analysis

Production teams: I also consider whether the firm is the right level of analysis. One
might contend that the correct level of analysis is in fact the production team, not the
firm, since it is within such teams that the interpersonal interactions with immigrants
in which natives may experience disutility take place. Tipping in the composition of
production teams might lead to sorting across production teams within the firm, without
necessarily leading to observable tipping dynamics in the overall composition of the firm.

Since I do not observe information on individual workers’ occupations or on the com-
position of firms, I cannot directly test for tipping points at the sub-firm level. However,
to establish that the firm is not too large a unit of analysis, I repeat my main estima-
tion specification, limiting the sample to small and medium-sized firms, i.e. those firms
employing 10–49 workers. I report the results of these specifications in Table D.4. The
evidence in favour of the existence of tipping points is very similar to when considering
all firms, particularly when grouping firms by sector or regional labour market, both on
average and in different years. For example, I continue to identify tipping points in 40
per cent of sector cells in 1990–1995, as was the case when using all firms. When grouping
firms by the intersection of labour market and skill, there is slightly more evidence of tip-
ping points in small firms, particularly in 1990–1995, when tipping points are identified in
24 per cent of cells. However, the evidence from small firms does not alter the conclusion
that tipping points are likely to exist, but only in specific industries and in years when
there is a sufficiently large shock to the relative supply of immigrant workers.

Industries: As noted previously, the presence or absence of tipping points in the
composition of firms does not necessarily rule in or out the possibility that these might be
present in the composition of industries. To test for the presence of tipping points in the
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composition of industries, I estimate Equation (2) over local industries, i.e. three-digit
industries by local labour markets, using the same third-order polynomial specification
with an intercept shift and including controls for log median native wage in the industry,
share of low-skilled employment, average firm size, and the Herfindahl-Hirschman index of
employment concentration in the local industry. The regressions are again run separately
for each cell. I report the results in Table D.5.

In Panel A I report the results when allowing the location of the tipping point to
vary by industrial sector. The average estimated tipping point corresponds to a base-year
immigrant share between 10 and 16 per cent, somewhat lower than for firms and reflecting
the fact that variance in immigrants shares is on average lower in local industries than in
firms. The average NLS estimate of the discontinuity in net native employment growth is
positive in most years and a negative and significant discontinuity is identified in only 8
per cent of sector-years, reflecting fairly weak support for the existence of sector-specific
tipping points in the composition of local industries. Furthermore, the correlation between
whether a tipping point is identified for firms in a sector and for industries in the same
sector is moderately positive, at 0.2. There does not appear to be strong evidence of
sector-specific tipping points in local industry composition over and above any tipping
points that might exist in firm composition.

In Panels B and C I report results when grouping local industries by either regional
labour markets or skill-type (high or low skill) by regional labour market. The aver-
age estimated discontinuity is more often negative and, across years, it is significantly
negative in 14 per cent of labour market-years and 16 per cent of skill by labour market-
years. However, the threshold model is estimated using relatively few observations when
grouping local industries in this way, typically 85–150, so the results should perhaps be
interpreted with caution; in the case of industry-labour market cells there are frequently
too few observations to estimate a threshold model for a given cell. Median upper and
lower bounds for a 95 per cent confidence interval reflect the decrease in precision of the
estimates. Finally, the correlation across either regional labour markets or region-skill
types cells where tipping points are observed for firms and where they are observed for
local industries is of the order of -0.05. This suggests that the admittedly limited evid-
ence for tipping points in industry composition observed when grouping local industries
by location does not simply reflect tipping points in the composition of the underlying
firms.
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C Implementation details of inference procedure

This appendix sets out the detail of the threshold model that I estimate and defines the
quantities necessary for the implementation of the inference procedures used, which are
those developed in Andrews et al. (2019, 2021). The general model I estimate can be
written as

Yi = C ′
iβ +D′

iδ1(Qi > θ0) + ui, (C.1)

where Ci ∈ Rd and Di ∈ Rl, with 1 ≤ l ≤ d. This is very similar to the set-up considered
by Andrews et al. (2021), only I allow for the possibility that the effect of only a sub-
vector, Di, of the full vector of control variables, Ci, varies when the variable Qi crosses
the threshold θ0. While the results developed by Andrews et al. (2019, 2021) extend
straightforwardly to this case, the definitions of various relevant quantities are slightly
modified. Here I define the elements necessary to construct the estimators and confidence
intervals defined by Andrews et al. (2019, 2021) when estimating the model defined in
Equation (C.1).

Consider a finite parameter space Θ. Throughout I will define θ̂n as the NLS estimate
of θ0. For all θ ∈ Θ define

Xn(θ) =

(
(
∑n

i=1 DiD
′
i1{Qi ≤ θ})−1/2

(
∑n

i=1Diηi1{Qi ≤ θ})
(
∑n

i=1 DiD
′
i1{Qi > θ})−1/2

(
∑n

i=1Diηi1{Qi > θ})

)
(C.2)

where ηi = D′
iδ1(Qi > θ0) + ui. I assume that the threshold effect, δ, is small relative

to sampling variability, which Elliott and Müller (2007) propose to model by assuming
that δ = n−1/2d for some d ∈ R. Under this assumption, the arguments used in the
proof of Proposition (1) in Elliott and Müller (2007) can be applied to show that θ̂n =

argmaxθ∈Θ∥Xn(θ)∥ + op(1). This alternative (asymptotic) characterisation of θ̂ is useful
to derive asymptotic confidence intervals for θ̂n or δ̂(θ̂n). Note furthermore that under the
small threshold assumption and standard regularity conditions on the variable moments
and covariances, it is straightforward to show that

Xn(θ)
d−→ X(θ) =

(
ΣDD(θ)

−1/2ΣDDd(θ)

(ΣDD(θ̄)− ΣDD(θ))
−1/2)(ΣDDd(θ̄)− ΣDDd(θ))

)

+

(
ΣDD(θ)

−1/2GD(θ)

(ΣDD(θ̄)− ΣDD(θ))
−1/2)(GD(θ̄)−GD(θ))

)
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where θ̄ = sup(Θ) and

n−1Σn
i=1DiD

′
i1{Qi ≤ θ} p−→ ΣDD(θ)

n−1Σn
i=1DiD

′
id1{Qi > θ0}1{Qi ≤ θ} p−→ ΣDDd(θ)

n−1/2Σn
i=1Diui1{Qi ≤ θ} d−→ GD(θ) ∼ N (0,ΣGD)

Furthermore, define Yn(θ) = ej
√
nδ̂(θ), where δ̂(θ) is the OLS estimate of δ after setting

θ0 = θ and ej ∈ Rl is the jth basis vector. Then, under the same standard regularity
conditions as before, standard regression algebra can be used to show that

Yn(θ)
d−→ A(θ)−1(B(θ) + C(θ)) (C.3)

where, extending the previous notation,

A(θ) = ΣDD(θ̄)− ΣDD(θ)− (ΣDC(θ̄)− ΣDC(θ))ΣCC(θ̄)
−1(ΣDC(θ̄)− ΣDC(θ))

′

B(θ) = ΣDDd(θ̄)− ΣDDd(θ)− (ΣDC(θ̄)− ΣDC(θ))ΣCC(θ̄)
−1ΣCDd(θ̄)

′

C(θ) = GD(θ̄)−GD(θ)− (ΣDC(θ̄)− ΣDC(θ))ΣCC(θ̄)
−1GC(θ̄).

Xn(θ) and Yn(θ) are therefore asymptotically normal. The asymptotic covariance matrices,
ΣXY (θ, θ̃) and ΣY (θ, θ̃) can be shown to be as follows:

ΣXY (θ, θ̃) =

(
ΣDD(θ)

−1/2E[GD(θ)C(θ̃)′]A(θ̃)−1ej

(ΣDD(θ̄)− ΣDD(θ))
−1/2(E[GD(θ̄)C(θ̃)′]− E[GD(θ)C(θ̃)′])A(θ̃)−1ej

)
(C.4)

ΣY Y (θ, θ̃) = e′jA(θ)−1E[C(θ)C(θ̃)′]A(θ̃)−1ej (C.5)

where

E[GD(θ)C(θ̃)′] =E[GD(θ)GD(θ̂)
′]− E[GD(θ)GD(θ̃)

′]

− E[GD(θ)GC(θ̂)
′]Σ−1

CC(ΣDC(θ̂)− ΣDC(θ̃))
′

E[C(θ)C(θ̃)′] =E[GD(θ̄)GD(θ̄)
′]− E[GD(θ)GD(θ̄)

′]

+ (E[GD(θ)GC(θ̄)
′]− E[GD(θ̄)GC(θ̄)

′])ΣCC(θ̄)
−1(ΣDC(θ̄)− ΣDC(θ̃))

′

+ (ΣDC(θ̄)− ΣDC(θ))ΣCC(θ̄)
−1(E[GC(θ̄)GD(θ̃)

′]− E[GC(θ̄)GD(θ̄)
′])

+ (ΣDC(θ̄)− ΣDC(θ))ΣCC(θ̄)
−1E[GC(θ̄)GC(θ̄)

′]ΣCC(θ̄)
−1

× (ΣDC(θ̄)− ΣDC(θ̃))
′.

The conditional, unconditional, and hybrid confidence intervals and median-unbiased es-
timators defined in Andrews et al. (2019, 2021) can now be calculated for the model defined
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in Equation (C.1) by using the definitions of X(θ), Y (θ), ΣY Y (θ, θ̃), and ΣXY (θ, θ̃) derived
in this appendix in the definitions of the estimators and confidence intervals proposed by
Andrews et al..

When implementing the estimators and confidence intervals defined by Andrews et al.
(2021), we replace X(θ) with X̂n(θ), defined in Equation (C.2), where we substitute
η̂i = D′

iδ̂1(Qi > θ̂n) + ûi for ηi, letting, ·̂ denote the NLS sample estimate of the para-
meters and errors defined in Equation (C.1). An estimate of Y (θ) is formed by taking
the sample analogue of the limiting random variable in Equation (C.3), i.e. replacing
the asymptotic matrices in the definitions of A(θ), B(θ), and C(θ) by their sample ana-
logues. Finally, to estimate the covariance matrices defined in Equations (C.4) and (C.5),
I estimate E[GD(θ)GD(θ̃)

′] using the heteroskedasticity-robust sample covariance matrix
n−1

∑n
i=1 DiD

′
iû

2
i1{Qi ≤ min(θ, θ̃)}, where ûi are again the NLS estimates of the errors

defined in Equation (C.1).
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D Supplementary tables and figures

Table D.1: Sectors where tipping points are identified

1975 1980 1985 1990 1995 2000 2005
(1) (2) (3) (4) (5) (6) (7)

A - Agriculture, hunting and forestry 0 0 0 1 0 0 0
C - Mining and quarying 0 0 0 1 0 0 0
D - Manufacturing 1 0 1 0 0 0 0
E - Electricity, gas and water supply 0 0 0 0 0 0 0
F - Construction 0 0 0 0 0 0 0
G - Wholesale and retail trade; repairs 1 0 0 0 0 0 0
H - Hotels and restaurants 0 1 0 1 0 0 1
I - Transport, storage and communication 0 1 0 1 0 0 0
J - Financial intermediation 0 0 0 0 1 0 0
K - Real estate, renting and business activities 0 1 0 0 0 0 0
L - Public administration and defence; social security 0 0 0 0 0 0 0
M - Education 0 0 0 0 0 0 0
N - Health and social work 0 0 1 0 0 0 0
O - Other community, social and personal service activities 0 0 0 1 0 0 1
P - Private households with employed persons 0 1 0 1 . 0 0

Note: Single-letter sectors (NACE Rev. 1) where a negative and significant discontinuity is identified in normalised native
workforce growth according to the threshold regression specification in Equation (2).
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Table D.2: Labour markets where tipping points are identified

1975 1980 1985 1990 1995 2000 2005
(1) (2) (3) (4) (5) (6) (7)

Hamburg 0 1 0 0 1 0 1
Braunschweig/Wolfsburg 0 0 0 0 0 0 0
Göttingen 0 0 0 0 0 1 0
Hannover 0 0 0 0 0 0 0
Oldenburg(O.) 0 0 0 0 0 0 1
Osnabrück 0 0 0 0 0 0 0
Bremen 1 0 0 0 0 0 0
Düsseldorf-Ruhr 0 0 0 0 0 0 1
Aachen 1 1 0 0 0 0 0
Köln 0 0 0 1 1 0 0
Münster 0 0 0 1 1 0 0
Bielefeld/Paderborn 0 1 0 0 0 1 0
Siegen 0 0 1 0 0 1 1
Frankfurt a.M. 0 0 0 1 0 0 0
Kassel 0 0 0 0 0 0 0
Koblenz 0 1 0 0 0 0 0
Trier 0 0 0 0 0 0 0
Stuttgart 0 0 0 0 0 0 1
Karlsruhe 0 0 0 0 0 0 1
Mannheim 0 0 0 0 0 0 0
Freiburg i.Br. 0 0 0 0 1 0 0
Offenburg 0 0 0 0 1 0 0
Villingen-Schwenningen 0 0 0 0 0 1 0
Konstanz 0 0 0 0 0 0 0
Lörrach 0 0 0 1 0 0 0
Ulm 1 0 1 0 1 0 0
Ravensburg 0 0 0 0 0 0 1
München 0 0 0 1 1 1 0
Passau 0 0 0 0 0 0 0
Regensburg 0 0 1 0 0 0 0
Weiden i.d.OPf. 0 0 0 0 0 0 0
Bayreuth 0 1 0 0 0 0 0
Coburg 0 1 1 0 0 0 0
Hof 0 0 0 0 0 0 0
Wunsiedel i.F. 0 0 0 0 1 0 0
Nürnberg 0 0 0 0 0 0 0
Schweinfurt 0 0 0 1 0 0 0
Würzburg 0 0 1 0 0 0 0
Saarbrücken 0 0 0 1 0 0 0

Note: Regional labour markets (Kropp and Schwengler, 2011) where a negative and
significant discontinuity is identified in normalised native workforce growth.
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Table D.3: Alternative groupings of firms

(1) (2) (3) (4) (5) (6) (7)
1975 1980 1985 1990 1995 2000 2005

A: 3-digit industry
Tipping point 23.7 23.4 19.1 21.2 23.0 20.6 23.6

(19.7) (19.7) (17.5) (20.7) (21.6) (19.7) (21.2)
Discontinuity (δ̂) 1139.8 -4.4 7.7 -1.8 4.8 6.0 66.9

(13356.3) (68.2) (278.7) (71.5) (108.3) (71.6) (774.0)
δ̂ < 0 and p-val. < 0.05 0.17 0.21 0.12 0.15 0.16 0.18 0.11
Median LB, 95% CI -51.74 -46.02 -46.01 -46.91 -44.98 -46.29 -28.45
Median UB, 95% CI 46.01 40.56 42.24 39.32 55.08 48.21 59.45
Cells 136 141 145 149 151 157 151
Median obs. 247 240 228 252 201 328 387
B: wage FE ventile
Tipping point 51.5 45.7 56.1 45.5 33.3

(33.0) (28.0) (28.3) (36.8) (22.6)
Discontinuity (δ̂) 16.1 -8.8 -29.1 -4.2 -1.1

(84.9) (66.9) (78.2) (62.0) (25.2)
δ̂ < 0 and p-val. < 0.05 0.13 0.38 0.25 0.19 0.06
Median LB, 95% CI -8.35 -11.55 -61.72 -21.30 -24.09
Median UB, 95% CI 25.68 30.78 29.20 15.08 20.99
Cells 16 16 16 16 16
Median obs. 6025 6666 5171 7280 7782
C: Local labour market
Tipping point 24.5 26.1 21.4 22.9 28.2 27.0 28.0

(20.1) (22.8) (18.2) (20.7) (23.2) (22.7) (22.4)
Discontinuity (δ̂) 13.8 1.2 -11.9 1.8 16.2 11.9 20.0

(73.5) (80.4) (81.7) (62.2) (93.6) (68.5) (67.4)
δ̂ < 0 and p-val. < 0.05 0.12 0.21 0.21 0.16 0.15 0.13 0.07
Median LB, 95% CI -35.46 -38.30 -49.98 -31.90 -39.09 -32.29 -28.24
Median UB, 95% CI 46.44 30.50 35.57 35.95 50.06 33.85 48.47
Cells 85 86 86 86 86 86 86
Median obs. 617 669 657 734 766 1026 1085

Note: Summary of a set of threshold regressions. In panel A firms are grouped by three-digit industry
(NACE Rev. 1), in Panel B firms are grouped by fixed effect ventiles from a worker-firm wage regression
(Bellmann et al., 2020), available from 1985 on, in Panel C firms are grouped by local labour market (Kropp
and Schwengler, 2011). Inference is conducted using the methods proposed by Andrews et al. (2021).
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Table D.4: Tipping points in the composition of small firms

(1) (2) (3) (4) (5) (6) (7)
1975 1980 1985 1990 1995 2000 2005

A: Industrial sector
Tipping point 31.9 33.1 34.9 50.4 44.5 34.8 37.4

(27.9) (31.8) (36.4) (37.6) (34.3) (31.3) (33.1)
Discontinuity (δ̂) 11.8 -27.0 -8.2 -26.2 -37.1 7.7 9.2

(59.7) (57.8) (62.2) (82.0) (96.4) (54.8) (46.8)
δ̂ < 0 and p-val. < 0.05 0.20 0.20 0.13 0.40 0.14 0 0
Median LB, 95% CI -22.12 -38.97 -39.20 -60.64 -29.32 -0.62 -14.51
Median UB, 95% CI 31.41 15.78 20.70 19.66 30.52 58.32 47.32
Cells 15 15 15 15 14 15 15
Median obs. 2751 3273 3692 3926 3934 6733 7163
B: Regional labour market
Tipping point 26.9 33.3 23.8 28.3 30.5 33.3 29.7

(19.5) (25.4) (24.0) (25.5) (25.1) (28.8) (27.3)
Discontinuity (δ̂) 12.6 13.3 7.3 -10.6 12.0 -3.0 4.3

(74.8) (79.5) (65.4) (69.6) (88.0) (81.3) (57.5)
δ̂ < 0 and p-val. < 0.05 0.10 0.13 0.18 0.18 0.21 0.05 0.21
Median LB, 95% CI -45.91 -25.37 -37.38 -42.48 -34.76 -33.16 -25.27
Median UB, 95% CI 68.11 41.30 36.95 29.03 50.76 45.50 19.89
Cells 39 39 39 39 39 39 39
Median obs. 865 989 1034 1142 1206 1540 1652
C: Region-sector type
Tipping point 24.3 28.7 20.3 22.6 27.4 30.5 29.4

(19.4) (25.4) (18.4) (19.6) (23.2) (24.4) (24.4)
Discontinuity (δ̂) -64.3 -42.3 40.8 -17.1 20.5 11.0 -5.0

(536.9) (373.0) (213.8) (137.2) (94.8) (94.1) (65.4)
δ̂ < 0 and p-val. < 0.05 0.14 0.16 0.08 0.24 0.12 0.14 0.18
Median LB, 95% CI -53.81 -54.48 -31.17 -47.42 -34.22 -39.71 -39.25
Median UB, 95% CI 54.39 45.97 62.05 38.33 62.12 49.44 42.07
Cells 72 73 74 78 78 78 78
Median obs. 471 537 515 519 547 714 776

Note: Summary statistics for a set of threshold regressions. In all cases the sample has been restricted
to firms employing 10-49 workers in the base year. In Panel A each regression uses firms from a given
single-letter industrial sector (NACE Rev. 1), in Panel B a regression uses firms from a regional labour
market Kropp and Schwengler (2011), in Panel C a regression uses firms of a given skill level (high or low)
in a given labour market. Inference is conducted using the methods proposed by Andrews et al. (2021).
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Table D.5: Tipping points in the composition of local industries

(1) (2) (3) (4) (5) (6) (7)
1975 1980 1985 1990 1995 2000 2005

A: Industrial sector
Tipping point 11.1 10.8 9.6 8.4 8.7 13.4 9.4

(6.8) (7.4) (3.6) (4.0) (5.0) (11.4) (5.1)
Discontinuity (δ̂) 6.3 5.1 6.3 8.8 2.8 21.1 -1.9

(46.4) (22.0) (22.1) (28.8) (31.5) (52.4) (31.1)
δ̂ < 0 and p-val. < 0.05 0.15 0 0.08 0 0.08 0.15 0.17
Median LB, 95% CI -3.96 -11.62 -29.26 -14.33 -41.34 -9.80 -21.97
Median UB, 95% CI 25.97 25.12 28.70 26.61 42.46 36.57 13.19
Cells 13 12 12 13 13 13 12
Median obs. 263 280 287 277 285 357 381
B: Regional labour market
Tipping point 9.8 11.0 9.4 10.5 12.7 11.6 10.4

(5.3) (6.4) (3.9) (5.2) (7.2) (9.2) (5.4)
Discontinuity (δ̂) 58.4 -10.1 -126.5 -1.0 38.5 15.5 13.5

(255.0) (56.8) (748.1) (46.6) (106.8) (103.4) (61.6)
δ̂ < 0 and p-val. < 0.05 0.13 0.25 0.13 0.16 0.08 0.22 0.03
Median LB, 95% CI -34.02 -50.32 -38.82 -49.43 -31.78 -36.21 -19.78
Median UB, 95% CI 45.68 31.75 45.36 34.16 116.15 50.67 44.85
Cells 32 32 30 32 37 37 35
Median obs. 104 113 115 126 113 141 146
C: Region-sector type
Tipping point 10.5 10.6 9.8 10.5 12.7 10.6 11.4

(6.7) (8.7) (4.4) (6.7) (7.7) (6.2) (5.4)
Discontinuity (δ̂) 13.4 6.7 -111.3 4.7 5.1 -333.8 9.5

(64.0) (69.4) (726.2) (53.0) (92.9) (2434.9) (68.5)
δ̂ < 0 and p-val. < 0.05 0.14 0.18 0.22 0.16 0.16 0.11 0.16
Median LB, 95% CI -35.81 -33.75 -50.01 -42.00 -62.73 -37.25 -39.64
Median UB, 95% CI 41.56 37.32 43.42 46.34 69.11 50.01 43.22
Cells 36 39 37 43 50 53 55
Median obs. 85 86 89 88 81 91 88

Note: Summary statistics on for a set of threshold regressions where an observation is a local labour market
by 3-digit industry. In Panel A each regression uses local industries from a given single-letter industrial
sector (NACE Rev. 1), in Panel B a regression uses local industries from a regional labour market Kropp
and Schwengler (2011), in Panel C a regression uses local industries of a given skill level (high or low) in a
given labour market. Inference is conducted using the methods proposed by Andrews et al. (2021).
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Table D.6: Tipping points in 2013–2018

(1) (2) (3) (4)
Industry Sector Lab. market Skill-LM

Tipping point 27.6 49.5 51.4 46.5
(25.0) (31.6) (31.7) (28.4)

Discontinuity (δ̂) -3.3 -23.3 14.7 8.5
(88.0) (54.0) (84.3) (96.3)

δ̂ < 0 and p-val. < 0.05 0.18 0.13 0.12 0.24
Median LB, 95% CI -48.86 -61.04 -24.07 -35.15
Median UB, 95% CI 39.25 12.99 52.09 46.33
Cells 173 15 25 50
Median obs. 254 8062 2775 1434

Note: Summary statistics for a set of threshold regressions. The definition of a cell
varies by column. Inference is conducted using the methods proposed by Andrews
et al. (2021).

Table D.7: Number of observations for ICS calculations

1985 1990 1995 2000 2005
1975–1980 87733 76326 63538 60204 47080
1980–1985 92574 80117 64990 62588 50084
1985–1990 0 111930 88578 84483 66838
1990–1995 0 0 123858 118335 91617
1995–2000 0 0 0 218448 160104
2000–2005 0 0 0 0 191155
Total 180307 268373 340964 544058 606878

Note: Tabulates number of establishments employing at least two
workers in each cohort-year of observation. Establishments are not
required to be observed in all years prior to the observation year, so
the apparent size of a cohort can grow over time. Source: BHP.
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Table D.8: Number of observations for ICS calculations,
survivors

1985 1990 1995 2000 2005
1975–1980 34944 37539 38071 43792 47080
1980–1985 31296 38290 39429 46223 50084
1985–1990 0 43880 50533 61180 66838
1990–1995 0 0 59615 82072 91617
1995–2000 0 0 0 124854 160104
2000–2005 0 0 0 0 191155
Total 66240 119709 187648 358121 606878

Note: Tabulates number of establishments that employ at least
two workers and are that are observed in operation in 2005 in each
cohort-year of observation. Establishments are not required to be
observed in all years prior to 2005, so the apparent size of a cohort
can fluctuate over time. Source: BHP.
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Figure D.1: Index of Coworker Segregation by cohort

(a) All firms (b) Survivors in 2005

Notes: Effective index of coworker segregation (Hellerstein and Neumark, 2008), calculated separately
for workers of firms belonging to different cohorts. The counterfactual index is calculated by randomly
allocating workers to firms, conditional on the labour market and 3-digit industry of their actual firm.
See Tables D.7 and D.8 for the number of observations underlying each estimated index.

Figure D.2: Empirical CDF of immigrant share, firms in operation in 2005

Notes: The figures show the empirical cumulative density function (CDF) of the immigrant share for
firms observed in 2005. Each subfigure corresponds to a different cohort.
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